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Abstract
To comprehend the dynamics of infectious disease transmission, it is imperative to incorporate
human protective behavior into models of disease spreading. While models exist for both
infectious disease and behavior dynamics independently, the integration of these aspects has yet
to yield a cohesive body of literature. Such an integration is crucial for gaining insights into
phenomena like the rise of infodemics, the polarization of opinions regarding vaccines, and the
dissemination of conspiracy theories during a pandemic. We make a threefold contribution.
First, we introduce a framework to describe models coupling infectious disease and behavior
dynamics, delineating four distinct update functions. Reviewing existing literature, we highlight
a substantial diversity in the implementation of each update function. This variation, coupled
with a dearth of model comparisons, renders the literature hardly informative for researchers
seeking to develop models tailored to specific populations, infectious diseases, and forms of
protection. Second, we advocate an approach to comparing models’ assumptions about
human behavior, the model aspect characterized by the strongest disagreement. Rather
than representing the psychological complexity of decision-making, we show that
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‘influence-response functions’ allow one to identify which model differences generate different
disease dynamics and which do not, guiding both model development and empirical research
testing model assumptions. Third, we propose recommendations for future modeling endeavors
and empirical research aimed at selecting models of coupled infectious disease and behavior
dynamics. We underscore the importance of incorporating empirical approaches from the social
sciences to propel the literature forward.

Supplementary material for this article is available online

Keywords: agent based models, compartmental models, opinion dynamics, sociophysics,
infectious disease dynamics, epidemiology

1. Introduction

Human behavior can have a decisive impact on a pandemic.
Take, for example, the COVID-19 pandemic, where adopt-
ing protective measures such as mask-wearing, self-testing,
practicing social distancing, and getting vaccinated emerged
as potent strategies to curb disease transmission between indi-
viduals. The effectiveness of each mitigation measure, how-
ever, hinges significantly on the manner in which individu-
als implement them. Moreover, in models not only the mean
mitigation strength but also the variation of behavior across
individuals in a population determines how effectively pro-
tective behavior translates into collective mitigation of a pan-
demic (figure 1). Notably, empirical research reveals that the
distribution of individuals’ adherence to protective measures
fluctuates over time and across different countries (figure 1).
Consequently, models of infectious disease spread must not
only account for the mean strength of mitigation but also
capture the dynamic variations in behavior across individu-
als. This nuanced understanding is crucial for these models to
serve as reliable tools in anticipating the dynamics of future
pandemics [65].

The state of the research on coupled infectious disease-
behaviormodels is a double-edged sword. On the positive side,
over two decades of modeling work have yielded a diverse
array of alternative models, unveiling previously unnoticed
connections between protective behavior and the spread of
infectious diseases. Conversely, the literature is marked by an
extensive, disorganized collection of alternative models, lack-
ing a clear delineation of disparities in model predictions and
the responsible underlying assumptions. Consequently, even
modelers who carefully consult the literature are left with very
little guidance on what assumptions their model should be
based on, what aspects require empirical validation, and what
classes of emergent dynamics to expect. While a diversity of
models is a great asset, progress in the field is limited when
the literature only accumulates models, but does not condense
insights.

Here, we review and discuss the literature on coupled mod-
els, focusing on two aspects. First, unlike earlier reviews, we
focus on models coupling disease spreading and behavior dif-
fusion. Earlier work also included models where, for instance,
two diseases spread in parallel and either reinforce or suppress
each others’ diffusion; or models where two behaviors are

spreading in parallel [158]. Coupled disease-behavior models,
the focus of the present paper, are a subcategory of coupled
models where a disease and a protective behavior is spread-
ing. Importantly, when agents engage in the protective beha-
vior, the spreading of the disease is typically suppressed.

The second focus of our review is on model assumptions,
contrary to existing review articles that collected central model
predictions and insights for disease management [24, 65, 69,
153, 158, 161, 163]. Our aim is to provide modelers with an
overview of modeling choices made in earlier work and guide
the community in the selection of model assumptions in future
work.

In a nutshell, wemake three contributions. First, we provide
a general and simple framework to describe agent-based mod-
els of coupled infectious disease-behavior dynamics, extend-
ing the framework proposed by [36, 108, 142, 161]. According
to our framework, coupled models consist of four basic update
functions. The specific choice of these four update functions
allows one to categorize and to compare competing models
based on the choice of each update function. This allows to
structure the existing literature, which is characterized by a
huge heterogeneity, in particular in terms of the assumptions
about how individuals decide whether to engage in protect-
ive behavior or not. In fact, some models are based on fun-
damentally different theories of individual behavior. While
some models, for instance, assume perfectly rational decision-
makers anticipating and comparing the costs and benefits of
protective behavior, other models presume that individuals
always myopically copy the dominant behavior in their social
network.

Second, our objective is to bring the literature closer to
a systematic comparison of theories of individuals’ protect-
ive behavior. To this end, we endorse an approach rooted
in the social sciences. We argue that the often highly com-
plicated assumptions about individual decision-making should
be reduced to so-called ‘influence-response functions’ (IRFs),
i.e. functions that quantitatively describe how behavior of oth-
ers and the state of the disease dynamic translates into behavior
of an individual [100, 102]. Unlike approaches that treat the
psychological complexity of individual decisions as the ‘gold
standard’ [163], IRFs abstract from the actual decision-making
process underlying behavior and capture only the source of
emergent complexity, the interaction between the microscopic
entities. To highlight the effectiveness of IRFs, we illustrate
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Figure 1. Heterogeneity of individual contact behavior impacts disease spread. (a)–(c): Representative realizations of agent-based
SIR-models with the same average contact- or transmission-rate β ∼ 0.1, but different variance Var(β). Nodes that were infected are shown
as squares, color depicts their individual transmission rate βi. (a) all agents have the same contact rate, i.e. βi = β, (b) contact rates present a
uniform distribution with 0⩽ β ⩽ 0.2, (c) contact rates are polarized, with half of the agents having a minimal contact rate β ∼ 0, the other
half having no self-protecting behavior, i.e. β ∼ 0.2. Details are shown in the SI in section 1.1. (d): Development of fraction of infected
agents averaged over 1000 independent realizations, to show that (a), (b), and (c) are indeed representative. (e): During the COVID-19
pandemic, protective behavior differed across countries and time (data: [86]). For example, Denmark showed distinct collective shifts,
whereas UK showed growing behavior variance. Green lines indicate the median, white bars the interquartile range. For details, see SI
section 1.2.

that certain models—despite being grounded in fundamentally
different theories of human behavior—imply similar classes of
IRFs, thereby exerting analogous impacts on disease dynam-
ics. Conversely, behavior theories that may appear similar
can imply markedly different IRFs. These IRFs can be incor-
porated into models of coupled infectious disease and beha-
vior dynamics to identify conditions under which they gen-
erate distinct infectious disease dynamics. Introducing IRFs
allows us to approximate the complexity of human beha-
vior in a given setting with a versatile quantitative functional
dependency.

Thirdly, we outline recommendations for the selection of
models of coupled infectious disease and behavior dynamics.
We argue that a systematic comparison of IRFs will guide the
empirical research needed to select the appropriate theory of
protective behavior for the given context of amodeling project.
While we do criticize the overabundance of alternativemodels,
we do not propose that researchers should refrain from propos-
ing newmodels. Instead, we propose a set of guidelines for the
presentation and analysis of models, aiming to significantly
expedite scientific progress in the realm of coupled infectious
disease-behavior dynamics.

With carving complex human behavior into tractable func-
tional forms, we see a great potential to further bridge the
gap between quantitative sociology and physics of complex
systems. This overview article is meant to serve as a guid-
ance both for physicists exploring societal dynamics, as well
as for sociologists with a strong interest in emergent network
dynamics.

2. Describing coupled infectious disease-behavior
models

In this section, we elaborate a framework to describe and
categorize existing models of coupled infectious disease
and behavior dynamics, building on previously introduced
approaches [36, 108, 142, 161]. Specifically, we show that
models can be described by their four update functions: the
functions describing the disease model, the influence model,
and two bridge functions coupling behavior to disease dynam-
ics and vice versa. We show that existing models can be cat-
egorized according to which update functions are included and
how each function is implemented.
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Our framework can also be applied to models coupling
other processes, such as models studying the dynamics of
multiple diseases spreading in parallel where the diffusion of
one disease either reinforces or suppresses the other disease
[29, 158]. Likewise, also work on the spreading of different
forms of behavior or opinions (e.g. believing in conspiracy
theory and vaccination) can be described with this framework.
However, we apply the framework here to a subcategory of
coupled models where a diseases and a protective behavior is
spreading. Importantly, when agents engage in the protective
behavior, the spreading of the disease is typically suppressed.

Building on the proposed framework, we present findings
from what Achter et al referred to as a ‘traditional literature
review’ [2]. Specifically, we examine how each of the four
updating functions has been implemented in existing models.
Using earlier reviews as a starting point, we included all mod-
els in which individual agent behaviors were defined as micro-
models, regardless of the analytical methods employed. Our
search strategy primarily involved backward and forward cita-
tion tracking. Since our focus was capturing the diversity of
model assumptions rather than modeling papers, we excluded
papers that presented models that were substantially similar to
those already included in the selection process.

2.1. Framework for agent-based models

Formal agent-based models have extensively been studied
independently for disease spread [49, 79, 88, 92, 96] and
for social influence [34, 56, 59]. While both model families
address interactions between individuals, the nature of these
interactions varies significantly. Disease transmission is inher-
ently nonreciprocal, in that an infected person can transmit a
pathogen to a susceptible contact, but the susceptible person
cannot ‘heal’ the infected one. In contrast, social influence is
often reciprocal, in that individuals can mutually exert influ-
ence on each other. Therefore, the emergent dynamics and
state space generated by these two model families can differ
fundamentally.

We focus here on so-called agent-based or micro-level
models, a category of models which coexist alongside macro-
level and meso-level models. Macro-level, compartmental
models represent only collective outcomes like the fraction
of individuals in available disease states, such as the propor-
tion of susceptible S, infected I, and recovered R agents in the
classical SIR model [92]. In this model, infection dynamics is
determined by the transition rates between the compartments:
the contact or transmission rate β to get infected, the rate γ
to recover, and the rate ν of waning immunity. To incorpor-
ate behavior, these models can in principle include compart-
ments and bridge functions that capture how strongly indi-
viduals engage in protective behavior on average, or introduce
compartments for people who protect with different mitiga-
tion strengths [21, 40, 44, 45, 68, 155]. In contrast, micro-
level models formally represent every individual member of
the population and its individual health state, opinion, and pro-
tection preference, making it possible to investigate the impact
of network structures on dynamics. Meso-level models study

subpopulations such as local clusters in the network. Finally,
there are hybrid models that combine both macro and micro-
level dynamics, with behavior typically being modeled at the
micro-level and disease spread at the macro-level [66, 139,
150, 168].

Overall, the distinction between compartmental (macro-)
and agent-based (micro-) models is not clear-cut. They rather
present a continuous spectrum: One can increase the number
of compartments, to, e.g. represent increasingly more combin-
ations of preferences, opinions, disease, or immunity states.
However, this leads to a rapid rise in the number of compart-
ments due to combinatorial explosion, potentially resulting in
compartmental models having as many compartments as there
would be agents in an equivalent micro-model. The distinct-
ive strength of agent-based models lies in the explicit repres-
entation of each agent and its contact structures. Conversely,
compartmental models offer an advantage in terms of differ-
entiability: each compartment represents a continuous-valued
fraction of the population. This characteristic proves advant-
ageous, for instance, when inferring model parameters from
data through Bayes inference [114].

Formally, the dynamics of a population of N individuals i
can be described as a N-dimensional random process X. It is
convenient to describe the random process as the combination
of two interacting contributions (figure 2(a)): the health stateH
and the behavioral state B. Here, Ht

i and Bt
i present the health

and behavioral status of the agent i at the time-step t. Each
of the variables Ht

i and Bt
i can adopt values from the sample

spaces ΩH and ΩB, respectively, which can be chosen flexibly.
For example, in a model in which agents make a binary choice
between two behavioral options, as in the decision whether to
get vaccinated or not,ΩB may be equal to {0,1}. In contrast, if
the behavior is a continuous quantity, for example, the degree
to which agents reduce contacts, the sample space presents an
interval ΩB = [0,1]. In the case of disease models, the sample
space of health states is usually discrete, e.g. ΩH = {S, I,R}
for classical SIR dynamics.

We letΩX =ΩN
H ×ΩN

B denote the whole sample space of the
coupled infectious disease-behavior system, with X denoting
a certain state in this space

Xt :=

(
Ht

Bt

)
. (1)

In most agent-based models, the state of every agent at a cer-
tain point in time only depends on the states of the agents in
the previous time-step [16, 84]. Therefore, we can express the
dynamics of the system as a Markov chain:

· · · → Xt → Xt+1 → . . . (2)

The transition probability from Xt to Xt+1 can be broken
down into four update functions as illustrated in figure 2(b). In
the most simple case, the updated health state Ht+1 depends
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Figure 2. General framework of coupled infectious disease and behavior dynamics. (a) H and B are vectors representing the agents’ health
and behavior states, respectively, and Xt presents the complete state of the system at time step t. Arrows represent the four update functions
of coupled models of disease and behavior dynamics, as listed in panel (b).

on the previous health-state Ht; similarly, the updated beha-
vior Bt+1 typically depends on Bt. We call the set of mod-
eling assumptions which govern those transitions the dis-
ease model and the influence model, respectively. The dis-
ease model determines how a pathogen can move from one
agent to another. Central assumptions of this update func-
tion, for instance, determine who can infect whom, and how
quickly agents recover from an infection. Similarly, the influ-
ence model describes how the protective behavior of an agent
is influenced by other actors such as other agents, media, or
officials.

In a coupled model, both processes may also influence each
other. A model includes a health-to-behavior bridge if Bt+1

also depends onHt. This update function captures how agents
adjust their behavior to the local or global dynamics of the
disease, including, for instance, the assumption that agents get
vaccinated when the fraction of infected agents in the popu-
lation exceeds a given threshold. Finally, if Ht+1 depends on
Bt, the model includes a behavior-to-health bridgewhich spe-
cifies how individual behavior affects the processes of disease
transmission or recovery from an infection. For instance, a
very prominent assumption is that agents who decided to get
vaccinated have a decreased probability of catching a disease
after a contact with an infected agent.

We can categorize existing models of coupled infectious
disease and behavior dynamics according to what update func-
tions are included in a given model. In total, there are 24 = 16
possible tuples of update functions; however, only few of those
are relevant for the present review. First, any model of an
infectious disease has to include a disease model; otherwise,
the agents would not be able to transmit the disease. Second,
coupled models without a behavior-to-health bridge are not
relevant for the purpose of our review, since the literature typ-
ically seeks to predict the course of an epidemic influenced
by protective behavior. In total, this leaves four categories of
coupled behavior-disease models, which are shown in table 1
together with a list of typical implementations from the lit-
erature. For example, the second row of the table represents

models in which disease dynamics is influenced by protective
behavior, but the behavior remains constant since the agents
do not influence each other [27, 76, 87, 129]. The model we
used to generate figure 1 falls into this category.

We acknowledge that modelersmay hold differing views on
whether specific behaviors should be classified as a health state
Ht or a behavioral variable Bt. Consider the case of vaccina-
tion: On the one hand, opting for vaccination clearly consti-
tutes a behavioral choice. Moreover, individuals may engage
in discussions regarding vaccination decisions and exert social
influence on each other, a process that would be formally
incorporated into the influence model (figure 2(b)). On the
other hand, vaccination rises the number of antibodies, and,
therefore, can be considered a health state. Additionally, indi-
viduals might base their vaccination decisions on factors such
as the risk of infection, which hinges on the vaccination rate
within the population. This distinction can be explicitly cap-
tured in the health-to-behavior bridge rather than the influ-
encemodel, without compromising themodel predictions. The
choice between these interpretations often relies on personal
preferences and the disciplinary background of the modelers.
However, there are instances in which the distinction becomes
crucial. For example, an agent might choose to receive a vac-
cine but, due to scarcity or governmental restrictions, fail
to undergo the vaccination process [124]. Consequently, the
social influence exerted by this agent on others may deviate
from the agent’s impact on the population’s health state. In
such cases, it becomes imperative to carefully differentiate
between the decision to get vaccinated and the health state of
being vaccinated or not.

2.2. Updating schedule

The predictions of many complex-system models depend on
the exact ordering of updates [37, 67, 83, 131, 141]. Updating
schemes can be broadly categorized along two axes. First, one
can distinguish between updating a single agent chosen uni-
formly at random during a time-step, some subset of agents, or
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Table 1. Categories of coupled disease-behavior models. The categorization depends on which of the four update functions from figure 2(b)
are included. We only show those categories that are relevant for the study of disease dynamics.

Illustration Description

Classical disease models without protective behavior
[26, 50, 54, 119, 149].

Disease dynamics with constant protective behavior
[27, 31, 32, 76, 87, 129].

Disease dynamics with protective behavior. Agents
exert influence on each others’ behavior [41, 81].

Disease dynamics with protective behavior but without
social influence. Behavior affects disease states, and
the state of the pandemic changes behavior [11, 38,
113, 120, 121, 128, 160, 166].

Fully coupled infectious disease and behavior
dynamics [52, 61, 64, 72, 82, 107, 108, 115, 122, 134,
138, 151, 154, 156, 159, 168, 169].

all agents. Second, if multiple agents are updated, their states
can change either synchronously or asynchronously. In the
first case, the agents are updated in parallel and cannot see
the updated states of other agents, while in the second, the
agents are updated in a sequence and can react to changes in
other agents that have already been updated. If only one agent
is updated during a time-step, synchronous and asynchronous
schemes are identical.

Updating only one agent at a time implies that only a single
element of the health-state vectorH and the behavior vector B
associated with the chosen agent changes from one time-step
to the other. This allows for analytical solutions using Markov
chain tools [18] as well as mean-field-like continuous-time
formulations in the analysis of the model [71]. When updat-
ing all agents synchronously, H and B may undergo abrupt
changes during a single time step, and complex transient pat-
terns such as those known from cellular automata [165] may
emerge. In the context of opinion dynamics, it has been shown

that parallel update may lead to frustration, making conver-
gence more difficult [15, 140].

Another important facet of the updating schedule pertains
to the sequence and frequency of health and behavior updates,
since the dynamics of disease spreading and behavior diffu-
sion can act on very different time scales [123, 159]. Modeling
decisions are often based on the specific kind of protective
behavior and disease under consideration. An example of a
strong separation of timescales is provided bymodels in which
agents are faced with the decision whether or not to vaccinate
against influenza [21, 99, 150]. This decision is made every
year before the flu season starts and is based on the agent’s
experiences during the previous influenza wave. In those mod-
els, behavior dynamics plays out on a characteristic timescale
of years, while the course of an infection takes only a few days
or weeks. On the other hand, the decision whether to wear a
mask or not can be reevaluated multiple times every day, res-
ulting in similar time scales as in disease models. Finally, in
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scenarios like HIV modeling, disease progression occurs over
a slow timescale while behavior operates on a faster one.

Empirical information can help determine exact time scales
of the disease and behavior dynamics. For many diseases and
populations, for instance, empirical research provides estim-
ates of the basic reproduction number R0, the expected num-
ber of cases directly generated by one case. Knowing R0 of
the context under investigation, the average number of net-
work contacts an agent can infect in a model time step, and
the length of the time span an individual is infectious, one can
determine the physical meaning of a time-step.

2.3. Representing social networks

The framework does not pose restrictions on the assumed
structure of the social network underlying the two processes.
In many contributions, a single layer network is employed,
assuming that disease transmission and social influence are
acting on the same network [41, 107, 113, 115, 122, 173].
Other modeling work assumes that social influence and infec-
tion dynamics play out on a multiplex network: a network
consisting of two layers that share the set of nodes but may
have different sets of edges [5, 64, 169, 170]. This imple-
ments, for instance, that individuals exert influence on each
others’ behavior in a setting such as online communication
where the transmission of infection is not possible. The struc-
ture of transmission related networks and social networks may
be very different. However, networks of disease transmis-
sion and networks of behavior influence are also not unre-
lated. Aksoy, for instance, documented significant social influ-
ence on social-distancing behavior within families during the
COVID-pandemic in the UK [4]. Families, in other words,
are not only a stetting where diseases spread, they are also
a source of influence on protective behavior. What is more,
Fukuda and colleagues demonstrated that model predictions
about disease dynamics can depend on the degree to which
the social-influence network and the disease-transmission net-
work overlap, providing a strong argument to carefully con-
sider how networks are modeled [62].

For any single layer in the network, different ways of
generating the graph are possible. Popular choices are fully
connected networks [122], lattices [173], scale-free networks
[62], small-world networks [31, 129], real networks [113,
134, 162, 167] , and pseudo-empirical networks [36, 41, 95].
Recently, empirical data on multiplex networks has become
available [130]. Within networks, edges between nodes may
carry weights to represent closeness of contacts in the disease
networks or the strength of influence in the behavior network
[167, 169].

The structure of the social-influence network also depends
on the behavior under study. Some forms of behavior can
be observed by others during face-to-face interaction. For
instance, it is easy to see whether an interaction partner
is wearing a mask. However, one cannot directly observe
whether the person has been vaccinated or has recently con-
ducted a self-test, which implies that social influence by one’s

local social network is more restricted in this case. Strikingly,
the opposite can be true for collective behavioral patterns.
In many countries, officials [52] and the media [73] regu-
larly disclose the population’s global vaccination rate and
the number of conducted tests per day. On the other hand,
it is much less common to assess and disclose the rate of
mask wearing in a population. Whether agents are influ-
enced by local or global information, in turn, has import-
ant consequences [7], since local information supports the
formation of internally homogeneous but mutually distinct
clusters in a network [19]. When all agents are affected
by the same global information, in contrast, local clustering
is less likely [104, 134]. Providing individuals with global
information has also been used as an intervention strategy to
increase compliance with social norms [104, 125, 133]. While
many existing models abstract away from global influence
[5, 115, 122, 167, 168, 173], some models explicitly include
it [22, 60, 115, 126].

2.4. Existing disease models

Each of the four update functions identified in figure 2(b) has
been implemented in various ways. The number of different
disease models, however, is relatively low. There are disease
models that describe agents by only two possible health states,
assuming that agents are either susceptible or infected [113,
119, 166, 169]. Other models add more possible states, includ-
ing that agents can also be described by a recovered or exposed
state [5, 76, 168, 173], or represent vaccinated agents by a ded-
icated compartment [122, 159]. The choice of the infection
model appears to be mainly dependent on the specific disease
studied by modelers.

2.5. Existing behavior-to-health bridges

Contributions to the literature make diverse assumptions about
the behavior-to-health bridge, the update function determin-
ing how agents’ behavior affects agents’ health status. This
diversity mainly results from the different forms of protect-
ive behavior represented in the models. A first category of
behavior-to-health bridges implements that an agent who has
decided to protect will experience a reduced susceptibility for
the remainder of the modeled time frame [5, 7, 22, 23, 38, 94,
157]. This assumption is particularly applicable to diseases
where vaccines confer long-term immunity. Alternatively,
various models include the assumption that agent’s behavior
has a non-permanent effect on disease dynamics [3, 7, 36, 41,
62, 64, 94, 110, 115, 122, 135, 139, 170, 173]. This can have
alternative interpretations. First, some authors treat one season
as a single time-step in which individuals make the decision
whether to protect or not, e.g. by getting vaccinated [41, 60,
62]. Second, individuals may change their decision to wear
a mask multiple times every day. In this case, however, the
interpretation of the duration of a modeled time-step changes
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Table 2. Behavior-to-Health bridges found in the literature.

Form of protective behavior Description Typical examples

Behavior reduces own susceptibility Agents that engage in protective behavior
experience a reduced personal susceptibility
(e.g. vaccination, mask-wearing)

[5, 41, 60, 62, 64, 108, 115, 122, 139, 173]

Agents cut network ties Agents alter their connections with other
agents

[53, 77, 105, 110, 117, 127, 135, 148, 152,
171]

Behavior reduces own infectiousness Agents who engage in protective behavior
have a lower chance of infecting other agents,
for instance by reducing their viral charge or
by becoming aware of their state and isolating
themselves

[39, 63, 74, 94, 108, 116]

Behavior accelerates recovery Agents who engage in protecting behavior
recover faster from an infection

[63, 136]

Duration of protection Description Typical example

Permanent The effect of behavior on health is permanent [5, 7, 22, 23, 38, 94, 157]
Transient The effect of behavior on health can change

over time
[3, 7, 36, 41, 62, 64, 94, 110, 115, 122, 135,
139, 170, 173]

compared to the first interpretation, in that a time-step now cor-
responds to a single encounter between an agent and its social
contacts.

Another category of behavior-to-health bridges are mod-
els assuming adaptive networks. An adaptive network is a
network whose topology changes in time dynamically. The
majority of these models assume that susceptible individuals
will try to avoid contact with individuals they deem infected,
either by rewiring their network connection from an infec-
ted individual to a healthy one [77, 135], a random one [127,
171], or by temporarily interrupting contacts with an infec-
ted connected individual [148]. In [117], a more psychologic-
ally realistic wiring function is considered that weighs the risk
of maintaining a connection to an infected neighbor against
the social benefit of this connection to the well-being of the
agent. Another class of models that relies on adaptive net-
works are social distancing models, where a fraction of all
the connections between agents is removed as a response to
the disease prevalence. The reduction in contacts can be inter-
preted either as social distancing or as movement restrictions
[105, 152].

A third category of behavior-to-health bridges assumes that
agents’ behavior affects infectiousness instead of, or in addi-
tion to, their susceptibility [63]. This might represent that
agents get tested and self-isolate if the result is positive [74,
94, 116]. Likewise, taking antiviral drugs or wearing a mask
reduces the probability of an infected agent to infect others
[36, 108].

An alternative behavior-to-health bridge that has received
limited attention includes that protective behavior can speed
up recovery after infection [63, 136]. Agents may be

recovering at a higher rate because they better recognize symp-
toms and seek medical treatment earlier.

While the vast majority of existing models includes only a
single kind of behavior, there are also models which assume
that agents choose between different types of behavior and
that each behavior implies a different disease bridge. This is
not only a realistic assumption in many contexts, it can also
generate interesting disease dynamics. For example, Zhang
and colleagues [173] show that increasing the effectiveness of
protective behavior can backfire. On the one hand, increased
effectiveness of mask-wearing can convince individuals to
invest into this behavior rather than staying unprotected. On
the other hand, it might also demotivate investment into even
more protection (e.g. vaccination), which comes at higher
costs. This can lead to higher incidence of infection.

The listed health-to-behavior bridges are summarized in
table 2.

2.6. Existing influence models

Existing influence models can be grouped into two main cat-
egories (see table 3). First, there are what we denote ‘behavior
models’ [60, 62, 115, 123, 167, 173]. These models describe
agents only in terms of their behavior, capturing, for instance,
whether a person wears a mask, stays at home, or gets vac-
cinated. Agents observe this behavior in their neighbors and
are socially influenced by these observations. Second, there
are ‘internal-state models’ that explicitly represent the cog-
nitive determinants of behavior, such as opinions, beliefs, or
feelings of fear [5, 122]. These internal states, rather than the
actual behavior, are subject to social influence. Thus, behavior
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Table 3. Influence Models found in the literature.

Influence model Model Description Typical examples

Behavior models: the choice of
engaging in protective behavior
depends on the behavior of other
agents

Rational choice Agent behavior is consistent
with their preferences and
perceived costs

[22, 35, 41, 82, 113, 123, 126,
134, 154, 167]

Success-driven imitation Agents copy the behavior of
agents who had a high payoff in
the past

[21, 44, 60–62, 99, 113, 154,
160, 173]

Indiscriminate imitation / herding Agents adjust their behavior to
match the behavior of others

[108, 115, 160]

Internal-state models: The
behavior of each agent is
governed by an internal state
open to social influence

Awareness Behavior depends on agent’s
awareness of the disease,
awareness spreads like a disease

[3, 53, 64, 72, 73, 98, 107, 138,
151, 159, 168, 169]

Opinion assimilation Behavior depends on opinion
towards protection. Agents only
grow more similar during
interaction

[6, 31, 32, 52, 115]

Reinforcement Behavior depends on opinion
towards protection. When agents
with similar opinions interact,
opinions are reinforced

[5, 122, 147, 156]

Repulsion Behavior depends on opinion
towards protection. When agents
with opposing opinions interact,
differences can grow

[136]

is changing because the cognitive determinants are adjusted.
An often critical difference between internal states and

behavior is that internal states can be more nuanced than
actual behavior. While individuals’ opinions towards protect-
ive behavior can vary on a scale from negative to positive
evaluations [5, 122], behavior is often discrete in that indi-
viduals either engage in a given behavior or not. A person, for
instance, may wear a mask while not being fully convinced of
its protective effect. However, what others observe and poten-
tially condition their own behavior on is an additional person
wearing a mask. This effect has been shown to foster collect-
ive opinion extremization and opinion polarization with strong
clustering in the network [19, 56, 104].

There are various reasons for why modelers may decide to
not represent internal states and model only behavior. First,
the decision to not incorporate internal states may result from
the desire to develop simple representations of human beha-
vior, which is understandable given that models combining
influence and disease dynamics are already highly complic-
ated. Second, there are situations where behavior is socially
influenced without changes in underlying internal states. If
a person with a negative opinion towards masks is working
together with others who always wear a mask, the person will
likely conform and also start wearing a mask in this context,
even though its opinions have remained unchanged [8]. Social
influence, in this case, does not mean that individuals exert
influence on each other’s motives to behave in a certain way

but that individuals influence the social context. This can have
repercussions on disease dynamics because the same person
might not wear a mask in a context where others are not wear-
ing a mask.

These influence models are summarized in table 3.

2.6.1. Behavior models. Existing behavior models can
be further categorized into three subcategories: models of
rational decision-making, models assuming success-driven
imitation, and models assuming indiscriminate imitation.
Inspired by game-theory, models based on rational decision-
making typically rely on very strong assumptions about ration-
ality, implementing that agents’ behavior is perfectly consist-
ent with their preferences and perceived restrictions [22, 35,
36, 41, 82, 113, 123, 126, 134, 139, 150, 154, 167]. Bauch
and Earn [22], like many other authors, studied a model where
agents compare the expected costs of getting vaccinated with
the expected costs of becoming infected and choose to vaccin-
ate or not depending onwhich of the two expectations is higher
[113, 167]. Importantly, the infection probability agents per-
ceive depends on the share of vaccinated agents in the neigh-
borhood, which implements social influence, in that agents
respond to the behavior in their social environment. When
many contacts of an agent are vaccinated, the added bene-
fit of also getting vaccinated is low, which implies that the
agent will not get vaccinated and will instead free-ride on the
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herd immunity created by others. Likewise, when very few
contacts of an agent are vaccinated, chances of infection are
high and agents will choose to get the vaccine. There are also
rational choice models that deviate from the assumptions that
perceived infection risks are a function of others’ decisions
to protect. Huang et al for instance, included that perceived
infection risks depend on disease prevalence [82].

The second subcategory of behavior models assumes the
same determinants (preferences and beliefs) of behavior but
a very different decision-making process [21, 33, 44, 60–62,
99, 113, 154, 160, 173]. Models of success-driven imitation
are also inspired by the game-theoretical literature, but they
drop the assumption of perfect rationality and rather assume
a myopic decision-making process [78]. In a nutshell, models
of success-driven imitation presume that agents observe the
behavior and the past payoffs of their network contacts. Next,
it is assumed that agents tend to imitate the behavior of neigh-
bors who experienced higher payoffs in the past. Since oth-
ers’ past success depends on whether they experienced costs
of protection or costs of infection, agents decide to vaccinate
when many network contacts who did not protect got infected
and when contacts who did protect did not experience the high
costs of infection.

A slight variation of success-driven imitation has been pro-
posed by [113]. In this model, agents imitate the behavior of
a network contact when they expect that the neighbor’s past
behavior will be more rewarding than their own past behavior.
That is, agents do not compare past payoffs but expected future
payoffs when they decide whether to imitate or not.

The third subcategory of behavior models assumes a third
variant of decision-making process where agents indiscrimin-
ately imitate their neighbors, regardless on the success of their
behavior: [7, 107, 108, 160, 167]. Models of indiscriminate
imitation capture the impact of social norms, and could lead
to agents engaging in self-protecting behavior regardless on
the behavior they deem appropriate.

2.6.2. Internal-state models. Models belonging to the
second main category of influence models explicitly repres-
ent the internal states underlying agent’s behavior. Unlike in
the behavior models, agents change their behavior because
these internal states have changed. We have identified four
subcategories of internal-state models in the literature: aware-
ness models, assimilation models, reinforcement models, and
repulsion models.

In awareness models, social influence is implemented like
a spreading process [3, 53, 64, 72, 73, 98, 107, 138, 151,
157, 159, 168–170], similar to the spreading process of a
disease. That is, every agent is described by a variable that
quantifies the agent’s awareness of the disease, and this aware-
ness spreads between agents. The concept of awareness can
also be interpreted as a fear of infection. In models such as
[73], awareness is a binary state, where an unaware agent can
become aware depending on the fraction of aware and infected
neighbors. In other models, awareness is measured on a scale
representing the shortest distance to an index case [64] or the

number of times an agent got notice of a (severe) case [98,
168]. Often in thesemodels, the quality of awareness decreases
upon spread to another agent. Unlike in all other influence
models we summarize here, this form of social influence is
nonreciprocal in that an agent A can make an agent B aware
of an infection case. B, however, cannot make A unaware of
this event. Furthermore, awareness is also often assumed to
fade over time. Finally, models assume that awareness trans-
lates into protective behavior. Awareness models have been
extended to also capture awareness of a protective behavior’s
side effects such as vaccine side effects [38, 168], which adds
another spreading process. The more aware agents are of side
effects, the less likely they will protect, according to these
models.

The second subcategory are assimilation models [6, 31, 32,
52, 115], amodel family that shares key assumptionswith clas-
sical models of opinion dynamics [1, 56, 58, 59]. In thesemod-
els, agents are described by a continuous opinion value that
represents their attitude towards protection. Agents’ protect-
ive behavior is a function of this opinion. Next, it is assumed
that agents’ opinions are open to social influence, which is typ-
ically implemented as averaging. That is, when adjusting their
opinions agents tend to become more similar to their network
contacts. A seminal implication of this assimilative form of
influence is that populations characterized by a connected net-
work will eventually reach a state of opinion consensus [1, 48,
56]. The model by Wells et al [162] employs rational decision
making where the underlying beliefs are subject to assimilat-
ive social influence.

Reinforcement models are very similar to assimilationmod-
els, but they add a critical aspect concerning the opinion update
[5, 122, 147, 156]. In contrast to averaging, opinion reinforce-
ment implies that agents adopt more extreme views when a
contact agrees with them. This can result from the commu-
nication of persuasive arguments [28, 112]. When two inter-
action partners hold positive opinions towards mask wearing
but base this position on different arguments (e.g. ‘masks pro-
tect myself’ and ‘masks protect my contacts’), communication
of these arguments will provide both persons with new reas-
ons to be positive towards mask wearing. Reinforcement may
also result from social approval [80], for instance, when two
individuals mutually support their decision to wear a mask.
When coupled with homophily, the tendency to interact with
agents holding similar views [109], opinion reinforcement can
generate opinion polarization [19, 103]. Homophily is a very
strong and well-documented force in human behavior and is
reinforced by personalization algorithms installed on online
social networks [13, 85, 89, 118].

The fourth subcategory of internal-state models are repul-
sion models [136]. These models are based on an assumption
that has also received much attention in the literature on
social-influencemodels [55, 106]. Repulsion is the counterpart
of assimilation and includes that individuals dislike sources
of influence who hold different views and may, as a con-
sequence, change their opinion and behavior in the opposite
direction from those sources. While empirical research test-
ing this assumption is not conclusive, recent findings from
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research on online social networks documented repulsion in
online communication settings [12, 91, 97, 144]. Moreover,
motivated cognition and confirmation biases [101, 143], where
individuals disregard new information that challenges their
current opinion, may also result in repulsive interaction [20,
47]. Repulsion received much attention because it is also
able to generate opinion polarization. However, unlike opin-
ion reinforcement, it fosters opinion polarization when homo-
phily is weak and individuals frequently interact with others
who disagree [89, 103]. As a consequence, interaction activ-
ating repulsion may be actually rare in personalized commu-
nication settings like online social networks [89].

2.6.3. The context of social influence. Independent of what
model of influence is implemented, there are contextual factors
that can have an impact on the dynamics of behavior. As previ-
ously noted, the scope of social influence can be either local or
global, contingent upon the particular type of protective beha-
vior being examined. Modeling work and empirical research
shows that this can have a decisive impact on behavior and dis-
ease dynamics, since local social influence promotes the clus-
tering of behavior in networks [17, 104, 125, 133, 134].

Likewise, predictions of influence models can strongly
depend onwhether agents communicate in a one-to-one, a one-
to-many, or a many-to-one regime. Many influence models
assume one-to-one influence, where an influence event initi-
ated by one agent affects a single other agent [9]. It turns out
that opinion polarization is more likely when models assume
one-to-many communication, a regime that is typical for many
online social networks, where one user shares messages to
all followers at the same time [90]. Influence dynamics are
also altered when models include many-to-one communica-
tion, where agents do not consider the input of a single inter-
action partner, but that of their whole ego network [57].

2.7. Existing health-to-behavior bridges

The health-to-behavior bridge specifies how the vector of
health states in the population affects the behavior update of
the agents. In particular, this implements that agents adjust
their protective behavior to disease prevalence. In the most
general sense, this includes quantities such as the number of
severe cases [168], hospitalizations [45], or vaccine adverse
reactions [38, 43, 162, 168]. As sketched above, it can also be
useful to treat, for instance, the share of vaccinated individuals
as a health state. Therefore, behavioral reactions to the overall
protection state of a population, such as the vaccination rate,
can also be treated as a health-to-behavior bridge. To avoid
repetition, we refer to section 2.6.1 for a summary of assump-
tions about how agents respond to others’ protective behavior.

In existing models, there are three main categories of
health-to-behavior bridges. First, there is a considerable num-
ber of models that do not include a health-to-behavior bridge
[31, 32, 41, 81]. In these models, agents do not adapt their
behavior to the disease dynamic.

Second, there are various models assuming that agents
tend to protect more when disease prevalence is high, which
is sometimes referred to as ‘prevalence-elastic behavior’ [7,
52, 60–62, 64, 72, 73, 82, 99, 107, 108, 122, 128, 134,
138, 154, 156, 160, 168, 169, 173]. This health-to-behavior
bridge is often not included separately, but integrated in the
agent’s decision-making process, which we reviewed in the
section 2.6. In some models of rational choice, for example,
an agent’s perceived risk of infection depends on the share of
infected agents in the population or their local neighborhood
[82, 121, 172]. Similarly, in awareness models [64, 73, 168],
higher incidence also means that more agents are aware of the
disease. Awareness can subsequently spread in the population,
leading to more people engaging in protective behavior. In
success-driven imitation models [60–62, 99, 154, 160, 173],
agents imitate the behavior of successful others. When pre-
valence is high, agents who protected themselves will have
relatively high payoffs since they managed to avoid infec-
tion, unlike unprotected agents. When prevalence is low, in
contrast, these agents will have a relatively low payoff, since
they paid the costs of protection and experienced the same
health as unprotected agents. As a consequence, prevalence
affects whether protected or unprotected agents are being
imitated.

A third category of health-to-behavior bridges implements
that high prevalence can sometimes lead to less protective
behavior [5, 38, 162, 168]. In Alvarez–Zuzek et al [5], for
instance, the authors assume that vaccines reduce the personal
susceptibility only to a limited degree. An agent who decides
to vaccinate but nevertheless becomes infected turns frustrated
and develops an extreme negative opinion towards vaccina-
tion. Subsequently, frustrated agents will share their negative
opinions with others. Since infection despite vaccination is
more likely when prevalence is high, high prevalence can lead
to less protective behavior.

A second dimension in which health-to-behavior bridges
differ is the range of influence. In several models, agents
respond to the local health-state of their network neighborhood
[60, 62, 82, 115, 173] or a weighted aggregate [169]. In [73,
113], for example, the probability of vaccinating depends on
the fraction of vaccinated neighbors, and in [128] the vaccin-
ation probability of a node depends on the edge-betweenness-
centrality of the connection with its infected neighbors. In
other models, agents are influenced by the global fraction
of infected agents in the whole population [60, 115, 122].
Some models include the assumption that an agent’s beha-
vior is influenced by their own health state [5, 64, 157, 168].
Furthermore, there are models that contain different types of
bridges between [115] or within [7] agents.

Local and global effects of disease prevalence on behavior
can have different consequences [7, 166]. Since agent-based
models of disease dynamics generate localized outbreaks of
the disease, local health-to-behavior bridges imply that agents
located in parts of the network distant to an outbreak will not
adjust their behavior and may be unprepared when the dis-
ease reaches them. At the same time, agents located inside an
infected segment of the network will protect when reacting to
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Table 4. Health-to-Behavior bridges found in the literature.

Bridge type Description Typical examples

None State of the pandemic does not affect
protective behaviors

[31, 32, 41, 81]

Positive prevalence elastic behavior Higher disease prevalence leads to more
protective behavior

[36, 60–62, 64, 73, 82, 99, 110, 121, 150, 154,
160, 168, 173]

Negative prevalence elastic behavior Higher disease prevalence leads to less
protective behavior

[5, 162]

Positive [Health-state] elastic behavior Increasing the number of agents in
[Health-state] increases the degree of
protective behavior

[38, 45, 168]

Negative [Health-state] elastic
behavior

Increasing the number of agents in
[Health-state] can decrease the degree of
protective behavior

[38, 43, 150, 162, 168]

Range Description Typical examples

Ego The agent’s own health state influences the
protecting behavior

[5, 64, 150, 168]

Local The health-states of direct network neighbors
influence agent’s own protecting behavior

[60, 62, 82, 115, 169, 173]

Global The global fraction of agents in a health state
(usually infected) influences the protecting
behavior

[3, 36, 75, 115, 122]

local information, which can have substantial impact on dis-
ease dynamics. In contrast, when agents react to global dynam-
ics, local reactions tend to be weaker, which hampers the effect
of protection.

These health-to-behavior bridges are summarized in
table 4.

3. Comparing models using IRFs

In the preceding section, we cataloged an extensive array
of competing model assumptions within the existing liter-
ature. Modelers have experimented with various alternative
approaches to implementing each of the four update functions.
The behavioral part, in particular, is characterized by a large
and growing number of conflicting assumptions. This mirrors
the ongoing discourse about human behavior and decision-
making in the social sciences, a domain often criticized for its
inability to converge on a shared set of behavioral assumptions
[14, 46, 70, 111, 146, 164].

To be sure, we do not criticize any individual contribution
to the literature, and we applaud all efforts to explore addi-
tional models or variations of existing ones. However, the col-
lective body of literature provides limited guidance for model-
ers who aim to develop a valid model of coupled disease and
behavior dynamics due to its extensive diversity. Furthermore,
many of the behavior theories differ significantly in their fun-
damental assumptions. For example, rational decision making
models often assume perfect rationality, while success-driven

imitation assumes a myopic decision maker. Consequently,
selecting appropriate model assumptions for a given applic-
ation is exceedingly challenging. The existing literature falls
short in delineating where behavior theories diverge and
whether and when these differences result in disparate model
predictions about disease dynamics.

Here, we elaborate an approach to comparing behavior
models that was proposed by López–Pintado and Watts [100]:
IRFs. In their original contribution, an IRF returns an agent’s
probability of adopting a binary behavior given a weighted
average of behaviors of other agents. That is, rather than
representing the actual individual decision-making process,
the psychological complexity is boiled down into a function
capturing the cause of complexity, the interaction between
agents.

When an IRFs accurately reflects the assumed decision
process, model predictions are obviously unaffected. The
central advantage of IRFs, however, is that they are a
tool to compare competing behavior theories in terms of
their implications for the interaction between the micro-
scopic entities of the complex system. As López–Pintado and
Watts illustrated, sometimes even seemingly different beha-
vior theories actually imply the same IRFs and, as a con-
sequence, generate the exact same macroscopic dynamics.
Likewise, seemingly similar behavior theories can translate
into very different IRFs. These differences have the potential
to generate different macroscopic dynamics and, thus, help
understand why different micro-theories generate different
macro-predictions.
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To render the concept of IRFs applicable to models of
coupled disease-behavior dynamics, we expand upon the ori-
ginal definition presented in [100]. Below, we offer various
examples illustrating how existing models can be expressed
using IRFs, encompassing both purely behavioral models and
those entwining behavior and disease.

3.1. Definition of IRF

In the original work by López–Pintado andWatts [100], agents
can choose between two behavior options ΩB = {0,1}. The
authors formally defined an IRF as the probability that an agent
i chooses behavior 1 at time-step t+ 1, given that the agent
receives a certain social signal sti from other agents

IRFLP (s
t
i)≡ P

(
Bt+1
i = 1 | sti

)
. (3)

The social signal is defined as a weighted sum fi : Ω
N−1
B →

[0,1] of behaviors of other agents

si = fi
(
bt−i

)
:=

∑
j ̸=i

wijb
t
j, (4)

where bt−i is the vector of all behaviors except that of the
agent i.

In order to extend IRFs to models of coupled behavior-
disease dynamics, we relax some of the assumptions made
in the original work. First, we generalize the framework to
accommodate non-binary behavior, since the behavior in some
of the influencemodels we described in section 2.6 depends on
an internal state that is oftenmodeled by a continuous variable.
Second, we add the health-to-behavior bridge by including the
health status of the population into the right hand-side of the
IRF. In many such coupled models, behavior often depends
on multiple observables of the system; for example, the global
number of infected individuals and the local fraction of neigh-
bors adhering to the same protective behavior as the agent.
Therefore, we also allow any observable of the system to func-
tion as the social signal.

To begin, recall that the dynamics of the system can be
described as a Markov chain {Xt}. Therefore, the evolution of
the system can be fully described using the transition probabil-
ity P

(
Xt+1 = x | Xt = xt

)
. Depending on the updating sched-

ule, a single transition can affect only behavior or only health,
only the state of a single agent or the states of all agents at
once, or any combination of the above. All these cases can be
captured by the transition probability. However, this flexibility
comes at a cost of an exploding number of dimensions, as the
transition probability has to be specified for all possible trans-
itions between all possible states of the system. For example,
even for a simple SIS disease dynamic coupled with binary
behavior, there are 24N different possible transitions. To reduce
the dimensionality of the problem, we will make a series of
approximations and projections which will map the transition
probability into a lower-dimensional space, while still retain-
ing as much of its flexibility as possible. For the sake of simple
notation, we will assume that the sample spaces ΩH and ΩB

are countable; if behavior is a continuous variable, the same
arguments apply if the corresponding sums are replaced by
integrals.

First, we will assume that the agents are updated independ-
ently of each other, i.e. that the transition probability can be
re-written as

P
(
Ht+1 = h,Bt+1 = b | xt

)
=

N∏
i=1

P
(
Ht+1

i = hi,B
t+1
i = bi | xt

)
.

(5)

This assumption is trivially fulfilled in models which only
update a single agent during a time-step, and it is typically
assumed in models with synchronous updating. If multiple
agents are updated asynchronously, each time-step can be
formally split into several substeps, such that just one agent
is updated at a time.

In the next simplification step, we disentangle the update
of health and behavior. We can define the marginal probability
that an agent iwill adhere to behavior bi regardless of its health
state:

P
(
Bt+1
i = bi | xt

)
=

∑
h∈ΩH

P
(
Ht+1

i = h,Bt+1
i = bi | xt

)
, (6)

and, similarly, for the marginal probability of the health state

P(Ht+1,i = hi | xt) =
∑
b∈ΩB

P
(
Ht+1

i = hi,B
t+1
i = b | xt

)
. (7)

As our primary interest lies in deriving the IRF for behavior,
we will focus on equation (6) in the following. However, note
that equations (6) and (7) are not statistically independent in
some models. As an example, consider the model proposed by
[73] which examines how awareness of a pandemic spreads
within a society. In this model, agents can be in one of two
behavior states: ‘aware’ and ‘unaware’. Agents become aware
of the pandemic either through social connections or through
becoming infected, meaning that an agent cannot be infected
while remaining unaware. Consequently, the new behavior and
health states are correlated, meaning that we lose some of the
information about the full model by considering equation (6)
separately from equation (7). However, this separation allows
us to arrive at a simple method for comparing and visualizing
various models.

With those two steps, we have already greatly reduced the
dimensionality of the problem: equation (6) only requires spe-
cifying the transition probability for |ΩH|N|ΩB|N × |ΩB| cases.
However, even this is prohibitively challenging to visualize.
To reduce the dimensionality even further, we will use the fact
that the update rule rarely depends on the state of the whole
system. Instead, in most models, agents make decisions based
on two pieces of information: their own state and some observ-
able of the system such as the number of infected agents or
the fraction of neighbors who express the same behavior. Let
xti = (hti,b

t
i) denote the state of the agent at time-step t and let

f i(x) be an observable of the system for the agent i. Then,
we can perform a transformation of variables and express
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Figure 3. Three examples of behavioral influence-response functions (IRFs). The probability of expressing a binary behavior is a function
of the average behavior in the relevant population. Upward (a) and downward (b) threshold models implemented by logistic functions. (c)
hybrid model, similar to the model by [167], where agents randomly chose between two decision-making options: rationality (shown dark
green) and imitation (shown in light green); details on the derivation of these IRFs are in the SI section 1.2.2.

the transition probability in terms of those two pieces of
information

P(Bt+1
i = bi | si,xti)

=

∑
x∈Ω̃X

P
(
Bt+1
i = bi | Xt = x

)
P
(
Xt = x

)∑
x∈Ω̃X

P
(
Xt = x

) , (8)

where Ω̃X is the subset of ΩX where fi (x) = si, and xi = xti.
The probability of every state P(x) depends on how the model
samples the probability space.

Finally, we define the IRF with respect to the observable fi
as the left hand-side of equation (8)

IRF(bi,si,x
t
i) := P

(
Bt+1
i = bi | si,xti

)
. (9)

As in the previous simplification step, the reduction of the
update rules to a single signal may come at a loss of informa-
tion. Nevertheless, the IRF as defined in equation (9) is always
well-defined.

The IRF can be approached numericallywith aMonte Carlo
algorithm. The goal is to sample the probability distribution
of an agent’s behavior for the state of interest xti and a set of
signals {si}. The main difficulty of approaching equation (8)
numerically is to approximate the distributionP(x); this is par-
ticularly challenging because the section of the phase space
explored by models is time-dependent. Since the goal of our
approach is not to propose an alternative algorithm to simulate
the evolution of the system, but to build a tool to compare how
different models react to social stimuli, one can fix the prob-
ability distribution of the other agents, P(xj̸=i), and use that to
simulate the behavior of agent i.

This approach was used to produce all IRFs in the sub-
sequent subsections (figures 3–5). A more detailed step-by-
step explanation of this approach is described in the SI, section
1.2.1. Additionally, the SI contains information on the signal
si and the distribution of states of the other agents P(xj̸=i) for
all IRFs shown.

3.2. IRFs for influence models

Before addressing models which assume that protective beha-
vior is conditioned on the populations’ health state, we show
in this section how behavior models from the literature can be
expressed using IRFs. Our framework also allows one to use
the same formalism for internal-state models.

Figure 3 illustrates the IRFs of three behavior models.
Panels (a) and (b) show two IRFs studied by López–Pintado
and Watts [100] to demonstrate that these models generate
very different macroscopic dynamics. The IRF in panel (a)
is obtained from an upward sloping threshold model, where
a given behavior becomes more likely as the number of net-
work neighbors displaying the behavior rises. This IRF can
be derived, among others, from game-theoretical models of
coordination in networks. For instance, communication tech-
nology such as online social networks are more useful when
many contacts are using the same platform. Panel (b) shows
the opposite case in which a behavior is less likely to be adop-
ted when many contacts have already adopted it. This IRF is
typical for public-good games, a setting in which an agent can
free-ride off other individuals who adopt a costly behavior.

Panel (c) shows an IRF of a coupled disease-behavior
model where each agent randomly chooses between rational
decision-making and imitation, similar to [167]. In essence,
this model combines the upward and downward threshold
models shown in figures 3(a) and (b). Specifically, an agent’s
probability of engaging in protective behavior, in this case,
receiving a vaccination, depends on the average behavior of
their local neighbors in the previous time step. Each time step
can be interpreted as a season of a flu epidemic. The agents can
follow one of two strategies: act rationally, by taking a vaccine
if the fraction of vaccinated neighbors in the previous season
was below a certain threshold (dark green), or imitate the dom-
inant behavior of others (light green). In the second case, the
probability of taking the vaccine increases with the fraction
of vaccinated neighbors. In the intermediate regime where the
choice between rational and imitative behavior is random, the
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Figure 4. Influence-response functions of internal-state models assuming assimilation (a), (d), (g), reinforcement (b), (e), (h), and repulsion
(c), (f), (i). First row: agent i (circle) with an initial opinion of bti = 0.2 is influenced by agent j (diamond). The arrows illustrate how the
opinion of agent i updates after interaction, with opinion shown on the x-axis. Second row: expected updated opinion of an agent i with an
initial opinion bti = 0.2 (dotted line) depending on the local average opinion si in i’s neighborhood. Third row: vector fields for the update of
i’s opinion in the phase space spanned by local average opinion si and i’s previous opinion bti. For details, see SI section 1.2.3.

IRF exhibits a discontinuity. The derivation of such functions
can be found in SI. section 1.2.2.

In figure 4, we show the IRFs for the three compet-
ing internal-state models reviewed above: assimilation, rein-
forcement, and repulsion models. Panels (a)–(c) of figure 4
show how an agent i shifts its opinion from its initial pos-
ition bti = 0.2 after interaction with different neighbors j.
According to the assimilation model, i always moves closer
to j. Reinforcement, in contrast, implies that i adopts a more
extreme opinion when j holds a similar view. Repulsion can
also generate shifts towards more extreme opinions; however,
unlike in the reinforcement model, these shifts occur when
agents with very different views interact. These differences are
also visible in the IRFs of the three models, as panels (d)–(f)
show. Again, we focus on the scenario where agent i holds
an opinion of bti = 0.2 (see dotted lines). The solid lines show

the expected updated opinions after interaction. We use the
average opinion of the neighbors of agent i as an observable
of the system

si := fi (b) :=
1
ki

N∑
j=1

Aijbj, (10)

where Aij is the adjacency matrix of the underlying network.
The IRF of assimilation models (panel (d)) is sloping lin-

early upward since assimilation is implemented as simple
averaging. Panel (e) shows the IRF of a reinforcement model,
which is also upward-sloping. The main difference compared
to assimilation, however, is that agent i’s opinion is reinforced
by si when the initial opinion distance is low. In fact, agent i’s
opinion may even overshoot, adopting an opinion value closer
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to zero than si. Repulsionmodels have a very different IRF (see
panel (f)). Repulsion is often implemented as a weighted aver-
agewith positiveweights when agents agree (assimilation) and
negative weights when agents disagree too much (repulsion).
Accordingly, the IRF is upward-sloping when i agrees with its
contacts and downward-sloping when they are too dissimilar.
For a more comprehensive comparison of the three models,
we present vector fields in panels (g)–(i) of figure 4. In these
panels, arrows depict shifts in opinion for agent i depending
on its position before the opinion update and the local average
opinion si. A detailed derivation of these IRFs can be found in
the SI. Section 1.2.3.

3.3. IRFs including effects of health states

As shown in section 2, existing models of coupled disease and
behavior dynamics differ not only in terms of the influence
model but also in their assumptions about agents’ responses
to the heath state of the population (heath-to-behavior bridge).
The models presented in [21] and [5], for instance, focus on
a scenario where agents decide between getting vaccinated or
not. Vaccination probability of an agent depends on the frac-
tions of infected (I) and vaccinated (V) neighbors. The frame-
work we propose allows the comparison of these assumptions.
To this end, we define two signal functions f(I)i (x) and f(V)i (x)
as

s(I)i := f(I)i (x) =
1
ki

∑
j

Aijδxj,I

s(V)i := f(V)i (x) =
1
ki

∑
j

Aijδxj,V, (11)

that return the fraction of neighbors in the state I or V,
respectively.

First, we will examine how the probability of behavior
depends on the number of infected agents, either in the neigh-
borhood of an agent i or in the global population. Figure 5, pan-
els (a)–(c), show the IRFs of three existing models: a success-
driven imitation model [21] in figure 5(a), an awareness-
spreading model [72] in figure 5(b) and a model which
includes negative feedback from vaccinated who nevertheless
got infected [5] in figure 5(c). All plots shown in figure 5 are
obtained by simplifying the original models, as detailed in the
SI 1.3.

Although the success-driven imitation model (panel (a))
and the awareness model (panel (b)) are based on very dif-
ferent behavior theories of decision-making, their IRFs are
markedly similar. In both models, the probability of adopt-
ing protective behavior increases with the number of infec-
ted neighbors. In both models, it is also possible that agents
do not respond to the fraction of infected agents in the pop-
ulation. In the success-driven imitation model, this happens
when the agent i is susceptible. Such an agent has obtained
maximal payoff in the previous round (no cost of infection
or protection); therefore, it does not reconsider the decision.
Likewise, in the awareness model by [72], aware agents pro-
tect unconditionally.

Unlike the success-driven imitation model and the aware-
ness model, the model by Alvarez–Zuzek [5] shows a
downward-sloping IRF: under certain conditions the average
local opinion about vaccines decreases with the number of
vaccinated infected neighbors. This is possible because the
more infected neighbors there are, the higher the chances that
a vaccinated agent becomes infected despite protecting. This
decreases the local average opinion about vaccines. Similarly,
as the fraction of vaccinated neighbors increases from s(V)i =

0.25 to s(V)i = 0.99, the likelihood of one of them getting infec-
ted also increases, leading to a faster decline in the local aver-
age opinion about vaccines.

Following the same approach, one can also detail how the
probability of behavior depends on the fraction of vaccinated
neighbors s(V)i . The resulting IRFs for three models are shown
in figures 5(d)–(f). The specific models we consider are a
success-driven imitation model [21] in figure 5(d), a rational
choice model [113] in figure 5(e) and a negative-feedback
model [5] in figure 5(f).

The dependency of behavior upon the fraction of vaccin-
ated neighbors takes various shapes. In success-driven imita-
tion models, figure 5(d), the probability of protective behavior
increases with the fraction of vaccinated individuals at a fixed
incidence because it is more likely to randomly select a vac-
cinated agent to copy if more agent are vaccinated. In rational
choice models where agents try to maximize their payoff by
evaluating the probability of becoming infected, the probabil-
ity of vaccinating drops suddenlywhen enough neighbors have
been vaccinated, as shown in figure 5(e). Finally, in negative
feedback models, figure 5(f), the IRF depends on the area of
the parameter space one is exploring. If disease prevalence is
low, increasing the fraction of vaccinated neighbors increases
the fraction of healthy vaccinated neighbors. Conversely, for
high disease prevalence, increasing the fraction of vaccinated
neighbors mostly increases the fraction of vaccinated neigh-
bors who got infected, decreasing the overall opinion about
vaccinations. A detailed derivation of these IRFs can be found
in the SI section 1.3.

In summary, the IRFs shown in figures 4 and 5 illustrate
our main argument in favor of using these functions: they
allow to compare influence models and health-to-behavior
bridges, even when the underlying behavior theories are chal-
lenging to compare. Sometimes even theories rooted in vastly
different assumptions about decision-making actually imply
remarkably similar IRFs. This suggests that their macroscopic
implications about heath dynamics may also be comparable.
However, sometimes IRFs also turn out to be fundamentally
different, as in figures 5(d) and (e). These differences have
the potential to generate fundamentally different behavior and
health dynamics since they originate from the fundamental
source of complexity: the interaction between microscopic
entities.

3.4. Testing IRFs

IRFs are not only a powerful tool to compare theories of
behavior; they can also be empirically tested in a more
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Figure 5. Influence-response functions (IRFs) from existing models of coupled disease-behavior dynamics. First row (a)–(c): probability of
protective behavior as a function of the fraction of infected neighbors in the population; second row (d)–(f): protection probability as a
function of the fraction of vaccinated neighbors; (a) and (d): examples of the success-imitation game described in [21] where a third of the
agents are vaccinated (in (a)) and infected (in (d)), and the fraction of infected (a) and vaccinated (d) is varied from 0 to 2/3; (b): the
awareness model described in [73]; (c) and (f): model described in [5], where vaccines are not perfect, but reduce susceptibility by 90%, the
probability of vaccination is shown as a function of the fraction of infected neighbors in (c) and as a function of vaccinated neighbors in (f),
for different fractions of vaccinated and infected respectively; (e): IRF of a simplification of the model described in [113], where agents
vaccinate when the risk of becoming infected is too high, and the risk decreases as a function of vaccinated neighbors, the same curve is
shown for three values of r, the ratio between the cost of vaccination and the cost of the infection. Details on the derivation of these IRFs are
in the SI section 1.3.

straightforward way than the theories they have been derived
from. Existing behavior theories depend on latent psycholo-
gical determinants such as opinions, perceived risks, and pref-
erences, which require complex measurement tools. In con-
trast, the input variables to IRFs, such as neighbors’ beha-
vior and disease prevalence, are often directly observable and
easier to quantify. In fact, social sciences provide a power-
ful set of approaches of quantitative empirical research to test
IRFs. There are at least four well elaborated approaches with
complementary strengths and weaknesses.

First, there are various sources of observational data about
protective behavior. During the COVID-19 pandemic, for
instance, various regional, national, and international dash-
boards provided large-scale administrative data about vac-
cine uptake [51]. Likewise, researchers gathered information
from mobile-phone data on reductions in mobility in con-
tact frequency [42, 105, 132]. This information can be pooled
with information about local disease prevalence to test health-
behavior-bridges. Unfortunately, many forms of protective

behavior are hard to record or come with privacy restric-
tions that make data totally unavailable or limit access to high
aggregation levels.

Second, surveys are a frequently applied method. During
the COVID-19 pandemic, for instance, the ‘COVID-19 beha-
vior tracker’ conducted repeated and representative online sur-
veys measuring many forms of protective behavior in various
countries [86]. Together with information about disease pre-
valence and governmental information, this data can also be
used to test health-behavior-bridges. In addition, there are vari-
ous survey methods allowing to assess participants’ risk per-
ceptions, opinions about protection behavior, behavior norms,
and perceptions about others’ behavior [4]. Furthermore, there
are sophisticated statistical methods to model the relationships
between behavior and its determinants [93]. Obviously, sur-
veys rely on the often problematic assumption that participants
are able and motivated to accurately reflect about their opin-
ions and behavior. What is more, surveys also provide obser-
vational data, which limits the testing of causal statements.
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Third, there are vignette studies, an approach that intro-
duces experimentation into surveys [145]. Vignette designs do
not measure actual behavior but self-reported intentions in a
hypothetical situation. Bicchieri et al for instance, confron-
ted survey respondents with multiple descriptions of different
social settings and asked what behavior was considered most
appropriate for each of them [25]. This approach allowed them
to test which aspects of a given setting increased the motiva-
tion to engage in protective behavior.

A fourth approach to test IRFs are incentivized experiments
along the lines of behavioral game-theory [30]. In this empir-
ical paradigm, participants are provided with monetary incent-
ives that simulate the decision problem faced by individuals
deciding whether to protect or not. In fact, this paradigm has
been used to implement the same payoff structure as assumed
in the game-theoretical models described above [10]. The
advantage of this approach over surveys is that participants’
responses carry real-world significance as their decisions dir-
ectly translate into monetary consequences. Combined with
randomized control trials manipulating the behavior of others
[125] and information about local and global prevalence, this
approach provides a means to directly test IRFs while redu-
cing spurious causality. However, behavioral experiments are
often criticized for studying behavior in highly stylized, artifi-
cial settings, which raises concerns about the external validity
of this approach.

Given that each empirical method has its own set of
strengths and weaknesses, it is crucial to employ them in tan-
dem. Similarly, it is essential to test IRFs across various coun-
tries, cultural contexts, pandemic phases, and diverse com-
munities within a population, since factors such as age, edu-
cation, socioeconomic status, and religion can significantly
influence individuals’ decisions regarding protective behavior
[137].

4. Selecting coupled models

Above, we elaborated a framework to describe models of
coupled infectious disease and behavior dynamics. This
involved identifying four update functions and scrutinizing the
implementation of each in existing models. Despite two dec-
ades of research yielding a diverse array of compelling indi-
vidual models, the substantial quantity and diversity of altern-
ative model assumptions have resulted in an inconsistent lit-
erature. In particular, we have documented a vast array of
approaches to modeling individuals’ decision-making regard-
ing protective behavior, and how this decision is influenced by
others’ choices and the prevalence of the disease.

Next, we advocated an approach to compare competing
models of behavior put forward in the social sciences [100,
102]. This approach suggests that modelers investigating the
macroscopic outcomes of interdependent decision-making on
the micro-level should abstain from formally representing
the psychological processes driving micro-behavior without
demonstrating the necessity of these micro-level assumptions
for generating distinct macro-dynamics. Instead, modelers
should encapsulate the formal relationship between an agent’s

behavior and the behavior of others in what is referred to as an
IRF.

However, to make IRFs applicable to the literature on
coupledmodels of disease and behavior dynamics, the concept
needed to be extended in two ways. First, we included that an
agent’s decision might also depend on the state of the disease
dynamics, incorporating the health-to-behavior-bridge in the
IRF. Second, unlike Lopez–Pintado and Watts who studied a
decision problem where agent’s behavior was a function of the
average behavior in the population, we extended the concept to
cover any combination of the local average behavior, figures 3
and 4, fraction of infected neighbors, figures 5(a)–(c), and frac-
tion of vaccinated neighbors, figures 5(d)–(f), and of other
scalar observables.

While we do not dispute psychological realism in gen-
eral, abstract IRFs come with three main advantages. First,
simple descriptions of the complexity within individuals make
it easier to understand the complexity arising from the inter-
action between individuals. Models of coupled infectious dis-
ease and behavior dynamics combine two model families that
generate complex dynamics already when studied in isolation.
Keeping micro-models simple when coupling helps to under-
stand the results of the coupled system.

Second, IRFs derived from alternative coupled models
can be compared in a straight-forward way. In contrast, the
decision-making models underlying these functions often dif-
fer on various fundamental assumptions about how individuals
make decisions, which makes it hard to ascertain how these
differences translate into different protective behavior. With
examples, we illustrated that sometimes seemingly different
behavior theories actually imply similar IRFs and vice versa
[100, 102].

Third, competing IRFs can be put to the test with existing
empirical approaches, as we discussed in section 3. Therefore,
IRFs guide empirical research selecting empirically accurate
model assumptions, despite being abstract descriptions of a
complex psychological processes.

We argue that IRFs can help move the literature on mod-
els coupling disease and behavior dynamics into a process
of systematic empirical validation, guiding empirical research
testing alternative influence models and health-to-behavior
bridges. To this end, we propose three recommendations guid-
ing modelers introducing new models.

Recommendation 1. Build, as much as possible, on existing
models.

While we do not dispute the epistemological value of novel
models and recombination of existing model assumptions, we
criticize that many contributions to the literature introduce new
models without demonstrating whether existing models would
have done the same job or whether the presented findings fol-
low only from the newly introduced model. As a consequence,
we recommend future modelers to depart from one of the
many existing models when they seek to demonstrate a given
effect, unless this is not possible in that the new effect can-
not be generated by an existing model. Ideally, this will help
the community to identify a set of standard models that are
well understood and serve as a reference point to demonstrate
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new findings. Likewise, when an innovative model assumption
is introduced, the remaining update functions should remain
unchanged compared to an earlier publication, in order to
demonstrate that the novel assumption is responsible for the
new findings and not a change in some other model aspect.
For instance, existing contributions do not only apply differ-
ent models of behavior, they often also study dynamics in
different network topologies. While it is extremely valuable
to study effects of network topologies, it is also important to
make one’s work comparable to existing work.

Recommendation 2. When you introduce a new influence
model or health-to-behavior bridge, identify the IRFs and
show where they differ from existing models.

In section 3, we provided examples of how fundament-
ally different behavior theories can be compared in terms of
what matters for coupled behavior-disease dynamics. Deriving
IRFs from a complicated model of individual decision-making
can be challenging. While analytical solutions are very desir-
able, they sometimes force one to make very strong simplify-
ing assumptions. In this case, it can be insightful to simulate
the model and statistically infer IRFs from the observed agent
behavior.

Recommendation 3. If your behavioral model implies an
IRF that deviates from other models and if this differ-
ence alters disease dynamics, test these functions empirically
against each other.

Ultimately, the process of selecting model assumptions is
an empirical exercise. However, empirical research must be
guided by theoretical foundations. IRFs serve to highlight dif-
ferences between micro assumptions. If subsequent theoret-
ical exploration demonstrates that these distinctions alsomani-
fest in varying macro-predictions concerning disease dynam-
ics, empirical research becomes imperative to select models.
As detailed in section 3, we have outlined alternative social-
scientific approaches for directly testing IRFs. The application
of these approaches across diverse social and cultural contexts,
coupled with concurrent formal modeling, is an intricate and
interdisciplinary endeavor. Nevertheless, it holds the potential
to elevate the literature on models of coupled infectious dis-
ease and behavior dynamics from a collection of independent
models to a disciplinary canon capable of reliably informing
political decision-making during a pandemic.
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