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Belief change and spread have been studied in many disciplines—from psy-
chology, sociology, economics and philosophy, to biology, computer science
and statistical physics—but we still do not have a firm grasp on why some
beliefs change more easily and spread faster than others. To fully capture the
complex social-cognitive system that gives rise to belief dynamics, we first
review insights about structural components and processes of belief dynamics
studiedwithin different disciplines.We then outline a unifying quantitative fra-
mework that enables theoretical and empirical comparisons of different belief
dynamic models. This framework uses a statistical physics formalism,
grounded in cognitive and social theory, as well as empirical observations.
We show how this framework can be used to integrate extant knowledge
and develop a more comprehensive understanding of belief dynamics.
1. Introduction
Why do individuals change some beliefs quickly in the light of new information
while they fiercely resist changing other beliefs? Why do some beliefs spread
faster than others? Why do societies sometimes come to consensus about an
issue and at other times splinter in clusters with widely different beliefs? Ques-
tions about belief dynamics have long occupied scholars across a wide range of
disciplines and have been studied on individual and societal levels. At the indi-
vidual level, researchers in psychology, biology, evolutionary anthropology,
political science and philosophy have studied cognitive processes that underlie
belief dynamics, including individual and social learning, social judgement and
decision-making, social influence, and belief formation and change. At the
societal level, researchers in disciplines ranging from sociology and economics
to statistical physics and computer science have focused on the spread of beliefs
in social networks, and the two-way relationship between the structure of these
networks and people’s beliefs.

A comprehensive grasp of processes and outcomes of belief dynamics and
how they can be influenced is still elusive, for at least three reasons. First, while
most researchers agree that beliefs form and change through a dynamic inter-
play of social network structure and cognitive processes, most disciplines
focus predominantly on only one of these aspects. This makes it difficult to ade-
quately capture the underlying complex social-cognitive system, leading to
crucial gaps in our understanding of belief dynamics. For example, models of
belief dynamics can predict the emergence of full consensus or strong polariz-
ation [1], but they generally cannot predict for which beliefs a society will reach
consensus and for which beliefs polarization will increase. Similarly, these
models often cannot predict why some beliefs are more or less easy to
change. Here, we propose that the key to understanding these puzzles might
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Figure 1. Main structural and process components of belief dynamics. Each individual has a network of individual beliefs, here represented as probability distri-
butions over possible belief states (described in §§2.1.1 and 3.1.1). Each individual is also embedded in a social network (§§2.1.2 and 3.1.2). When considering a
belief about a particular issue (or ‘focal belief’), individuals form cognitive representations of what their own related individual beliefs are and what relevant others
in their social network believe (§§2.2.1 and 3.2.1), using different integration strategies (here we use averaging strategy as an example). When the focal belief
diverges from other individual and social beliefs, individuals may experience dissonance (§§2.2.2 and 3.2.2). To resolve it, they might update their beliefs (either
belief distributions or connections between their beliefs), or they might update their social network connections (§§2.2.3 and 3.2.3). This in turn modifies the
structure of individual beliefs and social networks, starting another round of belief dynamics.
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be to integrate social and cognitive components of the com-
plex system underlying belief dynamics (figure 1) into a
single unifying quantitative framework.

Second, there is little comparison of different models of
belief dynamics, bothwithin and especially between disciplines
(for a rare exception, see [2]). On the theoretical level, there are
few investigations towhat extent different models share similar
assumptions and to what extent these different models can be
integrated. On the empirical level, models are seldomly tested
against each other, resulting in insufficient understanding of
which models are actually better in capturing real-world belief
dynamics. Many models are developed on an abstract level
that does not lend itself to empirical measurement, or they
remain untested because they are developed within fields that
do not traditionally conduct empirical studies. Coupled with
relatively scarce communication between different fields, this
leads to a slow build up to fundamental principles of belief
dynamics. Here, we review insights from different disciplines
organized according to the structural and process components
of belief dynamics identified in figure 1. We go beyond several
excellent reviews that focus mostly on developments within a
single discipline [1,3–7] and follow examples of reviews that
cross interdisciplinary boundaries [8–11]. In particular, we
review research efforts in areas that are essential to understand-
ing the complex system underlying belief dynamics but are
typically not considered in this literature, such as the work on
cognitive representations of beliefs and social networks, and
on the many simple strategies people use to integrate infor-
mation about their own and others’ beliefs.

Third, there is a lack of quantitative modelling frame-
works that could be used to adequately integrate both
cognitive and social network aspects and make empirically
testable predictions about belief dynamics. Typically,
models rich in cognitive and social detail tend to be formu-
lated verbally, while quantitative models tend to lack
sufficient realism. Agent-based models are well positioned
to fill this gap [12–15]. Here, we propose a quantitative frame-
work that is rich in cognitive and social details yet also simple
enough to provide quantitative predictions for integrating
these details. The framework integrates the main structural
and process components of belief dynamics (figure 1) and
enables systematic theoretical and empirical comparisons of
different implementations (box 1 and figure 2).
2. Main components of belief dynamics
2.1. Structural components
Structurally, the complex system underlying belief dynamics
consists of two main components: individual beliefs and



Box 1. Quantitative implementation of the integrative framework for models of belief dynamics.

Consider a network with N nodes, each corresponding to an individual. Each node i is connected to Ki other nodes by links
which can be directed or undirected, and have unit or other weights. Each node i is assigned a focal belief σi, an individual field,
hindi , and a social field, hsoci . The focal belief is an m-component belief state vector si ¼ pi,a, α = 1,…,m, where the vector com-
ponents (indexed by α) correspond to m possible belief states on a particular issue. In terms of its m components, the vector is
written as

si ¼ ( pi1, pi2, . . . , pim), ð1:1Þ
where pi,α∈ [0, 1],

Pm
a¼1 pi,a ¼ 1, are probabilities or weights assigned to each belief state. (For the ease of readability, the time

dependence of the quantities σi, as well as dindi , dsoci , hi and Hi to be defined below, is understood.)
We represent one’s orientation with respect to a given issue by one’s internal individual field [16] that consists of all of the

individual’s beliefs relevant for the focal belief under consideration. The individual field for individual i is represented by an
m-component vector hindi . Components of hindi denote probabilities or weights corresponding to the same belief states as
in vector σi. Similarly, we represent perceived orientation of one’s social contacts regarding the given issue, or social field, as
m-component vector hsoci , whose components denote the probabilities that one’s social contacts assume different belief states.

The framework can incorporate different strategies for cognitive representations, that is integrating many different indi-
vidual beliefs and perceived social contacts’ beliefs into the individual and the social field, respectively. Common examples of
integration strategies include a random updating rule, hi = σj, where σj is a randomly chosen other own belief or social con-
tact, as in classic voter models [17,18]; different averaging strategies over other own beliefs or perceived beliefs of social
contacts, hi ¼

PKi
j=i lij sj, where

P
j lij ¼ 1 [19,20]; majority rule (or more generally, conformism, hi ¼ sgn

PKi
j¼1 sj

� �
) and

other frequency-dependent strategies [21,22]; as well as various non-compensatory and other strategies such as a simi-
larity-based rules (as in bounded confidence models) [23], importance- or expertise-based rules (as is frequently observed
in humans and other animals) [24,25], hi = σe, where chosen σe stays fixed over time, validity, or recognition-based rules [26].

A simple but reasonable choice for modelling the dissonance about individual beliefs dindi ¼ dindi,a experienced by
individual i when considering a particular belief state α (modelled as a component of state vector si ¼ pi,a) is

dindi,a ¼ (da � hindi )2, a ¼ 1, . . . , m, ð1:2Þ
where the components of the ‘sampling vector’ da are Kronecker δ-functions

da ¼ da,a0 ¼ 1 if a0 ¼ a
0 if a0 = a :

�
ð1:3Þ

The social dissonance dsoci ¼ dsoci,a is calculated similarly. In (1.3), α is held fixed and α0 runs from 1 to m. We employ here
the usual vector notation in which the square of a vector is a dot (or inner) product of the vector with itself: v2 ¼ v � v.

To get a probability distribution over possible belief states for each node, we define the total dissonance function for
individual i as

Hi ¼ (1� w)dindi þ wdsoci , ð1:4Þ
or expressed in terms of components,

Hi,a ¼ (1� w)dindi,a þ wdsoci,a , ð1:5Þ
where the parameter w∈ [0, 1] controls the relative weights of dissonance due to individual versus social considerations.

Finally, we compute the updated components of the probability vector σi from the dissonance function (1.5) using the
softmax function

pi,a ¼ e�bHi,aPm
a¼1 e�bHi,a

, ð1:6Þ

where β = [0, ∞) is a parameter that measures the ‘noisiness’ of the belief updating process: larger β values correspond
to smaller noise and more attentiveness (as noted in the main text, β corresponds to an inverse temperature in
physics applications).
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their connections, and people’s social contacts and the
relationships between them.

2.1.1. Individual beliefs
Individual beliefs are essential components of belief
dynamics, but there is little consensus on how they should
be defined, measured and modelled. Here, we adopt an
inclusive definition of beliefs that encompasses conceptualiz-
ations used in different fields, including beliefs as
assumptions about states of the world (e.g. ‘vaccination is
safe for children’, ‘I believe there is a 30% chance of rain
tomorrow’), views on moral and political issues (e.g. ‘geneti-
cally modified foods are against nature’, ‘a free market is
good for everyone’), evaluations or cognitive aspects of atti-
tudes (e.g. ‘cats are fun’, ‘this politician is trustworthy’
[27,28]) or as own preferences (e.g. ‘I prefer having more
time to earning more money’, ‘I like summers more than win-
ters’). Support for a belief can be measured on different
scales, from dichotomous true–false or agree–disagree, to
rating scales with several points, to subjective probabilities
and probability distributions. Different domains emphasize
different ways of belief measurement: rating scales are often
used in social psychology and political science [29,30],
while subjective probabilities are relatively more often used
in economics [19,31,32], philosophy [33,34], artificial intelli-
gence [35], and judgement and decision-making [36–39].
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Figure 2. Examples of theoretical and empirical tests of models constructed using the integrative framework. The leftmost subpanels show the networks used and
the node colours represent different belief states at the initial time point. (a) The results of theoretical simulations with random initial conditions and individual field
distributions. Depending on the values of parameters w and β (shown at the top of each graph), patterns resembling consensus, polarization and clustering occur in
otherwise identical social networks. (b) Results from models of empirical changes in beliefs about safety of GM food, observed in a national longitudinal survey that
measured them six times over the course of several months. Different models used different rules for integrating relevant individual beliefs and perceived social
contacts’ beliefs into individual and social fields (averaging rule, importance-weighted averaging or only the most important belief/contact). We compare predictions
of models assuming different rules (coloured lines) with the true, survey-measured trend (black line, with grey ribbon denoting 95% CI). (c) How the framework can
be used to extrapolate empirical survey findings on political preferences and network connections to broader populations. Here we simulated networks of voters (red,
Republicans; blue, Democrats; green, other; grey, non-voters) in the 2018 elections in Ohio assuming majority integration rule and lower (top subpanels) or higher
(bottom subpanels) homophily. The predictions based on different combinations of parameters (different coloured lines in plots) are compared to survey-measured
trends (black lines, with grey ribbon denoting empirical 95% CI). See box 1 and text for more details.
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Some theories in the attitude literature combine both evalu-
ations of beliefs and their subjective probabilities [40–43].
Most extant models consider changes of a single belief over
time, but beliefs develop and change together with many
other related individual beliefs. One way to model this struc-
ture is to use a network analogy and study changes of many
interconnected beliefs simultaneously [44–49]. Empirical tests
of full network models are difficult as they require extensive
data collections on many beliefs changing over time to fit the
parameters (but see [50]). However, models can at least
assume that some summary value of other beliefs influences
changes of any individual belief. A number of plausible cog-
nitive integration strategies that can produce such summary
values have been proposed (see §2.2.1).

2.1.2. Social networks
Information from people’s social environment is an impor-
tant contributor to the complexity of belief formation and
change. The relevant social environments can include many
different social contacts, from friends and family, online
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communities, media figures, to companies, educators, health
workers and politicians. Social contacts are embedded in
ever-evolving social networks that to a large part determine
what information is spread and to whom. The importance
of social networks for understanding how beliefs change
has long been acknowledged, with Durkheim highlighting
already in 1893 [51] the need to study individuals within
their social networks. Moreno introduced the first network
visualizations and methods for measuring them in 1951
[52]. Since then, a large number of network properties impor-
tant for belief dynamics have been identified (for overviews,
see [5,53–57]). Some of the most frequently studied properties
are various measures of centrality (i.e. structural importance)
of individuals [58,59], strength and length of paths between
them (e.g. how long does it take on average for information
to flow from one individual to another individual in the
social network) [60], balance of relationships in which they
are embedded (e.g. are two friends of an individual generally
also friends) [61] and homophily (i.e. the tendency to have
friends who hold similar beliefs) [62]. For example, homo-
phily may constrain the spread of beliefs and behaviours
such as smoking, obesity and even divorce [63–65], and the
resulting beliefs can influence processes such as network
updating that in turn influence homophily [66]. A related
concept is echo chambers in which beliefs are amplified or
reinforced by communication to similar others and repetition
of what one already believes [67,68].

2.2. Process components
Complex social systems with similar belief and network
structures can still give rise to different patterns of belief
dynamics because of various cognitive processes operating
on these structures. The way people represent their individ-
ual beliefs and social networks, the dissonance they feel
regarding them and their strategies for updating their beliefs
and network links can all contribute to different belief
dynamics. In the following sections, we will discuss each of
these processes in turn, even though in reality, these processes
often occur in parallel and influence each other.

2.2.1. Cognitive representation of individual beliefs
and social networks

Most models of belief dynamics outside psychology assume
that people have stable and accurate cognitive representations
of their own beliefs and beliefs of their social contacts.
However, research in cognitive psychology suggests that
people often do not have readily formed beliefs about different
issues, but must (re)construct them on the spot based on
different individual considerations that come to mind [69,70].
These considerations can include other related beliefs, values,
assumptions and preferences. Which ones are activated
depends on their inter-relationships, memory processes such
as priming and forgetting, and processes of self-deception
[71,72]. Similarly, people might not have a ready-made rep-
resentation of what others in their social networks believe.
These social beliefs have to be formed by integrating available
samples from one’s social environment and other relevant con-
siderations. They are affected by memory processes [73,74] as
well as by one’s social contacts’ impression management [75]
and other signalling strategies [76–79].

The many relevant individual and social considerations
need to be integrated into an overall cognitive representation
of one’s own and others’ beliefs about an issue. Many disci-
plines study integration of either personal considerations or
information from social networks, but rarely both, although
they might involve similar processes. For example, when con-
sidering whether it is safe to eat genetically modified (GM)
food, one might integrate other relevant individual beliefs
about GM food (e.g. whether GM food is natural and
whether it is harmful for the environment) as well as various
relevant social beliefs (e.g. what scientists and one’s own
friends think about it). One can then try to derive a summary
of those beliefs, which can be relatively precise or just a
general impression of how one feels about an issue.

Some approaches to studying integration processes are pri-
marily normative, suggesting that integration should be done
to achieve a coherent set of beliefs. A standard normative
approach is Bayesian learning, which assumes that individuals
integrate their beliefs optimally given an underlying model of
the world that includes their own and others’ beliefs, in line
with Bayesian calculus. Bayesian approaches to information
integration have been intensively explored in artificial intelli-
gence [35], cognitive science [80,81] and economics [32,82].
Furthermore, several logical approaches to information inte-
gration have been developed in the context of belief dynamics
[83–85]. Dynamic epistemic logic [84,85] assumes plausibility
models through which individuals consider different worlds
as possible candidates for the actual world, where each world
has aplausibilityorder in relation to theotherworlds. In its sim-
plest form, beliefs are summarized by removing non-plausible
worlds from the total set of worlds. Some approaches combine
logical integration and specific social network structures
[86,87]. These theories include information about what others
believe and analyse what brings about belief change.

Other approaches to studying integration processes are
primarily descriptive, aiming to explain cognitive strategies.
These approaches are motivated by observations that people
tend to use relatively simple strategies that can work with
limited information and cognitive capacity, sometimes approxi-
mating the results of normative ideals [5,19,24–26, 88].
One prominent class of strategies are frequency-dependent strat-
egies. These strategies give advantage to those beliefs that are
supported by a certain number or fraction of one’s social con-
tacts, or of one’s personal considerations about an issue. The
most studied rule in this class is the majority rule [89–93] and
its plurality variants (for more than two options) that can be
used both for integrating one’s own considerations (e.g. tallying
[94,95]) and external social information [96]. Across many
disciplines, rules using other thresholds have been studied
empirically and theoretically, including minority rule, unani-
mity rule and others (in political science [89,90]; economics
[97]; sociology [92,98,99]; law [100]; organizational science
[101]; evolutionary anthropology,[102]; animal learning [103];
psychology [93,104–107]; machine learning, e.g. [108]; and
statistical physics [21,91]).

Another prominent class of descriptive approaches for
information integration are averaging strategies (and the clo-
sely related weighted additive rules). In psychology, they
have been studied as rules for integrating personal consider-
ations about an issue using different weighting schemes
[95,109], as well as for integrating social information in
belief change [110], advice taking [111] and social judgement
[110,112]. In other disciplines, they have been studied mostly
for integrating social information. For example, DeGroot
learning [19] and its variants [20] studied in sociology and
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economics involve weighted averaging of one’s own and
neighbours’ beliefs [65,113–116]. Several rules studied in stat-
istical physics, such as voter rule, Ising and Potts models, etc.
are essentially averaging rules as well [17,18,117]. Random or
‘unbiased’ copying that is often used as a benchmark in evol-
utionary anthropology is also an averaging rule in the long
run [22]. Epidemiological models of belief dynamics, where
individuals are described with a certain probability of getting
‘infected with’ and ‘recovering from’ a belief can also be
thought of as examples of averaging [118].

A final prominent group of descriptive approaches to infor-
mation integration are various non-compensatory strategies.
Unlike frequency-dependent and averaging rules, they do not
take into account all personal considerations or social contacts,
but choose just one or a smaller subset based on particular
properties of these considerations or contacts. For example,
when people follow a take-the-best rule, they rely on a single
best consideration, disregarding all others [119]. Similarly,
they might disregard other considerations when following
memory-based cues such as recognition [119], perceptual or
memory fluency [120–122], or familiarity [123,124]. When it
comes to integrating social information, many non-compensa-
tory model-based strategies have been described in humans
andotheranimals [125–127]. Prominent examples are strategies
that entail following a leader, a perceived expert, a close friend,
a family member, a successful individual or the most trusted
individual. Variants of model-based strategies also exist in
bounded confidence models in which an individual is more
likely to interact and copy a person with similar opinions. As
the similarity of opinions changes over time, so does the likeli-
hood that any two individuals will influence one another
[23,128,129]. The classic model of dissemination of culture
[130] uses similar assumptions: probability of interaction
between twoagents is proportional to the similarityof opinions
of these agents.

All of these simple strategies are plausible ways of inte-
grating information both when forming one’s own beliefs
and when forming beliefs about others, and most likely
people use all of them in different contexts. However, current
models of belief dynamics typically assume only one type
of strategy (e.g. a majority rule or simple averaging as in
figure 1), and there is a lack of theoretical and empirical com-
parisons of signatures of different strategies. The framework
we propose in §3 enables such comparisons.
2.2.2. Dissonance
If one’s existing individual or social beliefs about an issue are not
in line with new information or beliefs about the issue, one
might experience dissonance [131,132]. Dissonance of individual
or social beliefs is often expressed in terms of inconsistency or
imbalance between different beliefs people have [132,133].
Formal models of dissonance related to individual beliefs have
been implemented within the literature on neural networks
[44,45,134], as well as within a statistical physics framework
[46–48]. Dissonance of social beliefs can be represented as
imbalance in perceived beliefs in one’s overall social network
[135–137] and modelled in the same way as dissonance of
individual beliefs, but it has also been conceptualized as a dis-
comfort because of acting inconsistently in a social setting
[138,139], or as a feeling of not belonging [140].

To adequately measure dissonance, one would ideally like
to elicit andmeasure all beliefs that are relevant for the issue of
interest. This ideal goal can inpractice be approximatedby rely-
ing on extant empirical research and theories of what
considerationsmight be important for beliefs about a particular
issue (e.g. moral values such as fairness, care or freedommight
be important for beliefs about some science-related and politi-
cal issues) [141,142], eliciting beliefs using different ways of
asking people what considerations about an issue come to
mind [143–145]. Measured dissonance can be compared with
feelings of felt dissonance or felt ambivalence [146–148], a
psychological state that has been described as being uncomfor-
table, uneasy and bothered [44,61,132,133,135,149,150]. Of
note, even though measured dissonance might be strong, it
does not have to result in a corresponding belief change.
Actual belief change will depend on how much attention one
pays to the inconsistent beliefs, which in turns depends on
the presence of other distractors, noise in the perception process
and subjective importance of the beliefs [132,146].
2.2.3. Belief and network updating
People might resolve dissonance in at least two ways. The first
is to change their own individual beliefs to fit better with their
important values or with perceived beliefs of their social con-
tacts [62,65,151–153]. One might also try to make one’s
individual beliefs as dissimilar as possible from beliefs of indi-
viduals one dislikes [48,131,154].

People can also try to resolve the dissonance by changing
the connections between their different beliefs, and/or
between themselves and their social contacts [61,155]. There
is substantially less research on such network updating strat-
egies than on belief updating strategies, in particular when it
comes to updating links between one’s own beliefs. Models
of belief dynamics with a social network updating component
started to occur relatively recently, partially building on the lit-
erature studying behavioural games on adaptive networks
[156]. An early example is the coevolving voter model [157],
where a single parameter determines whether an individual
adopts a belief of a random neighbour, or replaces one of
their social connections with a connection to an individual
with the same belief as them. Recent empirical and modelling
work has also shown that individuals in social networks can
dynamically modify their local connections in an adaptive
way in response to changing environments, making individual
and collective beliefs more accurate [158]. In any case, updated
beliefs and network links change the structure of the social
networks in which people are embedded, starting another
round of belief dynamics. In figure 1, we show an example
of belief updating strategy (to the left) and social network
updating strategy (to the right).
3. An integrative framework for modelling
belief dynamics

In this section, we propose a unifying quantitative framework
that builds upon the structural and process components of
belief dynamics reviewed in the previous sections. The frame-
work uses a statistical physics formalism [1], grounded
in cognitive and social theory and observations [16,47,159].
This formalism enables the construction and comparison of
models with different assumptions about individual and
social factors that influence belief formation, change and
spread. Its main advantage is that it can express a large
number of different models and reproduce a variety of
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empirically observed patterns of belief spread, using only a few
components. Each of its variables and parameters can be either
directly observed or estimated from empirical data, and can be
given a plausible psychological meaning reflecting factors that
have been recognized as important for belief dynamics. In
what follows, we outline how our framework incorporates
the main aspects of belief dynamics reviewed in the previous
sections (see also figure 1). We then provide two empirical
examples of using the framework to model real-world beliefs,
one about beliefs on scientific issues such as GM food and the
other about beliefs on political issues such as voting for differ-
ent political candidates.

3.1. Structural components

3.1.1. Individual beliefs
We adopt awidely used statistical physics approach [1], where
a specific belief under consideration by individual i (here we
call it ‘focal belief’, for example, a belief about safety of GM
food) is represented by a discrete-valued variable σi that is tra-
ditionally (for historical reasons) called a spin. Depending on
the issue in question, the variable σi can take anywhere from
two (yes/no, agree/disagree) to many (e.g. ranging from
strongly agree to strongly disagree) values corresponding to
different belief states. Belief states can be measured by attitude
questions or approximated from behaviours (e.g. past records
about voting or purchases). The spin σi is usually treated as a
scalar variable which can change its state among a discrete or
continuous set of possibilities over time, but at any given
time is found in one state only. We introduce a more general
vector approach (see box 1), where beliefs are represented as
probability distributions over a range of possible levels of
acceptance of a given belief (figure 1, part 1.1). This approach
includes the usual scalar spin models as a special case.
Vector models of cultural dynamics have been studied by
others [130], but the nature and implementation of those are
different from that discussed here. Our conceptualization of
beliefs is also similar to quantum and Markov models of
belief change during evidence accumulation [160]. The latter
models, however, do not include a social network component
and typically apply only to relatively short time scales.

An example of our general vector approach is the one in
which an individual fills out a survey and is asked to choose
between five possible belief states regarding the issue in ques-
tion: strongly agree, agree, neutral/do not know, disagree,
strongly disagree. For example, one might believe that on a
scale from 1 to 5, the safety of eating GM food is around
4. We define a vector σi with (in this example) five components
that describe probabilities or weights which are assigned to each
of the belief states—so the sum of all components of σi at any
time is equal to one. For example, one might answer ‘agree’
to a survey question, but might feel one’s true belief state is
somewhere in between ‘agree’ and ‘strongly agree’, in which
case the vector (0.25, 0.75, 0, 0, 0) is a more accurate represen-
tation. Depending on how fine-grained the different choices
are, the framework can accommodate both discrete (or
categorical) and continuous representations of beliefs. For
example, one’s beliefs about the safety of GM food can be
described as assigning a probability of choosing each of the
points on a scale from very unsafe to very safe. In a similar
manner, one’s beliefs about different political options might
be described as 20% support for policies espoused by party
A and 80% for those of party B.
3.1.2. Social networks
Individuals are represented by nodes on a social network. Each
node can be assigned one or more beliefs represented as prob-
ability distributions (figure 1, part 1.2). Weighted links connect
two nodes, i and j (or neighbours) and represent the degree of
information flow between the two. The strength and sign of
the interaction between two nodes is denoted by a positive or
a negative link weight. A positive link weight between two
neighbours indicates a tendency for individuals i and j to
want to agree, while a negative weight indicates that a
change in i’s belief induces a change in the opposite direction
in j. For example, when we generally like someone, we tend
to agree with them on specific beliefs, but when we dislike
someone, we might disagree even on things that we otherwise
do not have much stake in (or might even have been sym-
pathetic to otherwise). Moreover, the graph can be directed,
meaning that the communication between two individuals is
only one way, or else two way but with different link weights
in each direction. These social networks can bemeasured objec-
tively using sociometricmethods or subjectively using people’s
perceived associations between their social contacts.

3.2. Process components

3.2.1. Cognitive representations of beliefs and social networks
Starting from some initial belief states, beliefs evolve in time
according to specific dynamical rules. These rules depend on
interactions with both the individual beliefs that one holds
and with one’s social beliefs, or perceived beliefs of others
around them. As mentioned, the focal belief under consider-
ation is represented by the vector σi. The framework
includes other internal beliefs related to that focal belief,
which are assumed to form individual field hcogi , as well as per-
ceived beliefs of social contacts, assumed to form one’s social
field hsoci (see box 1 and figure 1, part 2.1).

An individual can use different strategies (e.g. frequency-
dependent or averaging rules) to integrate internal beliefs into
their individual field hindi , and perceived social contacts’ beliefs
into their social field hsoci (see box 1). For example, when form-
ing one’s belief about GM food or a political candidate, one
might consider only the most important relevant belief (e.g.
whether scientists agree that GM food is safe, or whether a pol-
itical candidate supports abortion), or combine many other
relevant beliefs in an average overall impression. The choice of
strategywill depend on the particular task and cultural context,
aswell as on one’s own cognitive capacities and personal prefer-
ences. These strategies can be probed directly through survey
and experimental measurement, or can be inferred by compar-
ing predictions of models implemented in the framework.

3.2.2. Dissonance
When a belief does not fit well with one’s individual and/or
social field, one can experience dissonance (figure 1, part 2.2).
In our framework, these dissonances dindi and dsoci correspond
to the squared difference between probability (or support) dis-
tributions that are currently assigned to different beliefs. This
difference is then used to calculate a new belief distribution
that would best minimize the dissonance, using a Boltzmann
entropy framework (equivalent to the softmax function often
used in decision theory, box 1). For example, if through an edu-
cational campaign one learns that a valued, trustworthy person
or organization believes GM food is safe to eat, this might push
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one towards believing thatGMfood is safe; and vice versa if one
learns that an untrustworthy source supports GM food.

While attempting to minimize the ovearll dissonance, indi-
viduals can experience a tension between minimizing their
individual and social dissonance [131,132]. Across different
people and issues, one or the other type of dissonance can be
more important. In our framework, this is represented by the
parameterw, whichweights the social relative to the individual
dissonance (box 1). For example, a higher value of w would
mean that one prefers to be aligned in their political preferences
with their family and friends (andminimize dissonance related
to social beliefs) even if their chosen political candidate does
not behave in linewith one’smoral values (so onemust tolerate
some dissonance of individual beliefs).

The effect of dissonance on the evolution of beliefs is
expected to be strongest for those who have the most certainty
about their own beliefs and those of their neighbours. In our
framework, this certainty is modelled by the (inverse of the)
parameter β. This parameter is a measure of ‘noisiness’ or
uncertainty which can arise from several sources, such as
errors in recollecting or reconstructing own and others’ beliefs
relevant to the focal belief, as well as misjudging or not paying
sufficient attention to one’s own dissonance. The unpredict-
ability is represented as temperature in statistical physics
models, with zero temperature corresponding to the complete
absence of noise. In ourmodel, temperature corresponds to 1/β
(box 1). The higher the temperature (i.e. the smaller β is), the
greater the level of uncertainty and, therefore, the less of an
effect dissonance has on belief updating. For example, one
might receive facts showing GM food is safe to eat, but if one
does not pay sufficient attention to how these facts actually
relate to one’s other beliefs, the facts might not have much
effect. By contrast, paying much attention to an issue can also
make belief change less likely, because one is also aware of
the dissonance that such belief change might cause (e.g. one
might not change one’s negative beliefs about GM food,
because most people in one’s social circle hold negative beliefs
towards GM good).

Both parameters w and β can be estimated from data or
approximated by empirical measurements of subjective rela-
tive importance of staying aligned with one’s own or with
one’s social network’s beliefs (for w), and of attention and
subjective certainty (for β).

3.2.3. Belief and network updating.
Dissonance can be reduced by modifying one’s own beliefs,
but it can also be alleviated by changing or cutting links to
beliefs and individuals that disagree with one’s firmly held
belief (figure 1, part 2.3). Our framework allows for model-
ling different processes of network updating, which can
include random rewiring of edges, rewiring based on some
threshold of similarity between any two spins, rewiring
aimed at preserving balance in triads of spins or the overall
network, and other processes. For example, the model can
assume that one disconnects, over time, social contacts with
very different political beliefs. This will in turn reduce the
social dissonance one feels from holding beliefs that are not
shared by one’s social network.

3.3. Implementing and testing models within the framework
Models formulated within the framework can reproduce
commonly observed outcomes of belief dynamics as well as
empirically measured beliefs about real-world issues. Our
first implementation (figure 2a) corresponds to theoretical
tests of the framework: we initially assign every individual
one of m belief states (1, 0, 0,… , 0, 0), (0, 1, 0,… , 0, 0),… ,
(0, 0, 0,… , 0, 1), chosen randomly and independently of all
neighbours, as well as one’s own individual field hindi . In all
implementations shown here, the belief updating is done syn-
chronously; at every time step, all agents simultaneously
measure the distance of all possible future belief states (rep-
resented by da, where α is an index for the different belief
states). The three patterns in figure 2a, showing consensus,
polarization and clustering, were produced by varying only
the parameters w and β, and keeping the network structure
and the belief updating rule the same. The networks were
generated by stochastic block models with low homophily,
where individuals were parts of social circles loosely con-
nected to each other and their initial beliefs were assigned
randomly (figure 2a, leftmost subpanel). At each time step,
individuals updated their beliefs using a simple unweighted
average of beliefs of their social contacts. When both the
weight w on the dissonance due to social beliefs and the
noise strength were relatively high (w = 1, β = 10, left panel),
populations always reached consensus. With the same high
w but much lower levels of noise (w = 1, β = 50, middle
panel), patterns akin to polarization emerged in around 10%
of the runs. Finally, when dissonances due to individual and
social beliefs were weighted equally (w = 0.5) and with the
same level of low noise (β = 50, right panel), individuals clus-
tered into subgroups, with similar beliefs within each
subgroup but differing beliefs between subgroups. Further
study of different combinations of the parameters w and β
implemented on different social network structures and with
different cognitive integration strategies will enable compari-
sons between the predictions of many other different models.

What ultimately matters most is how well these models
explain empirically observed belief trends. We provide two
empirical examples. One example (figure 2b) involves beliefs
about safety of GM food, empirically measured two times in
each of the three waves of a longitudinal survey on a national
sample of N = 531 participants [161]. Besides this focal belief,
in each wave, participants also reported 12 other beliefs
about their individual moral issues related to GM food [162],
and perceived beliefs of different social groups (family,
online community, scientists, doctors, etc.). They also reported
the subjective importance of each moral and social belief
for the focal belief. In our modelling framework, the focal
belief and other relevant moral and social beliefs are rep-
resented as vectors of probabilities that an individual is in
each of seven possible belief states (ranging from 1, completely
disagree, to 7, completely agree). Participants are connected
with directed links to each of the social groups mentioned
(see the leftmost panel of figure 2b). Moral and social beliefs
are updated to new measured values after each survey wave,
and integrated into individual and social fields using one of
three integration rules: simple average of belief vectors,
weighted average where each belief vector is weighted by
the stated importance of that belief (as measured in the
survey) or the most important belief. The focal belief is not
updated to empirically measured values but is instead calcu-
lated at each time point from the model (see box 1). The
difference (root-mean-squared deviation) between modelled
and empirically measured focal beliefs is used as an indicator
of model fit.
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The framework can be used to model the effects of out-
side information. The study on GM food (figure 2b)
included an experimental intervention in the second wave,
in which different groups of participants received scientific
information about the safety of GM food, alone or combined
with information about relevant social and moral beliefs (for
example, about the scientific consensus, or about fairness
regarding small farmers). In the model, this intervention is
represented as changes in relevant measured social and
moral beliefs (for example, in beliefs about scientists, or
beliefs about fairness). These changes might cause dissonance
between the focal belief and other individual and social
beliefs, which can be resolved by changing the focal belief
depending on the importance of each type of dissonance
(parameter w) and the attention paid to the belief updating
process (parameter β). Parameters w and β are fitted with a
grid search procedure (ranges: 0≤w≤ 1, and 0≤ β≤ 100)
for each time point on a random half of the participants, so
that they minimize the deviation between modelled and actu-
ally measured focal beliefs (inspection of the deviations
showed that only one parameter combination minimized
the deviation between model and data). Here we present
belief trends in the group of participants who received only
the basic scientific information about the safety of GM food
(figure 2b; for further results, see [161]). On average across
time points, parameters w and β for this group are estimated
at 0.57 and 23, respectively, suggesting a stronger weight on
social dissonance and a moderate amount of uncertainty in
belief updating process. These same parameters are then
used to predict the data for the other, unseen, half of partici-
pants. Across 50 random half-splits, we find that our models
predict this unseen data well (figure 2b, right panel). When
comparing models assuming different integration rules, we
find that this group of participants do not seem to consider
all potentially relevant moral and social beliefs, but seem to
rely on one most important belief, as reflected in lower
root-mean-squared deviations and higher correlations of pre-
dicted trends for the most important rule (0.07 and 0.85,
respectively) compared to the simple average rule (0.12 and
0.58) and weighted average rule (0.12 and 0.60; see [161] for
more details and further insights from this study).

Another example (figure 2c) comes from a survey of
voting beliefs conducted in three waves before the 2018 US
election for House of Representatives, on a national probabil-
istic panel sample of more than 4000 participants [163]. In
each wave, they reported four focal beliefs about their
voting behaviour on a scale from 0 to 100: that they will (i)
vote Republican, (ii) vote Democrat, (iii) vote for another
party, or (iv) not vote at all, with the requirement that the
four estimates sum to 100. They also reported the percentage
of their social circle that they estimated will vote for each
party or not vote. We use these data to construct simulated
networks of 1000 potential voters in the 2018 elections in
different states (figure 2c shows the example for Ohio). To
assign network connections, we use survey estimates of the
structure of social circles for supporters of different candi-
dates, and assign to each simulated voter a social circle that
is either somewhat or very similar (low versus high homo-
phily) to themselves in terms of political orientation and
other demographic characteristics (age, race, income and edu-
cation). To achieve similar intercorrelations of these
characteristics in the simulated sample as in reality, we con-
struct copulas based on the survey and population-level
data. We calculate the social field as the majority of beliefs
in one’s social circle. To assign initial focal beliefs to each
potential voter in this simulated network, we use probabil-
ities of different states derived from the first wave of survey
data, and then calculate beliefs in each subsequent time
step based on the model (see box 1 and code in electronic
supplementary material). Each of these beliefs is represented
as a vector of probabilities that a participant is in each of four
possible states: voting Republican, Democrat, other party or
not voting. The individual field is composed of four equival-
ent vectors representing their actual voting behaviour in 2016
(describing whether they voted for the Republican, Demo-
crat, or other candidate, or did not vote at all). The
individual field is assumed to be updated three times in the
pre-election period, following important events that could
have swayed public opinion: ‘Sharpiegate’ on 4 September
[164], Kavanaugh accusations becoming public around 14
September [165] and Pittsburg synagogue shooting on 27
October [166]. We assumed that the first and the third
event reduced the support for Republicans, while the
second polarized public opinion so that everyone became
more convinced about their prior political choice.

We compare trajectories of voting beliefs derived from
this simulated network of potential voters with empirical
trajectories measured on actual survey participants, using
different assumptions about the underlying social and
cognitive processes. First, we investigate the effect of assumed
homophily of the social network. Results shown in figure 2c
suggest that the high homophily assumption (lower panel) pro-
duces modelled trends that better correspond to empirical
trends than the low homophily assumption (upper panel).
The lower panel (high homophily version, which fits the data
better) of figure 2c suggests that voting for Democrats is better
explained by higher level of attentiveness (in the middle
figure in the lower panel, full lines—higher β—are closer to
the black line that represents true trajectory), while voting for
Republicans and not voting is better explained by lower level
of attentiveness (in the first and last figures in the lower panel,
dashed lines—lower β—are closer to the black line).

These findings illustrate that our modelling framework
enables comparison of models using different assumptions
about social networks, strategies for belief integration, relative
importance of dissonance related to individual and social
beliefs, and attentiveness to the updating process. This kind
of modelling could be used to gain insights into belief
dynamics in different contexts (to the extent that they can be
compared), for instance, to assess in advance the impacts of
different educational interventions designed to increase
public science literacy, or to explore and predict a variety of
societal trends and understand their underlying mechanisms.
4. Conclusion and outlook
In this paper, we reviewed a range of findings and models
about belief dynamics from different disciplines and pro-
posed a quantitative framework that could be used to
compare the many different existing models theoretically
and empirically. In this section, we discuss the outlook for
the study of belief dynamics in relation to the three challenges
we identified in the introduction: integration of network
structure and cognitive processes, model comparison and
the need for an integrative quantitative framework that
makes testable predictions about belief dynamics.
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Understanding belief dynamics requires insights and
integration of many theoretical and empirical findings on
cognitive and network components of belief dynamics,
studied in many different disciplines. Our review of the lit-
erature is only a first step in this direction. To stimulate
further integrative efforts, we outline a quantitative frame-
work based on a statistical physics formalism that enables
studying how these components together give rise to
different patterns of belief dynamics.

A main advantage of our framework is that it allows for
comparison of different models within the same compu-
tational formalism. By implementing different assumptions
of models in the extant literature, we can compare how
well they predict empirical patterns of belief dynamics.
These predictions can be assessed on individual and group
levels. Given that belief dynamics is a complex system invol-
ving interacting and changing structural and process
components, accurate predictions of individuals’ beliefs
might be difficult to achieve. However, even when individ-
ual-level predictions of belief change are beyond reach, the
framework can be used to understand and predict system
level characteristics and trajectories [12].

Models of belief dynamics are often quantitative, but their
predictions have so far rarely been confronted with empirical
data other than in a qualitative fashion, mostly by visually
assessing the match between predictions and data. The
focus on qualitative pattern matching makes it somewhat dif-
ficult to compare how well different models predict empirical
patterns such as polarization and consensus. There are
examples where researchers have fitted belief dynamics
models to empirical data, but these investigations usually
only focus on some aspects, either cognitive or social, of the
whole system of belief dynamics. The framework we propose
can provide predictions based on the interplay of these
aspects and assess the quantitative fit to empirical data.

The study of belief dynamics depends on the availability of
suitable data. In order to capture the full dynamics of belief
change, researchers need information gathered over time
about not only individual beliefs, but also about the structure
of the social network. The lack of suitable data is perhaps one
of the main contributors to the lack of progress in understand-
ing belief dynamics. However, during the last decade or so, we
have seen the emergence of unprecedented data collection
opportunities for social scientists. By combining techniques
developed within computational social science with traditional
experiments and surveys, researchers can develop more com-
plete datasets suitable for model comparison, if privacy and
security concerns can be adequately addressed.

Future research could consider several extensions to the
framework. For example, we treated the various related
beliefs in an aggregated manner. In order to fully understand
belief dynamics, beliefs relevant for a certain focal belief
should be treated as a network of beliefs [46] with weights
between the belief nodes that can be updated over time.
Although the idea of belief networks has a long history in
psychology [132,167], formal theories that can provide pre-
dictions of how the network structures of individual beliefs
affect belief dynamics and related behaviours have only
been developed relatively recently [44,45,134]. For example,
Dalege et al. [46,47] have developed a quantitative model of
belief networks that underlie people’s attitudes towards
different issues. Other models combine the structure of the
internal belief network and the social network: Rodriguez
et al. [49] developed a model of belief dynamics where each
individual is endowed with a network of interacting beliefs
that changes through interaction with other individuals in a
social network. However, empirical tests of network models
are still rare, as fitting them requires large longitudinal data
on a number of different beliefs. One recent example of
such an empirical test showed that a model combining net-
works of individual and social beliefs can predict changes
in science-related beliefs [50]. We have also not considered
the relation between measured beliefs and actual behaviour.
In some situations, perceived behavioural control [41] or exter-
nal factors in the environment rather than internal belief
dynamics might affect individuals’ behaviour. Another chal-
lenge is modelling more precisely how different educational
interventions affect beliefs by acting on specific structural
and process components of belief dynamics, and how we can
compare interventions in different contexts. Finally, the pro-
blems of identification and mimicry of different models of
belief dynamics need to be studied more extensively. We
hope that this review and framework will enable further
study of these and other questions and contribute to a better
understanding of dynamics of beliefs about science, health,
politics and other issues arising in human societies.
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