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Abstract
Cultural change can occur as an emergent consequence of social influence dynamics within cultural
populations. These influence dynamics are complex, and formal modeling methods—such as agent-based
models—are a useful means of predicting implications for cultural change. These models may be
especially useful if they not only model the psychological outcomes of interpersonal influence, but also
model social network structures within a culture. When combined, these components provide a flexible
modeling framework that allows other variables to also be modeled for the purposes of predicting
plausible implications for cultural change. The article illustrates this approach by summarizing recent
research that employed these methods to model cross-cultural differences in the pace of cultural change.
The article then identifies additional variables that could potentially be modeled within this conceptual
framework, in order to produce additional insights—and additional new hypotheses—about different
circumstances associated with different patterns of cultural change.
Keywords: culture, cultural change, social influence, social networks, computational modeling
Public Significance Statement: Cultural norms—in the form of widespread beliefs and popular behavioral
choices—affect political elections, public policy decisions, and public health outcomes. But norms can change, with
consequential implications. This article describes how computational models of social influence processes provide a
means to better understand, and predict, consequential cultural changes.

Cultures are defined by many things—the values that people endorse, the technologies
that people use, the foods that people eat, the music that they listen to, the countless specific
beliefs and expectations and rituals and norms that govern the countless interactions that they
have with other people. Over time these things change. People adopt new values, new
technologies, new tastes, new beliefs and expectations, and cultures change accordingly—
sometimes slowly, and sometimes with surprising speed. These cultural changes are an important
topic for psychological inquiry, not only because cultural changes affect the thoughts and actions
of the people who comprise those cultures, but also because these changes are themselves
emergent consequences of the thoughts and actions of those people.
Although cultural change is deeply psychological, the topic does not lend itself easily to
psychological analysis. Most psychological theories and research methods are directed toward
phenomena operating solely at the individual level of analysis, with simple unidirectional
relations between causes and effects. But cultural change is a population-level phenomenon,
characterized by highly dynamic bidirectional causal relations between the attributes of
individuals and the cultural norms that they simultaneously respond to and create. It is no small
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challenge to describe cultural changes that have already occurred, or to identify events and
circumstances that might plausibly have played some role in producing those changes
(Muthukrishna, Henrich, Slingerland, 2021). It is perhaps even more challenging to explain—in
psychological terms—why those changes occurred, or to predict changes that might plausibly
occur in the future. In order to meet that challenge, an expanded repertoire of conceptual and
methodological tools may be required.
With that goal in mind—and also mindful of the maxim “There is nothing so practical as
a good theory” (commonly attributed to Kurt Lewin1) and its shrewd companion “There is
nothing so theoretical as a good method” (Greenwald, 2012)—we suggest that research on
cultural change can be abetted by a combination of rigorous theorizing and methodological
innovation. This article describes one useful theoretical framework that can be applied to the
study of cultural change. This framework focuses on social influence processes, and the culturallevel consequences that occur over time as people interact with, and exert influence on, each
other. This article also describes a computational modeling methodology that allows this
theoretical framework to be articulated in a rigorous and precise manner, in order to address
questions about how cultures change, which cultures change more rapidly than others, and why.
Models of Social Influence and Cultural Change
Many different kinds of processes can contribute to cultural change (Varnum &
Grossman, 2017a). For example, one broad line of inquiry is based on the premise that cultural
norms are adapted to local ecologies (Sng, Neuberg, Varnum, & Kenrick, 2018); consequently,
when specific ecological circumstances change, specific cultural changes may follow
(Grossmann & Varnum, 2015; Santos, Varnum, & Grossmann, 2017; Varnum & Grossmann,
2017b). That perspective is not the focus here (although we discuss ecological variables toward
the end of this article). Our focus is instead on a complementary perspective that emphasizes the
psychology of social influence.
Most psychological research on social influence focuses on brief snapshots of
unidirectional influence involving small numbers of people. In reality, social influence is much
more dynamic. Just as any single social interaction presents an opportunity for one person to
influence another, it also offers a reciprocal opportunity for the latter to exert influence on the
former. As individuals go about their lives, they have lots of interactions with lots of people; and
so when influence does occur (e.g., when individuals actually experience changes in their
attitudes or beliefs) those changes have the potential to be “contagious”—to spread through
additional interactions with additional people (Berger, 2013). To the extent that these
psychological changes do spread widely, cultures change; and to the extent that these
psychological changes spread more rapidly, cultures change more rapidly too.
Exactly how does this cultural change process unfold? And under what conditions might
it occur more rapidly? Any useful theoretical model addressing these questions must do at least
three things. First, it must include at least one variable representing a potentially-changeable
personal attribute (e.g., an attitude) of each of the individuals who comprise a cultural
population. Second, it must specify some means through which individuals are exposed to
1

Lewin quoted this maxim in several publications in the 1940s, with no personal claim on its origin and with
slightly different wording. For instance: “We should be aware of the value of theory. A business man once stated
that ‘there is nothing as practical as a good theory’” (Lewin, 1943, p. 118). The revised phrasing—substituting “so”
for “as”—appears to have become more popular within academic cultures.
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potential sources of social influence (e.g., friends or acquaintances who express different
attitudes). And, third, it must specify a mechanism through which those individual attributes
might change as a consequence of social influence—for instance, some sort of decision-rule
governing the likelihood that individuals’ attitudes do, or do not, change after obtaining
information about others’ attitudes.
Additionally, because cultural change occurs as a consequence of many acts of social
influence unfolding over time, a useful theoretical model must represent this dynamic,
cumulative process. This kind of model cannot simply represent a single snapshot of time; it
must combine many hundreds of snapshots of social influence, linked together in coherent causal
sequences, in order to meaningfully depict—and predict—consequences for cultural change.
This is a nontrivial conceptual challenge. The usual tools that psychologists use to
express theoretical models (e.g., verbal statements and 2-dimensional depictions of causes and
effects) are poorly suited to the task of predicting cultural consequences that emerge from the
complex influence dynamics that unfold when whole populations of people interact with each
other, repeatedly. More sophisticated theory-building methods are necessary (Smaldino, 2017,
2020; Smith & Conrey, 2007). Computational models are particularly useful; and one particular
kind of computational method—agent-based modeling—is especially useful.
Agent-based Modeling of Social Influence Dynamics
When applied to social psychological phenomena, agent-based modeling has been
summarized like this: “Agent-based models (ABMs) are computational simulations in which
artificial entities interact over time within customized environments. These entities (agents) are
programmed to represent humans who behave in precisely specified ways” (Jackson et al., 2017,
p. 387). In many such models, agents (i.e., people) can be assigned values that represent
psychological attributes (e.g., personality traits, attitudes, etc.). They can also be programmed to
interact with other agents and to simulate specific cognitive or behavioral outcomes resulting
from those interactions. Thus, repeated iterations of a model represent repeated opportunities for
individuals to interact with each other over time, while also simulating the cumulative effects
that these repeated interactions have on population-level outcomes (e.g., changes in the
frequencies and/or spatial distributions of specific attributes within the entire population).
Agent-based models have been used to simulate many different kinds of cultural
phenomena (e.g., Nowak et al., 2016; Pfau, Kirley, & Kashmia, 2013). A subset of these models
have focused on social influence processes. One illustrative line of research employed agentbased models to articulate a theory of dynamic social impact, and its implications for the creation
of culture (Harton & Bourgeois, 2003; Latané, 1996). In these models, populations of agents
(representing individual people) were arrayed in a grid-like pattern across a simulated social
landscape. Each agent was randomly assigned several numerical values representing different
potentially-changeable attributes (e.g., political attitudes, food preferences, etc.). These models
then computationally simulated repeated opportunities for interpersonal interaction and social
influence, and did so in a way that operationalized a small set of empirically-documented social
psychological phenomena (e.g., people are inclined to adopt the beliefs and behaviors exhibited
by the majority of people they interact with; people generally interact more frequently with their
immediate neighbors than with people who are further away; some people are more influential
than others). These computational inputs represented the conceptual guts of dynamic social
impact theory. The outputs—changes in distributions of attributes across the social landscape—
represented predictions generated by the theory. Of particular note are two outputs that Latané

Modeling Cultural Change 4

(1996) called “clustering” and “correlation.” As agents interacted with—and influenced—each
other, their attributes (which were initially randomly distributed across the social landscape)
coalesced into distinct clusters occupying different parts of the landscape. Additionally, as these
clusters emerged, individuals’ (initially uncorrelated) attributes became increasingly correlated,
such that, within clusters, individuals became increasingly similar to each other on multiple
attributes and, across clusters, individuals differed from each other on multiple attributes. (The
latter phenomenon was driven, in part, by the tendency for especially influential individuals to
exert their influence broadly, such that their neighbors increasingly become more similar to
them, and to each other, in multiple ways. For this reason, attributes that bear no logical relation
to each other—such as political attitudes and food preferences—may become equally
emblematic of specific clusters of people in specific geographical regions.) Once formed, these
clusters persisted, simulating the emergence of distinct cultures within a broader population.
Although mere words (such as those used in the preceding paragraph) can summarize the
inputs and outputs of dynamic social impact theory, the utility of the theory—its ability to
explain and predict cultural phenomena—is inseparable from the agent-based modeling methods
that precisely specify the spatial and interpersonal dynamics of social influence, and reveal the
consequences for emergent cultural-level phenomena. Indeed, given the bidirectional, nonlinear
complexity of these social influence dynamics, rigorous computational methods are perhaps the
only means through which the cultural consequences can actually be predicted.
Applying this Framework to Research on Cultural Change
Computational models of dynamic social impact theory reveal how social influence
processes can lead to the emergence of rudimentary cultures. The same conceptual principles
(emphasizing constraints on social interactions and the psychology of social influence), coupled
to the same methodology (agent-based models) can be used to examine how existing cultures
might continue to change over time. To do so, one must also simulate opportunities for cultural
change—for example, the introduction of novel beliefs that have the potential to spread within a
cultural population, and to possibly displace whatever beliefs were previously normative. While
doing so, it is useful to be mindful of several facts about real-life cultures that have potentially
important implications for the dynamics of social influence within those cultures.
One fact is that, just as individuals differ in their capacity to exert influence on others,
they also differ in their susceptibility to be influenced by others. Therefore, when modeling the
implications that social influence dynamics might have on cultural change, it is useful to
simulate within-culture individual differences in influenceability. There is no single right way of
doing so, because there are multiple mechanisms through which social influence occurs, and
individuals may not be equally susceptible to all forms of social influence. One solution to this
challenge is to model the distributional properties of broad dispositional traits that might
plausibly affect individuals’ susceptibility to various forms of influence.
Another fact that merits close consideration is the structure of social networks. Social
networks—the complicated webs of dyadic connections among family members, friends, and
acquaintances—represent the conduits through which interpersonal influence occurs, and
potentially spreads (Kashima, Wilson, Lusher, Pearson, & Pearson, 2013). When measured at the
level of whole populations, social networks have a complex geometric structure that results, in
part, from differences in the numbers of friends and acquaintances that different people have
(Henrich & Broesch, 2011). This complex structure can be summarized by a set of statistical
parameters that reflect the density of interpersonal interconnections within a culture. One
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limitation of many models linking the psychology of social influence to cultural outcomes is that
they do not simulate the complex social network structures of real-life cultural populations. If
models can simulate those network structures more realistically, it is likely to pay off in the form
of more realistic representations of the cultural consequences of social influence.
A third important fact about cultures is that they differ. Just as individuals differ in their
susceptibility to social influence, cultures differ in overall levels of susceptibility to social
influence. For instance, in more highly collectivistic cultures, there are higher mean levels of
conformity to majority opinion (Bond & Smith, 1996). Cultures also differ in social network
structure. In more highly collectivistic cultures, individuals have smaller personal networks of
friends and acquaintances (Liu, Chan, Qiu, Tov, & Tong, 2018)—with the implication that
population-level social network structures tend to be less densely-connected within those
cultures.2 These differences may affect the spread of social influence within cultural populations
and, consequently, the dynamics of cultural change. Models that ignore cultural differences
might mimic the dynamics of cultural change within some cultures, but not others. Indeed, it may
be informative to deliberately model cultural differences (e.g., to construct multiple models
designed to systematically simulate cultural differences in social network structure and
susceptibility to social influence). By doing so, one may be able to gain new insights into the
social influence dynamics that contribute to cultural changes, while also explaining and
predicting cultural differences in the trajectory of those cultural changes.
Illustrative Application: Agent-Based Models of Cultural Differences in Cultural Change
Are these objectives actually obtainable? We believe so. In our own recent research, we
used agent-based modeling methods to simulate the variables and processes summarized above,
in order to investigate cultural differences in the pace of cultural change (Muthukrishna &
Schaller, 2020). Some elements of our models were adapted from previous research on the
population-level consequences of interpersonal influence (e.g., models of dynamic social impact
theory; models of cultural evolution). Other elements (including methods for modeling cultural
differences in social network structure and susceptibility to social influence) are more novel, and
were developed specifically to serve the objectives of this project. The outputs produced by these
models—which represent rigorously-derived hypotheses about cultural differences in the pace of
cultural change—may be of interest to scholars seeking to explain or predict cultural changes in
real-life cultural populations. The modeling methods themselves may be of interest too. These
methods are modular and flexible, and can potentially be used in future research to address a
wide range of additional questions about cultural change. Therefore, for illustrative purposes, the
sections below describe these models—and their outputs—in greater (but non-technical) detail.
Modeling Cultures, Individual Differences, and Cultural Differences
In order to model cultural change, one must create a model that simulates a cultural
population. And in order to model cultural differences in cultural change, one must create
multiple models that simulate multiple cultural populations that differ in one or more meaningful
ways. The first phase of our agent-based modeling methodology was designed to do this.
2

There is an important conceptual distinction between (a) the network of connections within individuals’ personal
social networks and (b) the network of connections between all individuals within a cultural population. It is
precisely because individuals’ personal networks are smaller within collectivistic cultures that population-level
network structures are less densely-connected within these cultures.
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Each model simulated a population of 900 individuals, each of whom was initially
located on a space within a grid-like social landscape, and was assigned two numerical values
representing two dispositional traits. One of these traits can be thought of as a behavioral
manifestation of extraversion: the probability that the individual would make a new acquaintance
when given the opportunity. This trait has implications for modeling social network structure,
which occurred during the second phase of our models (described below). The other trait
represented susceptibility to social influence. This trait has implications for modeling social
influence outcomes, which occurred during the third phase of our models (also described below).
We assigned these traits to individuals in such a way as to operationalize both individual
differences and cultural differences. Within each simulated culture, the distribution of trait values
mimicked distributional properties of personality traits within real-life cultural populations (e.g.,
within-culture standard deviations of individual differences in extraversion; McCrae et al., 2005).
Additionally, across the different cultures simulated by different models, the mean values of
these traits differed, and did so in a way that mimicked the magnitude of actual cultural
differences (e.g., between-culture mean differences in extraversion; McCrae et al., 2005). Details
on the exact computational procedures can be found in Muthukrishna and Schaller (2020). The
key point is this: By using these procedures, we simulated real-world individual differences in
dispositions that have implications for social network structures and social influence outcomes,
and also simulated real-world cultural differences in those dispositions.
Modeling Social Network Structure
The first phase of our models created cultural populations, but the individuals within
those populations were still just isolated entities. Therefore, we implemented a second phase that
was designed to provide each individual with a network of friends, and to do so in a way that
simulated social network structures of real human societies. There are many computational
algorithms that can produce network structure within agent-based models, but most such
algorithms have no meaningful connection to human behavior (Schnettler, 2009). We developed
a new method that simulated one way in which actual behavioral decision-making can, over
time, lead to the emergence of realistic social network structure. This method also provided a
means of simulating cultural differences in social network structure.
To do so, we programmed the model to operationalize two empirically-documented
constraints on friendship formation. One of these constraints is spatial proximity: People more
readily form connections with others who are closer in geographic space (Latané, Liu, Nowak,
Bonevento, & Zheng, 1995). The second constraint is personal disposition: Some individuals
(e.g., extraverts) are more likely to form social connections than others, and thus have larger
personal networks and friends and acquaintances (e.g., Selfhout et al., 2010). To simulate the
effects of these variables in the formation of individuals’ social networks, we programmed this
phase of the model so that, across repeated iterations, individual agents had repeated
opportunities to “move” across the social landscape, to “meet” other agents within that
landscape, and to form friendships with them. During each iteration, individuals’ movements
(and meetings) were limited to adjacent spaces on the landscape, thus ensuring that the formation
of friendships was constrained by spatial proximity. Additionally, these movements (and
meetings) were probabilistic, and varied across individuals. During each iteration, the likelihood
that an individual actually would move to an adjacent space (and meet another individual there)
was a direct function of the extraversion value that had been assigned during the previous phase
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of the model. Thus, across multiple iterations of the model, individuals with relatively higher
extraversion values acquired larger personal networks of friends.
These procedures had two important population-level consequences within the simulated
cultures. First, as individual agents had repeated opportunities to form friendships with each
other, realistic social network structures emerged within the simulated populations (as measured
by a set of statistical indices commonly employed to describe network structure; for details, see
Muthukrishna & Schaller, 2020). And second, the density of these population-level network
structures varied as a consequence of the mean level of extraversion within the population: In
populations with higher mean levels of extraversion, the social network structure was denser
(e.g., on average, individuals in these cultures were socially connected to a greater number of
other individuals). Thus, these procedures allowed us to simulate cultural differences in the
social network structures through which people exert social influence on each other.
Once realistic social network structures (and cultural differences in network structures)
emerged in the simulated cultures, the second phase of the model was stopped and the emergent
social network structures were retained for the final phase of our models—during which we
simulated interpersonal influence dynamics and consequences for cultural change.
Modeling Social Influence and Cultural Change
The procedures employed in those first two phases set the stage for the third phase,
during which the outcomes of primary conceptual interest occurred. It was during this phase that
we (a) assigned potentially-changeable attributes (e.g. beliefs) to individual agents, (b) provided
them with repeated opportunities for social interaction and social influence within their networks
of friends, (c) simulated the psychological effects of these influence opportunities (e.g., changes
in individuals’ beliefs), and (d) assessed the emergent cultural-level implications (e.g. changes in
the popularity of beliefs). Thus, we were able to systematically identify plausible ways in which
cultural differences (in social network structure and in individuals’ susceptibility to social
influence) may affect the pace of cultural change.
In doing so, we ran tens of thousands of simulations. Two different subsets of simulations
focused on two distinct kinds of cultural change: (a) consolidation of public opinion and (b)
diffusion of initially unpopular beliefs.
Consolidation refers to the tendency for existing majorities to become bigger majorities
over time (Latané, 1996)—exemplified by “bandwagon” effects in electoral politics—and
provides a point of departure to illustrate the methods we employed during this phase of our
models. To model the consolidation phenomenon—and to identify specific cultural differences
that might affect the speed that it happens—we began by assigning an additional, potentiallychangeable attribute to each individual agent, with a value of either 0 or 1. For the sake of
illustration, one can think of these values as representing rival attitudes or behavioral tendencies
(e.g., attitudes toward immigration policy, for instance, or inclinations to wear a facemask—or
not—during a global pandemic). We assigned values in such a way as to ensure that, initially, the
two values were approximately equally prevalent within the population. Subsequently, across
repeated iterations of the model, individual agents had repeated opportunities to “interact” with
other individuals within their own personal social networks (i.e., the friends that they had
acquired during the previous phase of the model), to acquire information about the distribution of
beliefs held by their friends, and to potentially change their own beliefs. We drew upon empirical
evidence in the psychological literature to mathematically model multiple routes through which
individuals might change their beliefs (allowing the possibility that individuals might conform to
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majority opinion as well as the possibility, at a substantially lower likelihood, that individuals
might occasionally adopt a belief held by only a minority of their friends). Additionally, the
likelihood of belief change was also a function of individual’s own dispositional susceptibility to
social influence. (For details, see Muthukrishna & Schaller, 2020.)
Individual agents did sometimes change their beliefs and—as demonstrated across
thousands of simulations—there were cumulative cultural-level implications. Although the two
beliefs were initially equally popular, one belief inevitably became just a bit more enduringly
popular; and once it did, it consequently became even more popular. Did this consolidation occur
more quickly in some cultures, compared to others? Yes. In cultures with higher mean levels of
influenceability, small majorities more rapidly consolidated into monolithic super-majorities.
Although consolidation represents a kind of cultural change, it is not a particularly
momentous change. Diffusion of innovation refers to a more profound form of cultural change:
An initially unpopular attribute (e.g., a belief held by a tiny minority of people) may spread
within a population and perhaps—if it spreads widely enough—even becomes a new cultural
norm (Rogers, 2003). Conformist tendencies inhibit the diffusion of unpopular beliefs; but, as
research on minority influence reveals, initially unpopular beliefs can sometimes catch on,
especially when initial adherents are themselves resistant to conformity pressure and have the
opportunity to persistently express their unpopular beliefs to others (Moscovici, 1980).
To model this diffusion phenomenon—and to identify cultural differences that might
affect whether initially unpopular beliefs do successfully spread—we conducted tens of
thousands of simulations that used the methods described above to model the outcomes of
repeated opportunities for social influence. There was one main difference: Rather than initially
assigning the two different beliefs to equal numbers of individuals, we instead assigned one
belief to the vast majority of individuals, while the other belief was initially highly unpopular.
(Across different subsets of simulations, the unpopular belief was held by either just a single
individual—a “lone ideologue”—or by that individual along with a small number of that
individual’s friends.) Additionally, in order to give that unpopular belief at least some chance to
spread, we ensured that exactly one initial adherent of this unpopular belief had a large personal
network of friends and was highly insusceptible to others’ influence (for details, see
Muthukrishna & Schaller, 2020). After this initial assignment of beliefs, we simulated social
interaction and social influence exactly as we did when modeling consolidation processes
(described above), and examined the cultural consequences.
The outputs of these models showed that the initially unpopular belief often failed to
spread, but sometimes it did. (Consistent with research on minority influence, its chances of
spreading increased when an initial adherent was less susceptible to others’ influence). Indeed,
sometimes it spread so successfully that it was eventually adopted by the majority of other
individuals, thus becoming the new cultural norm. Did this cultural transformation occur more
readily in some simulated cultures, compared to others? Yes. It was especially likely to occur in
cultures characterized by (a) less densely connected social network structures (i.e., lower mean
levels of extraversion), and (b) higher mean levels of susceptibility to social influence.
The latter effect may seem counterintuitive, especially in light of the consolidation results
described above. How can populations that exhibit more rapid consolidation of an existing norm
also be more prone to the abandonment of that norm in favor of a new one? The answer lies in
the tendency for individuals who are more susceptible to social influence to be more susceptible
to any form of social influence. When people are less committed to maintaining their own
preexisting beliefs and are more willing to entertain the beliefs expressed by others, they are not
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only more susceptible to conformity pressure, they are also more susceptible to persuasion by an
idiosyncratic friend who persistently expresses an unpopular belief. This is especially likely to
occur under conditions in which they have a relatively small personal social network (and thus
relatively small number of other friends who express more conventional beliefs). It is for this
reason that, according to our models, cultural transformation occurs more readily within cultures
in which people are, on average, less extraverted and more susceptible to social influence. Both
characteristics are associated with more highly collectivistic cultures.
Because these effects are computational outputs, it is important to ask whether the effects
are peculiar to an idiosyncratic set of computational inputs. Our results indicated that they are
not. Across the tens of thousands of simulations, we systematically varied many of the
parameters in our models in order to mimic a range of plausible psychological assumptions.
Reassuringly, we found that the effects summarized above were robust across these variations.3
It is also reassuring that conceptually similar results emerged independently from a separate
modeling project. De et al. (2018) employed rather different methods to model cultural
differences in individuals’ conformist tendencies, and found that (a) high-conformity cultures
showed more initial resistance to norm change and (b) when norms eventually did change, they
changed more rapidly. Thus, multiple methodologically-distinct but conceptuallycomplementary models imply that, even though collectivistic cultures may show speedier
consolidation of existing cultural norms, these same cultures may also be more likely to
experience the kind of transformative change that occurs when populations rapidly abandon old
norms in favor of new ones.
Evidence, Explanation and Prediction
Because the latter hypothesis is nonobvious and perhaps even counterintuitive, it would
be sensible to view it skeptically in the absence of empirical evidence. In fact, several pieces of
evidence do provide some empirical support for it. One set of studies compared a prototypically
individualistic country (USA) with a prototypically collectivistic country (Japan), and found that
popularities of books, music, and baby names changed more rapidly in the latter cultural context
(Wilken, Miyamoto, & Uchida, 2011). Another study examined the rates at which innovative
products (e.g., hand calculators, color televisions, microwave ovens) penetrated consumer
markets within different European countries during the 1970s and 1980s. Results revealed that,
after controlling for economic differences, these innovations were popularly adopted more
quickly in more highly collectivistic countries (Dwyer, Mesak, & Hsu, 2005). Books and baby
names and microwave ovens are very different kinds of cultural things and so, in the absence of
an explanatory theory, these findings might seem to be little more than isolated examples of
curious cross-national differences. Our models, along with those of De et al. (2018), offer a
theoretical framework that can explain and integrate these findings, suggesting that—because of
underlying cultural differences in the population-level dynamics of social influence—they reflect
a general tendency for more highly collectivistic cultures to be more susceptible to rapid change.
This framework may not only help to explain past patterns of cultural change, it might
also be useful for forecasting future patterns of change. Our models did not simulate specific
3

For example: Because people preferentially form social connections with attitudinally similar others, and because
this preference varies across cultures (e.g., Heine, Foster, & Spina, 2009), our models systematically varied whether
or not individuals’ initial beliefs were independent of the beliefs of their friends. The results summarized above
emerged regardless. See Muthukrishna & Schaller (2020) for additional details regarding additional tests of
robustness.
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cultures or specific time-frames, and so cannot predict exact locations or speeds of future cultural
changes; but, by referring to empirical research describing cross-national differences in traits and
values and susceptibilities to social influence (e.g., Gelfand et al., 2011; Hofstede, 2001; McCrae
et al., 2005), these models do predict that—all else being equal—truly transformative cultural
change will be relatively more likely to occur within countries that have population profiles of
low extraversion and high influenceability. For example: Brazil and Peru are similar along many
dimensions, but some research (Hofstede, 2001; McCrae et al., 2005) indicates that Peruvians are
relatively less extraverted and more collectivistic (and, by implication, more susceptible to social
influence). If those differences are real and persistent, our models predict that the coming
decades will witness more truly transformative cultural changes in Peru than Brazil.
Additional Applications to Additional Questions about Cultural Change
Muthukrishna and Schaller (2020) focused on just two specific cultural differences that
might plausibly affect the temporal trajectories of cultural change. The same conceptual
framework and modeling methods could be applied to study the effects of other cultural
differences that might also have implications for interpersonal influence and cultural change. For
instance, it may be informative to model implications of specific kinds of cultural values—such
as the broad value dimensions identified by Schwartz (2011), or more highly-focused values of
the sort measured on the World Values Survey (which, when combined, reveal fundamental
similarities and differences between cultures; Muthukrishna, Bell, et al. 2020). Cultural
differences in motives and goals might also matter. Individuals’ susceptibility to social influence
can be affected by epistemic needs (e.g., need for cognitive closure) that vary not only across
individuals but across cultures too (Fu, Morris, Lee, Chao, Chiu, & Hong, 2007). Additionally,
the scope of individuals’ social interactions—and thus their opportunities to exert influence on
and be influenced by others—may vary depending on affiliative motives that incline individuals
toward interpersonal approach behavior (Maner, DeWall, Baumeister, & Schaller, 2007), or on
self-protective and disease-avoidant motives that make people more socially wary (Neuberg,
Kenrick, & Schaller, 2011). The latter motives have implications for conformity behavior too
(Murray & Schaller, 2012). Recent research documents cultural similarities and differences in
mean levels of these motives (Ko et al., 2020)—results that can potentially inform future
computational models of cultural differences in cultural change.
This framework might also serve as a basis for future models that focus in a more
nuanced way on different kinds of attitudes and beliefs, and—more generally—different kinds of
cultural norms. In the computational models described above, individual agents did not actually
have specific attitudes or beliefs about specific things; rather, these agents were attached to
numerical values that could represent any attitude or belief (or, really, any attribute of any kind
that might be subject to social influence). In real life, some attitudes and beliefs are more
amenable than others to social influence (e.g., Bourgeois, 2002) and it would be sensible to take
these differences into account when predicting whether any particular attitude or belief is likely
to become, or remain, culturally popular. More generally, models of cultural change are likely to
produce more useful predictions if they realistically operationalize the extent that particular
cultural norms are, or are not, responsive to the psychology of social influence.
Similarly, because communication is the medium through which interpersonal influence
operates, it could be useful to carefully consider the extent to which different attitudes and
beliefs and other kinds of information are likely to be communicated from person to person.
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Research on contemporary cultural myths—urban legends—shows that the more disgusting an
urban legend is, the more motivated people are to talk about it, and the more likely it is to
become widely known (Heath, Bell, & Strenberg, 2001). The specific contents of widespread
ethnic stereotypes appear also be influenced by interpersonal communication processes: People
are more inclined to talk about some stereotypic traits than others, and these differences predict
which traits do or do not persist in popular stereotypes (Schaller, Conway, & Tanchuk, 2001). To
the extent that one can reliably estimate the “communicability” of attitudes or beliefs or other
pieces of knowledge, and incorporate those estimates into models of dynamic social influence,
one may be able to generate better predictions about the extent to which these things are likely to
become more, or less, culturally normative over time.
Additionally, different kinds of information may be communicated with different levels
of effectiveness via different channels of communication (e.g., face-to-face conversation,
different forms of electronic communication); and different constraints and decision-rules may
govern the formation of social connections within different kinds of interactive environments
(e.g., neighborhoods, workplaces, online social media). It would be useful to incorporate these
variables too into models of social influence and cultural change.
Because this framework can be adapted to model any kind of cultural change, it can
potentially be applied to specific cultural changes of substantial real-world consequence—
including changes in governance (e.g., the rise of authoritarianism within democratic societies),
changes in norms governing the provision of public goods (e.g., norms pertaining to bribery and
corruption; Muthukrishna et al., 2017), changes in harmful cultural traditions (e.g., female
genital mutilation; Efferson, Vogt, & Fehr, 2020), and changes in public opinion regarding
public health policies (e.g., adoption of, or resistance to, wearing of facemasks during a
pandemic; Muthukrishna, 2020). This framework might also be helpful in understanding specific
changes that are so psychologically and culturally fundamental as to affect the process of cultural
change itself. Consider, for example, the recent worldwide historical trend toward increased
individualism and decreased collectivism (Hamamura, 2012; Santos et al., 2017). This trend may
be partially attributable to historical changes in ecological circumstances (Santos et al., 2017),
but it might also be partially attributable to social influence dynamics. Because collectivistic
values are associated with greater susceptibility to social influence, collectivists may be more
readily influenced by others’ individualistic values, whereas individualists are less likely to adopt
others’ collectivistic values. As a consequence, over time, individualistic values may spread
within an initially collectivistic culture, whereas collectivistic values are less likely to catch on
within an individualistic culture. If so, then the pace of change in individualistic and
collectivistic values may be moderated by other population-level variables that affect social
influence dynamics (e.g., social network structure; Muthukrishna & Schaller, 2020). This is just
crude conjecture, of course, which cannot be trusted to deliver meaningful hypotheses about the
outcomes of complex dynamical systems (especially those that have feedback loops of the kind
implied here). To do that, rigorous modeling must be done.
Additional insights may accrue from the integration of ecological variables into this
conceptual framework. Just as there are multiple mechanisms through which ecological variation
may produce cultural variation (Schaller & Murray, 2011, 2012), there are multiple mechanisms
through which ecological changes may produce cultural changes, and some of those mechanisms
are entirely independent of social influence processes. But there is reason to believe that some
forms of ecological variation may affect population-wide susceptibilities to social influence, or
the social network structures through which social influence occurs (e.g., Oishi & Kesebir,
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2012), or both. Research on pathogen prevalence provides an illustrative example. Pathogen
prevalence is correlated with cultural variation in both conformity and extraversion (Murray,
Trudeau, & Schaller, 2011; Schaller & Murray, 2008)—findings that are complemented by
experiment evidence linking increased disease threat to increased conformity and to decreased
extraversion (Mortensen et al., 2010; Murray & Schaller, 2012). The implication is that changes
in the ecological profiles of infectious diseases—such as when historically endemic diseases are
eliminated or when novel epidemics arise—may affect the social influence dynamics modeled by
Muthukrishna and Schaller (2020), and thus affect the pace of cultural change.
Sng et al. (2019) identify additional ecological variables that might productively be
incorporated into models of dynamical social influence and cultural change. One such variable is
sex ratio. There are sex differences in susceptibilities to specific forms of social influence (e.g.,
Cross, Brown, Morgan, & Laland, 2017), and men and women also differ in friendship patterns
(Dunbar, 2018); consequently, the relative ratio of men to women within a population may affect
the population-level consequences of interpersonal influence. Another variable that might matter
is the mean number of offspring produced per person. This variable substantially affects the
demographic profile of a cultural population and, since adults are likely to exert greater influence
on children than the reverse, may also affect the cumulative consequences that accrue from
repeated opportunities for interpersonal influence. Mobility might also matter. Cultures vary in
mean levels of both residential and relational mobility, which—independent of cultural
differences in personality traits—have implications for interpersonal interactions, friendship
strategies and social network structures (Choi & Oishi, 2020; Thomson et al., 2018).
Consequently, these cultural differences too may affect trajectories of cultural change. Again,
these thoughts are merely conjectures; they await rigorous conceptual development and
systematic modeling.
Final Thoughts
Just as there is more than one kind of process through which cultures change, so too there
is more than one way of modeling cultural change. Different kinds of models serve different
functions. For example, statistical models—such as time-series models—can be used to describe
specific cultural changes that occurred during specific periods of time during the historical past.
Consequently, they provide a data-driven tool for predicting analogous changes that might occur
under analogous circumstances in the future. The utility of these models depends on the
existence of reliable historical data; and, while time-series models can sometimes identify
specific variables that statistically predict specific cultural changes (e.g., Varnum & Grossmann,
2017b), they do not explain, in psychological terms, how those changes might have occurred. To
serve that function, some sort of theoretical model is required.
Some theoretical models serve that function better than others. Just as empirical
observations have greater value when generated by methods that meet high standards of
scientific rigor, theoretical models offer more useful explanations and predictions when
articulated in ways that are logically rigorous, systematic, objective and transparent (Grahek,
Schaller, & Tackett, in press; Muthukrishna & Henrich, 2019; Schaller, 2016; Smaldino, 2017).
Many psychological theories fall short of these standards because of unstated assumptions and
implicit leaps in logic, or because they are expressed with words that have inherent ambiguity in
meaning. Formal modeling methods offer a way to overcome these shortcomings (Muthukrishna
& Henrich, 2019; Smaldino, 2017). Some formal models are simply systems of mathematical
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equations. Others, exemplified by the agent-based models that we have described here, harness
the power of computers to simulate the complex dynamic interplay between the characteristics of
individuals and the characteristics of the populations that those individuals comprise. These
modeling methods offer indispensable tools for the psychological study of cultural change.
And these tools are not so hard to use! People are sometimes scared off by the jargon and
mathematical details that appear in many modeling publications; but this superficial abstruseness
belies the fact that, with only a modest investment of time and effort, anyone can construct a
computational model. Lots of helpful resources are readily available to novice modelers.
Smaldino (2017) provides a plainspoken introduction to the principles and methods of
computational modeling; and Smaldino (2020) provides lucid beginner-level guidance on how to
actually construct such models. For agent-based modeling of social psychological processes in
particular, Smith & Conrey (2007) and Jackson et al. (2017) offer excellent introductions and
plenty of practical guidance. For instance, Jackson et al. (2017) provides a step-by-step recipe for
building an agent-based model, accompanied by illustrative examples. Additional examples can
be found in recent book on Computational Social Psychology (Vallacher, Read, & Nowak,
2017). Also useful are several books (Kokko, 2007; McElreath & Boyd, 2008; Otto & Day,
2011) that, although directed primarily toward students in other disciplines, provide instruction
that is readily applicable to models of cultural change. Other resources can be found online. For
instance, the Cultural Evolution Society hosts self-paced tutorials
(http://www.dysoc.org/cesmodules/) that can help anyone to develop the skillset necessary to
construct models of cultural dynamics and cultural change.
That skillset sometimes includes some proficiency at computer programming, but
advanced programming skills are often not required. Many influential models of cultural
dynamics require no programming acumen beyond what a typical teenager might learn in a highschool computer class (e.g., Kenrick, Li, & Butner, 2003; Nowak, Szamrej, & Latané, 1990), and
free software packages serve the needs of novices with no formal programming experience at all.
One such platform is NetLogo (https://ccl.northwestern.edu/netlogo/), which provides tutorials
and a library of existing models that, through thoughtful modification, can serve as ideal building
blocks for new and different models that address new and different research questions.
Some modeling projects pose larger technical challenges than others, of course. Our own
work (Muthukrishna & Schaller, 2020, described above) included novel elements—such as the
modeling of social network structure—that required bespoke programming beyond the skillset of
most beginners. But such models can serve as a starting point for modification without
understanding all aspects of the algorithm. And if this too is beyond one’s skillset, it still need
not be a barrier. Any challenge posed by lack of expertise can be solved by a single all-purpose
trick: Collaboration. Again, our own work is illustrative. Regardless of whatever other merits it
might or might not have, Muthukrishna and Schaller (2020) offers irrefutable evidence that even
someone who isn’t adept at computer programming (at all!) can complete a publishable
computational modeling project, if they collaborate with someone who is.4

4

Schaller wants to make it absolutely clear: Muthukrishna is the one who is.
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Table 1.
This article employs terminology—referring to population-level phenomena and methods
employed to study those phenomena—that may be relatively unfamiliar to many readers of this
journal. This table identifies, and briefly explains, several such terms.
______________________________________________________________________________
Agent-based model. A type of computational model that simulates the actions and interactions of
multiple individual entities (agents), producing outputs that reflect the cumulative consequences
of those actions and interactions. In the present context, agents represent individual people; and
agent-based modeling serves as an analytically rigorous method for generating hypotheses
identifying specific ways in which, over time, individuals’ actions and interactions have
population-level consequences (e.g., changes in cultural norms).
Consolidation. A population-level phenomenon in which an attribute associated with the
majority of people becomes, over time, associated with an increasingly larger majority of people.
Through this form of cultural change, an initially normative attribute becomes even more highly
normative within a culture.
Diffusion of innovation. A population-level phenomenon in which an initially unpopular attribute
spreads and, over time, becomes associated with an increasingly larger percentage of people.
Through this form of cultural change, an initially counter-normative attribute may be
transformed into a new cultural norm.
Social network. A network of relationships between individuals. Social network analyses may
focus on individuals’ social networks, or on population-level social network structure. An
individual person’s social network refers to the specific set of other individuals with whom that
person has a social connection (e.g., friendship) and to the connections among those individuals.
The social network structure of an entire population (e.g., a culture) refers to the complete set of
individuals within that population and to the network of social connections among them all.
_____________________________________________________________________________

