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Introduction

Man is by nature a social animal...

— Aristotle, Politics

0.1 Initiating cultural change to improve society?

As we stand at the precipice of potentially irreversible environmental and social challenges,

the need for a unified approach in behavioural science becomes increasingly clear (Constantino

et al., 2022; Efferson et al., 2023; Nielsen et al., 2024). Social norms have long been recognised

as a potential mechanism for promoting sustainable behaviour (Cialdini et al., 1990; Cialdini

and Jacobson, 2021). The array of applications is increasingly broad (Efferson et al., 2023),

and ranges from the conservation of critical natural resources (Castilla-Rho et al., 2017), to

the widespread adoption of sustainable farming practices (Läpple and Kelley, 2013), and the

promotion of pro-environmental behaviour (Berger, 2021; Travers et al., 2021; Constantino

et al., 2022).

Social norms are behavioural rules shaped by the collective expectations and observed

practices within a population. Specifically, an individual has incentives to follow a given

behavioural rule if she thinks sufficiently many others in society adhere to the norm, and if

she believes that enough other people agree that the rule should be followed, and deviations
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from the norm should potentially be punished (Bicchieri, 2006). These incentives to coordinate

and conform can create stable equilibria at an aggregate level, so that a majority of people in a

given population follow a certain norm for a long time. Without a change in those coordination

and conformity incentives, a population might become stuck in a given equilibrium. This is

not a problem if the current norm is beneficial to society. However, traditions such as female

genital cutting (Efferson et al., 2015; Vogt et al., 2016), child marriage (Bicchieri et al.,

2014), or son bias (United Nations, 2019; Schief et al., 2021) serve as stark reminders of the

persistence of norms that are considered harmful (World Health Organization, 2009).

The unsustainable lifestyle that is currently widespread in most high-income countries

can be perceived as a set of harmful norms, if not yet always to ourselves, then often to

the environment (Otto et al., 2020; Constantino et al., 2022; Masson-Delmotte et al., 2022).

The concept of social tipping suggests a pathway to transformative change in these areas.

It encapsulates the phenomenon where a norm can rapidly and self-reinforcingly shift once

a critical mass of individuals alters their behaviour, thereby inspiring others to do the same

(Granovetter, 1978; Efferson et al., 2020, 2023). In fact, the idea of relying on social tipping

to promote environmentally friendly behaviour has been discussed with increasing interest

recently in the field of cultural evolution (Nyborg, 2020; Otto et al., 2020; Berger, 2021;

Constantino et al., 2022; Berger et al., 2023; Efferson et al., 2023; von Flüe et al., 2024).

From the perspective of a social planner it seems like an attractive thought, given the urgency

of climate change, to target a segment of the population with a preference changing policy

intervention, and then let social influence take over to tip society into a more beneficial

equilibrium.

0.2 Complexities and challenges of social tipping

While the concept of social tipping holds promise for rapid normative change, the journey

to fully understand the complexities of social norm change is just beginning. Even if we

imagine a very simple social learning scenario, the number of possible behavioural strategies
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a single individual could exhibit is larger than the number of atoms in the universe (Efferson

et al., 2023). This is critical because even subtle shifts in preference distribution and the

psychological mechanisms underlying social learning can significantly impact the dynamics of

social norms (Young, 2009; Efferson et al., 2020; Andreoni et al., 2021; Schimmelpfennig et al.,

2021; Efferson et al., 2023). Crucially, we know that individuals differ strongly in their ways

of responding to social information (Mesoudi et al., 2016; Kendal et al., 2018), and empirical

studies confirm that this type of individual heterogeneity has real-world consequences for

social norm change in the domains of public health, sustainability, and economic and political

behaviour (Efferson et al., 2015; Vogt et al., 2016; Alvergne and Stevens, 2021; Eriksson et al.,

2021; Ehret et al., 2022; Salali et al., 2022).

This complexity is increasingly recognised within the sustainability discourse, highlighting

the urgent need for focused research to equip policymakers with effective tools for fostering

sustainable practices (Constantino et al., 2022; Berger et al., 2023; Efferson et al., 2023). In

recent years, the study of cultural evolution and norm change has taken on new dimensions,

driven by advances in understanding the complexity of social learning processes across different

contexts (Efferson et al., 2016; Vogt et al., 2016; Efferson et al., 2023). One of the key

findings is that people differ greatly in their preferences and their ways of responding to social

information (Kendal et al., 2018). However, simply acknowledging the world’s complexity

is inadequate if behavioural research is to effectively guide policymakers in initiating norm

changes toward a sustainable future.

0.3 PhD chapters

The three projects outlined in this thesis collectively expand our understanding of how in-

dividual behaviours, influenced by diverse social learning strategies, contribute to cultural

evolutionary dynamics. Each project, while distinct in its focus and methodology, contributes

a part to a more nuanced portrait of the relationship between individual decision-making and

collective behavioural patterns.
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The first project supports the notion that individuals differ greatly in social learning (von

Flüe, Vogt, and Efferson, unpublished data). Importantly, contrary to recent studies showing

how flexibly individuals can use social information by adjusting to different group dynamics

and environmental cues (Efferson et al., 2016; Bellamy et al., 2022), the first chapter in this

thesis shows that people are often biased by information coming from individuals sharing a

group identity. This finding complements research showing that polarisation can prevent norm

change (Ehret et al., 2022). This is particularly pertinent in discussions on climate change,

where societal divisions often align with normative beliefs (Falkenberg et al., 2022). Future

research should explore whether it is feasible to disentangle group identities from sustainability

issues, as this separation may be crucial for accelerating the adoption of pro-environmental

norms (Efferson et al., 2020; Ehret et al., 2022).

Social learning biases linked to group identities are only one of several factors that may

impede cultural shifts toward sustainability. The second project explores how greenwash-

ing impacts situations where consumers and producers have differing environmental concerns

(von Flüe et al., 2024). It reveals that information asymmetry, with consumers having less

knowledge about the supply chain and its oversight compared to producers, enables firms to

exploit environmentally-conscious consumers, potentially increasing the prevalence of green-

washing. Similar to the first project, this study not only acknowledges individual differences in

behaviour but also investigates how these differences challenge norm change and explores po-

tential non-invasive, non-paternalistic methods to address these challenges. A crucial insight

from this research is that promoting pro-environmental values may not always be effective

unless society ensures that consumers are equipped with the necessary information to make

informed decisions.

The third project extends the findings from the first two by implementing an agent-based

model to explore how different information types influence individual and group decision-

making in the context of norm change (von Flüe, unpublished data). It specifically addresses

the concept of social tipping, highlighting how minor, targeted interventions could catalyse
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widespread societal shifts. This model advances existing norm change models by integrating

findings about the heterogeneity of social learning. It demonstrates that interventions are

more effective when social planners have a detailed understanding of the specific distribution

of preferences and social learning patterns within society.

0.4 Conclusion

At the heart of the difficulty in predicting and facilitating social tipping lies the vast diversity

in individual preferences and the psychological underpinnings structuring our responses to

social information. The effectiveness of policies aimed at promoting pro-environmental be-

haviour is often hampered by the insufficient consideration of how these individual differences

interact with the structure of social networks. The assumption that populations are homoge-

neous in their preferences and behaviours leads to overly simplistic models of social change,

neglecting the complex web of social influences that shape individual decisions.

The interconnections between the three projects point to broader implications for both

theory and practice. The findings of this thesis contribute to a more refined understanding

of how norms evolve and how social learning processes can be harnessed to promote positive

societal change. For policymakers, the research underscores the need to consider cultural

diversity and individual heterogeneity when designing interventions aimed at fostering sus-

tainable behaviours or other desirable social norms.

The key take away from this thesis, which might seem obvious, is that societal change

is complex because humans are complex. However, humans are complex to a great extent

because they are social animals. And because we are inherently social, we learn from each

other. It is my wish that future research will help us better understand how this works so

that we can contribute to a cultural change for good.
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Chapter 1

Heterogeneity in conformist social

learning between and within groups
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Abstract

In this study, we investigate how cognitive load and social learning biases influence frequency-

dependent social learning in different subject pools. Our primary research question explores how

similarity and group membership affect the social learning process with and without cognitive load.

We conducted a highly incentivised behavioural experiment where one group, termed social learners,

observed the choice distribution of another group, called demonstrators, before making their deci-

sions. We manipulated two key variables, which were the similarity of social learners to the observed

demonstrators and whether they observed ingroup or outgroup demonstrators. This produced four

informationally equivalent conditions, which meant that social learners could, in principle, flexibly

adjust between the conditions and maximise payoffs. Contrary to our hypothesis that cognitive load

would induce heterogeneity and reduce the flexibility of social learning, we found no significant dif-

ference in behaviour between the treatments with and without cognitive load. For both treatment

conditions with and without cognitive load, we find that participants perform better when they ob-

serve social information from the ingroup than from the outgroup. This suggests that social learning

biases might be too robust to be altered by cognitive load. We conducted our study with two distinct

subject pools from Switzerland and Kenya. Interestingly, our results show a strong difference in the

degree of heterogeneity in social learning between the two subject pools. Our study supports the

notion that it is important to consider diverse cultural backgrounds in social learning research and

to examine both individual- and group-level variations. Our findings challenge the assumption that

people are completely flexible in their use of social information and emphasise the need to broaden

the scope of research beyond the populations predominantly studied.

Keywords: cultural evolution, frequency-dependent social learning, conformity, ingroup bias, simi-

larity bias, cognitive load
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1.1 Introduction

A traditional assumption made in cultural evolution literature is that individuals exhibit fixed

strategies when they observe frequency-dependent information about others’ behaviour (Boyd

and Richerson, 1985; Aoki and Feldman, 2014). In other words, a person who is biased to

conform to the majority of her social group is assumed to do so even if information about

other aspects in her environment changes. Certain models of social norm change are based

on this simplified characterisation of social learning strategies that are fixed at the individual

level, which facilitates a mathematical analysis of evolutionary dynamics (Granovetter, 1978;

Henrich, 2001).

However, recent research shows that reality is much more complex. On the one hand,

specific learning biases exist, but the number of these biases is higher than traditionally

assumed, and social learning varies not only between but also within individuals (Mesoudi

et al., 2016; Muthukrishna et al., 2016; Kendal et al., 2018). On the other hand, while cognitive

biases can sometimes influence behaviour, individuals are not always susceptible to them. For

instance, individuals appear to be quite flexible and they often adapt their strategies based

on contextual cues such as group membership (Efferson et al., 2016; Bellamy et al., 2022).

While there exists an increasing interest in empirically studying social learning, we have

only started discovering the complexities involved with respect to heterogeneity in social

learning and its influence on norm change (Young, 2009; Efferson, Vogt and Fehr, 2020;

Constantino et al., 2022; Efferson et al., 2023). One of the limiting factors for progress in

this area is the fact that empirical research on social learning has predominantly focused

on individuals from Western cultures (Henrich et al., 2010). Further, the conflicting evidence

about observing biased social learning on the one hand (Kendal et al., 2018) and a high degree

of flexibility on the other hand (Efferson et al., 2016; Bellamy et al., 2022) suggests that we

have to come up with new study designs that allow us to discern under which circumstances

people are more or less prone to social learning biases.
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We address those two shortcomings in this study. We investigate frequency-dependent

social learning in two distinct subject pools, one from Zurich, Switzerland, and another from

Nairobi, Kenya. The most recent evidence of individuals’ flexibility in using social cues comes

from a laboratory setting in which participants were able to focus on and think strategically

about the information provided (Efferson et al., 2016; Bellamy et al., 2022). We seek to

test whether this observed flexibility in behaviour persists when individuals do not have the

opportunity to calmly think about how to respond to social cues, particularly when under

stress or cognitive load. Under such conditions, individuals often exhibit reduced strategic

and analytical thinking, resorting to impulsive and habitual behaviours (Duffy and Smith,

2014; Haushofer and Fehr, 2014). Moreover, stress and cognitive load appear to increase

reliance on social information (Murray and Schaller, 2012; Delfino et al., 2016; Buckert et al.,

2017; Jacquet et al., 2018). However, it remains unclear how stress and cognitive load affect

specific social learning strategies, and whether the effects of stress and cognitive load on social

learning vary across subjects from two countries with distinct cultures.

Therefore, in a highly incentivised behavioural experiment involving two distinct subject

pools, we tested whether individuals could adjust between different contexts with and without

being under cognitive load. Our study is the first to directly compare participants from two

distinct subject pools regarding the effects of different forms of heterogeneity on frequency-

dependent social learning. We created two treatments, one to manipulate whether participants

observed ingroup or outgroup individuals, and a second that varied whether participants

were similar or dissimilar to the observed individuals. This combination resulted in four

informationally equivalent treatment conditions, where it was optimal to follow either the

majority or the minority of the observed participants.

Having four informationally equivalent treatments means that, in principle, participants

possess all information necessary to earn the same expected payoffs in all four treatments.

However, there are several reasons why participants might not respond to the observed social

information equally in the four treatments. One of these reasons we are interested in is the
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possibility that social cognition has evolved in ways that bias participants to learn more

easily from similar rather than dissimilar others, from ingroup members rather than outgroup

members, and from a majority rather than a minority.

Our hypothesis was that cognitive load, by shifting from goal-directed to habitual be-

haviour, limits social learners’ ability to make optimal use of cues of group membership and

similarity and makes them more susceptible to biases in social learning. Contradicting this

hypothesis, our findings surprisingly reveal that participants exhibited similarity and ingroup

biases regardless of whether they were cognitively distracted. Importantly, when participants

observed the decisions of members of their own group, they were significantly better able

to adapt to other changing information in order to maximise their payoffs than when they

observed the decisions made in the outgroup. This evidence suggests a deeper, perhaps evo-

lutionary, entrenchment of these biases (Efferson et al., 2016). More specifically, individuals

might have cognitively evolved social learning biases that make them rely more on social infor-

mation from ingroup members and enable them to evaluate social information from ingroup

members more effectively than from outgroup members.

One of the most significant aspects of our findings concerns heterogeneity in social learning.

We show that, in addition to individual variation, the degree of heterogeneity in social learning

significantly differs between the two subject pools. Notably, while previous research has

discussed that cultural differences in social learning exist and that they influence evolutionary

dynamics (Mesoudi et al., 2015; Muthukrishna and Schaller, 2020), our study is the first to so

comprehensively describe multiple forms of heterogeneity in social learning and compare them

between two distinct subject pools. Our results support the notion that empirical research in

social learning should be expanded beyond individuals from Western cultures, focusing more

on differences between groups (Mesoudi et al., 2015).
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1.2 Methods and materials

1.2.1 Preregistration

We conducted our study with participants from two different subject pools. The pre-registrations

for both experiments can be found on https://osf.io/mzfq5/. In these documents, we spec-

ify the experimental design, the number of subjects we intend to recruit, the research questions

and hypotheses, and how we will analyse the results.

1.2.2 Participants

A total of 273 English-speaking students participated at the Decision Science Laboratory

at the ETH Zurich, Switzerland (mean age = 24.13, SD = 4.12, females=155, males=114,

other=4, average earnings = ca. CHF 40 ⇡ USD 45), and 266 English-speaking students

participated at the Busara Center for Behavioral Economics in Nairobi, Kenya (mean age =

21.58, SD = 1.87, females=112, males=154, other=0, average earnings = ca. KES 1565 ⇡

USD 10). The monetary incentives were adapted to local contexts in collaboration with the

two laboratories, and the two ethics committees, Human Subjects Committee of the Faculty

of Business and Economics at the University of Lausanne and the Amref Health Africa in

Kenya Ethics and Scientific Review Committee.

In the questionnaire at the end of the experiment, the participants entered their fields of

study as free text, and we categorised them into the following three broad categories: “Hu-

manities”, “Natural Sciences” and “Social Sciences”. To simplify the analysis, we kept the

number of categories small. We have therefore assigned certain subjects to one of the three

categories, even if they belong to another category. For example, mathematics was assigned

to “natural sciences” instead of forming the separate category “formal sciences” (see supple-

mentary materials for more details). In Zurich, the distribution is as follows: Humanities: 11;

Natural Sciences: 139; Social Sciences: 43. The distribution across subjects in the Nairobi

data is as follows: Humanities: 44; Natural Sciences: 42; Social Sciences: 80.
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A key aspect of our experimental design is that participants were assigned one of two roles

at the beginning of the experiment, one which we call “demonstrators” and one which we call

“social learners”. In the experiment we used the more neutral terms “Type A” and “Type B”

respectively to avoid any biases that could potentially result from participants’ associations

with the less neutral terms. The participants kept their roles throughout the experiment.

The demonstrators went through a decision task and received private information about the

outcomes. In contrast, social learners first observed the choices of certain demonstrators

before making their own decisions, but they did not receive any private information about

the outcomes of their choices. We did this because we are interested in how social learners

respond to social information only. If social learners also had access to private information,

they could have also responded to this type of information, and it would be more complex to

isolate the causal effect of social information (Manski, 1993, 2000; Efferson et al., 2016).

The choice task

The task was the same for all participants, except for the information the participants had

access to. It is a probabilistic choice task, which was framed in the following way. There are

two urns, one of which consists of 3 red marbles and 1 blue marble, while the other urn consists

of 3 blue marbles and 1 red marble. Hence, the probability of drawing a marble of a certain

colour varies between those two urns. Participants never knew for certain which urn contained

which set of marbles because the urns were shuffled before participants made their choices,

and the colour of the marbles were hidden as long as the marbles were in the urn. Figure 1.1

below was shown to participants during the instructions to explain the set up of the choice

task. In addition to this, an animation was programmed to explain the sequence of the task,

and participants went through exercise rounds so that they can learn how the choice task will

work during the experiment. The graphics and the animation that we showed to participants

during the instructions can be found in section 3.2 of the supplementary materials. During

the actual experiment, participants went through several rounds of choosing between the two
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urns, and in any given round they could win points for one of the two colours. Hence, one

of the two urns was optimal for a given participant in a given round in the sense that it had

more marbles of the winning colour.

Figure 1.1: Graphic explaining the choice task set up.

Participants who were assigned to the role of the demonstrators went through 20 blocks

of 4 rounds of playing the urn choice task. At the beginning of each block the two urns

were shuffled and then stayed in the same position for the rest of the block. Hence, the

demonstrators had 4 rounds to figure out which urn contained more marbles of their winning

colour in a given block. Every time a demonstrator chose an urn, a marble was randomly

drawn from the urn by the computer, the colour of the marble was shown to the demonstrator,

and it was put back into the urn. A demonstrator received 100 points every time a marble

of her winning colour was drawn, and 0 points if not. Not every demonstrator had the same

winning colour, and we explain this in more detail in the “Treatments” section. Points were

converted to real money at the end of the experiment.

In contrast, participants who were assigned to the role of the social learners only chose once

per block. Before making their choice, the social learners observed the choice distribution of
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certain demonstrators in the fourth round of blocks, and we explain this in more detail below.

Importantly, because social learners only made 20 choices compared to the 80 choices made

by demonstrators, this would have meant that they could earn less points had we paid social

learners in the same way we paid demonstrators. We solved this problem by randomly drawing

four marbles with replacement from the urn chosen by a social learner in each block. Hence,

the social learners were able to earn the same average amount of points as the demonstrators.

Treatments

We have a two-by-two-by-two experimental design. Two treatments are within-subjects and

one is between subjects. To implement our two within-subjects treatments, we divided all

participants into two groups, a “triangle group” and a “square group”. In each of those two

groups, there were always 5 demonstrators, and the rest were social learners. An example of

an assignment is shown in figure 1.2.

Figure 1.2: Example of group and type assignment.

Participants kept their group membership until the end of the experiment. At the be-

ginning of the experiment it was determined which group of demonstrators earns points for

which colour of marbles, and social learners were informed about this. The first treatment
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varied whether a social learner observed the choices of ingroup demonstrators or outgroup

demonstrators. The second treatment varied whether a social learner was very similar or very

dissimilar to demonstrators of her ingroup in terms of earning points for a given colour of

marbles. More precisely, in any given block the probability for a social learner to earn points

for the same colour as demonstrators of her ingroup was either 90% or 10%.

Hence, there are four possible combinations, namely observing ingroup demonstrators

and being similar to ingroup demonstrators, observing the ingroup and being dissimilar to

the ingroup, observing the outgroup and being similar to the ingroup, and observing the

outgroup and being dissimilar to the ingroup. The four combinations of the within-subjects

treatments were informationally equivalent in the following sense. The demonstrators of the

two groups, triangle and square, received points for marbles of opposite colours. This meant

that if the left urn was optimal for the triangle demonstrators in terms of containing more

marbles of the winning colour of the triangle demonstrators in a particular block, the right urn

was optimal for the square demonstrators in the same block and vice versa. This is illustrated

in figure 1.3. As a consequence, in any given block it was always optimal to either follow the

majority or minority of observed demonstrators.

To illustrate, assume a triangle social learner is similar in terms of the winning colour to

her ingroup, and she observes her ingroup in a particular block. If the left urn contains 3/4

marbles of the colour for which triangle demonstrators win points in this block, and assuming

the demonstrators figure this out over the course of the four rounds in this block, then it is

best for the triangle social learner to follow the majority behaviour of the observed triangle

demonstrators and choose the left urn too. The reason for this is that a triangle social learner

who is similar to her ingroup, earns points for the same colour as triangle demonstrators with

a probability of 90%. Let us now assume instead that the same social learner in the same

block is similar to her ingroup but instead observes square demonstrators from the outgroup.

This might be less intuitive than the first case where a triangle social learner who is similar to

her ingroup demonstrators observes ingroup triangle demonstrators. Thus, an example of this
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Figure 1.3: Demonstrators of the two groups earn points for opposite colours
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situation, as presented to the participants during the experiment, is shown in figure 1.4. Again

assume the square demonstrators figure out which urn contains more marbles of the colour

for which they win points. For them, the urn containing more marbles of their winning colour

is the right urn in a block where the left urn is optimal for triangle demonstrators because

they get points for the opposite colour than the triangle demonstrators. Being similar to the

demonstrators of her ingroup, the triangle group, implies that the triangle social learner is not

similar to the outgroup in terms of the winning colour, as the two groups of demonstrators

receive points for opposite colours. Hence, for a triangle social learner who is similar to triangle

demonstrators, it is optimal to follow the minority behaviour of square demonstrators in this

particular block. For example, if the majority of square demonstrators choose the right urn

in this block, then it is optimal for the triangle social learner to do the opposite and choose

the left urn.

Figure 1.4: The social learner is similar to the ingroup but observes the outgroup.

Similar implications follow for the other two treatment combinations. If the triangle social

learner is dissimilar to her ingroup, i.e. the triangle demonstrators, then it is optimal for her

to follow the minority when observing triangle demonstrators, but follow the majority when

observing square demonstrators.
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With the given information about similarity to ingroup demonstrators and seeing either

the choices of ingroup or outgroup demonstrators, it is always optimal to either follow the

majority or minority of observed demonstrators. The social learners were shown examples

of all four types of social information during the instructions (see supplementary materials

3.3-3.5). They therefore had time to consider whether it was best to follow the majority

or the minority of the observed demonstrators for each type of social information before the

actual experiment began. A social learner who understands this and makes optimal use of this

information can, in principle, achieve equivalent payoffs on average in all four within-subjects

treatments. This is what is meant when we say that the four treatments are informationally

equivalent. However, there are several possible reasons why participants may not utilise the

four different types of social information equally, which could reduce the number of points

they receive. We discuss these potential reasons in the “Discussion” section.

The within-subjects treatment combinations did not switch between every block. Rather,

there were four groups of five blocks. In a group of five blocks, one treatment combination

was implemented at a time to allow social learners to become accustomed to the new type

of information. We counterbalanced the order of the four groups of blocks, and by extension

the four treatments, across social learners. The social learners did not know that the four

different types of social information will be shown to them in groups of five blocks. Instead,

they only knew that the type of information can change between blocks.

In addition to the four within-subjects treatments, we also implemented a between subjects

treatment variation. Half of all social learners were randomly assigned to the “cognitive load”

treatment (often abbreviated to “CL” in the following) and the other half to the “no cognitive

load” treatment (often abbreviated to “NCL” in the following). In each block, before observing

the social information and the choice between the two urns, social learners in the CL treatment

were given 8 seconds to memorise a 7-digit number, and they had to recall and enter the

number from memory after the urn choice task. In each block, a new 7-digit number was

randomly generated, with a different number produced for each social learner. To achieve
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the best possible comparability between the CL and the NCL treatment, social learners in

the NCL treatment were also shown a 7-digit number. However, they learned during the

instructions that they would not have to memorise this number because they will be shown

their number after the choice task when they had to enter the number (see section 3.6 in

the supplementary materials). Making participants memorise 7-digit numbers is a standard

approach to induce cognitive load and strain the working memory (Miller, 1956; Shiv and

Fedorikhin, 1999; Duffy and Smith, 2014).

Although memorisation tasks are often not incentivised (Duffy and Smith, 2014), we have

done so to increase the likelihood of inducing cognitive load. In particular, social learners

were informed that they were equally likely to receive points for either the social learning task

or the memorisation task, but not for both. Importantly, we did not disclose which specific

task would be rewarded, introducing an element of uncertainty. The rationale was that this

uncertainty would incentivise participants to perform well in both tasks, as focusing solely

on one task carried the risk of receiving zero points if the ignored task turned out to be the

rewarded one. Importantly, if a social learner had only focused on the social learning task, she

would have risked receiving 0 points for the memorisation task if she had only received points

for memorising the 7-digit numbers. We informed the social learners of this possibility during

the instructions and told them that it was in their interest to focus equally on both tasks.

While this incentive structure does not inherently prevent a participant from strategically

choosing to focus on one task over the other, the answers to the questionnaire at the end of

the experiment indicate that social learners spent a substantial fraction of their attention on

both tasks (see supplementary materials).

We made sure that the social learners who earned points for the memorisation task could

earn the same average amount of points as the social learners who earned points for the urn

choice task. Specifically, if a social learner memorised the complete 7-digit number correctly, 4

marbles were randomly drawn with replacement from the urn containing 3/4 marbles yielding

100 points. If a social learner did not correctly recall the complete number, 4 marbles were
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randomly drawn with replacement from the suboptimal urn containing 1/4 marble yielding

100 points. As with the urn choice task, social learners did not receive any feedback about

their performance in the memorisation task.

Procedure

All sessions were conducted using the oTree software (Chen et al., 2016) under anonymous

laboratory conditions. Each participant in Zurich received a show-up fee of ca. USD 11, and

each participant in Nairobi received a show-up fee of ca. USD 4. Those show-up fees are

adapted to the local contexts and were set by the respective laboratories. Each participant

provided informed consent by signing a consent form. The experiment was approved by the

Human Subjects Committee of the Faculty of Business and Economics at the University of

Lausanne and by the Amref Health Africa in Kenya Ethics and Scientific Review Committee.

We counterbalanced the winning colours for triangle and square demonstrators across

sessions to avoid any uninteresting experimental artefacts related to colour preferences. To

avoid experimental artefacts related to spatial biases, we arranged the buttons for choosing

between the urns top to bottom instead of orienting them left to right (see supplementary

materials). The order was randomly determined for each block and each social learner.

Participants were only able to proceed from the instructions to the actual experiment once

they answered a series of quiz questions about the instructions correctly (see supplementary

materials 3.7). If a participant did not answer a question correctly, an error message appeared

with an explanation why her answer was incorrect and she had to answer the question again.

Participants were instructed not to talk during the experiment and not to use any mobile

phone, or any other utensils. In each experimental session in Zurich and in Nairobi, two

experimenters, including at least one of the authors, were present in the laboratory to monitor

whether the participants followed these rules. Importantly, this allowed us to answer questions

during the instructions and to ensure that the participants in the cognitive load treatment

could not use any auxiliary means to memorise the multi-digit numbers.
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At the end of the experiment, we collected demographic information, and we implemented

a questionnaire (see section 4 in the supplementary materials).

1.3 Results

In our analysis, we focus on three main areas. First, we want to know whether participants

responded to different social cues at all, and if so, how. In other words, we are interested in

how flexible participants were in their use of social information. In a second step, we dive

deeper and study how participants’ use of social information affected their payoffs. Finally, we

also want to find out which social learning strategies the participants used. Before discussing

those results, it is important to note that for social information to be valuable, demonstrators

have to choose optimally. Optimal choice of the demonstrators means that they choose the

urn that contains 3/4 marbles of the colour for which the demonstrators receive points. This

was the case (see section 2.1 in the supplementary materials).

1.3.1 Flexibility in social learning

Based on studies with similar experimental designs (Efferson et al., 2016; Bellamy et al.,

2022), we predicted that social learners are flexible in adjusting to the cues of similarity and

group membership. More specifically, we expected social learners to flexibly switch between

following either the majority or the minority of demonstrators between treatments.

Interestingly, we find that this is only true when social learners observed ingroup demon-

strators. We observe this in the Zurich subject pool, and to a lesser extent also for the data

from Nairobi. In figure 1.5 we show the proportion of social learners who choose the right urn

as a function of the number of observed demonstrators choosing the right urn for the blocks

in which social learners observed ingroup demonstrators. We can see that most social learners

in Zurich followed the majority of observed ingroup demonstrators when they are similar,

regardless of the cognitive load treatment. In contrast, social learners in Zurich followed the

minority of observed ingroup demonstrators when they are dissimilar, again irrespective of
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the cognitive load treatment. In contrast to the strong conformist social learning response

that we observe in the Zurich data for the ingroup treatments, social learners in Nairobi only

show this tendency for the blocks in which they are similar to their ingroup when observing

ingroup demonstrators (figure 1.7). Surprisingly, we can not observe those clear patterns of

conformist social learning for the outgroup treatments. Figures 1.6 and 1.8 show that there

was no clear majority of social learners responding strongly to outgroup social information.

Another noteworthy result for the data in Zurich and Nairobi is that cognitive load does

not seem to have any effect on how social learners respond to social information. A potential

explanation could be that our cognitive load manipulation did not work. However, we tested

whether the cognitive load manipulation reduced the social learners’ likelihood to recall the

numbers correctly, and the results show that it did so strongly and significantly (see sup-

plementary materials 2.2.1). The results of the questionnaire could provide an alternative

explanation. Weirdly, social learners in the “no cognitive load” (NCL) treatment answered

that they tried to memorise the multi-digit numbers sometimes (see section 4.2 in the supple-

mentary materials). Those social learners did not have to do so because we showed them the

number when they had to enter it. If social learners in the “no cognitive load” treatment did

try to memorise the number frequently, then their working memory would have been under

similar load as the social learners in the “cognitive load” (CL) treatment. This could explain

why there was no significant difference in behaviour between those two treatment groups.

Importantly, however, social learners knew that there is a 50% probability that they will only

earn points for the urn choice task. Hence, it would have been very risky for a social learner

in the NCL treatment to focus too much on memorising the number instead of focusing on

the urn choice task. Further, we also asked the social learners in the NCL treatment how

distracting it was for them that we displayed the number, and most answered that it was only

slightly distracting. This suggests that showing the 7-digit numbers to social learners in the

NCL treatment did not negatively affect their focus required for the social learning task.
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Figure 1.5: Right urn choices by social learners in treatments in which they observed ingroup demon-
strators (results from Zurich). The points show the rate at which social learners chose the right urn
as a function of the number of demonstrators choosing the right urn in the final round of blocks.
The number of observations is vertically aligned with each point. A and B show treatments in which
social learners are similar to ingroup demonstrators and they observe the ingroup. C and D show
treatments in which social learners are dissimilar to their ingroup and they observe the ingroup. A
and C represent “no cognitive load” treatments (NCL) and B and D show “cognitive load” treatments
(CL). The error bars are 95% bootstrapped confidence intervals which we clustered on social learner.
The gray area in each plot is consistent with conformist cultural transmission (Boyd and Richerson,
1985). The diagonal shown as a solid black line is consistent with unbiased social learning. Finally,
the dashed lines provide additional points of reference at 0, 0.5, and 1.
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Figure 1.6: Right urn choices by social learners in treatments in which they observed outgroup
demonstrators (results from Zurich). The points show the rate at which social learners chose the
right urn as a function of the number of demonstrators choosing the right urn in the final round of
blocks. The number of observations is vertically aligned with each point. A and B show treatments
in which social learners are similar to the ingroup and they observe the outgroup. C and D show
treatments in which social learners are dissimilar to the ingroup and they observe the outgroup. A
and C represent “no cognitive load” treatments (NCL) and B and D show “cognitive load” treatments
(CL). Error bars are 95% bootstrapped confidence intervals clustered on social learner. The gray area
in each plot is consistent with conformist cultural transmission (Boyd and Richerson, 1985). The
diagonal shown as a solid black line is consistent with unbiased social learning. Finally, the dashed
lines provide additional points of reference at 0, 0.5, and 1.
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Figure 1.7: Right urn choices by social learners in treatments in which they observed ingroup demon-
strators (results from Nairobi). The points show the rate at which social learners chose the right
urn as a function of the number of demonstrators choosing the right urn in the final round of blocks.
The number of observations is vertically aligned with each point. A and B show treatments in which
social learners are similar to ingroup demonstrators and they observe the ingroup. C and D show
treatments in which social learners are dissimilar to their ingroup and they observe the ingroup. A
and C represent “no cognitive load” treatments (NCL) and B and D show “cognitive load” treatments
(CL). The error bars are 95% bootstrapped confidence intervals which we clustered on social learner.
The gray area in each plot is consistent with conformist cultural transmission (Boyd and Richerson,
1985). The diagonal shown as a solid black line is consistent with unbiased social learning. Finally,
the dashed lines provide additional points of reference at 0, 0.5, and 1.

20



Number demonstrators choosing right

P
ro

po
rti

on
 s

oc
ia

l l
ea

rn
er

s 
ch

oo
si

ng
 ri

gh
t

0 1 2 3 4 5

0
1

NCL, similar to ingroup, observing outgroupA

N = 12
N = 61

N = 145

N = 129
N = 59

N = 19

Number demonstrators choosing right
P

ro
po

rti
on

 s
oc

ia
l l

ea
rn

er
s 

ch
oo

si
ng

 ri
gh

t
0 1 2 3 4 5

0
1

CL, similar to ingroup, observing outgroupB

N = 11
N = 58

N = 139

N = 122
N = 57

N = 18

Number demonstrators choosing right

P
ro

po
rti

on
 s

oc
ia

l l
ea

rn
er

s 
ch

oo
si

ng
 ri

gh
t

0 1 2 3 4 5

0
1

NCL, dissimilar to ingroup, observing outgroupC

N = 19
N = 67

N = 149

N = 130
N = 47

N = 13

Number demonstrators choosing right

P
ro

po
rti

on
 s

oc
ia

l l
ea

rn
er

s 
ch

oo
si

ng
 ri

gh
t

0 1 2 3 4 5

0
1

CL, dissimilar to ingroup, observing outgroupD

N = 19
N = 65

N = 139

N = 124
N = 45

N = 13

Figure 1.8: Right urn choices by social learners in treatments in which they observed outgroup
demonstrators (results from Nairobi). The points show the rate at which social learners chose the
right urn as a function of the number of demonstrators choosing the right urn in the final round of
blocks. The number of observations is vertically aligned with each point. A and B show treatments
in which social learners are similar to the ingroup and they observe the outgroup. C and D show
treatments in which social learners are dissimilar to the ingroup and they observe the outgroup. A
and C represent “no cognitive load” treatments (NCL) and B and D show “cognitive load” treatments
(CL). Error bars are 95% bootstrapped confidence intervals clustered on social learner. The gray area
in each plot is consistent with conformist cultural transmission (Boyd and Richerson, 1985). The
diagonal shown as a solid black line is consistent with unbiased social learning. Finally, the dashed
lines provide additional points of reference at 0, 0.5, and 1.
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Optimal behaviour

We want to further analyse whether the fact that social learners did not respond to social

information equally affected their payoffs. In other words, we ask whether social learners

adapted symmetrically to the different types of social information and thus performed equally

well in choosing the urn containing more marbles of the colour yielding points in the different

treatments. As mentioned previously, the four within-subjects treatments are informationally

equivalent in the sense that social learners have the necessary information to maximise their

payoffs in all four treatments by either following the minority of majority of observed choices.

For both the Zurich and the Nairobi data we run a multivariate logistic regression of social

learners choosing optimally on the centred proportion of demonstrators who chose optimally

and on the treatment dummies (see equation (2) in section 1 in the supplementary materials

for the model). The results are shown in table 1.1.

Based on this regression we conducted pairwise linear hypothesis tests between all eight

treatments, which yields 28 comparisons in total. The results of those pairwise linear hypoth-

esis tests are shown in table 1.2.

The results shown in table 1.1 and table 1.2 support our analysis of the pure behaviour

of social learners. Importantly, social learners often perform better when observing ingroup

demonstrators than outgroup demonstrators, and they sometimes perform better when ob-

serving similar demonstrators than when observing dissimilar demonstrators. Overall, these

findings hold for the Zurich and the Nairobi data, but the results are less clear in the case

of the Nairobi data. When holding the two within-subjects treatments constant, only one

treatment comparison revealed a significantly better performance for participants without

cognitive load when compared with a treatment where cognitive load was implemented. This

was the case for the Zurich data in the treatment where social learners were similar to their

ingroup demonstrators, and they observed outgroup demonstrators.

We also run a regression with the control variables age, gender, and field of study (see

supplementary materials). The control variables age and gender are not significant for the
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Table 1.1: Likelihood of a social learner choosing optimally (log. regression). The omitted
category is dissimilar to ingroup, observing the outgroup, and no cognitive load. The propor-
tion of demonstrators choosing optimally is centered by subtracting 0.5. The third and fifth
columns show 95% confidence intervals. Those are based on robust standard errors clustered
on the social learner (shown in parentheses in the second and fourth columns). Asterisks
denote the level of significance of the p-values: *** p < 0.001; ** p < 0.01; * p < 0.05.

Zurich Nairobi

Parameter Estimate 95 % CI Estimate 95 % CI
Intercept 0.066 [-0.198, 0.330] -0.058 [-0.262, 0.147]

(0.135) (0.104)
Centered proportion of 2.522 *** [2.012, 3.032] 0.138 [-0.232, 0.507]
dem. choosing optimally (0.260) (0.188)
Similar to ingroup, observe 0.624 *** [0.272, 0.977] 0.350 * [0.080, 0.620]
ingroup, no cognitive load (0.180) (0.138)
Dissimilar to ingroup, observe 0.377 * [0.086, 0.669] 0.029 [-0.233, 0.291]
ingroup, no cognitive load (0.149) (0.134)
Similar to ingroup, observe 0.359 * [0.055, 0.664] 0.144 [-0.143, 0.431]
outgroup, no cognitive load (0.155) (0.146)
Similar to ingroup, observe 0.566 ** [0.195, 0.937] 0.165 [-0.128, 0.458]
ingroup, cognitive load (0.189) (0.150)
Dissimilar to ingroup, observe 0.351 [-0.058, 0.760] -0.011 [-0.299, 0.276]
ingroup, cognitive load (0.208) (0.147)
Similar to ingroup, observe -0.053 [-0.456, 0.350] 0.041 [-0.244, 0.326]
outgroup, cognitive load (0.205) (0.145)
Dissimilar to ingroup, observe -0.083 [-0.474, 0.308] -0.191 [-0.474, 0.091]
outgroup, cognitive load (0.199) (0.144)

Zurich and Nairobi data. For the Zurich data we observe that students with natural sciences or

social sciences as their field of study perform significantly better than students with humanities

as their field of study. For the data from Nairobi we do not observe any significant results

associated with the control variable field of study.

23



Table 1.2: Pairwise comparisons of treatments based on the regression shown in table 1.1.
Specifically, we estimate treatment differences and test the linear hypotheses “treatment 1 -
treatment 2 = 0”. Asterisks denote the level of significance of the p-values: *** p < 0.001; **
p < 0.01; * p < 0.05.

Treatment Comparison Zurich Nairobi
Similar Ingroup NCL - Dissimilar Ingroup NCL 0.247 0.321 *
Similar Ingroup NCL - Similar Outgroup NCL 0.265 0.206
Similar Ingroup NCL - Similar Ingroup CL 0.059 0.185
Similar Ingroup NCL - Dissimilar Ingroup CL 0.273 0.362 *
Similar Ingroup NCL - Similar Outgroup CL 0.677 *** 0.309 *
Similar Ingroup NCL - Dissimilar Outgroup CL 0.707 *** 0.541 ***
Similar Ingroup NCL - Dissimilar Outgroup NCL 0.624 *** 0.350 *
Dissimilar Ingroup NCL - Similar Outgroup NCL 0.018 -0.115
Dissimilar Ingroup NCL - Similar Ingroup CL -0.188 -0.136
Dissimilar Ingroup NCL - Dissimilar Ingroup CL 0.026 0.041
Dissimilar Ingroup NCL - Similar Outgroup CL 0.431 * -0.011
Dissimilar Ingroup NCL - Dissimilar Outgroup CL 0.460 * 0.220
Dissimilar Ingroup NCL - Dissimilar Outgroup NCL 0.377 ** 0.029
Similar Outgroup NCL - Similar Ingroup CL -0.206 -0.021
Similar Outgroup NCL - Dissimilar Ingroup CL 0.008 0.156
Similar Outgroup NCL - Similar Outgroup CL 0.412 * 0.104
Similar Outgroup NCL - Dissimilar Outgroup CL 0.442 * 0.335 *
Similar Outgroup NCL - Dissimilar Outgroup NCL 0.359 * 0.144
Similar Ingroup CL - Dissimilar Ingroup CL 0.215 0.177
Similar Ingroup CL - Similar Outgroup CL 0.619 *** 0.124
Similar Ingroup CL - Dissimilar Outgroup CL 0.648 *** 0.356 **
Similar Ingroup CL - Dissimilar Outgroup NCL 0.566 *** 0.165
Dissimilar Ingroup CL - Similar Outgroup CL 0.404 -0.052
Dissimilar Ingroup CL - Dissimilar Outgroup CL 0.434 * 0.180
Dissimilar Ingroup CL - Dissimilar Outgroup NCL 0.351 * -0.011
Similar Outgroup CL - Dissimilar Outgroup CL 0.030 0.232
Similar Outgroup CL - Dissimilar Outgroup NCL -0.053 0.041
Dissimilar Outgroup CL - Dissimilar Outgroup NCL -0.083 -0.191
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Social learning strategies

In addition to the more general analysis of whether and how well the social learners were able

to adjust to the different types of social information in the four treatments, we also wanted to

understand whether the social learners followed specific social learning strategies. To do so, we

categorised social learning into specific strategies. Surprisingly, this analysis on the individual

level does not only reveal variation between participants but also a major difference between

the two groups of participants from Zurich and Nairobi. More precisely, figures 1.9 and 1.10

illustrate two key findings. First, social learners differ in their use of social information. While

many participants exhibit the expected behaviour of following the majority or the minority, a

substantial number of participants follow other strategies. Second, the degree of heterogeneity

is much higher among social learners in Nairobi than in Zurich. The analysis of disaggregated

social learning strategies shown in figure 1.9 and 1.10 is provided for the treatments with

cognitive load in which social learners observed ingroup demonstrators. The analysis for the

other treatments is shown in section 2.2.4 in the supplementary materials.

Panel A in figure 1.9 shows the results for social learners under cognitive load in the

treatment in which they were similar to their ingroup demonstrators and they observed

their ingroup demonstrators. In this treatment it is optimal to always follow the majority

because the likelihood of sharing the winning colour with the observed demonstrators is 90%.

Most social learners in Zurich were aware of this, and they did in fact always follow the

majority of observed demonstrators (see category “Maj”). In contrast, Panel B in figure 1.9

shows the results for social learners under cognitive load in the treatment in which they were

dissimilar to their ingroup demonstrators and they observed their ingroup demonstrators. In

this treatment it was optimal to always follow the minority because the likelihood of sharing

the winning colour with the observed demonstrators was only 10%. Again, most social learners

in Zurich recognised that this strategy was optimal, and they did always follow the minority of

observed demonstrators (see category “Min”). Very few social learners followed social learning

strategies that deviated from following the minority, such as following the majority when it
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was optimal to follow the minority and vice versa (see “Maj” and “Min” categories), or always

choosing the left or right urn irrespective of the demonstrators’ behaviour (category “U”).

The social learners that we could not categorise into “Maj”, “Min”, or “U” are represented

by the �̂k estimate, which is the probability of a social learner choosing the right urn in block

j, given that the centred proportion of demonstrators, xj , chose the right urn. Those social

learners who were more likely to follow the observed demonstrators than doing the opposite

are represented by positive �̂k values. More social learners have positive �̂k values in Panel

A, which is consistent with the optimal strategy in that treatment. In contrast, those social

learners who were more likely to do the opposite than observed demonstrators’ behaviour

are represented by negative �̂k values. Again, the majority of social learners in Panel B

have negative �̂k values which is consistent with the optimal strategy. Social learners with

| �̂k |> 10 responded clearly to demonstrators’ choices, while others did not (Efferson et al.,

2016).

The data from Nairobi shown in figure 1.10 paints a completely different picture than the

data from Zurich. Figure 1.10 shows the same treatments as figure 1.9. Again, the mode

of social learners followed the majority of observed demonstrators when this was optimal

(Panel A) and the mode of social learners followed the minority when that was optimal

(Panel B). Surprisingly, however, a large proportion of social learners followed other social

learning strategies. For example, as can be seen in both Panel A and B, many social learners

in Nairobi always chose either the right or left urn irrespective of observed demonstrators’

behaviour (category “U”). In addition, a high number of social learners could not be categorised

into “Maj”, “Min”, or “U”. Even though none of the �̂k estimates are significant, these results

indicate that social learners in Nairobi exhibited much more variation in social learning than

social learners in Zurich. We explore possible explanations for this in the discussion section.
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Figure 1.9: Disaggregated social learning strategies (results from Zurich). Always following the minority
choice among demonstrators is labeled as “Min” type. Always following the majority is a “Maj” type. A social
learner who always chose left or always chose right irrespective of demonstrators’ behaviour is described as a
“U” type (Unconditional). Some social learners did not fall into one of these three categories. For those we
estimated the social learning function in the following way. Let Yjk 2 {0, 1} indicate if social learner k chose
the right urn in block j, and let xj be the centred proportion of demonstrators choosing the right urn. �̂k

was estimated by fitting P (Yjk = 1) = exp{�kxj}/(1 + exp{�kxj}) with maximum likelihood. Panel A shows
distributions over types for the blocks in which social learners in the cognitive load treatment are similar to
their ingroup and they observe ingroup demonstrators. Panel B shows the blocks in which social learners
in the cognitive load treatment are dissimilar to their ingroup and they observe ingroup demonstrators.
Gray bars would show �̂k estimates significant at the 5% level. There are no significant estimates. Social
learners who followed the minority (Min) or majority (Maj) and social learners with extreme values of �̂k (e.g.
| �̂k |> 10) clearly responded to social information, while the rest did not.
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Figure 1.10: Disaggregated social learning strategies (results from Nairobi). Always following the minority
choice among demonstrators is labeled as “Min” type. Always following the majority is a “Maj” type. A social
learner who always chose left or always chose right irrespective of demonstrators’ behaviour is described as a
“U” type (Unconditional). Some social learners did not fall into one of these three categories. For those we
estimated the social learning function in the following way. Let Yjk 2 {0, 1} indicate if social learner k chose
the right urn in block j, and let xj be the centred proportion of demonstrators choosing the right urn. �̂k

was estimated by fitting P (Yjk = 1) = exp{�kxj}/(1 + exp{�kxj}) with maximum likelihood. Panel A shows
distributions over types for the blocks in which social learners in the cognitive load treatment are similar to
their ingroup and they observe ingroup demonstrators. Panel B shows the blocks in which social learners
in the cognitive load treatment are dissimilar to their ingroup and they observe ingroup demonstrators.
Gray bars would show �̂k estimates significant at the 5% level. There are no significant estimates. Social
learners who followed the minority (Min) or majority (Maj) and social learners with extreme values of �̂k (e.g.
| �̂k |> 10) clearly responded to social information, while the rest did not.
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1.4 Discussion

One of our main hypotheses was that cognitive load induces heterogeneity in social learning

and causes social learning to be less adaptive. Surprisingly, this was not the case. A potential

explanation could be that our cognitive load manipulation did not work. However, our results

show that the cognitive load manipulation worked (see supplementary materials 2.2.1). We

also think that the potential explanation based on the results of the questionnaire mentioned

in section 1.3.1 is unlikely. However, we do not currently have the data to completely rule

out the possibility that certain social learners in the NCL were distracted to some extent

if they tried to memorise the numbers. Studies trying to implement the same experimental

design could add more questions to the questionnaire to find out more about the thought

processes and motivations of the participants. A better approach is most likely to modify

the design in future studies to further reduce the likelihood of social learners in the NCL

treatment attempting to memorise the numbers. For instance, one could remove the step in

which the social learners in the NCL treatment are shown the 7-digit numbers. This step

could be replaced by a pop-up window showing a countdown of the seconds corresponding to

the 8 seconds in which the social learners have to memorise the numbers in the CL treatment.

A completely different explanation for the observation that cognitive load did not affect

behaviour is that certain social learning biases might be too robust for cognitive load to

matter. Importantly, we designed four informationally equivalent treatments in the following

sense. The social learners received all the necessary information to always choose the optimal

strategy, that is to follow either the minority or the majority of the observed demonstrators.

If social learners realise this, they could in principle adjust symmetrically between the four

different treatments to maximise payoffs in each treatment. However, this would not be

the case if social learners have a developed social cognition that strongly biases them to

learn more easily from certain types of social information than from others (Efferson et al.,

2016). For example, social cognition might have evolved under conditions in which individuals
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were similar to individuals from whom they learned in crucial ways, such that it was always

beneficial to follow the majority. Importantly, the four informationally equivalent treatments

only vary by whether participants are shown the choices of ingroup or outgroup demonstrators

and by the level of similarity to the ingroup demonstrators. We did this to examine whether

social learners exhibit biases towards the ingroup, towards demonstrators with high similarity,

or both.

Specifically, if we observe that social learners do not adapt symmetrically between the

four informationally equivalent treatments and cognitive load does not influence this effect,

one possible explanation is that social learners are cognitively biased to learn more easily

from the social information provided in certain treatments than in others. Observing such

robust biases does, however, contradict the findings of recent empirical research which found

that individuals are quite flexible in their use of social information (Efferson et al., 2016;

Bellamy et al., 2022). What we found is that social learners might be especially prone to

ingroup bias. The fact that social learners managed relatively well to distinguish between

similar and dissimilar demonstrators when observing ingroup demonstrators, but not when

observing outgroup demonstrators, suggests the following hypothesis. Human psychology

may have evolved to be more attuned to social cues from ingroup members due to frequent

interactions with them. This hypothesis is consistent with the evidence for ingroup favouritism

and outgroup aversion, which shows that it is easier for individuals to trust, interact and

cooperate with ingroup members than with outgroup members (Bernhard et al., 2006; Efferson

et al., 2008; Romano et al., 2017; Smaldino et al., 2017; Romano et al., 2024). Importantly,

recent studies indicate that individuals rely more on social information from ingroup members

than from outgroup members (Buttelmann et al., 2013; Howard et al., 2015; Kang et al., 2021;

Zou and Xu, 2023). Many of these studies are conducted with infants, reinforcing the idea

that humans’ superior ability to evaluate social information from ingroup members could

stem from an evolutionary predisposition to prioritise interpreting and integrating cues from

familiar sources, which are perceived as more reliable.
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However, our results should be interpreted with caution due to possible limitations, in-

cluding the abstract use of minimal groups based on symbols (Diehl, 1990). Minimal groups

may not fully capture the complexity of real-world group dynamics and social identities, which

could influence the observed ingroup bias. Importantly, since we only simulate an abstraction

of group membership, it is possible that the observed behaviour is not due to a cognitively

evolved ingroup bias. Instead, general learning mechanisms may explain why social learners

struggle to adopt optimal strategies when observing outgroup demonstrators compared to

ingroup demonstrators. We indicated similarity regarding the winning colour by informing

social learners whether they were very similar or dissimilar to ingroup demonstrators. Par-

ticipants also learned that ingroup and outgroup demonstrators received points for different

colours, meaning that in any given block, the optimal urn for one group is the opposite of

the other. Thus, observing ingroup demonstrators requires only one cognitive step, whereas

observing outgroup demonstrators necessitates two steps. For example, if a participant knows

she is similar to ingroup demonstrators in a certain block but observes outgroup demonstra-

tors, she must deduce that she is not similar to the observed demonstrators because the two

groups earn points for different colours.

The cognitive efforts required to make this logical inference might also help explain the

most interesting finding in our study, namely that the degree of heterogeneity in social learning

is much higher in Nairobi than Zurich. In our experiment this means that a higher fraction of

social learners in Nairobi followed suboptimal social learning strategies than in Zurich. One

potential explanation for this difference between participants coming from the two subject

pools in Zurich and Nairobi might be cultural. Cultural factors, both historical and recent,

may cause people in Kenya to respond more strongly to social information from ingroup

members than from outgroup members, regardless of other available information. And this

response might be more pronounced than the Swiss tendency to react to the behaviour of

ingroup versus outgroup members. Unfortunately, our data is insufficient to support this

cultural explanation. Disentangling the effects of culture on behaviour is very challenging.
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Recent studies in cultural evolution have begun using innovative approaches, such as regression

discontinuity at language borders (Faessler et al., 2024). Future research on social learning

biases could benefit from adopting these methods.

Beyond cultural differences, other factors may explain why social learning heterogeneity

is significantly higher in Nairobi than in Zurich. As noted, social learners were given time

during the instructions to understand the optimal strategies for each of the four treatments

involving different types of social information. However, the quiz results indicate that this

understanding varied among participants. At the end of the instructions, we tested partic-

ipants’ comprehension with a quiz, focusing on their first attempts (see section 3.7 in the

supplementary materials). A majority of social learners in both Zurich and Nairobi answered

all or most quiz questions correctly on their first attempt. For instance, 65% of the partici-

pants in Zurich and 79% in Nairobi correctly identified when they would earn points for the

same colour of marbles as their ingroup. However, only about 42% of participants in Nairobi

correctly answered that the demonstrators from the two groups received points for opposite

colours on their first attempt, compared to 80% in Zurich.

Participants were given explanations for incorrect answers and had to retake the quiz

until they answered correctly. However, the initial misunderstandings in Nairobi might have

led to suboptimal learning strategies in the outgroup treatments. Our data on participants’

fields of study provide further insights into these results. Specifically, a higher proportion

of social learners in Zurich study natural sciences compared to those in Nairobi. Although

this is not equivalent to an IQ test, students in natural sciences, including those studying

mathematics, which we categorised under natural sciences, may be more accustomed to solving

logical problems. If the observed outcomes are not due to an ingroup bias but rather require

general learning mechanisms to infer optimal strategies in the outgroup treatments, then

this familiarity could help students in the natural sciences in Zurich more easily grasp the

strategy of following the majority of outgroup demonstrators when they are dissimilar to

ingroup members compared to their Nairobi counterparts. Indeed, participants studying
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natural sciences in Zurich achieved the highest fractions of correct first attempts across all

quiz questions, outperforming their peers from other study fields in Zurich and all students

in Nairobi (see Tables 6 and 7 in Section 3.7 of the supplementary materials).

Our study cannot entirely rule out the possibility that the observed ingroup bias and

differences between the two subject pools are attributable to general learning mechanisms,

such as educational background or variations in understanding the instructions. To address

these potential confounding factors, future studies could incorporate IQ tests and expand the

questionnaire to account for influences beyond social cognition that might affect behaviour.

Importantly, to better understand the gene-culture interactions in evolved social cognition,

future research should focus on making group identities more salient and credible instead of

relying on minimal groups using abstract symbols (Diehl, 1990). One promising approach

is to use group memberships based on political affiliation, as this group marker seems to

elicit strong responses (Ehret et al., 2022). Therefore, a straightforward improvement to

our study design and similar research on social learning biases would be to replace abstract

symbols with real-world group markers. Laboratory studies using this approach could be

combined with field studies to enhance external validity. The increasing political polarisation

surrounding climate change debates (Falkenberg et al., 2022) provides an urgent context

for exploring how individuals respond to social cues from ingroup versus outgroup members.

This polarisation may be further intensified by the spread of misinformation, which frequently

accompanies climate change discussions (Treen et al., 2020). Examining these dynamics is

particularly relevant for social learning research, as evolved cognitive biases can amplify the

acceptance of unfounded beliefs (Efferson, McKay and Fehr, 2020; Sulik et al., 2021). Hence,

future studies could for example investigate whether individuals are more adept at recognising

misinformation on social media from their political peers before adopting it, compared to

recognising it from their political outgroup.
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1.5 Conclusion

We show that individuals display considerable variation in their responses to social informa-

tion. This diversity in social learning may be rooted in evolved social cognition or general

learning mechanisms. Importantly, these individual-level variations lead to substantial dis-

tinctions in the distribution of social learning strategies at the group level. The greater

heterogeneity in social learning observed in Nairobi compared to Zurich might be partially

explained by cultural factors, educational backgrounds, or differing levels of comprehension

during the experiment. If cultural factors explain why individuals vary in social learning,

our study underscores the importance of expanding cultural evolution research beyond the

predominantly Western populations typically studied (Henrich et al., 2010).

However, even if other factors besides culture contribute to the diversity in social learn-

ing, our study suggests that future research involving diverse subject pools will be crucial.

Behavioural variation between groups plays a crucial role in cultural group selection (Henrich

and Boyd, 1998; Henrich, 2004). Improving our understanding of the mechanisms at the in-

dividual level that lead to group-level patterns might help us better comprehend why social

norm changes can or cannot occur (Efferson et al., 2023). This insight is not only valuable

from a theoretical standpoint but also has significant implications for applied research. An

urgent area is climate change, where debates are often linked to political affiliations and are

becoming increasingly polarised (Falkenberg et al., 2022). Such divisions along normative

lines, especially when tied to group identities, could hinder cultural shifts toward sustainable

norms (Efferson, Vogt and Fehr, 2020; Ehret et al., 2022). A combination of basic research

on social learning involving different subject pools, as in this study, and field studies focusing

more on cultural mechanisms is most likely needed to address the challenges associated with

the transition to a sustainable future (Efferson et al., 2023; Constantino et al., 2022). We

therefore suggest that the research presented here should be considered as one of the first

steps of such a potential research agenda.
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Abstract

Discussions of the environmental impact that revolve around monetary incentives and other easy-

to-measure factors are important, but they neglect culture. Pro-environmental values will be crucial

when facing sustainability challenges in the Anthropocene, and demand among green consumers is

arguably critical to incentivise sustainable production. However, due to asymmetric information,

consumers might not know whether the premium they pay for green production is well-spent. Reliable

monitoring of manufacturers is meant to solve this problem. To see how this might work, we develop

and analyse a game theoretic model of a simple buyer-seller exchange with asymmetric information,

and our analysis shows that greenwashing can exist exactly because reliable monitoring co-exists

with unreliable monitoring. More broadly, promoting pro-environmental values among consumers

might even amplify the problem at times because a manufacturer with significant market power can

exploit both consumer preferences for sustainability and trustworthy monitoring to gouge prices and

in extreme cases green wash in plain sight. We discuss several strategies to address this problem.

Promoting accurate beliefs and a large-scale behavioural change based on pro-environmental values

might be necessary for a rapid transition to a sustainable future, but recent evidence from the cultural

evolution literature highlights many important challenges.

Keywords: cultural evolution, frequency-dependent social learning, conformity, ingroup bias, simi-

larity bias, cognitive load
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2.1 Introduction

A few years ago, one of us happened to be in the room when a member of staff at a large

international firm based in Switzerland gave a presentation. The grand theme of the pre-

sentation was sustainability. In practical terms, however, the presentation centred largely

around certification programmes designed to identify goods that have been sustainably pro-

duced. After some introductory remarks about changing consumer preferences for socially

and environmentally responsible production, and the need for firms to respond, the real star

of the presentation appeared.

Specifically, the firm in question, like many others (Giuliani et al., 2017), had recently

introduced its own in-house certification programme, a kind of proprietary imprimatur to

signal that the consumer could buy the firm’s self-certified products in good conscience. The

staff member giving the presentation offered in-house certification as a great innovation, a

win-win mechanism for everyone up and down the supply chain, from primary manufacturers

to end consumers. She largely ignored the obvious counterargument. Namely, in-house certi-

fication faces a credibility problem. It allows the firm to obscure the criteria for certification,

and it allows the firm to obscure the protocols for verifying that manufacturers have actually

met the criteria in place, whatever they may be. In-house certification, in short, is vulnera-

ble to greenwashing. Greenwashing may undermine the meaning of certification for the end

consumer and by extension call into question the value of in-house certification for the firm.

That said, how exactly do incentives work when consumers face a suite of certification

schemes, some of which are relatively credible, and some of which are not? A number of

recent papers have highlighted the possibility that a sustainable future will require the kind

of large-scale behaviour change that follows when social norms change (Nyborg et al., 2016;

Brooks et al., 2018; Farmer et al., 2019; Travers et al., 2021; Constantino et al., 2022). One

version of this argument is that consumer populations undergo a cultural evolutionary process

that causes sustainability preferences to spread. After this has happened, consumers can
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exert pressure up supply chains via their purchasing power and in turn force firms to respond

(Aghion et al., 2020).

This sounds like an important mechanism, but verification and enforcement present key

challenges. Many consumers may be willing to pay a premium for sustainably produced goods,

but they cannot or will not invest the substantial time and energy necessary to verify that

the goods in question were in fact sustainably produced (Young et al., 2010). This is where

certification schemes enter the picture (Giovannucci and Ponte, 2005; Valkila et al., 2010).

Product labels based on such certification schemes are meant to help consumers make informed

buying decisions (Golan et al., 2001). However, it might often be difficult for consumers to

verify the information provided by labels.

Credibility and reliability are not only questionable for in-house certification. Even with

third-party certifications, the reliability of verifying the production process is not always

perfect (Crespi and Marette, 2003b; Nilsson et al., 2004; Crespi and Marette, 2005). Impor-

tantly, when a market like the food market is flooded with eco-labels, consumers can become

overwhelmed and confused by the multitude of similar labels that all indicate sustainable

production (Crespi and Marette, 2003b; Nilsson et al., 2004; Horne, 2009). In other words,

consumers generally possess less information about the reliability of monitoring and the pro-

duction processes than manufacturers, regardless of the label in question (Golan et al., 2001;

Horne, 2009). To the extent that certification is unreliable and information asymmetry exists,

greenwashing may be possible (Walker and Wan, 2012; Bowen, 2014; Marquis et al., 2016;

Seele and Gatti, 2017).

Hence, we ask the following questions. What effect does unreliable monitoring have when

combined with culturally evolved preferences for sustainability among consumers and man-

ufacturers? Does unreliable monitoring contaminate reliable programmes, undermine trust

in monitoring in general, and thus limit the willingness of consumers to pay a premium for

sustainable production? Alternatively, do unreliable schemes ride the coat tails of reliable

schemes, which would mean that consumers enrich greenwashing firms by paying a premium
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for unsustainable production?

To address those questions, a setting many readers will perhaps recognise from their

daily lives, we develop and analyse a game theoretic model of a simple buyer-seller exchange

with asymmetric information. The basic structure of the model is straightforward. The

manufacturer makes two choices, namely the extent to which production is sustainable and

the asking price for the good. The consumer does not observe the extent to which production is

sustainable. Rather, she only observes the asking price, and after doing so she chooses either to

buy the good or not. Although the consumer does not directly observe production, production

is subject to one of two types of certification. On the one hand, certification is reliable in the

sense that the manufacturer pays an enormous cost if she chooses low sustainability and a

high price. On the other hand, certification is unreliable, and a high price does not necessarily

indicate sustainable production.

Thus, our model represents a version of a well-known problem. In particular, there is a

large literature studying the effects of asymmetric information on buyer-seller exchange, where

the manufacturer knows the production process but the consumer does not (Darby and Karni,

1973; Laffont and Maskin, 1987). We want to examine this problem applied to greenwashing.

The interest in studying greenwashing with economic analysis is relatively recent (Kirchoff,

2000; Lyon and Maxwell, 2011). One focus in this literature seems to lie on regulations.

Examples include mandatory certifications and punishments in case the conditions of third-

party certifications are violated (Kirchoff, 2000; Gatti et al., 2019; Garrido et al., 2020). In

addition, competition among firms and green preferences among consumers are thought to

put sufficient pressure on firms to produce sustainably (Aghion et al., 2020). Common among

all those studies is the understanding of the firm as a profit-maximising agent who does not

care about sustainability. This view stands in contrast to the literature on corporate social

responsibility, which explicitly addresses the possibility that firms have values that extend

beyond profit maximisation (Bénabou and Tirole, 2010). Corporate social responsibility is

offered as a possible way to address the issue of greenwashing (de Freitas Netto et al., 2020).
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However, to the best of our knowledge, integrating sustainability preferences of both the

customer and manufacturer in a game theoretic model to analyse greenwashing is a novel

approach that has not been previously explored. Importantly, the manufacturer and the con-

sumer do not necessarily have the same preferences for sustainability in our model. In this

sense, apart from the normal tension in any buyer-seller exchange with asymmetric infor-

mation (Kirchoff, 2000; Garrido et al., 2020), we introduce an additional potential source of

tension by allowing the two parties to disagree about the value of sustainable production.

In a model similar to ours, the firm and the consumer both have different types of prefer-

ences linked to corporate social responsibility investments, but those preferences are not both

specifically linked to sustainability (Wu et al., 2020). Further, the focus in that study lies

on economic aspects such as different degrees of information asymmetry, the consumer’s bar-

gaining power, and budget constraints. In contrast, we emphasise how cultural evolution of

pro-environmental preferences and beliefs affect greenwashing.

Linking the discussion of greenwashing to the literature on cultural evolution is our main

goal. The array of domains where cultural evolutionary theory is applied to policy is quite

spectacular (Efferson et al., 2023). However, as far as we know, there do not exist any studies

in the cultural evolution literature on the topic of greenwashing. Crucially, here we do not

explicitly model the cultural evolution of sustainability preferences (Waring et al., 2017; Kline

et al., 2018). We simply treat these preferences as parameters in the utility functions of the

two types of agent. This allows us to analyse the model under different parameter values as

a kind of comparative statics exercise. Our task is to examine how these preferences, once in

place, shape incentives for sustainable production when manufacturers know what production

methods they are using, but consumers do not.

In our model, the consumer’s beliefs are crucial to determine the circumstances under

which pro-environmental values of the consumer and the manufacturer can prevent green-

washing. What happens, however, if beliefs get distorted? We look at the effects on sustain-

able production when cultural evolution of beliefs causes subjective probabilities to deviate
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from objective probabilities (Efferson, McKay and Fehr, 2020).

More generally, we discuss recent evidence on the cultural evolution of beliefs and pro-

environmental values and link them to the type of buyer-seller exchange with asymmetric

information described above. With this discussion, we want to highlight some of the challenges

that must be overcome culturally to address the threats that greenwashing poses to any

transition to a sustainable future.

2.2 Applied cultural evolution

An interesting concept discussed in the cultural evolution literature is that a benevolent social

planner can recruit endogenous evolutionary mechanisms to initiate cultural change for good

(Efferson, Vogt and Fehr, 2020; Berger et al., 2023; Schimmelpfennig et al., 2021; Travers

et al., 2021; Constantino et al., 2022; Ehret et al., 2022; Schimmelpfennig and Muthukrishna,

2023; Efferson et al., 2023). While regulations and economic incentives are certainly important

mechanisms to address the issue of greenwashing, a social planner could try to intervene in

the cultural evolution of behaviours related to sustainability. Our model accounts for two

individual characteristics that might be relevant in this regard, namely pro-environmental

values and beliefs. Before analysing our model, we want to highlight some challenges that

a social planner might face when she tries to improve the accuracy of beliefs or increase

pro-environmental values in the population.

2.2.1 Cultural evolution of beliefs

In today’s digital society with countless online platforms, people face both opportunities and

risks associated with learning from others. A social planner who does not want to resort to

extreme measures such as banning certain communication platforms might nevertheless be

interested in providing incentives to curb the spread of misinformation (Treen et al., 2020).

Importantly, recent insights from the cultural evolution literature point to several mechanisms

that might prove critical for such a policy intervention. A consumer’s belief can be influenced
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by the social information available in her network and the way the network is structured. The

accuracy of information often increases in more decentralised networks, while the wisdom

of crowds can be distorted in more centralised networks (Golub and Jackson, 2010; Becker

et al., 2017). In addition to network features, cognitively evolved biases, such as frequency-

dependent social learning, or the cognitive attraction to certain types of information, can

potentially cause people to adopt mistaken beliefs or misinformation (Acerbi, 2019; Efferson,

McKay and Fehr, 2020). The spread of misinformation might be amplified through homophily,

polarisation, and echo chambers (Del Vicario et al., 2016; Treen et al., 2020). These insights

suggest several potential ways of improving the diffusion of accurate beliefs. A social planner

could for example incentivise critical thinking and warn people about misinformation (Treen

et al., 2020). Alternatively, she could act preemptively and rely on social learning mecha-

nisms, such as prestige bias, by recruiting influential people and having them share accurate

information (Banerjee et al., 2020).

In our analysis, we will compare benchmark cases in which the consumer forms accurate

beliefs by matching the objective probabilities in the game, to situations in which the consumer

has subjective beliefs that deviate from the objective probabilities.

2.2.2 Cultural evolution of pro-environmental values and norms

A large-scale change in behaviour might be necessary if we want to achieve a sustainable future

(Nyborg et al., 2016; Brooks et al., 2018; Farmer et al., 2019; Otto et al., 2020; Travers et al.,

2021; Constantino et al., 2022). Hence, a better understanding of the mechanisms underlying

social tipping dynamics could be critical (Bentley et al., 2014; Nyborg et al., 2016; Berger

et al., 2023; Constantino et al., 2022; Efferson et al., 2023). The idea of social tipping is that

once a critical mass of people commit to a particular behaviour, a self-reinforcing dynamic

can be set in motion that transforms the behaviour into a new social norm (Gladwell, 2000;

Constantino et al., 2022).

In the analysis we discuss further below, we model only one consumer. The consumer in
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our model can care a lot or not at all about sustainability. In other words, our model might

be interpreted as a comparison between a world with a minority of consumers having strong

pro-environmental values to one where a majority cares about the environment.

Importantly, there are several challenges that threaten such a transition to a world with

a majority of the consumer population caring about sustainability. Recent evidence points to

a number of factors that may prevent tipping. Among those are group identities, out-group

aversion, certain institutional settings, and heterogeneous forms of social learning (Smaldino

et al., 2017; Efferson, Vogt and Fehr, 2020; Andreoni et al., 2021; Berger et al., 2023; Smaldino

and Jones, 2021; Ehret et al., 2022; Efferson et al., 2023). Despite those insights helping us

understand tipping dynamics better, the complexity of tipping could be much greater than

we have assumed so far (Constantino et al., 2022; Efferson et al., 2023).

Given the complexity of tipping mechanisms, the question is, What can a social planner

do to initiate the rapid cultural transition to a sustainable future that is so urgently needed?

Clearly, we need more research to improve our understanding. However, simply waiting

for better insights from research is not practical given the urgency of many environmental

problems. An important insight that can inform a social planner who wants to act now is the

idea that pre-existing values and preferences in a population are often much more important

than the indirect effects that follow a policy intervention Efferson, Vogt and Fehr (2020).

Importantly, mechanisms of indirect effects such as social learning can be so complex that it

is impossible to predict tipping dynamics Efferson et al. (2023).

An approach of inducing a change in pre-existing values and preferences that has recently

gained interest in the cultural evolution literature is edutainment (Efferson et al., 2023).

Edutainment is a communications strategy that combines education and entertainment. The

advantage of this approach is that today’s technologies make it possible to reach most people

at low costs and avoid biased targeting of interventions (DellaVigna and La Ferrara, 2015;

La Ferrara, 2016). Avoiding biased targeting of interventions is important because biased

targets in general, and amenable targets in particular, seem to reduce the effectiveness of an
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intervention (Efferson, Vogt and Fehr, 2020; Efferson et al., 2023).

The discussion on the cultural evolution of beliefs makes it clear that edutainment also

carries the danger of being misused to spread misinformation. Therefore, a policy intervention

based on edutainment should be accompanied by careful efforts to avoid the diffusion of

misinformation.

2.3 Buyer-seller exchange with information asymmetry and het-

erogeneous sustainability preferences

We model a trade interaction between two agents. The manufacturer-retailer in our model

combines the decision making of both a manufacturer and a retailer. This agent makes choices

about production and prices. We can think about this type of agent as either a single entity,

such as a small-scale farmer, or a long-standing and stable partnership between a manufacturer

and retailer who coordinate their choices with respect to the end consumer. In what follows,

we refer to the manufacturer-retailer as the manufacturer for short and we indicate this type

of agent with the subscript m. The second type of agent is the consumer, which we indicate

with subscript c. Agents of both types have a preference for sustainability. We capture these

preferences with ↵ � 0 for the manufacturer and with � � 0 for the consumer. Importantly,

manufacturer and consumer preferences can be different. We allow for this possibility because

a key question concerns what happens when culturally evolved preferences and norms are

heterogeneous and do not align in trade interactions. This is a one-shot game, where one

manufacturer produces and sells one product to one end consumer. The manufacturer chooses

the sustainability of production, s � 0, and a price, p > 0. The consumer observes the price

but not the sustainability level. The action space for the consumer is b 2 Ac = {0, 1}.

Specifically, after observing the price, the consumer makes a buying decision, where b = 0

means “not buying” and b = 1 “buying”. Not buying the product is equivalent to dropping

out of the trade interaction. In that case, the consumer gets a utility associated with an
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outside option, u0c . We make the simplifying assumption that the manufacturer does not

have an outside option. If the consumer does not buy the product, the manufacturer absorbs

the cost of the production that has already occurred but receives no price. We derive the

following utility function for the manufacturer, where the “0” superscripts on u indicate that

the consumer does not buy, and the “1” superscripts on u indicate that the consumer buys.

um(s, p, | b) = b[u1m] + (1� b)[u0m]

um(s, p, | b) = b[p� s+ ↵s] + (1� b)[�s+ ↵s].
(2.1)

This is a unit-free version of the model derived from a dimensional analysis (Supplementary

Information). In short, s is the sustainability level chosen by the manufacturer, and it enters

her utility function once associated with a cost, which is normalised to one, and once associated

with a utility based on her sustainability preference, ↵. Thus, from the manufacturer’s point

of view, increasing the sustainability level leads to higher costs but may also yield higher

utility if her sustainability preference is sufficiently strong. We assume a maximum level of

sustainability, s̄ > 0, that the manufacturer can choose.

Sustainability and price are binary choice variables. Specifically, we define an exogenous

cut-off value for prices such that pL < pH . Similarly, we define an exogenous cut-off value for

sustainability, such that sL < sH , where we assume sH  s̄. In other words, for simplicity,

we assume here that the product produced and sold by the manufacturer can be classified as

having either high or low sustainability. A similar simplification is assumed for the price.

The reason for defining low and high levels for sustainability and prices is that prices can

act as signals for sustainability in our model. Importantly, the consumer does not observe the

manufacturer’s choice of sustainability, but she observes the price. The notion that prices can

be used effectively as signals for quality and sustainability is supported by research (Rao and

Monroe, 1989; Kirmani and Rao, 2000; Shiv et al., 2005; Mahenc, 2008; Brécard et al., 2009).

This signalling function of prices might be especially relevant when the market of a given sector
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becomes flooded with eco-labels, and consumers become overwhelmed and confused by the

multitude of similar labels all indicating sustainable production (Crespi and Marette, 2003b;

Nilsson et al., 2004; Horne, 2009). Hence, this setting, where prices are the only signals

for sustainability, is one possible interpretation of our model. This idea is consistent with

the observation that goods marketed as sustainably produced often involve a price premium

(Nimon and Beghin, 1999; Mahenc, 2008). An alternative interpretation is that prices in our

model are a simplified way of modelling both a label and the price itself. In that case, in

addition to acting as a price itself, a relatively high price can also be understood as a label for

a relatively high sustainability level. Conversely, a relatively low price can also be perceived

as labelling a relatively low sustainability level.

Depending on the consumer’s beliefs and other specifications in the game, prices can act

as signals because of the following aspect of our model. We assume an outside authority

who is either highly reliable or unreliable in monitoring the manufacturer’s choices. Only

the manufacturer is able to observe the level of reliability, and so she has an informational

advantage over the consumer. Specifically, if reliability is high, a manufacturer who chooses

a high price, pH , but low sustainability, sL, receives a large punishment, which essentially

renders the manufacturer’s payoff �1. If reliability is low, there is an incentive for the

manufacturer to exploit her information advantage and opt for low sustainability and a high

price without having to fear the risk of a penalty. Intentional and misleading signals of

sustainable production like this represent one form of greenwashing (Seele and Gatti, 2017).

Following this definition, we will refer to the term greenwashing in the rest of this text as

fraudulently signalling high sustainability with a high price, while in reality choosing low

sustainability. Regardless of the reliability, a manufacturer can choose a low price and high

sustainability or a high price and high sustainability without any punishment. Whatever the

incentives facing the manufacturer, the consumer can condition her buying decision on the

price of the good and any inferences she draws from the price.

We define the following utility function for the consumer, where b again acts as a dummy
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variable determining whether the consumer receives the utility for buying the product or for

not buying the product. The “0” superscripts on u indicate that the consumer does not buy.

If the consumer does buy, we use the “1” superscripts on u.

uc(b | s, p) = b[u1c ] + (1� b)[u0c ]

uc(b | s, p) = b[⇡ � p+ �s] + (1� b)[u0c ].
(2.2)

The parameter ⇡ represents the consumer’s maximum willingness to pay for a convention-

ally produced product with s = 0. For the moment, we do not further specify the outside

utility, u0c , of the consumer. This outside utility can take any value, and we will discuss how

different values can lead to different equilibria. We will introduce a more specific definition

of the consumer’s outside option at a later point.

The utilities shown in equations 2.1 and 2.2 represent utilities that occur when the con-

sumer chooses to buy or not to buy the product. Note, however, that the two types of agents

base their decisions in the game on expected utilities. Those expected utilities are determined

by the agents’ beliefs. For instance, the consumer has a prior belief that the reliability of the

monitoring authority is low. By extension, the consumer has a prior belief that the reliabil-

ity is high. More generally, the consumer has prior beliefs about every move in the game,

which is shown in Figure 2.1. She uses Bayesian updating to form posterior beliefs about

the sustainability of production after observing the producer’s chosen price (section 3 in the

supplementary materials). The consumer buys if her expected utility from buying weakly

exceeds the value of her outside option.

E[u1c(b = 1 | p)] � u0c . (2.3)

In other words, even though the consumer does not observe the sustainability level chosen

by the manufacturer during the game and has to base her buying decision on expected utilities,
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she will learn the true sustainability level after choosing to buy the product. As we analyse

a one-shot game, this aspect of our model can be understood in the following way. The

end of the game represents the long term result of the trade interaction, at which point the

consumer has gained enough information to know the manufacturer’s production process. In

the discussion section we suggest an alternative modelling approach in a repeated setting.

2.3.1 Game sequence

The game unfolds according to the following sequence, which is also shown in Figure 2.1.

First, Nature draws a level of reliability, R = {rL, rH}. Defining this move in the game as

Nature’s draw is a way of modelling incomplete information as imperfect information. In other

words, the fact that the consumer does not observe the specific level of monitoring reliability is

modelled as the consumer not observing a given move in the game. We refer to low reliability

with “rL” and we refer to high reliability with “rH ”. Specifically, rL is drawn with probability

g and rH is drawn with probability (1� g). The manufacturer observes Nature’s choice and

then chooses a sustainability level, s � 0. The manufacturer then chooses a price, p > 0. The

action space of the manufacturer is Am = {(sL, pL), (sL, pH), (sH , pL), (sH , pH)}. Finally, the

consumer observes the price, but not the sustainability level, and then chooses to buy if her

expected utility from buying weakly exceeds the value of her outside option, u0c .

Figure 2.1 shows our buyer-seller exchange game of incomplete information, which is

modelled as a game of imperfect information in which Nature chooses the reliability of an

outside monitoring authority.

2.3.2 Game analysis

In our model, the manufacturer and consumer can have different preferences for sustainability.

A case of particular interest is when the manufacturer does not care about sustainability,

but the consumer does. We compare this scenario to benchmark cases where preferences

align. Specifically, two benchmark cases are relevant (see sections 7.1 and 7.2 in the online
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[1� g] : rH

Consumer Consumer Consumer Consumer

Figure 2.1: The game tree. The quantities g, µ, ⌘, �, ✓, �, and � all specify subjective priors
for the consumer along different paths through the game tree. The green dashed line connects
four nodes that form one information set, and the blue dashed line connects four nodes that
form the other information set.

supplementary materials). In one case, both the manufacturer and the consumer care little

about sustainability. In this case, an equilibrium can exist in which the manufacturer sells

cheap products with low sustainability to the consumer who is happy to buy (see section

7.1.3 in the online supplementary materials). In the other case, both the manufacturer and

the consumer have sufficiently strong preferences for sustainability. In that equilibrium, the

manufacturer sells highly sustainable products at high prices under both levels of reliability

to a consumer who is happy to buy (see section 7.2.4 in the online supplementary materials).

What happens, however, when the manufacturer cares little about sustainability, but the

consumer cares a lot? In this situation (section 7.1 in the online supplementary materials), two
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perfect Bayesian pooling equilibria exist in which the manufacturer chooses a high price under

both levels of reliability. Specifically, the manufacturer subject to a monitoring authority with

low reliability chooses low sustainability and a high price, and the manufacturer subject to

a highly reliable monitoring authority chooses high sustainability and a high price. These

equilibria exist if the consumer’s expected utility for purchasing the product after observing

a high price is at least as large as the utility from her outside option. The two equilibria of

this sort are slightly different (section 7.1 in the online supplementary materials). In one, the

expected utility for buying after observing a high price is at least as large as the outside option

for the consumer, but the expected utility for buying after observing a low price is strictly

smaller. In the second equilibrium, the outside option is worse than the expected utilities for

buying after observing any price.

Crucially, however, in both cases the consumer’s tolerance of getting an expensive product

with low sustainability increases as her preference for sustainability increases. In other words,

strong pro-environmental values of the consumer sustain the value of greenwashing for the

manufacturer. This result seems quite surprising at first glance. It is less surprising when

looking at the equilibrium analysis more closely. Doing so clarifies how a manufacturer who is

monitored with low reliability, when facing a consumer with strong sustainability preferences,

can exploit information asymmetries to green wash.

First, we derive the consumer’s expected utility for buying the product after observing

a high price because this is the price choice in the two mentioned perfect Bayesian pooling

equilibria. The consumer’s expected utility is based on her prior beliefs about the moves in

the game. The consumer’s belief that the manufacturer has chosen low sustainability, after

observing a high price, can be represented by the following conditional probability,

P (sL | pH) =

[gµ(1� �)] + [(1� g)⌘(1� �)]

[gµ(1� �)] + [g(1� µ)(1� ✓)] + [(1� g)⌘(1� �)] + [(1� g)(1� ⌘)(1� �)]
,

(2.4)
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where g, for example, is the consumer’s belief that the monitoring reliability of the man-

ufacturer is low. In Figure 2.1 we show which probabilities correspond to which moves in the

game. The beliefs about the monitoring reliability, g and (1 � g), are what we will focus on

in the following in addition to the pro-environmental values of the two types of agents. We

assume that g and (1� g) are exogenous probabilities, corresponding to the true underlying

distribution of low versus high monitoring reliability in the market. In other words, even

though the consumer does not know for sure whether the manufacturer she is dealing with

is monitored with low or high reliability, we assume for the moment that she forms accurate

beliefs about the corresponding probabilities.

The consumer is aware of the sustainability preference of the manufacturer, ↵, and the

utilities that the manufacturer receives for the different possible choice combinations in the

game. The consumer also knows that the manufacturer is aware of the consumer’s sustainabil-

ity preference, �. This allows the consumer to infer the manufacturer’s preference ordering

under low and high monitoring reliability (section 6 in the supplementary materials). For

instance, the consumer knows whether a manufacturer prefers choosing high or low sustain-

ability under high or low monitoring reliability, conditional on the value of the manufacturer’s

sustainability preference. The assumption that the two types of agents in the game know each

other’s preferences is a simplification typically made in game theoretical models. A possible

interpretation of such a setting is that the consumer has information about the reputation of

the manufacturer with respect to pro-environmental values. Similarly, the manufacturer can

conduct market research to find out about the consumer’s preferences.

To derive the expected utility of the consumer we also need the consumer’s belief that the

manufacturer has chosen high sustainability, after observing a high price. This is simply the

complementary probability to the one shown in 2.4, which is P (sH | pH) = [1� P (sL | pH)].

If we substitute the consumer’s beliefs about the manufacturer’s preference orderings into the

conditional probabilities, P (sL | pH) and P (sH | pH), we derive the following expected utility

of the consumer for choosing to buy the product after observing a high price,

57



E[u1c(b = 1 | pH)] = E[⇡ � pH + �{P (sL | pH)sL + P (sH | pH)sH}]

= ⇡ � pH + �{gsL + (1� g)sH}.
(2.5)

To illustrate why the consumer’s preference for sustainability supports greenwashing, con-

sider the condition that must be satisfied for the consumer to buy the product.

E[u1c(b = 1 | pH)] � u0c

⇡ � pH + �{gsL + (1� g)sH} � u0c .
(2.6)

For the moment, we think of the outside option as a conventionally produced substitute,

i.e. s = 0, for the product in the focal trade interaction. For example, the manufacturer in

the focal trade interaction could be a potential pioneer in terms of sustainability, and thus

sustainability ceases to be an issue if the consumer abandons the current trade opportunity. As

long as sustainability preferences captured by � are not relevant when the consumer reverts to

the outside option, the focal manufacturer has the opportunity to invest a small amount into

sustainability, i.e. sL > 0, to ensure that increasing � will cause the consumer to eventually

buy from her all else equal.

Apart from �, an interesting parameter to interpret is g. Given � > 0, for large g, a

consumer with accurate beliefs matching this objective probability thinks that monitoring of

the manufacturer is unreliable, and if g is sufficiently large she may not buy, depending on

the magnitudes of ⇡�pH and �sL. In contrast, if g is low and the consumer derives her belief

from this objective probability, then the likelihood that condition (2.6) is satisfied increases

all else equal. With accurate beliefs, the consumer can make informed decisions because

she is aware of the true distribution of low versus high monitoring reliability in the market,

represented by the probabilities g and (1� g) respectively. To summarise, if most monitoring

systems are reliable and the consumer knows this, the rate of greenwashing will also be low.
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However, even if most monitoring systems are reliable, the first few manufacturers with low

sustainability preferences that realise that they are being monitored with low reliability can

grab the opportunity to profit with high prices that fraudulently signal sustainable production.

Crucially, however, the consumer’s beliefs do not necessarily have to match the objective

probabilities g and (1� g). In a market sector that has been flooded with labels signalling a

similar or equal amount of sustainability, the consumer might no longer be able to evaluate

which of them are reliably monitored. Instead, the consumer might base her decisions on

subjective probabilities, let’s call them ĝ and (1� ĝ), that possibly deviate from the objective

probabilities due to misinformation or the adoption of mistaken beliefs (Acerbi, 2019; Efferson,

McKay and Fehr, 2020). We can see in equation 2.6 that a consumer is more likely to buy the

product if she thinks that monitoring tends to be reliable. In other words, if the consumer

underestimates the probability that monitoring is unreliable, i.e. ĝ < g, she mistakenly

believes that green washing occurs less than it actually does. This result reveals that, in

addition to the consumer’s preferences for sustainability, prior beliefs about the reliability

of an external monitoring authority are also important. If the combination of sustainability

preferences and trust in this reliability are jointly adequate, the consumer pays a premium to

buy in equilibrium, and greenwashing occurs in tandem.

More broadly, condition (2.6) in its entirety must hold for the consumer to buy. Accord-

ingly, ⇡, p, sL, and sH also matter. We simply focus on � and g because they are the quantities

naturally associated with any cultural evolutionary process related to sustainability.

2.3.3 Informing consumers

The results of the previous section have shown that, if most monitoring systems are reliable

and the consumer has accurate beliefs, greenwashing is less likely. Depending on the con-

sumer’s sustainability preferences, however, greenwashing might still occur. Specifically, the

consumer cannot be certain about the true monitoring reliability of the manufacturer she is

dealing with. Instead, she bases her decisions on the probabilities g and (1� g). The manu-
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facturer on the other hand knows the monitoring reliability and can exploit a consumer with

sufficiently strong sustainability preferences who is willing to accept the risk of greenwashing.

Consumer information and education are possible ways of reducing the problem of in-

formation asymmetry (Crespi and Marette, 2003b,a). We conducted an analysis where we

imagine an extreme scenario, namely that a social planner knows the true reliability of the

manufacturer’s monitoring and successfully informs the consumer about this reliability (see

section 7.3 in the online supplementary materials). In other words, the consumer observes

Nature’s move and thus knows with certainty whether she faces a manufacturer who is mon-

itored with high or low reliability. This might constitute an unrealistic setting because a

social planner does not always possess true information, and she is most likely not able to

inform and educate consumers perfectly. However, we wanted to see whether removing in-

formation asymmetry completely, at least with respect to monitoring reliability, can prevent

greenwashing.

Intuitively, we might expect that it does. Sometimes it does indeed, but not always. If

the consumer knows that monitoring is reliable, and if the manufacturer cares little about

sustainability, the consumer controls the outcome in all four equilibria that exist (see sections

7.3.1-7.3.4 in the online supplementary materials). If the consumer cares about sustainability,

the manufacturer produces a highly sustainable product. If the consumer cares about money

but not about sustainability, the manufacturer happily follows along with low sustainability.

Thus, pro-environmental values of the consumer become more important when information

asymmetry decreases. Perhaps the most surprising case arises when a consumer with strong

sustainability preferences knowingly accepts a low-sustainability product for a high price.

E[u1c(b = 1 | pH , R = rL)] � u0c

⇡ � pH + �sL � u0c .
(2.7)

This equilibrium can occur if the product from the focal manufacturer is sufficiently valu-
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able to the consumer relative to her outside option, u0c (see section 7.3.4 in the online supple-

mentary materials). Such an equilibrium only exists when a manufacturer under low reliability

is relatively powerful. Assuming there is indeed a monopolist with large market power, our

analysis suggests that the only way to achieve sustainable production is to increase that

manufacturer’s pro-environmental values. What happens, however, if there is competition?

The situation might change completely because the consumer’s outside option potentially

improves, and we will discuss this next.

2.3.4 Competition

Here we extend the model by defining the outside option as a second manufacturer. Now, the

consumer not only has the option to buy a certain type of product from the focal manufac-

turer, but she also has the option to leave the focal trade interaction and buy a substitute

product from another manufacturer. Let us call the focal manufacturer M1 and the outside

manufacturer M0. We do not conduct a full equilibrium analysis for the setting with com-

petition. Instead, we conduct comparative statics exercises for some interesting scenarios.

Importantly, we assume exogenous values for the choices of M0 and focus on the decision-

making of M1. For now, assume that both manufacturers care little about sustainability, i.e.

↵ < 1 and that both manufacturers choose the same high price, pH , and the same values for

sL and sH . The consumer chooses to buy the product from M1 if the following condition is

satisfied,

E[u1c(b = 1 | pH)] � u0c

⇡ � pH + �{gsL + (1� g)sH} � ⇡ � c� pH + �{gsL + (1� g)sH}.
(2.8)

The parameter c > 0 is a cost. Such a cost arises if the consumer decides to abandon

the focal trade interaction and searches for a new manufacturer. Everything else equal, an

increase in c makes it more likely that the consumer is willing to buy from M1. We discuss
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effects of different sL and sH values in the online supplementary materials (see section 7.4).

First, we assume again that the consumer has the accurate beliefs, g and (1 � g), about

monitoring reliability. An interesting scenario to look at is one where the outside manufacturer

has strong pro-environmental values, ↵ > 1, and the focal manufacturer cares very little

about sustainability, 0 < ↵ < 1. With a sufficiently strong sustainability preference, the

outside manufacturer, M0, will offer high sustainability, regardless of monitoring reliability

and irrespective of whether the consumer buys from that manufacturer or not (Supplementary

Information). To simplify, we assume M0 chooses pH . The consumer has corresponding

beliefs, and the outside option simplifies to u0c = ⇡ � c� pH + �sH . The focal manufacturer,

M1, is aware of this. We assume a consumer with a sufficiently high sustainability preference

who is not willing to buy from M1 after observing pL, because this would imply the utility

u1c = ⇡ � pL + �sL. After observing pH , the consumer buys from M1 if g is sufficiently

low or c sufficiently high (Supplementary Information). The question is whether M1 prefers

pooling over a high price and selling the product, over pooling over a low price and not

selling but having lower costs associated with low sustainability. For certain values of sH , the

price, and ↵, M1 is willing to pool over a high price (Supplementary Information). In this

case, strong pro-environmental preferences of a competing manufacturer, M0, can induce a

manufacturer with low sustainability preferences, who is monitored under high reliability, to

produce sustainably (Supplementary Information).

Now imagine a scenario where both manufacturers care little about sustainability, both

have already chosen the same high price, but they can spread misinformation. In other

words, the consumer forms subjective probabilities about the monitoring reliability for the

two manufacturers. We indicate the consumer’s belief for low reliability associated with M1 as

g1. Similarly, we indicate the belief for low reliability associated with M0 as g0. Importantly,

the consumer’s beliefs about the monitoring reliability may or may not differ between the

two competing manufacturers, and they might deviate from the objective probability g. We

derive the following comparison of expected utilities for the consumer,
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E[u1c(b = 1 | pH)] R u0c

⇡ � pH + �{g1sL + (1� g1)sH} R ⇡ � c� pH + �{g0sL + (1� g0)sH}.
(2.9)

We observe in equation (2.8) that increasing g1, all else equal, decreases the consumer’s

willingness to buy from M1. To illustrate that more clearly, assume the consumer believes

with certainty that the second manufacturer, M0, is monitored with high reliability, i.e.,

g0 = 0, and the focal manufacturer, M1, with low reliability, i.e., g1 = 1. If that consumer’s

� is sufficiently high, this implies that she would be willing to buy from M0 because she can

be certain to receive a product with high sustainability from that second manufacturer.

If, on the other hand, M1 succeeds in spreading misinformation that leads the consumer

to believe that g0 is very high but g1 very low, the consumer would be more willing to buy

from M1 than M0, everything else equal. Hence, mistaken beliefs can induce a consumer to

underestimate or overestimate the likelihood that certain manufacturers green wash. Specif-

ically, manufacturers monitored under low reliability can spread misinformation and exploit

the consumer’s pro-environmental values to increase their scope for greenwashing.

2.4 Discussion

Altogether, reliable monitoring can have two countervailing effects. On the one hand, if reli-

able monitoring is increasingly common, and if the prior beliefs of consumers reflect this, then

g decreases. Declines in g increase the scope for an equilibrium in which environmentally-

minded consumers tolerate the risk of greenwashing. In this sense, reliable monitoring com-

promises the ability of green consumers to exert pressure on the manufacturer. On the other

hand, in a greenwashing equilibrium, green consumers believe and accept that greenwashing

occurs with probability g. If this belief is accurate, say because it rests on accurate report-

ing about greenwashing among firms, or because the consumer learns this information from
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other well-informed consumers, then the actual rate of fraudulent signalling in equilibrium

is also g. In this sense, increasingly reliable monitoring decreases g and supports the ability

of green consumers to exert pressure on the manufacturer to produce sustainably. Impor-

tantly, our analysis reveals that the worst outcome of all is when consumers overestimate the

reliability of monitoring of manufacturers. Such an outcome is likely to support an equilib-

rium with greenwashing, but the actual rate of green washing would be much higher than

environmentally-conscious consumers realise. This is an especially interesting possibility as

manufacturers start exploiting unreliable monitoring. Do changes in consumer beliefs reflect

this appropriately? Do consumers underestimate reliability, overestimate reliability, or get it

just right? As unreliable monitoring proliferates, consumers may decide that all monitoring

is untrustworthy. Alternatively, consumers may simply hope for the best. Crucially, however,

a social planner could intervene and support the dissemination of accurate beliefs among

consumers, i.e. beliefs that better reflect the true reliability of monitoring systems.

In addition to beliefs, pro-environmental values can be critical too. Most trivially, our

model shows that sustainable production will follow regardless of the presence of competition

or reliable monitoring if both types of agents, the manufacturer and the consumer, care about

sustainability. If the manufacturer does not care about sustainability, our analysis shows that

the consumer’s green preference becomes more important as competition increases, as long as

her belief about monitoring reliability matches objective probabilities. If the consumer adopts

mistaken beliefs, however, greenwashing can even occur in the presence of competition.

Crucially, we have considered the possibility of differences in environmental preferences

between manufacturer and consumer and within manufacturers, but we have ignored the

possibility of heterogeneity within consumers. A manufacturer with unsustainably produced

products might be able to find consumers with low sustainability preferences and a sustain-

ably producing manufacturer might find consumers with strong pro-environmental preferences.

Thus, our finding that a second manufacturer can incentivise another manufacturer to produce

sustainably might not be a relevant finding in a world where no majority of green consumers
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yet exists. Importantly, however, we wanted to focus on a scenario where we imagine what

happens in terms of sustainable outcomes when there are, in fact, either a majority or a

minority of green consumers. We did so because it has been argued recently that a large-

scale behavioural change will be necessary to achieve a transition to a sustainable future. In

other words, collapsing demand into one consumer allowed us to ask what happens when this

aggregate demand is in fact green. Our results show that when a majority of people have

strong pro-environmental preferences, sustainable outcomes do indeed follow under certain

circumstances. Nonetheless, we typically expect individual heterogeneity to have important

effects on social tipping dynamics (Constantino et al., 2022; Efferson et al., 2023). Hence,

evolutionary models that take into account the heterogeneity of both manufacturer and con-

sumer preferences could contribute to a better understanding of tipping in consumption and

production behaviour.

The importance of a consumer’s pro-environmental values decreases if her outside option is

sufficiently weak, or equivalently if the manufacturer enjoys a kind of short-side power (Bowles,

2009). In that case, our analysis suggests that the cultural diffusion of pro-environmental

values among consumers does not reliably support sustainable production. Any effort to am-

plify sustainability preferences among consumers further would only exacerbate greenwashing

in such a situation. If a manufacturer with significant market power has weak preferences

for sustainability, asymmetric information implies that preferences for sustainability among

consumers support greenwashing in equilibrium. Crucially, the existence of reliable monitor-

ing does not prevent greenwashing. Indeed, reliable monitoring creates the opportunity for

manufacturers operating under unreliable monitoring to free-ride on the reputations of their

trustworthy counterparts. Under those circumstances, the ability of the consumer to exert

pressure on manufacturers is limited, and targeting the cultural evolution of sustainability

preferences among manufacturers could be an effective way to promote sustainable outcomes.

Imagine business schools that emphasise environmental responsibility just as much as profits

and firm value (Collier, 2018; Mayer, 2018).
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Of the many ways of addressing unsustainable production and consumption, we necessarily

neglected a number of potentially important mechanisms. For example, a mechanism that

we have not modelled is the manufacturer’s choice of certification. A manufacturer might

be incentivised to choose a certain certification due to the reliability of monitoring, the costs

associated with the system of monitoring or the credibility towards the consumer (Golan et al.,

2001; Cason and Gangadharan, 2002). We have ignored the choice of a monitoring system

because we wanted to focus on the simple possibility that the consumer has less information

about monitoring reliability than the manufacturer. In addition, we have simplified our model

by using prices as signals. In other words, a manufacturer does not have costs directly linked

to choosing a given label, but she faces costs if she chooses a high price and low sustainability

when monitoring reliability is high. Choosing certain certification schemes can be important

for the outcomes of production (Garrido et al., 2020), and future models could combine the

signalling aspect of prices implemented in our model with such a choice between different

certifications.

Further, we have only discussed manufacturer competition in a very simplified setting

with strong assumptions. In reality, manufacturers can compete via prices and not only by

choosing different levels of sustainability. Results are likely to change if the manufacturers can

compete via prices. In fact, with price competition, the focal manufacturer becomes less likely

to offer high sustainability in the presence of a competing manufacturer (see section 7.4 in the

supplementary materials). On the other hand, this might again change if there are multiple

consumers. This might allow manufacturers with different sustainability preferences to target

consumers who also differ with respect to pro-environmental values. These are interesting

questions for future research.

Finally, we have also ignored mechanisms in our model that are likely important in a

repeated setting. For example, consumers might not learn about the true underlying sus-

tainability level after buying a product. Instead, we could imagine a dynamic setting where

greenwashing of a manufacturer might only be uncovered by consumers with a certain prob-
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ability every period. This mechanism could also introduce a feedback loop between the con-

sumer’s sustainability preference and finding out about greenwashing. Buying products with

sustainable labels and later finding out that the product was not sustainably produced might

cause consumers to trust less in labels and lead to an overall lower willingness to pay for such

labels. Such and other mechanisms could for example be studied in behavioural experiments,

where multiple consumers have the option to choose from multiple manufacturers.

From a cultural evolutionary perspective, another interesting question that could be ex-

amined in a behavioural experiment would be to see the effects of consumers being able to

observe the buying decisions of other consumers. An important notion in the cultural evolu-

tion literature is that individuals are more likely to interact and socially learn from similar

others (Efferson et al., 2008; Kendal et al., 2018). In a behavioural experiment, one could

study whether consumers are more likely to buy a given product after observing that someone

with similar sustainability preferences bought the product. Importantly, one could examine

whether such a social learning effect is stronger than other factors such as beliefs about the

probabilities of monitoring reliability.

In broad terms, the upshot of our model for improving sustainability via pro-environmental

values is the following. Preferences for sustainability can differ between manufacturer and

consumer. When they do, increasingly green preferences among consumers open the door

ever more widely to greenwashing as a likely outcome. Surprisingly, this is even true in ex-

treme cases when the consumer knows with certainty whether or not monitoring is reliable.

Should a social planner promote the cultural evolution of preferences for sustainability among

manufacturers, consumers, or both? Our analysis suggests that the information structure,

competition among manufacturers, the actual distribution of reliable and unreliable monitor-

ing, and consumer beliefs about reliability, might all be important. These factors determine

whether the cultural evolution of sustainability preferences actually translates into improved

sustainability.

The cultural evolution of pro-environmental values and beliefs involves complex interre-
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lationships that we are only now beginning to uncover. We have highlighted some of the

challenges posed by the spread of false beliefs and the mechanisms that prevent large-scale

behaviour change based on pro-environmental norms. Our simple model illustrates what those

risks imply for the sustainability of production and consumption in certain contexts. For a

rapid transition to a sustainable future, it is crucial that we accelerate our research on possible

ways to address these challenges.
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Chapter 3
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on social norm change
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Abstract

Individuals vary greatly in how they respond to information about the behaviour of others, which

can significantly influence the effects of policy interventions aimed at changing social norms. Despite its

significance, our understanding of this diversity in social learning and its implications for evolutionary

dynamics is still in its early stages. This paper implements an agent-based model to investigate social

norm change, setting itself apart by allowing agents to access and utilise a variety of information types.

This approach enhances typical norm change models which assume that agents solely react to choice

distributions. The dynamics of social norm change are modelled with a coordination game in which

agents choose between two options, the status quo and an alternative. While coordination on the

alternative behaviour would enhance social welfare, agents remain entrenched in a status quo norm

equilibrium, which is suboptimal for each individual. The study evaluates various interventions aimed

at catalysing endogenous shifts towards the alternative norm. By expanding traditional models to

include multiple learning mechanisms, a wider array of interventions can be assessed. The effectiveness

of these interventions depends crucially on accurately targeting specific groups of agents and carefully

selecting the social information highlighted. This research underscores that diversity in social learning

adds complexity to the dynamics of norm change, suggesting that achieving rapid norm change by

targeting a critical mass of influential individuals may not always be feasible.

Keywords: cultural evolution, social learning, heterogeneity in social learning, social norms, social

norm change, social tipping, coordination game, agent-based model
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3.1 Introduction

Cultural change is deeply influenced by the intricate ways individuals interact and learn from

each other. Our understanding of this process often relies on models that assume every-

one behaves as a conformist (Granovetter, 1978; Boyd and Richerson, 1985; Efferson et al.,

2020; Andreoni et al., 2021). Conformist social learning involves people adopting common

behaviours more frequently and shying away from less common ones. As certain behaviours

gain popularity, their adoption rates accelerate, reinforcing the dominant trends. Conversely,

behaviours that are rare often become even rarer or disappear completely.

Despite the widespread use of these models, they don’t fully align with real-world obser-

vations, which show that people engage in many different forms of social learning (Mesoudi

et al., 2016; Kendal et al., 2018). While models simplify assumptions to make analysis manage-

able, it’s becoming clear that individual differences significantly influence how norms change

and evolve (Young, 2009; Efferson et al., 2020; Andreoni et al., 2021; Newton, 2021; Efferson

et al., 2023). This discrepancy highlights the need to develop models that better capture the

nuanced ways people actually behave.

Crucially, the misalignment between empirical research and theoretical models of norm

change carries implications that extend beyond academia, significantly affecting policy-making

across various sectors (Efferson et al., 2023). In particular, there is growing interest in applying

insights from cultural change research to encourage sustainable behaviours (Nyborg et al.,

2016; Otto et al., 2020; Constantino et al., 2022). This body of research often views pro-

environmental behaviour as one potential stable outcome in a binary coordination scenario.

The concept suggests that targeted interventions might motivate a small yet pivotal segment

of the population to adopt sustainable practices. In turn, this could influence others to do

the same, leading to widespread adoption. This phenomenon, where a shift from a minority

adopting a sustainable lifestyle to broad societal engagement occurs, is commonly referred to

as social tipping.
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While social tipping presents a promising strategy for policymakers aiming to promote

widespread adoption of sustainable behaviours through targeted interventions on a small

but critical subgroup, the effectiveness of these mechanisms is still uncertain. Our current

understanding of the factors that facilitate or impede the adoption of sustainable norms

remains limited (Efferson et al., 2023). The diversity in individual preferences and their

responses to social influences introduces significant complexity. For example, the relationship

between an individual’s preferences and their social group identity can greatly influence their

likelihood of adopting new social norms (Ehret et al., 2022). Furthermore, recent models

caution that even if norm change occurs, it may not benefit everyone in a society characterised

by diverse preferences (Efferson et al., 2023, 2024).

This paper introduces a new modelling approach that embraces the diversity in social

learning, moving beyond the assumption that all individuals conform. An agent-based model

is implemented, centred on a coordination game that models decision making as a function of

three different types of information that influence the decision between maintaining a status

quo or adopting an alternative norm. By considering the impact of successful individuals and

majority behaviours, alongside the personal benefits of each choice, a model is presented that

more realistically simulates decision-making processes. A particular focus lies on how changes

in social norms affect social welfare, balancing between the benefits these norms may bring

and the inequalities they might introduce (Efferson et al., 2024).

Our findings highlight that effectively shifting societal norms requires targeted interven-

tions that not only consider who is influenced but also strategically emphasise the types of

information to which people are most responsive. Importantly, this model underscores the

complexities involved in crafting effective policy interventions, particularly due to the varied

ways individuals respond to different information types. Therefore, a deeper understanding

of these dynamics is crucial before policymakers can confidently apply insights from the social

tipping literature to their strategies.
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3.2 Model

3.2.1 Game

Consider a population of N agents who must repeatedly choose between a status quo (SQ)

and an alternative (Alt) over tmax time periods. In each period, agents are randomly paired

to play a coordination game, making their choices without knowing their partner’s preference

in advance. Each agent has an idiosyncratic preference, denoted as xi, which influences the

incentives they face in the coordination game, as shown in Table 3.1.

SQ Alt

SQ a+ xi b+ xi
Alt a d

Table 3.1: Coordination game: Row player’s payoffs are shown.

The xi values are defined over the open interval (0, d�b), where b < d, and are drawn from

a left-skewed beta distribution (see supplementary materials). The game depicted in table

3.1 is a strict coordination game because, for each agent i, a < a+ xi and b+ xi < d. Based

on choices observed in period t � 1, agent i forms the belief, q̃i,t, that her partner will play

Alt in period t. Specifically, the belief q̃i,t corresponds to the actual fraction of Alt choices in

period t�1. An agent i’s belief q̃i,t, together with her preference, xi, determines the expected

payoffs for choosing SQ and Alt. The expected payoff from choosing SQ, E[⇧i,t(SQ)], and

the expected payoff from choosing Alt, E[⇧i,t(Alt)], are the following,

E[⇧i,t(SQ)] = (1� q̃i,t)(a+ xi) + q̃i,t(b+ xi)

E[⇧i,t(Alt)] = (1� q̃i,t)(a) + q̃i,t(d).
(3.1)

It follows from Equation 3.1 that agent i is indifferent between the two choice options, SQ

and Alt, if q̃i,t = xi/(d�b). If agent i believes q̃i,t > xi/(d�b), she prefers Alt, and vice versa.
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This approach is often referred to as a “threshold model” (Granovetter, 1978; Efferson et al.,

2020, 2024), where the beliefs, q̃i,t, represent idiosyncratic preferences, commonly termed

threshold values.

Importantly, in the model described thus far, agents respond exclusively to information

regarding the frequency of choices. This behaviour can be interpreted in various ways. For

instance, agents may be viewed as myopically best responding to their beliefs about their part-

ners’ decisions (Mäs and Nax, 2016). Alternatively, they could be seen as strong conformists

who disproportionately follow the majority (Boyd and Richerson, 1985; Efferson et al., 2008).

If the agents are interpreted as myopically best responding, the xi values represent idiosyn-

cratic preferences that shape their expected payoffs in the coordination game. Conversely, if

the agents are viewed as conformists, the xi values can be considered content biases (Kendal

et al., 2018), which differ among agents and determine the extent of their tendency to align

with the majority.

If agents are interpreted as myopically best responding, specific inferences about the sys-

tem’s dynamics can be made. For example, one can evaluate the relative costs of miscoordi-

nation and how these affect norm change. If agent i’s partner selects SQ, coordinating on SQ

results in a payoff of a+xi, while choosing Alt yields a payoff of a. Therefore, the cost of not

matching the partner’s SQ choice is xi = (a+ xi)� a. Similarly, the cost of miscoordination

when the partner opts for Alt is d � (b + xi). This creates relative costs associated with

miscoordination. Specifically, if xi > (d � b)/2, agent i is more inclined to prefer SQ over

Alt. In technical terms, this indicates that, for such an individual, coordinating on SQ risk-

dominates coordinating on Alt (Harsanyi and Selten, 1988). If xi < (d� b)/2, the opposite is

true. Given that the xi values are drawn from a left-skewed beta distribution, the majority

of agents perceive coordination on SQ as risk dominant.

However, these inferences about risk dominance are valid only in models where all agents

respond exclusively to information about expected payoffs. Importantly, alternative forms of

social learning, such as success-based learning exist (Kendal et al., 2018), but are overlooked
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in typical threshold models. The model presented in this paper retains the interpretation

of agents as maximising their expected payoffs in the coordination game but extends the

framework by incorporating two additional types of information to which agents respond.

More precisely, while agents in this model engage in the coordination game shown in Table 3.1

and have idiosyncratic preferences based on their xi values, these heterogeneous preferences

primarily influence the decisions of agents who respond to expected payoffs. For agents

responding to the other two types of information, these preferences might not be as significant.

This will be elaborated upon in the next section.

3.2.2 Learning strategies

Each agent observes the following three types of information in every period: 1) private infor-

mation about the expected payoff, 2) majority information, and 3) success-based information.

The information observed by each agent can be represented as an array, Ii,t, consisting of

three binary values. The process by which these values are determined is explained in detail

for each of the three types of information.

1) Private information corresponds to what is shown in equation 3.1. This corresponds

to the characterisation of agents’ decision-making shown in Efferson et al. (2024), with the

slight variation here that agents form their beliefs, q̃i,t, based on a sample of n  N choices

of other agents observed in period t � 1. Determining beliefs based on the previous period

is a simplified form of what is sometimes called the “recency effect” (Young, 2015). If agent

i observes that her expected payoff for SQ is at least as high as for Alt, the first index of

her information array will be defined as Ii,t[1] = 0, and it will be defined as Ii,t[1] = 1 if her

expected payoff for Alt is higher.

2) Agents can exhibit a simple form of conformity bias (Boyd and Richerson, 1985).

Specifically, if agent i observes that the majority of agents in her sample of n observations,

i.e. a fraction > 0.5, chose Alt in t� 1, then Ii,t[2] = 1, and Ii,t[2] = 0 otherwise.

3) An agent observes whether the most successful individual in her sample of n observations
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chose SQ or Alt in period t�1. The “most successful” refers to the agent with the highest payoff

in that period. Crucially, the assumption that agents can observe the payoffs or preferences

of others is not necessary for the success-based learning modelled here. Each agent has

idiosyncratic preferences affecting their payoff, a + xi, from coordinating on SQ. If two

agents coordinate on Alt, they receive a fixed payoff d. Importantly, it is assumed that

8i, (a + xi) < d. Consequently, if an agent i observes two agents coordinating on Alt, those

two agents are necessarily perceived as the most successful agents, leading i to copy one of

their behaviours. Furthermore, agents do not need to observe payoffs and preferences when

responding to success-based information, even when observing two agents coordinating on

SQ. Specifically, coordination on SQ yields a strictly higher payoff than miscoordination for

each agent. Therefore, if all agents in agent i’s sample of n observations coordinate on SQ, it

follows that they are the most successful. Consequently, if agent i is an individualist learner,

they will simply replicate the behaviour of one of those agents coordinating on SQ.

Together, the three types of information yield 8 possible combinations of information

shown in table 3.2.

Private Majority Success
Ii,t[1] Ii,t[2] Ii,t[3]

0 0 0
0 0 1
0 1 1
1 0 0
1 0 1
1 1 0
1 1 1

Table 3.2: Information combinations.

The strategies, Si(Ii), are mappings, Ii ! Si, from observed information, Ii, to choice

probabilities. In the model presented here, the action space is simplified by allowing the

agents to only have deterministic strategies, where the probability of choosing an action for

each observed combination of information is either 0, meaning the agent never chooses that
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action for a given information combination, or 1, meaning the agent always chooses that action

if she observes a particular information combination. Hence, there are 28 = 256 possible pure

strategies (see equation (2) in the supplementary materials).

Not all of the possible strategies resemble well-studied learning strategies. Hence, instead

of randomly sampling N strategies from the pool of 256 strategies, we initialise the system

with five particular types of learners, each making up 1/5 of the population. Those five

learner types are labelled as “Conservatives”, “individualists”, “conformists”, “success-oriented”,

and “other” learners. Conservatives always choose SQ regardless of the observed information

combination. Their strategy looks like the following:

Conservative Si(Ii) =

8
>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>:

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 0

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 1

SQ | Ii[1] = 0, Ii[2] = 1, Ii[3] = 0

SQ | Ii[1] = 0, Ii[2] = 1, Ii[3] = 1

SQ | Ii[1] = 1, Ii[2] = 0, Ii[3] = 0

SQ | Ii[1] = 1, Ii[2] = 0, Ii[3] = 1

SQ | Ii[1] = 1, Ii[2] = 1, Ii[3] = 0

SQ | Ii[1] = 1, Ii[2] = 1, Ii[3] = 1

9
>>>>>>>>>>>>>>>>>>>=

>>>>>>>>>>>>>>>>>>>;

(3.2)

Individualists only pay attention to their private information about expected payoffs, Ii[1].

The strategy of individualist learners is presented below in equation 3.3. As shown, anytime

an individualist observes that the expected payoff for SQ is at least as high as for Alt, they

choose SQ, and Alt otherwise.

Individualist Si(Ii) =

8
>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>:

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 0

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 1

SQ | Ii[1] = 0, Ii[2] = 1, Ii[3] = 0

SQ | Ii[1] = 0, Ii[2] = 1, Ii[3] = 1

Alt | Ii[1] = 1, Ii[2] = 0, Ii[3] = 0

Alt | Ii[1] = 1, Ii[2] = 0, Ii[3] = 1

Alt | Ii[1] = 1, Ii[2] = 1, Ii[3] = 0

Alt | Ii[1] = 1, Ii[2] = 1, Ii[3] = 1

9
>>>>>>>>>>>>>>>>>>>=

>>>>>>>>>>>>>>>>>>>;

(3.3)
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Conformists mimic the majority’s choice and solely focus on that social information, Ii[2],

ignoring any other type of information. Their strategy looks as follows.

Conformist Si(Ii) =

8
>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>:

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 0

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 1

Alt | Ii[1] = 0, Ii[2] = 1, Ii[3] = 0

Alt | Ii[1] = 0, Ii[2] = 1, Ii[3] = 1

SQ | Ii[1] = 1, Ii[2] = 0, Ii[3] = 0

SQ | Ii[1] = 1, Ii[2] = 0, Ii[3] = 1

Alt | Ii[1] = 1, Ii[2] = 1, Ii[3] = 0

Alt | Ii[1] = 1, Ii[2] = 1, Ii[3] = 1

9
>>>>>>>>>>>>>>>>>>>=

>>>>>>>>>>>>>>>>>>>;

(3.4)

Success-oriented learners copy the peers receiving the highest payoff from playing the

coordination game by only considering Ii[3]. This form of learning is typically described as

success bias or payoff bias in the cultural evolution literature (Kendal et al., 2018). The

strategy of agents exhibiting this learning bias is shown in equation 3.5 below.

Success-based Si(Ii) =

8
>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>:

SQ | Ii[1] = 0, Ii[2] = 0, Ii[3] = 0

Alt | Ii[1] = 0, Ii[2] = 0, Ii[3] = 1

SQ | Ii[1] = 0, Ii[2] = 1, Ii[3] = 0

Alt | Ii[1] = 0, Ii[2] = 1, Ii[3] = 1

SQ | Ii[1] = 1, Ii[2] = 0, Ii[3] = 0

Alt | Ii[1] = 1, Ii[2] = 0, Ii[3] = 1

SQ | Ii[1] = 1, Ii[2] = 1, Ii[3] = 0

Alt | Ii[1] = 1, Ii[2] = 1, Ii[3] = 1

9
>>>>>>>>>>>>>>>>>>>=

>>>>>>>>>>>>>>>>>>>;

(3.5)

The “other” learners are generated by randomly assigning a probability of either 0 or 1 to

each of the eight possible combinations of information. In other words, agents of this learner

type represent individuals whose responses to specific information combinations are difficult

for the policy maker to understand or predict. This aligns with recent research suggesting

that individual heterogeneity in preferences and social learning is likely much greater than

traditionally assumed (Duflo et al., 2015; Vivalt, 2015; Mesoudi et al., 2016; Vogt et al., 2016;

Kendal et al., 2018).
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3.2.3 Initial conditions and interventions

The model starts with the system in an SQ norm equilibrium, where no agents have adopted

the alternative Alt before the first period. This initial condition presents a challenge for

the social planner, whose goal is to shift the system from the SQ equilibrium to an Alt

equilibrium. The social planner believes that an Alt norm equilibrium would improve social

welfare, defined in utilitarian terms as the aggregate or average payoffs across the population.

To simplify, the model assumes all agents agree that coordinating on Alt is payoff dominant,

meaning that 8i, (a+ xi) < d, regardless of their preferences xi.

Although all agents agree that coordinating on Alt is payoff dominant, the transition to

an Alt equilibrium is not straightforward. This is because payoffs alone do not drive the

dynamics of norm change in the model presented here. Agents who respond to expected

payoff information, including all individualists and possibly some of the “other” learners, view

SQ as risk dominant. Specifically, given the assumption that no one chose Alt in the period

preceding the first period, this represents a corner case of risk dominance, where the cost of

miscoordination for agent i for choosing SQ is zero based on the belief q̃i,1 = 0. In contrast,

the expected cost of miscoordination for an agent i with belief q̃i,1 = 0 when choosing Alt is

xi = (a+ xi)� a.

Conservative learners will only ever choose SQ regardless of the observed information.

Success biased learners will only choose Alt if they observe that the agent experiencing the

highest payoff in their network has chosen Alt, which is impossible if we assume the fraction

of agents choosing Alt to be 0 in the period prior to the first period. Similarly, conformists

will stick with SQ as long as there is no majority choosing Alt.

The initial SQ equilibrium and the fact that most agents are resistant to change is the

reason why the social planner designs interventions to initiate change which will be analysed

here. Importantly, unlike in comparable models where each agent only responds to distri-

butions in choices (Efferson et al., 2020; Andreoni et al., 2021; Efferson et al., 2023, 2024),

the social planner in the model here can implement multifaceted strategies that adjust not
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just preferences but also the informational landscape of the agents. The intervention, which

targets a fraction of � of agents, consist of two main aspects.

Firstly, the target group criteria determine which group of agents the intervention is aimed

at. More precisely, an agent can be targeted based on her learner type and/or her preference,

i.e. her xi value. If the social planner chooses to target based on learner type, she can direct

the intervention to one of the five types described in section 3.2.2. If the social planner can

not or does not want to target based on learner types, she can also target the intervention of

size � across all types. Targeting based on the xi values is also possible, and three cases are

analysed. Interventions may target either a fraction of � of the most amenable agents, i.e.

with the lowest xi values, or a fraction of � of the most resistant agents, with the highest xi

values, or not condition on xi values at all. Targeting based on learner type and targeting

conditional on xi values can be combined. For example, the social planner might choose to

target all conformists but only the most resistant of those.

The second aspect of the intervention in addition to the targeting criteria is the content.

Specifically, interventions can influence to which social information agents pay attention to

and/or the preferences, i.e. the xi values. If the social planner chooses to change preferences,

this is modelled as setting the xi values to 0, which implies that an agent targeted by such

an intervention always prefers to choose Alt if this agent responds to private information

about expected payoffs. In addition to changing preferences, it is also possible to influence

the learning of agents by making certain types of information more salient. In the simulation

program that is implemented by modifying the social learning strategy such that it resem-

bles the behaviour of one the following three learner types; Individualists, conformists, or

success-oriented learners. Transforming agents into conservatives or “other” learners is not

considered, as having individuals consistently choose SQ offers no benefit, and converting

them into “other” learners with random responses to the eight information combinations is

too unpredictable to be useful for the social planner.

Table 3.3 outlines all 108 possible combinations of interventions. These include six ap-
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proaches for targeting by learner type, three methods for targeting based on xi values, three

types of intervention content aimed at modifying responses to information, and two strategies

for altering xi values.

Targeting criteria Content of intervention

Target based on
learner types

Target based on
xi values

Increase salience of
information types Change xi values

Individualists Most amenable Individualist cues Change xi values to 0
Conformists Most resistant Conformist cues No changes to xi values
Success oriented Randomly Success based cues
Conservatives
Other learners
Across all types

Table 3.3: Interventions

The aim of this conceptual study is not to offer practical implementation strategies for the

interventions listed in Table 3.3. Instead, the model is employed to explore the theoretical

outcomes of implementing the strategies described in Table 3.3 under ideal conditions man-

aged by a social planner. Still, it is important to note that the interventions proposed are

grounded in previous research about the influence of individual heterogeneity on norm change

interventions and real-world applicability.

Previous findings suggest that the structure of individual heterogeneity in preferences and

social learning strongly affects whether interventions aiming to tip a population from one

norm equilibrium to another one are successful or not (Vogt et al., 2016; Castilla-Rho et al.,

2017; Efferson et al., 2020; Andreoni et al., 2021; Ehret et al., 2022). Hence, it is important

for policy makers to be careful whom to target with an intervention and also what the content

of the intervention itself is.

Research has demonstrated that preferences, social learning strategies, and network struc-

tures can be effectively measured in both laboratory and field settings (Efferson et al., 2008;

Morgan et al., 2012; Efferson et al., 2015, 2016; Vogt et al., 2016; Efferson and Vogt, 2018;

Alvergne and Stevens, 2021; Bellamy et al., 2022). Consequently, targeting different learner
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types may become feasible if social planners intensify their efforts to conduct surveys and

gather data regarding people’s preferences and their responsiveness to specific types of social

information. Indeed, firms appear to be already targeting specific groups on social networks

with content designed to modify preferences and learning behaviours (Brady et al., 2023).

In line with recent proposals advocating the use of behavioural research findings to benefit

society, rather than allowing these tools to remain exclusively in corporate hands (Thaler and

Sunstein, 2021; Nielsen et al., 2024), a similar case can be made for harnessing online data to

tailor interventions on social networks. Policymakers could leverage this approach to target

specific segments of the population with precise information campaigns.

Altering preferences in practice might be challenging. Hence, a key aspect of this study is

to explore alternative approaches for initiating norm change when a social planner is unable

to modify individuals’ preferences. While direct preference modification may be difficult,

there are documented methods for influencing attitudes, such as through edutainment. This

approach, which combines entertainment with educational content to address specific issues,

has been examined in various studies (La Ferrara et al., 2012; DellaVigna and La Ferrara,

2015; La Ferrara, 2016; Vogt et al., 2016). Although this study does not assess the ethical

implications of using edutainment, previous research has highlighted its potential benefits,

including reaching a broad and unbiased audience (Efferson et al., 2023). Such attributes

may appeal to a benevolent social planner interested in fostering normative change.

Numerous studies have investigated how the prominence of specific information types can

influence social learning processes. For instance, promoting individualistic learning strategies

is discussed as a way of enhancing critical thinking and reducing susceptibility to misinfor-

mation (Cook et al., 2017, 2018). Importantly, evidence suggests that companies are already

leveraging online data to increase the visibility of targeted information and intensify certain

learning biases (Brady et al., 2023). Similarly, social planners could utilise this approach to

strategically inform and influence public behaviours.

Crucially, however, social planners might not have the necessary tools to measure prefer-
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ences and social learning strategies in the population. Instead, they might have to implement

an intervention that targets a random segment in the population. This scenario is analysed

and the results section will discuss how random targeting compares to situations in which a

social planner might have more information about the preferences and learning strategies in

the population.

A social planner may also face challenges in effectively altering preferences, or may possess

tools that enhance the salience of certain types of information while struggling to do the same

with others. These scenarios underpin the focus on the three interventions analysed in this

study. Importantly, these interventions demonstrate the contributions of this model beyond

traditional threshold models, which typically assume agents respond only to expected payoffs.

The first intervention explores scenarios where a social planner successfully modifies pref-

erences of agents solely driven by expected payoffs, paralleling similar strategies in prior

research (Efferson et al., 2020, 2024). The second intervention considers scenarios targeting

individualists, where attempts to change preferences do not succeed, thus presenting a differ-

ent dynamic in the intervention’s impact. The third intervention, distinguished by its focus

on enhancing the salience of success-based information, showcases the innovative aspect of the

model presented here. It provides a nuanced approach for policy makers who acknowledge

that individuals’ decisions can extend beyond straightforward economic calculations. This

third intervention is then also analysed in an environment where the population is structured

into a polarised network. Recent research has shown that polarisation can prevent tipping

(Efferson et al., 2020; Ehret et al., 2022), and the analysis in section 3.3.4 discusses what this

means for a policy maker who can and wants to implement a success-based intervention.

3.2.4 Structure of simulation

Agents choose between SQ and Alt and play the coordination game shown in 3.1 repeatedly

over tmax = 100 time periods. The system is initialised by creating N = 100 agents with

idiosyncratic xi values and learning strategies. At the beginning of time period tmax/2, a

91



policy intervention is implemented among a fraction � of agents. The analysis focuses on a

population that consists of the five learner types discussed in section 3.2.2, where each of the

five learner types makes up 1/5 of the population.

Before participating in the repeated coordination game, agents are organized into networks

of two distinct types. The analysis explores scenarios involving a fully connected network and

a segregated one, where agents are divided into two groups based on homophily. In the latter

case, agents with the lowest xi values form one group, while those with the highest xi values

form another. This setup presents a particularly challenging environment for norm change,

potentially hindering the shift to an alternative norm (Efferson et al., 2020; Ehret et al., 2022).

The sequence of events within a time period, including the initialisation before the first

time period, is summarised in figure 3.1.

Initialise system: Create N agents, assign strategies, and form groups

Start of time period

Apply intervention if t = tmax/2

Each agent samples n observations within their group from period t� 1

Update choices based on observations and strategies

Randomly pair agents within group(s) for coordination game

Calculate measures

End of time period

Figure 3.1: Simulation structure
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3.3 Results

The main objective of this study is exploratory in nature, and the research question associated

with this endeavour is formulated as follows:

Research question: How do different types of policy intervention affect tipping the pop-

ulation to the Alt equilibrium, and what are their implications for miscoordination, welfare,

and inequality, given agents’ access to information on expected payoff, majority behaviour,

and the behaviour of the most successful agent in terms of payoff?

However, an auxiliary hypothesis can be formulated based on findings of two recent studies

with comparable models. Specifically, the results of those models show that targeting resistant

or a random sample of agents is generally more successful in tipping the population of agents

to the Alt equilibrium than targeting the most amenable agents (Efferson et al., 2020, 2024).

Although the model here includes multiple different learner types, one form of intervention

that is analysed targets randomly across all those learner types and conditional on the xi

values. In other words, that specific analysis shows how targeting the policy measure to more

resistant, more amenable, or a random fraction of � of agents performs in terms of tipping the

population of agents to the Alt equilibrium, miscoordination, average payoff, and inequality.

Hence, the following hypothesis is put forward here: Interventions targeting a random sample

of agents or targeting the most resistant agents lead to more tipping and less miscoordination

compared to interventions targeting the most amenable agents. The hypothesis does not

concern average payoffs and inequality because the intervention simulated in the paper by

Efferson et al. (2024) does not change xi values and instead changes the payoff structure in a

different way. As shown in section 3 in the supplementary material, the results support this

auxiliary hypothesis.

A description of all the parameters are shown in table 3.4. The results for the third form

of intervention content, namely the transformation of agents into conformists, are presented
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in the supplementary material (section 3.4). It is also important to note that the proportion

of people targeted is always � = 0.2. This ensures that the analysis of those interventions

targeting specific learner types, each of which make up 1/5 of the population, is comparable

to the intervention targeting across all learner types.

Parameter Definition
tmax = 100 Total number of time periods.
N = 100 Population size.
n = 10 Number of observations each agent makes within their

group to derive their information array Ii.
� = 0.2 Size of intervention as a fraction of the agent population.

↵ = 3, � = 2 Shape parameters of beta distribution, from which the xi
values are drawn.

a = 0.75, b = 1, d = 2 Incentives in coordination game.
µ 2 {0.01} Error in decision-making. A focal agent i chooses the norm

defined by her strategy Si(Ii) and her belief q̃i,t with prob-
ability 1� µ.

Table 3.4: Definition of parameters.

3.3.1 Turning agents into individualists and changing preferences

Figure 3.2 shows the results of the intervention that turns a fraction � of agents into individu-

alist learners and changes their preferences to xi = 0. The intervention targeting conservative

learners is most effective in increasing the fraction of Alt choices, decreasing miscoordination,

increasing average payoff, and decreasing inequality of payoffs.

This makes sense, given that those learners are most resistant to change with xi = 1. The

dynamics for targeting individualists, other learners, and targeting across all types are not

significantly different. Those targets all perform better than targeting conformists and success

based learners. This can be explained as follows. Changing preferences of individualists is

effective because those learners pay attention to expected payoff, which is influenced by the

xi values. Targeting across learner types and targeting other learners is also effective in

achieving a majority of agents choosing Alt because it utilises the indirect effects of norm

change resulting from conformists and success based learners. In other words, the direct effects
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of the intervention first convinces a fraction of agents to adopt Alt, which then increases the

fraction of Alt sufficiently enough to make conformists and success based learners adopt Alt

as well. Based on similar reasoning, targeting conformists and success based learners is less

effective because it prevents part of said indirect effects.
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Figure 3.2: The figure shows the dynamics in a fully connected network for an intervention
that turns a fraction of � of agents into individualist learners with xi = 0. Targeting different
types of learners is shown in different colours. The black line shows the results for targeting a
fraction of � agents across all learning types. The solid lines show values averaged over 1000

simulations. The dashed lines show 95% bootstrapped confidence intervals. Graphs show the
fraction of agents choosing Alt (a), the fraction of miscoordination (b), average payoff (c) and
the Gini coefficient (d). Aside from ↵ and �, parameter values are N = 100, n = 10, and
� = 0.2.
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3.3.2 Turning agents into individualists without changing preferences

Changing preferences might be challenging or even impossible. To have a direct comparison to

the intervention shown in the previous section, figure 3.3 shows the results for an intervention

that also turns a fraction of agents into individualist learners, but does not change preferences.
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Figure 3.3: The figure shows the dynamics in a fully connected network for an intervention
that turns a fraction of � of agents into individualist learners without changing their xi values.
Targeting different types of learners is shown in different colours. The black line shows the
results for targeting a fraction of � agents across all learning types. The solid lines show
values averaged over 1000 simulations. The dashed lines show 95% bootstrapped confidence
intervals. Graphs show the fraction of agents choosing Alt (a), the fraction of miscoordination
(b), average payoff (c) and the Gini coefficient (d). Aside from ↵ and �, parameter values are
N = 100, n = 10, and � = 0.2.
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It is not surprising that this type of intervention is less effective than the one presented

in figure 3.2, because no preferences are changed here. The more interesting result concerns

the intervention targeting other and success-oriented learners. Importantly, both of those two

types of learners include some agents who had tendencies of choosing Alt pre-intervention.

Specifically, some other learners chose Alt simply because they would choose Alt regardless of

the information observed. Some success oriented learners chose Alt pre-intervention because

they observed other agents coordinating on Alt. Hence, turning those agents into individ-

ualists who only consider information about expected payoff causes some of them to stop

choosing Alt because of the low Alt fraction.

3.3.3 Turning agents into success-based learners

An intriguing question is whether the effects of an intervention that changes preferences can

be replicated by simply making certain types of information more salient, without altering

the preferences themselves. The results in the previous section show that this is not possible

if the intervention increases the salience of information about expected payoffs. In contrast

to typical models of norm change which assume that every agent is a conformist, this new

model here adds success-based learning. This is especially interesting in this context where

an alternative norm is payoff dominant. Crucially, if some agents lead the way and coordinate

on Alt despite the SQ equilibrium, agents biased by success-based information might copy

that behaviour and adopt Alt as well.

This is exactly what happens for certain intervention targets. Specifically, figure 3.4 shows

that the fraction of Alt choices increases for all targets except for targeting success based

learners and other learners. It is obvious that targeting success oriented learners has no effect.

Targeting other learners has a negative effect in terms of increasing Alt choices. The other

learners are the ones increasing the fraction of Alt choices pre-intervention above zero. Turning

them into success-oriented learners while not having many agents yet coordinating on Alt

results in a backlash in terms of the Alt fraction. However, it also decreases miscoordination

and inequality, because the fraction of Alt approaches zero.
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In contrast, the other targeting strategies all increase the fraction of Alt. All conservatives,

conformists, and most individualists did not choose Alt pre-intervention due to a majority

choosing SQ. Having a fraction of other learners in the population implies that some agents

coordinate on Alt from time to time. Hence, turning conservatives, individualists, and con-

formists into success-based learners makes many of them adopt Alt post-intervention.
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Figure 3.4: The figure shows the dynamics in a fully connected network for an intervention
that turns a fraction of � of agents into success based learners without changing their xi values.
Targeting different types of learners is shown in different colours. The black line shows the
results for targeting a fraction of � agents across all learning types. The solid lines show
values averaged over 1000 simulations. The dashed lines show 95% bootstrapped confidence
intervals. Graphs show the fraction of agents choosing Alt (a), the fraction of miscoordination
(b), average payoff (c) and the Gini coefficient (d). Aside from ↵ and �, parameter values are
N = 100, n = 10, and � = 0.2.
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3.3.4 Turning agents into success-based learners in a polarised population

The last analysis discusses a polarised network structure where the most amenable agents

with the lowest xi values are in group 1 and the most resistant agents with the highest xi

values are in group 2. Again, a fraction of � agents is turned into success-oriented learners

without changing their preferences.
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Figure 3.5: The figure shows the dynamics in a polarised network with two groups for an
intervention that turns a fraction of � of agents into success based learners without changing
their xi values. Targeting different types of learners is shown in different colours. The black
line shows the results for targeting a fraction of � agents across all learning types. The solid
lines show values averaged over 1000 simulations. The dashed lines show 95% bootstrapped
confidence intervals. Graphs show the fraction of agents choosing Alt (a), the fraction of
miscoordination (b), average payoff (c) and the Gini coefficient (d). Aside from ↵ and �,
parameter values are N = 100, n = 10, and � = 0.2.
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Figure 3.5 shows two key findings. First, in a polarised network of agents, the pre-

intervention equilibrium fraction of Alt choices is higher than in a fully connected network.

Second, except for the target of other learners, the intervention is generally less effective in a

polarised network than in the fully connected network shown in figure 3.4 in terms of relative

changes in the fraction of Alt choices.

The reason for a higher pre-intervention fraction of Alt here is that group 1 with the most

amenable agents almost fully tips to the Alt equilibrium, as can be seen in figure 3.6. The

fact that the intervention is less effective in a polarised network can also be explained with

the dynamics in the separate groups. Group 1 reaches a very high fraction of Alt already pre-

intervention, making an intervention less effective in this group. In group 2, the fraction of Alt

choices stays very low pre-intervention because the agents in this group are very resistant to

change. Crucially, the Alt fraction stays below 10% in group 2, whereas the pre-intervention

fraction of Alt choices in the fully connected network stays above 15% (c.f. figure 3.4). The

lower fraction of Alt choices decreases the number of agents coordinating on Alt, making an

intervention that turns agents into success-oriented learners less effective.

3.4 Discussion

This study shows that the effectiveness of the different types of intervention varies greatly

depending on the target group and the nature of the intervention. Interventions promoting

individualistic learning and shifting preferences prove to be effective. This approach capitalises

on the individual learner’s focus on expected payoff. Conversely, interventions that merely

transition learners to individualistic strategies without modifying their underlying preferences

demonstrate minimal impact, underscoring the critical role of preference alignment when

making private information about expected payoff more salient.
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Figure 3.6: Separate group dynamics corresponding to the population shown in figure 3.5.
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A key innovation of this model is the inclusion of success-based learning. Interventions

that increase the visibility of successful agents’ behaviour, i.e. those achieving the highest

payoff from adopting Alt, are promising for promoting norm change. This approach shows

substantial real-world applicability, indicating that promoting the success stories of norm

adopters can effectively drive cultural evolution. However, the effectiveness of such inter-

ventions depends critically on the target group. Targeting other learners, for example, can

lead to adverse outcomes. The risk of backlash is something that policy makers have to be

very mindful about if they want to initiate cultural change (Efferson et al., 2020). This un-

derscores the need for detailed knowledge about the distribution of social learning strategies

within a population, especially given the significant heterogeneity observed in recent studies

(Mesoudi et al., 2016; Kendal et al., 2018). Interestingly, however, if a social planner manages

to identify specific groups of learners in the population, a success based intervention might

be very promising. In particular, changing preferences might not be possible for a policy

maker. Instead, it might be feasible to amplify certain learning biases, such as success bias

(Brady et al., 2023). If such an intervention is successful in identifying certain learner types,

the results show that making success based information more salient might be a promising

substitute for a preference changing intervention.

The discussion on interventions that promote conformist behaviour, detailed in the sup-

plementary material (section 3.4), reveals that such approaches are generally ineffective in

populations predominantly adhering to the status quo. However, targeting conservatives with

this type of intervention can moderately increase adoption of Alt. Therefore, encouraging

conformism among conservatives might be one type of intervention to consider if there is a

small proportion of people who already adhere to the desired norm. This could be a viable

approach if a large proportion of individuals are conservatives and if promoting conformism

is easier to implement than other measures for certain reasons. However, such a policy should

probably be combined with other forms of intervention to achieve a complete tipping.

More broadly, however, the results presented in this study suggest an important finding.
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Separately, interventions targeting particular groups of agents or promoting specific types of

content might often be insufficient to achieve full tipping, and by extension higher average

payoffs, less miscoordination and lower inequality. However, different interventions could be

combined to achieve that. For example, if an initial intervention succeeds in convincing a crit-

ical mass of people to adopt the alternative norm, a subsequent intervention that emphasises

success-based information more strongly could have an impact. At a later stage, when the

proportion of people following the alternative norm is even higher, a policy to encourage con-

formity could become effective. Such a combined approach could be particularly important

if the population is structured in a polarised network, so that endogenous change in certain

groups full of resistant people is unlikely. Indeed, a step-wise approach to initiating cultural

change may be a particularly important concept in relation to harmful norms (Gulesci et al.,

2021), and future iterations of this model could test how effective it is to combine different

interventions at different points in time.

Like any model, the one presented here contains many simplifications. However, if this type

of model is to be used in conjunction with empirical research as a tool to inform policy, some

restrictions will need to be relaxed in future iterations. For instance, it is likely that people

respond differently to interventions. One possibility is to link the response to interventions

with an agent’s inherent resistance to norm change in the form of xi values. In other words,

agents may not respond uniformly to an intervention. Prior research indicates that a larger

intervention may be required in that case to achieve results comparable to those of an always

effective intervention (Efferson et al., 2024). In addition, the likelihood of responding to

interventions could also be related to the learning strategy. It seems plausible, for example,

to assume that individualists respond less to interventions that promote social information

than conformists and success-oriented learners.

Additionally, a social planner may not always succeed in altering individuals’ social learn-

ing behaviours, and this aspect has not been explored in the current model. Future versions

could investigate the effects of unsuccessful changes in social learning. Instead, this study has
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focused on whether interventions that leverage specific types of information, without altering

preferences, can be as effective as those that do manage to change preferences. Importantly,

there is increasing evidence that companies are leveraging online data to enhance particular

learning biases on social platforms (Brady et al., 2023). This approach could be valuable for

policymakers to consider adopting.

Currently, the xi values are not correlated to specific learner types. If future empirical

studies indicate that certain preferences are more pronounced in people who are particularly

receptive to certain types of information, xi values could be correlated with specific learning

strategies.

This study focuses on a very small set of learning strategies. Importantly, each well-

defined type of learner focuses on only one type of information. Only 1/5 of the population

exhibits random strategies that can potentially be influenced by multiple types of information

simultaneously. However, it is very likely that most people are constantly influenced by many

different types of information (Mesoudi et al., 2016; Kendal et al., 2018).

At the same time, starting with simpler versions of norm change models that incorporate

multiple types of information could also facilitate the development of analytic models alongside

simulation models. Such an approach is advantageous as analytic models enable the derivation

of clear predictions for steady-state conditions for specific parameter combinations of the

corresponding simulation model. This could be particularly insightful when simpler analytic

models, which might consider only three types of learners instead of the five simulated here,

are used to compare norm change dynamics with analytic models of threshold models that

focus solely on agents responding to expected payoffs (Efferson et al., 2024).

And yet this first step of integrating more forms of learning into models of norm change is

promising. The results presented here emphasise how sensitive the effectiveness of interven-

tions is to the specific structure of learning and preferences in the population. This is in line

with more general findings that emphasise the importance of first better understanding indi-

vidual heterogeneity in order to capture the evolutionary dynamics of norm change (Young,
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2009; Vogt et al., 2016; Efferson et al., 2020; Constantino et al., 2022; Efferson et al., 2023,

2024). The results on success-based interventions suggest that there are potentially effective

interventions whose evolutionary dynamics we can only analyse if we take into account key em-

pirical findings on social learning. Therefore, future empirical research is essential to increase

the value of modelling by providing detailed information about specific network structures and

the distribution of learning strategies and preferences relevant to the norm changes targeted

by interventions. Given the increasing interest in promoting endogenous cultural change for

the benefit of society, the pursuit of such a research agenda is crucial (Nyborg et al., 2016;

Otto et al., 2020; Constantino et al., 2022; Efferson et al., 2023).
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