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General Introduction

The scope of this thesis

When you think about things you have learned as a child or teenager, you will likely think 

about particular skills or something you learned from (school) books, such as reading, math, 

or riding a bike. However, humans are sophisticated social beings who live in a dynamic and 

complex social environment, and encounter numerous social situations daily. Therefore, a 

considerable part of what we learn is social information, enabling us to navigate the social 

environment. For example, social interactions require quick learning about the behavior of 

other people. For instance, when you think about the first day of high school, you may recall 

this as an exciting day in which you were going to meet many new people. You did not know 

(most of) them yet: who were you going to like or dislike? Who would be your friends? Who 

would be your ideal project buddy? You had to learn about these people, which involves 

predicting others’ behavior and interacting successfully with them. These are important ele-

ments of social learning.

Social learning thus involves predictions about other people – which affect your upcom-

ing choices or actions – and these predictions will be updated when they do not match the 

actual outcome. Social learning may take different forms, which differ in the information one 

learns and its purpose. Historically, social learning theory was proposed by Albert Bandura 

(Bandura, 1977), which defines social learning as learning without direct reinforcement, such 

as learning from others by observing, imitating, and modeling their behavior, or vicariously 

learning from others’ actions and outcomes (rewards and punishments). In addition, as men-

tioned above, social learning can involve learning about other people, such as whether you 

can or cannot trust someone. Finally, social learning may also encompass learning for others. 

That is, many of our actions may affect other people and we have to learn which actions we 

should repeat to help others. For example, to comfort an upset friend, we need to know what 

actions cheer them up. Learning to benefit or help others can also be referred to as prosocial 

learning (Lockwood et al., 2016). The current thesis focusses on learning about and learning for 

others. Although these two forms of social learning differ, they have overlapping elements and 

generally encompass learning about actions and their outcomes which involve other people.

Being able to learn adaptively in a social context is an essential social skill (Fareri et al., 

2020). Social learning skills enable you, for instance, to know who you can/should cooperate 

with (e.g., in school or business projects), who you can trust with your secrets, and how best 

to help someone. Thus, the ability to learn about and for others helps you make appropriate 

choices that involve others, and determine how to behave around other people. Adaptive 

social skills are vital for building and maintaining healthy social relationships (Fareri et al., 

2020), which have been shown to be beneficial for one’s long-term wellbeing (Güroğlu, 2021; 

Uchino, 2009).

1
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Chapter 1

Social learning is a complex social skill that develops and improves across development. 

A developmental period that has been suggested to be particularly key for developing social 

learning skills, is adolescence (Blakemore & Mills, 2014; Crone & Dahl, 2012). Adolescence is 

a sensitive period for social development in general, and is characterized by large changes 

in the social environment. That is, adolescents spend more time with peers than with their 

family, and their social relations become more intense and complex (Brown & Larson, 2009; 

De Goede et al., 2009; Lam et al., 2014). Moreover, their sensitivity to social stimuli is height-

ened, which may, for example, result in increased susceptibility to peer influence (Blakemore 

& Mills, 2014; Crone & Dahl, 2012; Foulkes & Blakemore, 2016). These psychosocial changes 

are thought to result from ongoing structural and functional changes in the brain (Blakemore 

& Mills, 2014; Nelson et al., 2016; Somerville, 2013). Due to these environmental and neuro-

biological changes, adolescence may be a life phase particularly attuned to social learning.

In this thesis, I aim to examine the development of two forms of social learning across 

adolescence. Here, I will focus on (1) learning about other people, specifically, whether they 

are (un)cooperative and (un)trustworthy, and (2) learning for other people (prosocial learning) 

to know what actions may help others. To this end, I make use of multiple experimental 

paradigms in samples spanning early adolescence to late adolescence. A second aim was 

to examine underlying mechanisms and factors that account for age-related and individual 

differences in social learning. To this end, I combined self-report questionnaires, computational 

modeling, and functional neuroimaging.

In this first chapter, I first provide an introduction about adolescence as a key period for 

social development. Here, I discuss two social behaviors - specifically, trust behavior and proso-

cial behavior - that play an important role in social interactions as well as in the different forms 

of social learning. Next, I present reinforcement learning as a framework for social learning. 

Finally, I highlight the added value of using economic games, computational modeling, and 

functional neuroimaging for studying social decision-making and learning, and end with an 

outline of the empirical chapters.

Adolescence as a key phase for developing social learning skills

Adolescence is the developmental phase that marks the transition from childhood to adult-

hood. Adolescence has a biological starting point with the onset of puberty and accompanying 

hormonal and biological changes (+/- 9-12 years old) (Spear, 2011). The end of adolescence 

is culturally determined, but in Western cultures this is generally when one reaches mature 

social goals and is relatively independent of their parents. Thus, adolescence roughly spans 

9-24 years of age, although different ages or (sub)labels are being used (Sawyer et al., 2018).
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Adolescence is characterized by biological changes in levels of pubertal hormones, physical 

characteristics, and brain anatomy and function (see e.g., Dumontheil, 2016). Besides these 

biological changes, however, this life phase is also a time of profound psychological and social 

changes. Adolescence is a time of social reorientation, during which the social world and peer 

interactions become increasingly important. For instance, adolescents spend more time with 

peers than in childhood (De Goede et al., 2009), both offline and online (Lam et al., 2014), 

and they form and maintain high-quality friendships (Brown & Larson, 2009). Concurrently, 

there is a heightened sensitivity to social stimuli (Foulkes & Blakemore, 2016; Somerville, 2013) 

which may, for example, result in increased attention to peer evaluation (Guyer et al., 2014) 

and an increased susceptibility to peer influence (Blakemore & Mills, 2014; Crone & Dahl, 2012; 

Foulkes & Blakemore, 2016). Moreover, both the quantity and quality of social interactions 

change, and for functioning as an adult and achieving mature levels of social competence, it 

is essential that adolescents develop adaptive social skills. These are needed for e.g., building 

reciprocal social relations, which have been shown to be essential for long-term health and 

(emotional) wellbeing (Baumeister & Leary, 1995; House et al., 1988). In sum, adolescence is 

a key life phase for developing well-adjusted social behavior.

Well-adjusted social behavior comprises of multiple adaptive social learning skills. Next, I 

will discuss trust behavior and prosocial behavior, as these social behaviors play an important 

role in social interactions, as well as in learning about and learning for others, respectively.

Trust

A crucial component for cooperative social interactions and mutually beneficial interper-

sonal relationships, is trust. Trust is important at all levels of society – from interpersonal to 

institutional trust – and well-adjusted social behavior therefore also entails being adaptive 

with regard to deciding whether or not to trust. That is, trusting others who will reciprocate 

your trust will result in positive social interactions. However, trusting others who will betray 

your trust, will be wasteful for your resources. Showing maladaptive trust decisions, i.e., both 

trusting too often or too little, is likely to result in problems with peer relations and social 

behavior (Rotenberg et al., 2005). Therefore, it is vital for successfully navigating the social 

environment to be able to learn whom you can or cannot trust.

For studying social decision-making behaviors such as trust, economic games are 

well-suited. Economic games allow studying complex processes in a controlled experimental 

setup, and are moreover suitable for studying developmental patterns across large age ranges 

(Camerer, 2003; Gummerum et al., 2008). A well-known economic game for studying trust, is 

the trust game. In the original trust game, participants may have the role as either an investor 

or a trustee (Berg et al., 1995). As the investor, a participant may have two options: trusting 

(i.e., investing) or not trusting (i.e., not investing) the trustee. When choosing to trust, the 

investment (e.g., coins or tokens) will be multiplied with a certain factor, and the trustee can 

1
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decide how much to reciprocate to the investor. Choosing to trust the trustee may result in the 

highest possible outcome in this game, but only if the trustee will actually behave trustworthy 

(i.e., reciprocate). Choosing not to trust the other will result in a guaranteed outcome, yet lower 

than a reciprocated trust choice. Choosing not to trust is optimal when the trustee is indeed 

untrustworthy, but choosing not to trust someone that turned out to be trustworthy, will 

result in a suboptimal outcome. Previous research has used (variations on) the trust game for 

studying developmental patterns of trust behavior across adolescence. These studies reported 

increasing levels of trust behavior from early- to mid-adolescence (e.g., (Fett, Gromann, et 

al., 2014; Sutter & Kocher, 2007; van den Bos et al., 2010; van den Bos, van Dijk, et al., 2012).

In the current thesis, chapters 2-4 use experimental paradigms that are based on these 

trust game principles to study adolescents’ ability to learn about the trustworthiness of others 

(chapters 2 and 3), and, more specifically, how they sample information on others’ trustwor-

thiness in order to decide whether to trust someone (chapter 4).

Prosocial behaviors

Another form of social behavior that plays an important role in social relations, is prosocial 

behavior. Prosocial behaviors are defined as voluntary social behaviors that are intended to 

benefit others (Padilla-Walker & Carlo, 2014). It is a multidimensional construct that involves 

a wide variety of behaviors, such as helping others, sharing resources, cooperating, and com-

forting. Studies have shown that prosocial behavior is important for being liked by others, 

and building and maintaining positive reciprocal social relationships (Güroğlu et al., 2007; 

Peters et al., 2010). With regard to developmental patterns of prosocial behavior, studies have 

shown that across age, adolescents increasingly exhibit prosocial behaviors in the domain of 

sharing and giving (Güroğlu et al., 2014; Padilla-Walker & Carlo, 2014).

To be able to show prosocial behaviors, it is essential that you are able to learn which 

of your actions have beneficial consequences for the other person (i.e., prosocial learning). 

Previous studies investigating prosocial learning, have used prosocial learning tasks in which 

participant could learn to obtain rewards for others (prosocial learning), and distinguished 

that from self-benefitting learning (Cutler et al., 2021; Lockwood et al., 2016; Sul et al., 2015). 

Although numerous developmental studies on prosocial behavior have been conducted in 

the past years (e.g., Güroğlu et al., 2014; Schreuders et al., 2018; van de Groep et al., 2020; 

van Hoorn et al., 2016), no studies have investigated prosocial learning across development. 

In chapter 5, I used such a prosocial learning task to investigate age-related differences in 

adolescents’ abilities to learn for others compared to learning for self.
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Reinforcement learning framework applied to social learning

A framework of interest to understand the mechanisms of social learning, is reinforcement 

learning (Figure 1A). Reinforcement learning enables describing how decisions and their out-

comes are paired over time (Sutton & Barto, 1998). This reinforcement learning framework 

can be captured in a mathematical framework, which has been widely applied in many areas 

of psychology and neuroscience (Dayan & Balleine, 2002; Zhang et al., 2020). Reinforcement 

learning is a process in which our past experiences are used to perform actions that are likely 

to result in positive outcomes. Reinforcement learning depends largely on prediction errors 

(PEs), which reflect the difference between the expected outcome and actual outcome of 

an action. When the outcome is better or worse than expected, there is a PE, and its size 

depends on how large the deviation is. PEs drive learning as they are used to update the 

future expectation with the new information. That is, an outcome that is better than expected 

(positive PE), will increase our expectations that performing that action again will result in a 

positive outcome, and we will become more likely to repeat the action in the future. When 

an outcome is worse than expected (negative PE), we update our expectations as such that 

we will be more likely to avoid that action in the future. The extent to which expectations are 

updated is determined by a learning rate. For someone with a relatively high learning rate, 

the weight of the PE is larger and their expectations are being updated to a greater extent. 

For someone with a rather low learning rate, however, the weight of a PE is lower and their 

expectations are updated only to a limited extent. As a result, they incorporate the feedback 

not only from the last situation but from a longer time frame, which could e.g., be beneficial 

in relatively stable learning contexts (Nussenbaum & Hartley, 2019).

Figure 1. (A) Reinforcement learning framework. The action you perform is based on your expectation 

of the resulting outcome. During the evaluation, the actual outcome of your action is compared to 

your expected outcome. The difference between these, is the prediction error. A prediction error of 0 

indicates that the outcome precisely matches your expectations. If the actual outcome differs from 

your expected outcome (prediction error ≠ 0), this will be used to update your expectations for the 

1
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subsequent action. The extent to which you update your expectations is determined by your learning 

rate. (B) Ventral striatum and medial prefrontal cortex (mPFC) are core brain regions involved in rein-

forcement learning.

For using the reinforcement learning framework to investigate (social) learning, research-

ers make use of computational modeling. Computational models are mathematical models 

applied to behavioral data. The advantage of such a computational model is that they can 

describe behavior, and as such can identify underlying mechanisms that you cannot directly 

observe or measure from behavior (i.e., latent variables) (van den Bos et al., 2018). Therefore, 

computational modeling is a valuable tool for studying people’s behavior and the underlying 

mechanisms of individual or developmental differences therein.

A novel perspective is to apply this reinforcement learning framework to social learning, 

as it is thought to rely, at least partly, on similar computational learning mechanisms (Joiner 

et al., 2017; Lockwood & Klein-Flügge, 2020; Zhang et al., 2020) and potentially also similar 

neural mechanisms (Lockwood et al., 2020) as those used in basic reinforcement learning. 

For example, computational reinforcement learning models in social learning contexts have 

assessed whether learning rates differ between learning conditions (e.g., learning to benefit 

oneself compared to learning to benefit others (Cutler et al., 2021; Lockwood et al., 2016). 

However, in social psychology and neuroscience, variations on these reinforcement learning 

models may be insightful as well (Zhang et al., 2020). For instance, these reinforcement 

learning models can be extended with social elements, such as social preferences (inequality 

aversion), to better capture the underlying processes involved in social learning.

In this thesis, I applied computational modeling to study how adolescents learn about and 

for other people, and examined developmental and individual differences in the underlying 

computational mechanisms of social learning.

Social reinforcement learning in the developing brain

An additional valuable methodological approach for understanding underlying mechanisms 

of a particular behavior, is the use of functional neuroimaging. When studying the brain, re-

searchers often make use of Magnetic Resonance Imaging (MRI) scanners. This noninvasive 

method is suitable to use in participants from a relatively young age. When the MRI scanner 

is used to measure the blood-oxygen-level dependent (BOLD) signal in the blood vessels in 

the brain, this is called functional MRI (fMRI). These oxygen levels are an indirect measure of 

neural activity: when neurons in a certain brain area are active, they will need oxygen, thus 

higher oxygenated levels indirectly indicate more activity in that particular brain area. When 

participants perform a task (e.g., a social learning task) during fMRI, the scanner takes images 
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every few seconds. This technique allows researchers to study which brain areas are involved 

during which parts of the tasks. fMRI has a good spatial resolution, which allows locating the 

BOLD signals during specific tasks or events.

fMRI has been used across an extensive range of experimental paradigms. For studies 

on (social) learning fMRI can add insights in what neurobiological mechanisms underlie 

reinforcement learning. When this is combined with computational modeling, this allows for 

more sophisticated probing of the learning processes. That is, the PEs (representing learning 

signals) are extracted on a trial-by-trial basis from the computational models. These PEs can 

be used in the fMRI analyses such that the learning signals can be tracked in the brain. Key 

regions that have been linked to reinforcement learning are the ventral striatum and the 

medial prefrontal cortex (mPFC) (see Figure 1B). The striatum is a region located in the mid-

brain that receives dopaminergic input from the ventral tegmental area and substantia nigra, 

and is functionally related to reward processing and (social) learning (Olsson et al., 2020). The 

striatum has connections with the mPFC. The mPFC is thought to integrate reward (value) 

and is involved in (social) decision-making and reinforcement learning (Joiner et al., 2017). 

Although social learning may depend on several interacting brain regions, these reward-related 

regions are expected to be key for social learning.

Thus, using fMRI for studying social learning provides insights into its underlying mech-

anisms. In chapter 5, I combined fMRI with computational modeling of prosocial learning 

data, and examined age-related differences in prosocial learning signals in the ventral striatum 

and mPFC.

Outline of this thesis

In this thesis, I report the results from four empirical studies that I have conducted to investi-

gate the development and underlying mechanisms of social learning in typically developing 

adolescents, using experimental behavioral paradigms, self-report questionnaires, computa-

tional modeling, and fMRI.

In chapter 2, I present an experimental paradigm consisting of multiple 1-shot economic 

games to examine adolescents’ ability to learn about and adjust to others that differed in 

their levels of cooperative behaviors (i.e., trustworthiness and cooperation). More specifically, 

in one condition (‘trust game’) participants had to learn to trust trustworthy others and not 

trust untrustworthy others. In the other condition (‘coordination game’), participants had to 

learn to coordinate their choices by accepting either an advantage from cooperative others or 

a disadvantage from uncooperative others. In a large adolescent sample spanning a broad age 

range (N = 244, 8-23 years), I examined age-related differences and factors (e.g., learning rates) 

underlying individual differences in participants’ ability to learn to adjust to others’ behavior.

1
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Chapter 3, describes an experimental study in an adolescent sample with a broad age 

range (N = 157, 10-24 years) that focused on the trust game condition from chapter 2. I ex-

panded this paradigm by adding a reversal learning manipulation in which the others’ behavior 

reversed unannouncedly. Assessing participants’ reversal-learning abilities provide insights 

into how flexibly adolescents can adjust their behavior towards changing levels of others’ 

trustworthiness. Additionally, a non-social version of the task was included to assess whether 

there are differences between social and non-social trust learning. I aimed to study age-relat-

ed differences in participants’ social and non-social trust learning and trust reversal-learning 

abilities, and additionally assessed factors underlying individual differences that may affect 

their social learning abilities.

Chapter 4, builds on the findings from chapter 2 and 3, and describes a study that further 

examined how adolescents sample information on others’ past trust behavior when they have 

to decide whether to trust them. In a trust sampling paradigm, participants could sample 

information about the trustworthiness of peers, ranging from always trustworthy to always 

untrustworthy, before they decide to trust or not (N = 157, 10-24 years, same sample as in 

chapter 3). Using computational modeling, I examined age-related differences in how ado-

lescents used this information to update their beliefs about others’ trustworthiness. Together, 

this setup elaborates on the underlying cognitive processes involved in trusting behavior.

In chapter 5, I describe an fMRI study in adolescents (N = 74, 9-21 years) in which I ex-

amined another type of social learning: prosocial learning. Here, I aimed to investigate how 

adolescents learn to obtain positive outcomes for self versus for others. By combining com-

putational modeling with functional neuroimaging, I was able to assess in prosocial learning 

signals in the brain. With this study, I thus aimed to examine age-related and individual 

differences in prosocial learning on both a behavioral and neural level.

Finally, in chapter 6 I summarize the results of the empirical studies in this thesis, and 

provide an overall discussion of the findings and its implications.
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Chapter 2
Developmental asymmetries in 

learning to adjust to cooperative and 
uncooperative environments

This chapter is published as:

Westhoff, B., Molleman, L., Viding, E., van den Bos, W., & van Duijvenvoorde, A. C. K. 

(2020). Developmental asymmetries in learning to adjust to cooperative and uncooperative 

environments. Scientific Reports, 10(1), 21761. https://doi.org/10.1038/s41598-020-78546-1
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Chapter 2

Abstract

Learning to successfully navigate social environments is a critical developmental goal, pre-

dictive of long-term wellbeing. However, little is known about how people learn to adjust to 

different social environments, and how this behavior emerges across development. Here, 

we use a series of economic games to assess how children, adolescents, and young adults 

learn to adjust to social environments that differ in their level of cooperation (i.e., trust and 

coordination). Our results show an asymmetric developmental pattern: adjustment requir-

ing uncooperative behavior remains constant across adolescence, but adjustment requiring 

cooperative behavior improves markedly across adolescence. Behavioral and computational 

analyses reveal that age-related differences in this social learning are shaped by age-related 

differences in the degree of inequality aversion and in the updating of beliefs about others. 

Our findings point to early adolescence as a phase of rapid change in cooperative behaviors, 

and highlight this as a key developmental window for interventions promoting well-adjusted 

social behavior.
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Developmental asymmetries in learning to adjust to cooperative and uncooperative environments

Introduction

Humans have evolved in a highly social environment in which they continuously make de-

cisions about how to engage with others. Well-adjusted social behavior requires individuals 

to learn whom they can trust and cooperate with. We typically trust others whom we expect 

to reciprocate that trust in the future, and beliefs about others’ trustworthiness are updated 

through everyday experiences. For example, if a friend violates our trust, this calls for an 

adjustment of our belief in their trustworthiness. This may not happen on the first violation, 

but if this friend continues their untrustworthy behavior, the friendship is unlikely to survive. 

Adjusting our beliefs based on outcomes of social interactions enables decision making that 

matches the situation and can be critical for successful navigation of the social world. In line 

with this notion, well-adjusted social behavior has been linked to positive developmental 

trajectories (e.g., in health, education, and social development), and is important for long-term 

mental health (Crone & Dahl, 2012; Dahl et al., 2018; Paus et al., 2008; Sawyer et al., 2018). 

With the rise of complex social worlds (both online and offline), learning about and adjusting 

to different social environments may be more important than ever. Yet little is known about 

the factors that underlie learning and adjusting in social environments, and how these skills 

manifest across adolescence.

Mounting evidence suggests that adolescence – the period between childhood and young 

adulthood – is a life phase in which learning and flexible behavior mature rapidly (see e.g., 

(Blakemore & Mills, 2014; Casey et al., 2008; Crone & Dahl, 2012; Sawyer et al., 2018). More-

over, adolescence is marked by a social reorientation: individuals start to form larger peer 

groups, peers gain in importance compared with parents, and social interactions become 

more complex (Chein et al., 2011; Larson & Richards, 1991; Larson et al., 1996; van Hoorn et al., 

2016). Adolescence is, therefore, an important life phase for developing well-adjusted social 

behavior, with cooperative and uncooperative behaviors becoming more salient as adolescents 

deal with their social environments more independently. Developmental research into social 

decision making has shown that from an early age, children trust others and recognize that 

investing in others can lead to mutual benefits (Rosati et al., 2019). Cooperative behaviors, 

such as trust and prosocial behavior, are thought to continuously increase during adolescence 

(Blakemore & Mills, 2014; Eisenberg et al., 1991, 1995; van den Bos et al., 2010) (but see House 

et al., (2020)). A more nuanced view is that adolescents do not show more cooperative be-

haviors per se, but instead increasingly tailor their behavior to the social environment. For 

example, when undertaking prosocial actions they increasingly differentiate between friends 

and strangers (Fett, Shergill, et al., 2014; Güroğlu et al., 2014; van de Groep et al., 2020). Also, 

adolescents learn to adjust to interaction partners that differ in their level of trustworthiness 

(van den Bos, van Dijk, et al., 2012), something that children find difficult (Rosati et al., 2019).
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Theoretically, decisions to cooperate can be based on at least three distinctive factors, each 

of which could differ between individuals and could contribute to developmental differences 

in adjusting behavior in social contexts: (1) social preferences, (2) prior expectations, and (3) 

updating of expectations. First, social preferences refer to individuals caring about relative 

outcomes, i.e. disliking having either a better or worse outcome than others (Fehr & Schmidt, 

1999). Such social preferences show changes across development (see McAuliffe et al., (2017) 

for a review).The preference of avoiding getting less than others (i.e., disadvantageous in-

equality aversion) increases from age 4 to early adolescence (Fehr et al., 2008), which has 

been shown across many cultures (Blake et al., 2015), before it decreases again across ado-

lescence (Meuwese et al., 2015). On the other hand, the preference of avoiding getting more 

than others (i.e., advantageous inequality aversion), appears from about 8 years old (Blake & 

McAuliffe, 2011; Fehr et al., 2008), and has been suggested to decrease across adolescence, 

particularly for boys (Meuwese et al., 2015). Nonetheless, also in adulthood people exhibit 

disadvantageous and advantageous inequality aversion (e.g., Dawes et al., 2007; Fehr & 

Schmidt, 1999). Although this evidence suggests that social preferences continue to develop 

across adolescence, little is known about how they impact learning in social environments. 

For instance, high levels of disadvantageous inequality aversion could prevent cooperative 

behavior due to a fear of getting less than others, even if there is a relatively strong expecta-

tion that others will cooperate.

Second, prior expectations (i.e., descriptive norms, the perceptions of what most people 

do (Chang & Sanfey, 2013; Delgado et al., 2005; Ruff & Fehr, 2014) inform decision making 

by generating predictions about the behavior of others (e.g., I will cooperate if this person is 

likely to reciprocate). Individual differences in initial expectations about others may lead to 

individual differences in choices (Fareri et al., 2015), and it is conceivable that different age 

groups have varying prior expectations (Ma, Westhoff, et al., 2020). However, prior expec-

tations have hardly been studied in developmental populations, despite being important 

determinants of cooperative behaviors.

Third, adjusting behavior requires expectations to be updated in response to new infor-

mation. Updating of expectations in social environments can be captured by reinforcement 

learning (RL) models (e.g., Cheong et al., 2017; Hackel et al., 2019; van den Bos et al., 2013), 

in which learning is driven by differences between expected and received rewards (i.e., pre-

diction errors). Adolescence is characterized by substantial improvements in flexible learning 

and quick adaptation to novel non-social contexts (Decker et al., 2015; Hauser et al., 2015; 

van den Bos, Cohen, et al., 2012); whether this extends to the social domain, however, is still 

unclear (but see Rosenblau et al., (2018)).

Here we examine experimentally how children, adolescents, and adults adjust to social 

environments that differ in their level of cooperation, and aim to provide a mechanistic 

explanation by evaluating the role of social preferences, prior expectations, and expectation 
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updating. To achieve this goal, we deployed a set of economic games, together with behavioral 

analyses and computational reinforcement learning modeling. Our cross-sectional sample 

spanned from late childhood into early adulthood (8 to 23 years old, N=244). Participants 

played age-appropriate versions of two well-studied incentivized economic games: A Trust 

Game (Figure 1B) and a Coordination Game (Figure 1D). These two games involve key types of 

cooperative behaviors: trust and coordination. Trust is key for mutually beneficial cooperation 

to be initiated and sustained (e.g., Berg et al., 1995; van den Bos et al., 2010; van den Bos, van 

Dijk, et al., 2012), and for achieving beneficial outcomes for all interaction partners involved. 

Yet, trust also creates a hazard of being betrayed. Similarly, coordinating one’s behavior with 

others is often critical for collective welfare, even though outcomes may not always equally 

benefit all interaction partners (Luce & Raiffa, 1989; Osborne & Rubinstein, 1994).

The two games consisted of repeated one-shot interactions, in which both players had 

to choose between two options. In each trial, they encountered one new anonymous player 

from either a Cooperative environment or an Uncooperative environment in two games (the 

Trust Game and Coordination Game). The decisions of these players had been recorded in a 

previous session with age-matched unfamiliar others (see Methods, pre-test). Participants were 

explained that between environments, players could differ in their tendency to choose X (see 

Figure 1B and 1D). To maximize their earnings, participants had to learn over the course of 

the game which environment was Cooperative and which environment was Uncooperative, 

and adjust their choices accordingly. That is, in the Trust Game they had to learn in which 

environment the typical behavior was choosing X (labelled the ‘Trustworthy environment’) 

and in which environment the typical behavior was choosing Y (labelled the ‘Untrustworthy 

environment’). Participants maximized their monetary outcomes by trusting (i.e., choose A) 

Trustworthy others and withhold trust (i.e., choose B) from Untrustworthy others. Similarly, 

in the Coordination Game, participants had to learn in which environment players tended 

to choose X (labelled the ‘Friendly environment’) and in which environment they tended to 

choose Y (labelled the ‘Unfriendly environment’). Participants maximized their outcomes by 

coordinating with the response of the others, i.e., participants accepting a disadvantage (i.e., 

choose A) when interacting with the ‘Unfriendly environment’, or accepting an advantage (i.e., 

choose B) when interacting with the ‘Friendly environment’. The social environments in these 

games were probabilistic, as cooperative behaviors were displayed by 73% of the players in 

the Cooperative environments, and by 27% of the players in the Uncooperative environments.

2



24

Chapter 2

Figure 1. Task assessing learning to adjust to cooperative and uncooperative social environments. (A) 

Example trial. The participant (purple stick figure on the left) can choose between the top and bottom 

row of boxes (A or B). After choice selection, the participant is shown the pre-recorded choice (X or Y) 

of the other player (grey stick figure on the top). The background color of the other player indicates to 

which of the two environments they belong. The combined choices of the participant and the other 

player determine the monetary outcome for both players (number of dots in their corresponding color). 

(B) In the Trust Game, participants interact with players from a ‘Trustworthy’ environment (who tend 

to choose X) or an ‘Untrustworthy’ environment (who tend to choose Y). Participants’ own monetary 

payoffs are maximized by choosing to trust (choose A) a player from a Trustworthy environment, and 

to withhold trust (choose B) from a player from the Untrustworthy environment. In this Trust Game 
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setup only disadvantageous inequality aversion may play a role in decision making. (C) Participant 

choices over trials per social environment, pooled across all participants. Over the course of the game, 

participants adjusted their choices by directing their trust towards players from the Trustworthy envi-

ronment, and away from players from the Untrustworthy environment (N=244). (D) In the Coordination 

Game, participants’ monetary payoffs are also maximized by matching the choices of their co-players. 

Again, social environments differ in their prevalence of (non)cooperation, reflected by players’ tenden-

cies to choose either X or Y. Coordinating on either of the outcomes (A,X) or (B,Y) will lead to positive 

outcomes. Respectively, participants’ own monetary payoffs are maximized by choosing to accept 

a disadvantage (choose A) when confronted with a player from the Unfriendly environment, and to 

accept an advantage (choose B) when confronted with a player from the Friendly environment. In this 

game both advantageous and disadvantageous inequality aversion may play a role in social decision 

making. (E) Participant choices over trials per social environment, pooled across all participants. Over-

all, participants learned to coordinate with players from both environments. (N=202). Shaded areas in 

panels c and e represent standard errors of the mean (s.e.m.).

Participants also played an iterative Ultimatum Game (UG) and Dictator Game (DG), 

which allowed us to estimate participants’ social preferences (i.e., advantageous and dis-

advantageous inequality aversion; see Methods). We separately assessed participants’ prior 

expectations of the behavior of others before the start of the Trust Game and Coordination 

Game (see Methods). Furthermore, we used computational reinforcement-learning models 

(Daw et al., 2011) to model the updating of expectations between interactions. In these 

models, the learning rate quantifies how much an expectation violation modifies our sub-

sequent expectations and consequently our decision making. We allowed learning rates to 

decay over the course of the games because we expected that most of the learning about 

the environments would happen in the first set of trials. After that, behavior would stabilize, 

provided the environments did not change their behavior (for more on learning rates and 

environmental stability see (Behrens et al., 2007; Li et al., 2011; Nassar et al., 2012)). We ex-

tended these reinforcement learning models to account for the measured prior expectations 

and social preferences (van den Bos et al., 2013), and compared the parameters of these 

models across age cohorts (see Methods).

We hypothesized that participants would be able to learn to adjust their behaviors to 

social environments differing in their level of (non)cooperation, but that across adolescence 

this ability would improve rapidly. We expected that these developmental differences could 

be explained by a combination of (1) social preferences (i.e., age-related changes in levels of 

advantageous and disadvantageous inequality aversion), (2) prior expectations (i.e., age-re-

lated changes in expectations about others’ trustworthiness and tendencies to prioritize their 

own payoffs over those of others) and (3) updating of expectations (i.e., age-related changes 

in learning rates).
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Results

Learning to adjust to cooperative and uncooperative social environments 
across age

First, we examined decisions over the course of the games to assess whether children, adoles-

cents, and young adults adjust their behavior to different social environments with different 

levels of cooperation. For this, we used the Trust Game in which participants maximized 

their monetary outcomes by trusting Trustworthy others and withhold trust from Untrust-

worthy others (Figure 1B), and the Coordination Game in which participants maximized their 

outcomes by coordinating with the response of the others, i.e., participants accepting an 

advantage when interacting with the ‘Friendly environment’, or participants accepting a dis-

advantage when interacting with the ‘Unfriendly environment’. We performed a binomial 

generalized linear mixed model (GLMM) per game on participants’ binary choices, including 

social preferences and prior expectations of others’ behavior (see Methods).

Figure 2. Developmental asymmetries in adjusting to cooperative and uncooperative social environ-

ments. Decisions per age cohort are shown per social environment in the (A) Trust Game (N = 244) 

and (B) Coordination Game (N = 202). Across age cohorts, there is a pronounced increase in cooper-

ative choices (i.e., trusting players from a Trustworthy environment in the Trust Game, and accepting 

a disadvantage from players from an Unfriendly environment in the Coordination Game), whereas 

uncooperative choices (i.e., withholding trust from players from an Untrustworthy environment in the 

Trust Game, and accepting an advantage from players from a Friendly environment in the Coordination 

Game) were relatively stable across age. Dashed lines in a and b indicate the reinforcement rates (i.e., 

fraction of 0.73 and 0.23) for each social environment. Note that we grouped participants for illustration 

purposes only and age was treated as a continuous variable in all analyses. Error bars represent s.e.m.
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For the Trust Game, results indicated an accelerated change in adolescence in which 

people differentiated more between the Trustworthy and Untrustworthy environment (envi-

ronment x age linear, B = -0.307, p < .001; environment x age quadratic, B = 0.205, p = .015; 

N=244; see Table S1 for full statistical analysis; Figure 2A). Post-hoc tests per social envi-

ronment showed that trusting the Trustworthy others increased rapidly in early to mid-ad-

olescence (age linear, B = -0.384, p = .006; age quadratic, B = 0.316, p = .020). In contrast, 

adjusting to Untrustworthy others improved slightly, and monotonically across adolescence 

(age linear, B = 0.233, p = .031).

For the Coordination Game, results again indicated that with age, people differentiated 

more between the Friendly and Unfriendly environment (environment x age linear, B = -0.458, 

p < .001; N = 202; see Table S3 for full statistical analysis; Figure 2B). Post-hoc tests per social 

environment showed that optimally coordinating to the Unfriendly environment (i.e., partic-

ipants accepting their disadvantage) increased across adolescence (age linear, B = -0.446, 

p < .001). However, coordinating to the Friendly environment (i.e., participants accepting their 

advantage) did not change with age; participants from all age cohorts adjusted quickly to 

this environment. Together, these results show that people coordinated to both environments 

but younger participants were less likely to accept a disadvantage than older participants.

Social preferences and prior expectations

Social preferences (advantageous and disadvantageous inequality aversion) and prior expec-

tations of others’ behavior are features that may account for age-related changes in learning 

to adjust to different social environments. Before further testing their relation to behavior 

in the Trust Game and Coordination Game, we first examined the age-related changes in 

these parameters. Robust linear regression analyses (5000 bootstraps) indicated that only 

disadvantageous inequality aversion changed across age (Figure 3A-3D). Specifically, older 

participants were, compared to younger participants, less averse to being behind (age linear, 

B = -0.098, β = -0.308, p < .001, 95% CI = [-0.139, -0.057], N = 244). We did not observe 

significant age-related change for advantageous inequality aversion (age linear, B = -0.099, 

β = -0.118, p = .133, 95% CI = [-0.229, 0.031], N = 202), nor for prior expectations of others’ 

trustworthiness (age linear, B = -0.048, β = -0.085, p = .209, 95% CI = [-0.124, -0.027], N = 245) 

or for prior expectations of others’ tendency to prefer to have more than the other (age linear 

B = -0.031, β = -0.076, p = .209, 95% CI = [-0.087, -0.024], N = 245).

In a binomial GLMM analysis, advantageous and disadvantageous inequality aversion 

were related to choices in the games (see Tables S1 and S3 for full statistical analysis). Great-

er disadvantageous inequality aversion was associated with overall fewer trusting choices 

(B = 0.215, p = .012) and with fewer choices in which participants accepted a disadvantage 

(B = 0.134, p = .048). In addition, greater advantageous inequality aversion was associated 

2
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with greater acceptance of a disadvantage (B = 0.172, p = .009). In contrast, prior expectations 

were not related to choices in both games.

Figure 3. Social preferences and prior expectations across age cohorts. Social preferences and prior 

expectations are features that may account for choices in the games. (A) Indifference points of the 

Ultimatum Game as a measure of disadvantageous inequality aversion and (B) Indifference points of 

the Dictator Game as a measure of advantageous inequality aversion were used as social preference 

measures. (C) Prior expectations for the Trust Game, with higher values indicating greater expectations 
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that others are Trustworthy. (D) Prior expectations for the Coordination Game, with higher values indi-

cating greater expectations that the others are Friendly (i.e., not tending to prioritize their own payoffs 

over those of others). In panels a-d, error bars show s.e.m. (E) Mediation model for the effect of age on 

trust behavior towards players from the Trustworthy environment (controlled for trust choices towards 

players of the Untrustworthy environment), via disadvantageous inequality aversion. (F) Mediation 

model for the effect of age on coordination behavior (i.e., accepting a disadvantage) when confronted 

with players from the Unfriendly environment (controlled for accepting disadvantages when playing 

with the Friendly environment), via disadvantageous inequality aversion. Note in mediation models: 

c = total effect, c’ = direct effect; values are standardized regression coefficients of direct effects, and 

asterisks indicate significance levels (*p < .05, ** p < .01, *** p < .001).

To better understand what drives the age-related change in learning to adjust to the social 

environments differing in their level of cooperation, we ran a mediation analysis per game. 

Specifically, we examined whether the age-related changes the observed increase in cooper-

ative behavior (trusting, accepting a disadvantage) across development, was explained by the 

age-related change in disadvantageous inequality aversion (Figure 3E; Figure 3F). We found 

that, when controlled for choice participants’ choice behavior in the Untrustworthy environ-

ment, the improvement across age in adjusting to the Trustworthy environment (β = 0.172, 

p = .026) was partly explained by the age-related decrease in disadvantageous inequality 

aversion (indirect effect = 0.057, SE = 0.026, 95%CI = [0.011, 0.113]). That is, older participants 

showed lower levels of disadvantageous inequality aversion (β = -0.087, p < .001), which in 

turn resulted in more trust choices (β = -0.654, p = .007; Figure 3E). This mediation analysis 

for the Coordination Game similarly showed that, when controlled for choice behavior in 

the Friendly environment, the age-related improvement in coordinating with the Unfriendly 

environment (β = 0.374, p < .001) was partly explained by disadvantageous inequality aver-

sion (indirect effect = 0.042, SE = 0.020, 95% CI = [0.005, 0.083]). That is, older participants 

showed lower levels of disadvantageous inequality aversion (β = -0.087, p < .001), which in 

turn resulted in more acceptance of a disadvantage when coordinating with the Unfriendly 

environment (β = -0.480, p = .022; Figure 3F). Note that this partial mediation in the Co-

ordination Game did not hold when advantageous inequality aversion was included as an 

additional mediator.

Computational modeling of updating expectations

To understand how children, adolescents, and young adults update their expectations in differ-

ent social environments, we developed computational models that extend basic reinforcement 

learning models(Rescorla & Wagner, 1972). In our models, participants use the outcome of 

interactions to update their expectations of their interaction partners’ choices in each social 

environment (Figure 4A-C). The extent to which these expectations are updated is reflected 

in a learning rate (λ). Besides quantifying the updating of expectations, this computational 

approach allows us to confirm the role of social preferences as observed in our behavioral 

2
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analyses. We extended the basic reinforcement model by i) incorporating mean cohort-level 

social preferences to calculate a subjective value of interaction monetary outcomes (Figure 4A, 

4C) that drives decision making, and ii) by allowing learning rates (expectation updating) to 

exponentially decay over trials of the game. Thus, we fitted four variants of this model (with 

and without social preferences; with and without decaying learning rates) to our experimental 

data for each age cohort and each game, to allow estimating different parameters (learning 

rates, expectation updating) across cohorts per game (see Methods).

For both the Trust Game and the Coordination Game, a comparison of model fits pro-

vided strong support for models extended with social preferences (Figure 4D), confirming 

the results from our behavioral analyses that social preferences impact decision making. The 

best models also included decaying learning rates (see Figure 4D and Table S7). For the Trust 

Game, we observe that for the 8-11 year-olds, estimated learning rates are constant over the 

course of the game, suggesting that in late phases, individuals in this youngest age cohort 

still updated their expectations of the behavior in the different social environments. In the 

older age cohorts, learning rates start high (around λ=1; asymptote not shown in Figure 4E) 

and decay over trials, indicating that expectations take form relatively early in the game, 

and remain relatively stable later on. For the Coordination Game (Figure 4F), we observe a 

similar pattern: older participants tended to show the strongest decay in learning rates over 

trials, whereas participants from the younger cohorts tended to update their expectations 

throughout the game.
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Figure 4. Model of reinforcement learning with social preferences. (A) Individuals acquire monetary 

payoffs ($) from interactions in the games (cf. Figure 1). How they subjectively value each outcome 

can be influenced by their social preferences (Fehr & Schmidt, 1999), whose impact is proportional to 

the differences in payoff between interaction partners (δ). (B) Over the course of the games, individ-

uals update their expectations (p) about the behavior of the other players. The extent of updating is 

proportional to the prediction error (i.e., the difference between the expected and actual outcome) 

and learning rate λ (Sutton & Barto, 1998). (C) The probability that an individual chooses A (not B) is 

an increasing function (F) of the difference in weight of the two choice options (wA and wB; Methods). 

We use maximum likelihood methods to estimate learning rates λ for each age cohort and each game 

separately. In the baseline model, the weights reflect individuals’ monetary payoff from their interactions 

($) and λ is constant over trials. Extended models also incorporate social preferences and learning rates 

that decay exponentially over game trials (see Methods). (D) For both games, bars show BIC differences 

of three model variants with the best model, which includes both social preferences (SP) and decaying 

learning rates. For each model, BIC values were calculated by summing BIC values of all age cohorts. 

Solid bars reflect models including social preferences; void and hatched bars respectively show models 

excluding and including decaying learning rates. (E) Estimated learning rates from the best models as 

a function of the trial number, for each of the four age cohorts separately for the Trust Game, and (F) 

for the Coordination Game. For the older cohorts (15-18 and 19-23), the estimated learning parameters 

were virtually identical, causing the plotted lines to coincide.

2
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Discussion

Here, we examined children’s, adolescents’ and adults’ ability to learn to adjust to social envi-

ronments that differ in their level of cooperation. We examined the role of social preferences 

(inequality aversion), prior expectations about others’ behavior, and the updating of expec-

tations as potential mechanisms underlying this behavior. To this end, participants played a 

series of economic games with groups of age-matched unfamiliar others, which captured two 

important cooperative behaviors: trust and coordination behavior. Our results show a striking 

developmental asymmetry in the learning to adjust to (un)cooperative environments: people 

adjust well to environments that require uncooperative behavior (i.e., withholding trust, ac-

cepting an advantage) from a young age, yet only during adolescence they learn to adjust to 

environments that require cooperative behaviors (i.e., trusting, accepting a disadvantage). Our 

results provide several insights into the mechanisms that explain these age-related differences.

First, age-related differences in learning to adjust to cooperative behaviors can be partly 

explained by differences in social preferences. Specifically, older participants showed lower 

levels of disadvantageous inequality aversion which explained their higher levels of cooper-

ative behaviors in a Trust Game and Coordination Game. That is, younger participants are 

less willing to cooperate (trust, accept a disadvantage) given that they are more averse to 

potential non-cooperation of the other player. Moreover, our computational models confirmed 

that participants’ decisions were best captured by a reinforcement learning model extended 

with social preferences in all age bins. Note that in our current RL modeling approach social 

preferences influence choice behavior through a subjective transformation on the participants’ 

expected payoffs in these games. This way, the RL models show e.g., how disadvantageous 

inequality aversion (dislike of being behind) can reduce the ability to adjust to environments 

that require cooperative behaviors. Future work should explore whether other factors under-

lie the age-related changes in social preferences and their mediating effects on cooperative 

(adjusting) behaviors. For example, the willingness to punish disadvantageous outcomes, or 

trying to force the other to coordinate in your favor may be alternative motivations underlying 

these effects. However, those questions are better answered by using experimental designs in 

which participants play multiple rounds with the same person, rather than a series of one-shot 

games. Taken together, our results underline that for understanding age-related changes in 

social decision making it is critical to understand the development in social preferences, which 

differ across developmental windows and largely drive social decision making.

A potential mechanism that may relate to the influence of inequality aversion on decision 

making, is behavioral control (McAuliffe et al., 2017). Behavioral control refers to the ability to 

control thoughts and actions in order to regulate behavior towards (long-term) goals (Miller 

& Cohen, 2001; Steinbeis, 2018b). Developmental studies have shown that behavioral con-

trol undergoes protracted development due to a prolonged maturation of underlying neural 
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circuitry in regulatory brain regions including the prefrontal cortex (Achterberg et al., 2016; 

Steinbeis, 2018b; van den Bos et al., 2015). In turn this would result in developmental changes 

in responses to inequality into childhood and presumably into adolescence (Meuwese et al., 

2015; Sul et al., 2017). An experiment in children also confirmed a direct role of behavioral 

control in behavior that benefits others: taxing children with a response inhibition task resulted 

in less prosocial behavior and more costly punishment to violations of fairness (Steinbeis, 

2018a). An alternative explanation is that inequality may evoke stronger emotional responses, 

such as increased levels of anger (Güroğlu et al., 2011; van den Bos, van Dijk, et al., 2012). 

This would yield a different view on social preferences in which responses to inequality can 

be based on emotion regulation ability. Future studies are necessary to further disentangle 

whether such self-regulatory behaviors drive the development of social preferences and their 

influence on cooperative behaviors. Consequently, an interesting field for future studies is 

whether strengthening self-regulatory processes is a promising pathway for stimulating co-

operative behavior in young people.

Besides social preferences, we also examined how people’s prior expectations of others’ 

trustworthiness and inclination to take more than others influenced learning in different 

social environments. Our results indicated that reported prior expectations of others’ behavior 

were stable across age cohorts. This is surprising given the consistently reported increase in 

cooperativeness across age (e.g., Blakemore & Mills, 2014; Eisenberg et al., 1991, 1995; van 

den Bos et al., 2010), which was also observed in the current experiment. This suggests that 

there is a developmental mismatch between prior expectations and the actual levels of co-

operation. Moreover, contrary to our hypotheses, we did not find effects of prior expectations 

on learning to adjust to different social environments. Perhaps people do not have strong 

prior expectations about others’ behavior in the anonymous games used in the current study, 

and any expectations they might have are overridden quickly by outcomes of interactions. 

Presumably, effects of prior expectations in the current setup would be more prominent in a 

more heterogeneous sample with greater diversity in - for example - life-history backgrounds. 

For instance, prior expectations (as well as the updating of these expectations), may be dif-

ferent for people who have grown up in an environment where rewards and punishments 

are unpredictable, this may be particularly the case for children who have experienced harsh 

and inconsistent discipline, maltreatment and neglect (Hanson et al., 2017; Pitula et al., 2017). 

These expectations of others’ behavior may match their environmental experiences and as 

such, they may engage in social situations differently. Thus, when assessing the generaliz-

ability of our results it would be important to include a more heterogeneous sample with 

greater diversity in life-history backgrounds. Including different populations could also help 

answering the question to what extent prior expectations about behavior in games reflect 

prior expectations about cooperative behavior in the real world (e.g., Benz & Meier, 2008).
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Here we used computational modeling to quantify how quickly children and adolescents 

updated their expectations based on choice outcomes in previous interactions. Interestingly, 

when placed in a new social environment, people were initially highly sensitive to behaviors 

of other players, and quickly adapted their behavior to the outcomes they experienced. For 

older ages, behavior stabilized after a few interactions as signaled by a decrease in learning 

rate. Children and young adolescents, however, continued to react to the choices of others 

across the games. That is, they often switched strategies after a surprising response from one 

of the environments. This finding indicates that during adolescence, people more effectively 

integrate outcomes over time, and consequently form stable expectations of others based 

on their behavior, which are not quickly overridden by a single experience. Building lasting 

relations may crucially depend on this integrated information of others’ behavior. Although 

the continuous expectation updating of children and adolescents hampers their learning in 

stable environments, this actually may provide an advantage in fast-changing or unpredictable 

environments (Nussenbaum & Hartley, 2019). That is, in such environments, immediately re-

sponding to changing feedback is more beneficial than sticking to prior expectations (Decker 

et al., 2015). Whether fast-updating better fits children’s and adolescents’ experienced social 

environments is an interesting question for future studies.

In the current study, participants were confronted with choices from actual peers and re-

al-life consequences of their actions for all interaction partners. This two-directional approach, 

rather than often-used one-way decision making, is acknowledged as an important aspect 

of paradigms in social sciences (Camerer & Mobbs, 2017). However, the controlled social 

environments in our study are less complex than real-life social interactions, in which factors 

such as social status, culture, or reputation may complicate social decision making. Future 

studies, e.g., field studies or studies using virtual reality, could aim to further approach the 

complexity of real-life social interactions, while retaining experimental control. In addition, we 

included a specific experimental set-up of social learning in which participants were given prior 

information on the different social environments. Future studies will need to assess whether 

our developmental findings hold in settings where participants need to figure out base rates 

of cooperativeness and exploitation on their own. Another limitation of the current study is 

that whereas social preferences were revealed preferences, prior expectations were stated 

expectations about others. People find it hard to estimate probabilities, and future studies 

need to assess the validity of these preferences with individual difference measures. Moreover, 

although IQ did not differ between groups and did not influence any of our findings, our 

adult participants were mainly recruited through university advertisements. Future studies 

should aim for a representative sampling strategy in each age cohort. A final limitation of the 

current study is its cross-sectional design, as longitudinal studies are necessary to identify 

developmental patterns. Therefore, developmental interpretations of behavioral results and 

the underlying mechanisms remain speculative.
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In sum, we combined computational learning models and experimental social manipula-

tions to demonstrate age-related changes in adjusting cooperative behaviors. Well-developed 

social skills are essential for succeeding in society and long-term positive outcomes. The ability 

to adapt to different social environments and discern who we should trust and cooperate 

with, may benefit short-term outcomes, but may also foster social relationships and restrain 

behavioral and mental health problems in the long-term (Crone & Dahl, 2012; Dahl et al., 2018; 

Paus et al., 2008; Sawyer et al., 2018). Knowledge of how such social adjustment behavior 

manifest in different developmental stages inform what ages are the important developmental 

phase for monitoring social development, and what ages are potentially more receptive to 

interventions (Dahl et al., 2018; Yeager et al., 2018).

Our study has shown that adjusting cooperative behaviors is developing rapidly in early 

adolescence. Improvements in adjustment to different social environments are driven by 

developing social preferences (waning aversion to disadvantageous inequality aversion) and 

increasingly effective updating of own behavior in response to others’ behavior. Early ado-

lescence would, therefore, be a key target window for interventions targeted at stimulating 

cooperative and well-adjusted social behavior. Moreover, these findings provide important 

starting points for interventions for youth with maladaptive social tendencies, such as youth 

with conduct disorder problems(Frick & Viding, 2009; Viding & McCrory, 2019).

Methods

Participants

A total of 269 participants (58.4% female) between ages 8 and 23 years took part in this 

study. Participants were recruited from a primary school (n = 60), two secondary schools 

(n = 128), and through local advertisements at a university campus (n = 81) in the western 

and middle part of The Netherlands. The majority of the participants (92.3%) were born in 

the Netherlands, and a minority was born elsewhere (Morocco 1.4%; all other countries <1%), 

or information was missing (1.4%). Twenty participants from secondary schools (ages 14-16) 

were excluded due to technical problems with saving the learning data. Four participants were 

excluded because they did not finish the cognitive behavioral measures, and therefore IQ could 

not be estimated. The final sample consisted of 245 individuals aged between 8 and 23 years.

Adult participants provided written informed consent. For minors, written informed con-

sent was obtained from parents. To make the tasks incentive-compatible, participants were 

informed that with each behavioral task they could win points that represented lottery tickets. 

In each class, and in a similar-size group of adults, one lottery ticket was randomly drawn 

and the winner received a digital 10 Euro gift voucher. In addition, all minors received a small 

gift; adults received 10 Euros flat rate or course credit. All procedures were approved by 

the Psychology Research Ethics Committee of Leiden University (minors: CEP17-0301/120; 

2



36

Chapter 2

young adults: CEP17-1009/334) and performed in accordance with the relevant guidelines 

and regulations.

For analyses using age cohorts (see Computational modeling in the section below), we 

divided the sample into four roughly equally-sized age cohorts: 8-11 year-olds (n=54, 46.3% 

female, mean age 10.6, SD 0.9), 12-14 year-olds (n=73, 52.1% female, mean age 13.4, SD 

0.7), 15-18 year-olds (n=57, 59.6% female, mean age 17.0, SD 1.3), and 19-23 year-olds (n=61, 

80.3% female, mean age 21.1, SD 1.4). A χ2-test indicated sex differences between age co-

horts (χ2
(3) = 16.6, p = .001), with more females in the oldest age cohort. IQ was estimated 

using a speeded version of the Raven Standard Progressive Matrices (Hamel & Schmittmann, 

2006). The estimated IQ scores were largely within the normal range varying between 79 

and 136 (mean IQ = 106, SD = 10.3), and did not differ significantly between age cohorts (F 

(3,237) = 2.18, p = .090) and sexes (F (1,237) = 0.28, p = .770). Additional analyses showed 

that sex differences and IQ did not confound performance on the social games, and did not 

influence any of our observed age-related changes therein (see Tables S2 and S4).

Pre-test

A key component of the economic games used in the current study is that choices have 

consequences not only for oneself, but also for the other player. To ensure this, we performed 

a pre-test at a separate high school and a separate adult sample (both in The Netherlands) 

functioning primarily as a match for determining the participants’ outcomes and thereby 

creating a true social consequence of behavior.

In total, 82 adolescents and 44 adults were asked to make one choice (X or Y) for each 

social game (Trust Game and Coordination Game, see Figure 1). We randomly linked each 

participant in the full-experiment with one pre-test participant. This match and the combined 

outcomes of their choices determined the outcome for the participants (number of points), 

as well as for the pre-test participant. The pre-test participants had a similar lottery ticket 

procedure as the participants from the full experiment, i.e., points were lottery tickets with 

which they had a chance of winning a 10 Euro gift voucher. All pre-test participants received 

a similar instruction as the participants of the main study. That is, it was stressed that their 

choices would have consequences for themselves and another participant, since their out-

comes would result from their combined choices.

Economic games: Trust Game and Coordination Game

Participants completed two incentivized economic games: A Trust Game and a Coordination 

Game (Figure 1). Each game was composed of 30 trials in total: each trial was a one-shot 

game with a new anonymous player (whose decision had been recorded in the pre-test; see 

above). Every trial the participants chose between 2 options (A or B) to distribute points be-

tween themselves and the other. After their decision they could see the choice of the player 
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(X or Y) and the outcomes for themselves and the player. Outcomes for self and the player 

resulted from their combined choices, as shown with payoff matrix !𝒂𝒂, 𝑎𝑎′ 𝒃𝒃, 𝑏𝑏′
𝒄𝒄, 𝑐𝑐′ 𝒅𝒅, 𝑑𝑑′,  where in each 

of the cells entries with and without apostrophes indicate payoffs for, respectively, the other 

and self (in bold).

In each of the games, the two social environments consisted of 20 players each (but note 

that participants interacted with only 15 players per environment). Environments are formed 

based on pre-test responses, which were matched to create a ‘Cooperative’ (73%, i.e., 11 out of 

15) and an ‘Uncooperative’ social environment (Figure 1). Over the course of the game trials, 

participants could learn the tendency of choosing X for each environment of other players, 

and adjust their responses accordingly. Participants were incentivized by associating their 

performance to the chance of winning a gift voucher (see Supplementary materials for the 

instruction protocol).

The Trust Game (Figure 1B) was characterized by payoff matrix !𝟑𝟑, 3 𝟏𝟏, 5
𝟐𝟐, 2 𝟐𝟐, 2) . Participants could 

maximise their earnings by choosing A (‘trust’; top row) when matched with a member of 

the Trustworthy environment, and choosing B (‘not-trust’; bottom row) when matched with a 

member of the Untrustworthy environment. The Coordination Game (Figure 1D) was charac-

terized by payoff matrix !𝟐𝟐, 3 𝟎𝟎, 0
𝟎𝟎, 0 𝟑𝟑, 2) . Participants could maximize their earnings by coordinating 

to their partners’ choices. That is, the participant needed to accept a disadvantage (choose A; 

top row) when matched with a member of the ‘Unfriendly’ environment, but when matched 

with a member of the ‘Friendly’ environment the participant needed to accept an advantage 

(choose B; bottom row).

The order of these two games was counterbalanced across participants. Within each 

game, participants played 30 trials, 15 trials with each environment of players (e.g., Trust-

worthy and Untrustworthy environment). The inconsistent choices within an environment 

(e.g., Y when playing with someone of the environment that prefers X) were distributed across 

trials, yet fixed on trials 4, 8, 12, and 14. Within a game, the order of interactions with the two 

different environments was presented randomly, yet fixed across participants.

Although our main research questions center on the factors specific to learning to adjust 

behavior in different social environments (e.g., the role of prior expectations about others, 

and getting more or less than others), we also included a non-social learning task to examine 

the level of behavioral adjustment in a simple learning context (Figure S1 and Tables S5-S6). 

In this non-social learning task, participants played with computers as interaction partners, 

and only the participant – not the computers – could receive payoffs. A formal comparison 

between age-related changes in learning to adjust to non-social versus social environments 

is included in the Supplementary materials. A computational modeling approach on the 

non-social learning task is discussed in Figure S5.

2



38

Chapter 2

Social preferences

We measured advantageous inequality aversion and disadvantageous inequality aversion in 

two separate tasks: respectively, a modified Dictator Game (DG) and Ultimatum Game (UG). 

These measures were derived from an adapted (i.e., child-friendly and short) version of a DG 

and UG (based on (Beranek et al., 2015; Blanco et al., 2011)). Participants always performed 

the DG and UG right before the economic games.

In the Dictator Game participants were given six binary choices to divide 10 points be-

tween themselves and another anonymous participant in the study; one option was always an 

unequal distribution (10/0; 10 points for self, 0 points for the recipient) and the other option 

an equal distribution of points for themselves and the recipient (i.e., starting with (5, 5) and 

decreasing to (0, 0) with each subsequent trial [ (4, 4), (3, 3), (2, 2), (1, 1), (0, 0)] or increasing 

to (10,10) with each subsequent trial [ (6, 6), (7, 7), (8, 8), (9, 9), (10, 10)], depending in the first 

choice, see Supplementary materials).

In the Ultimatum Game, participants responded to six proposals of another anonymous 

participant in the study on how to divide 10 points. In the case of a rejection both players earn 

zero, whereas if the participant accepted the offer, the players get the proposed outcome. The 

first proposal was an equal split but every next proposal was more beneficial for the other than 

for self (i.e., (5, 5), (4, 6), (3, 7), (2, 8), (1, 9), (0, 10). For both games, we were interested in the 

point at which a participant switched their preference from an equal to unequal distribution, 

or vice versa. This allowed us to infer the point at which participants were indifferent between 

either distribution. This ‘indifference point’ represents participants’ inequality aversion. That 

is, higher indifference points in the UG indicate stronger disadvantageous inequality aversion 

[range 0 - 5], whereas lower indifference points in the DG indicate stronger advantageous 

inequality aversion [range 0 - 10]. We used indifference points as measures of inequality 

aversion in all behavioral analyses.

Note that for using social preferences in the reinforcement learning models we trans-

formed the indifference points to measures of advantageous (β) and disadvantageous (α) 

inequality aversion, following the equations of (Blanco et al., 2011). Accordingly, α varied 

between 0 - 4.5 and β varied between 0 - 1 (see Supplementary materials for a detailed 

description, and Figure S4). Note that these transformations are only relevant for the com-

putational modeling as they are used for obtaining a subjective payoff matrix. However, if 

we rerun the behavioral analyses with these transformed inequality aversions all conclusions 

remain the same.

Finally, indifference points and inequality parameters α and β can only be calculated for 

people that show consistency in choice behavior in the DG and UG. In total, 54 participants 

were excluded due to missing values for social preferences (missing disadvantageous inequal-

ity aversion, n = 1; missing advantageous inequality aversion, n = 53). See Supplementary 



39

Developmental asymmetries in learning to adjust to cooperative and uncooperative environments

materials, and Figures S2-S4 for a more detailed description of the Dictator game and Ulti-

matum Game, and calculation of indifference points and inequality aversion measures (α, β).

Prior expectations

Before the start of each of the economic games (Trust Game and Coordination Game), 

we assessed participants’ prior expectations about the behavior of other people. We asked 

participants “Suppose that there are 10 other players, how many of these 10 do you think 

will choose X?” (i.e., ‘trustworthy’ choice in the Trust Game, or choice to have an advantage 

over another person in the Coordination Game). This resulted in a prior expectation of the 

trustworthiness of others (Figure 3C) and a prior expectation of others’ tendencies to accept 

an advantage (Figure 3D), both varying from 0 to 10.

Procedure

All tests were administered in school settings. In the instruction of each learning task, three 

control questions were included to ensure understanding of the experimental procedure. Two 

questions quizzed the participant on their understanding of the point distribution (e.g., type 

how many points each player was winning in a certain choice combination), and one question 

referred to the color denotation of the two environments. If participants failed one of the con-

trol questions, the instruction was repeated until participants understood the procedure of the 

game. For participants younger than 12, instructions were read out load by an experimenter. 

All participants completed the tasks by themselves on computers in a quiet environment at 

school or at the university. Background variables such as the Raven SPM (estimated IQ) and 

several questionnaires (not relevant to the current study) were administered online using 

Qualtrics (www.qualtrics.com). In a separate session the DG, UG, and learning tasks were 

completed using the online software LIONESS Lab (Giamattei et al., 2020).

Statistical analyses of behavioral data

To assess age-related changes in prior expectations and social preferences we ran separate 

robust linear regression analyses (5000 bootstraps), each with age linear and age quadratic 

as predictors. Multiple mediation analyses were conducted in SPSS using the computational 

tool PROCESS version 3.3(Hayes, 2017). For indirect effects, 95% (two-tailed) bias-corrected 

bootstrapped confidence intervals were calculated using 5000 repetitions. An indirect effect 

is significant if the confidence interval for the indirect effect does not include zero. These 

analyses were conducted in SPSS 25, and all tests were two-sided.

Generalized linear mixed models

To analyze choice behavior in the Trust Game and Coordination Game, we fitted logistic 

generalized linear mixed models (GLMMs) to decisions to choose A (coded as 0) or B (coded 

2
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as 1) to each game separately. Analyses were conducted in R 3.6.1 (R Core Team, 2020), using 

the lme4 package (Bates et al., 2014). In all models, participant ID entered the regression as a 

random intercept to handle the repeated nature of the data. Where appropriate, environment 

was entered as a random slope in our analyses to handle the differences between individuals in 

their responsiveness to learning to different levels of (non)cooperation. Our GLMMs included 

a main effect of environment (e.g., Trustworthy environment, Untrustworthy environment), 

age in years (linear and quadratic), prior expectations of others’ choices and social preferences, 

and all two-way interactions with environment (see Tables S1-S4 for all GLMM results). Note 

that for the Trust Game we only added disadvantageous inequality aversion, whereas for the 

Coordination Game both social preferences were included. That is, in the Coordination Game 

both types of inequality can occur and drive choice behavior, in contrast to the Trust Game 

in which only disadvantageous inequality is present.

In all GLMMs, age, prior expectations, disadvantageous and advantageous inequality 

aversion (mean-centered and scaled) and categorical predictor variables were specified by a 

sum-to-zero contrast (e.g., sex: -1 = boy, 1 = girl). For the mixed-effects model analyses the 

optimizer “bobyqa” (Powell, 2009) was used, with a maximum number of 1x105 iterations. 

P-values for all individual terms were determined by Loglikelihood Ratio Tests as implemented 

in the mixed function in the afex package (Singmann et al., 2020). All statistics, including 

odds ratios and confidence intervals, are reported in Tables S1 –S6.

Computational modeling

To gain a mechanistic understanding of participants’ learning to adjust in the Trust Game and 

the Coordination Game, we used a basic reinforcement learning (RL) model(Sutton & Barto, 

1998) and extended it to accommodate social preferences(Fehr & Schmidt, 1999) (aversion 

to unequal outcomes). All our models follow the basic logic of RL, in which agents learn 

about others behavior by updating their expectations with experience. In the case of the 

games, these expectations (denoted p) concern the behavior of their interaction partners (X 

or Y; cf. Figure 1). In each trial, p is updated with a magnitude proportional to the prediction 

error (PE; the difference between the actual and expected choice) and the learning rate λ. 

Formally, p
t+1 = pt + λ ∙ PE, where PE = p – choice of other (1 if X, 0 otherwise). We fit a set of 

reinforcement learning models to the data to investigate how λ changes across age cohorts. 

This parameter is bounded between 0 (which means no updating of expectations at all) and 

1 (which means that expectations match the decision of the most recent player).

In our models, the value of p determines the relative weights of wA and wB (Figure 4). Each 

of the games is characterized by a payoff matrix (Figure 1). In each trial t, expected monetary 

payoffs of choosing A or B are respectively given by wA,t= pt ∙ a + (1 – pt) ∙ b and wB,t= pt ∙ c + 

(1 – pt) ∙ d. We set the initial value of p0 to the cohort mean prior measured in our experiment. 

The probability that a participant chooses A is determined by a standard softmax function: 
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Pr (A) = [1 + e–θ ∙ (wA – wB)]–1
. As there are only two options (A and B) to choose from, the proba-

bility of choosing B is simply 1 – Pr (A). In the softmax formula, θ reflects ‘decision sensitivity’ 

and accounts for stochasticity in participants’ choices: low values of θ indicate high levels of 

stochasticity (Pr (A) and Pr (B) tend to be near 0.5), and high values of θ indicate low levels 

of stochasticity. In our model fits, θ is a free parameter allowed to vary between 0 and 5.

We extended this baseline model with two factors. First, we include the cohort mean 

measures of social preferences; that is, we add the measured cohort averages of disadvanta-

geous and advantageous inequality aversion to calculate w
A and wB.. In particular, for the Trust 

Game, the weight of option A was penalized with a value proportional to the disadvantageous 

inequality aversion (i.e., α; note that we drop the subscripts as we assume social preferences 

to be parameters with a constant value (Fehr & Schmidt, 1999): wA= p ∙ a + (1 – pt) ∙ [ b – α 

∙ (b’– b) ]. As for option B the payoffs for both partners are always equal, wB is unaffected 

by social preferences. For the Coordination Game, social preferences can affect the weights 

of both A and B: wA= p ∙ α ∙ (a’– a), and wB= p ∙ β ∙ (d – d’), where β denotes advantageous 

inequality aversion.

Second, we allowed the learning rate λ to decay over the course of interactions. We imple-

mented this by defining λt=λ0 ∙ r 
-τ, where r denotes the trial number, and τ is a free parameter 

that reflects the speed of the decay in learning, allowed to vary between 0 and 5. The values 

of the estimated parameters (θ, λ, τ) per age cohort and per game can be found in Table S7. 

For each of the four age cohorts, we pooled the data and fitted the model with each possible 

combination of the factors ‘social preferences’ and ‘decay’, yielding a total of four models per 

cohort per game. Note that we also evaluated a potential role for prior expectations by includ-

ing mean cohort-level prior expectations in the initial valuation of the choice options. However, 

because prior expectations were relatively close to 5 (range 0 – 10; Figure 2) this was close to 

the default expectation p of 0.5, marking indifference between the environments at the first 

choice. Hence, we did not apply formal tests of improved model fit for prior expectations.

Figure 4D shows the goodness-of-fit for each model summed across the four age cohorts 

relative to the best model, which includes both social preferences and decay. We included a 

simulation study with a parameter recovery component in the Supplementary materials. Our 

approach of fitting reinforcement learning models to cohort-level data was motivated by the 

fact that we had a limited number of observations to accurately fit our model to individual-lev-

el choice data. Note that sensitivity analyses with individually-derived parameters indicated 

this did not influence any of our model-fit conclusions or main findings.

Data and code availability

The data that support the findings of this study, and all relevant R codes can be found on 

OSF (https://osf.io/z84g6/) and in the Leiden Repository (https://doi.org/10.34894/Z1OYYA).
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Prior expectations and social preferences: IQ, and sex effects

In a series of robust regression analyses (5000 bootstraps) we examined the effect of IQ and 

sex effects on participants’ social preferences (indifference points) and prior expectations 

across all ages. We found that estimated IQ was not related to advantageous inequality 

aversion, prior expectations of others’ trustworthiness, and prior expectations of others’ ten-

dency to choose more for oneself (all Ps > 0.1). However, participants with higher IQ were 

less disadvantageous inequality averse (IQ, B = -0.038, β = -0.308, p < .001, 95% CI [-0.053, 

-0.023]). Also, compared to boys, girls scored higher on advantageous inequality aversion 

(Sex, B = -1.650, β = 0.245, p = .001, 95% CI [-2.569, -0.730]). Compared to boys, girls also ex-

pected that others would choose to have more than the participant (Sex, B = 0.457, β = 0.135, 

p = .035, 95% CI [0.033 - 0.881]). We observed no sex differences in disadvantageous inequality 

aversion and prior expectations of others’ trust behavior (all ps > .05).

Next, we assessed correlations between advantageous and disadvantageous inequality 

aversion, and between the prior expectations of the Trust Game and Coordination Game. 

Inequality aversions were slightly correlated, indicating that people who disliked being behind 

also liked being ahead (r = 0.176, p = .012; N = 202). This relation was significant even when 

controlled for age (r = 0.151, p = .032). Prior expectations about others in the Trust Game 

and the Coordination Game were not correlated (r = 0.069, p = .282; N = 245), neither when 

controlled for age (r = 0.067, p = .297).

Developmental changes in the non-social learning task

To assess whether people are able to adjust their decision-making in a non-social context, we 

included a non-social learning task with two environments of computer opponents (payoff 

matrix !𝟑𝟑 𝟎𝟎
𝟎𝟎 𝟑𝟑$, , see Figure S1A). Similar to the economic games, participants could maximize 

their payoffs by coordinating their choices to the choices of the computer opponent. That 

is, choosing option A when playing against the environment that most often (11/15 trials) 

chooses X, and choosing option B when playing against the environment that most often 

(11/15 trials) chooses Y.

We fitted a logistic GLMM to decisions (coded as correct/incorrect) in the non-social 

learning task, with age linear and age quadratic as predictors. Performance increased linearly 

with age (Figure S1B; see Table S5 for all statistics).
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Figure S1. Non-social learning task. (A) layout of the learning task. (B) performance per age cohort. (C) 

performance over trials pooled across all participants (N=245). Error bars in panel b and shaded areas 

in panel c show standard error of the mean (s.e.m).

Age-related differences in the non-social vs. social learning game

The main focus of this study was to compare the influence of prior beliefs, social preferences, 

and feedback-based updating across age groups in different social learning environments. 

However, the inclusion of a non-social task lends itself for the opportunity to compare learning 

performance in a social and non-social task more generally. Exploratively, we therefore com-

pared performance in the non-social learning task versus the Trust Game and the non-social 

task versus the Coordination Game.

We fitted a binomial GLMM to decisions (coded as correct/incorrect) with age linear * type 

of task (social vs non-social) as predictors. Participant was included as a random intercept 

to account for the repeated nature of the choice data. Overall performance (grouped across 

environments) was lower in the Trust Game compared to the non-social learning task; main 

effect Task p <0.001; Trust Game Mean accuracy = 0.613 (SD = 0.487); Non-social Mean ac-

curacy = 0.699 (SD = 0.459). Follow-up tests, showed that this advantage for learning in the 

non-social task was present for each age group (8-11 years p <0.001; 12-14 years p <0.001; 

15-18 years p = .024; 19-23 years p <0.001). A similar GLMM showed that overall perfor-

mance (grouped across environments) was also lower in the Coordination Game compared 

to the non-social task; main effect Task p <0.001; Coordination Game Mean accuracy = 0.668 

(SD = 0.470). Follow-up tests showed that this was, however, only the case for the two young-

est age groups, and from approximately age 15 adolescents performed -on average- equally 

well in both games (8-11 years, p < .001; 12-14 years, p < .001; 15-18 years, p = .870; 19-23 years, 

p = .830). These comparisons between games confirm that specifically young adolescents find 

it difficult to adjust behavior in social compared to non-social games. Our analyses described 

in the main paper shed light on what factors underlie age-related change in learning in social 

environments that differ in their level of cooperation.

2
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Testing confounding effects of sex and IQ on choice behavior in the social-
learning games

To assess possible effects of sex and IQ on choice behavior in the learning tasks, we ran 

additional GLMMs (one per game) that included all predictor variables from the main model 

(see General linear mixed-effects models in main text), and added main effects of sex and 

estimated IQ. In the Trust Game there were no main effects of sex or IQ (see SI table 2 for 

all statistics); all effects remained significant after adding sex and IQ to the model – except 

for the main effect of disadvantageous inequality aversion. In the Coordination Game, there 

were also no main effects of sex and IQ (see SI table 4 for all statistics). All effects remained 

significant after adding sex and IQ to the model. In the Non-social learning task, there was no 

main effect of sex (see SI table 6 for all statistics). However, there was a main effect of IQ (p 

< .001) indicating that participants with a higher IQ had better performance in the non-social 

learning task. These results suggest that IQ and sex differences did not influence performance 

on the social learning tasks, and did not influence any of the observed age-related changes 

in adjustment behavior. However, IQ did relate positively to a general learning tendency in 

the non-social learning task.

Calculation of social preferences Dictator Game

The Dictator Game (DG) was used to estimate people’s advantageous inequality aversion. The 

aim of the DG is to identify the point at which a participant is indifferent between (10, 0) and 

the equal distribution. To this end, we always had participants initially chose in the first trial 

between (10, 0) and (5, 5). The number of points in the subsequent trials depended on the 

choice in that first trial. That is, if in the first trial a participant selected the equal distribution 

(5, 5) rather than the (10, 0), the number of points in the equal distribution decreased with 

one point in each subsequent trial (i.e., (5, 5); (4, 4); (3, 3); (2, 2); (1, 1); (0, 0)). In contrast, if in 

the first trial the participant selected the unequal distribution (10, 0) over the equal distribu-

tion (5, 5), in the subsequent trials the number of points in the equal distribution increased 

to (10, 10) (i.e., (5, 5); (6, 6); (7, 7); (8, 8); (9, 9); (10, 10)). A participant’s inequality aversion is 

determined by the equal distribution (x, x) which he/she regards as good as the (unequal) 

distribution (10, 0). For participants with consistent preferences (YY%), this ‘indifference point’ 

(IP) follows from the point at which they switch from choosing the equal distribution over the 

unequal distribution (or vice versa; (Blanco et al., 2011). For example, if a participant prefers 

(10, 0) over (6, 6), but prefers (7, 7) over (10, 0), we assume that IP = 6.5.

For participants who switched multiple times from equal to unequal distribution (i.e., 

who did not show a consistent choice pattern), we fitted a softmax function (see below) to 

their DG choices to approximate their indifference point. In particular, we coded a choice 

for the unequal distribution as 0 and the equal distribution (x, x) as 1. To these choices, 6 

for each participant, we then fitted a softmax function y = [1+exp(-Z)]-1, where Z = a + b*x. 
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Subsequently, we solved for y = 0.5 (i.e., -a / b) if the fitted value of b was positive (i.e., when 

participants tended to choose equal outcomes more often when the value of x increased). 

If the approximated indifference point was outside of the theoretically possible range of [0, 

10], we assumed it was undefined. This procedure resulted in approximated switch points IP’.

In the Dictator Game, 148 participants showed a consistent choice pattern (i.e., up to 1 

switching point, 60%). For 54 participants with multiple switching points we successfully 

used the softmax function to approximate their indifference point. For 43 participants the 

approximated indifference point was outside of the theoretically possible range [0, 10], or had 

a negative values of b. These participants where therefore excluded from analyses that used 

the advantageous inequality aversion measure.

These calculated IP and estimated IP’ were used in our behavioral analyses. To include 

social preferences in subsequent reinforcement learning models we transformed individuals’ 

IPs following Blanco et al. (2011) as: β = 1 – IP/10. We used the general constraints as formal-

ized by Fehr & Schmidt (1999), with the range of advantageous inequality aversion values 

limited between 0 and 1. We used these transformed inequality aversions (α and β) to calcu-

late the subjective pay-off matrix in our RL modeling (see Methods, section Computational 

modeling in the main text).

Figure S2. Display of the Dictator Game trials. Trial sequence depends on the choice in the first trial: 

upper sequence when first choice is for the unequal distribution, lower sequence when first choice is 

for the unequal distribution.

Calculation of social preferences Ultimatum Game

The Ultimatum Game (UG) was used to estimate people’s disadvantageous inequality aver-

sion. The UG is a sequential two-stage game, in which a proposal for a division of points is 

offered by the proposer, and can be rejected or accepted by the responder. In the case of a 

2
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rejection both players earn zero. If the responder accepts, players get the outcome proposed. 

In the proposer stage participants were presented with 10 points and could make an offer to 

the responder keeping 0 up to 10 points for themselves (i.e., 10 (self), 0 (other); (10, 0); (9, 1); 

(8, 2); (7, 3); (6, 4); (5, 5); (4, 6); (3, 7); (2, 8); (1, 0)).

In the responder stage, participants were told they were now paired with a new player 

and that they could accept or reject their proposals (Figure S3). As a responder, participants 

responded to 6 proposals. The first proposal was an equal split but every next proposal was 

more beneficial for the other than for self (i.e., (5, 5), (4, 6), (3, 7), (2, 8), (1, 9), (0, 10)). This 

responder stage was used to obtain a measure of disadvantageous inequality aversion, given 

that the minimum-acceptable offers in the UG is used as a point estimate of disadvantageous 

inequality aversion for each individual.

In the Ultimatum Game, the majority of participants showed a consistent choice pattern 

(i.e., up to 1 switching point, n = 234, 95.5%). In total, 11 participants had multiple switching 

points (up to 3), and again we used the softmax function described above for the Dictator 

Game to approximate their indifference point. For 1 participant the approximated indifference 

point was outside of the theoretically possible range [0, 5]. This participant was therefore 

excluded from analyses that used the disadvantageous inequality aversion measure.

Figure S3. Display of the Ultimatum Game trials (responder stage).

Like in the DG, we used the calculated IPs and estimated IPs in our behavioral analyses. To 

include individuals’ disadvantageous inequality aversion in subsequent reinforcement learning 

models, we transformed the IPs from the UG following Blanco et al. (2011): α=IP/(2*(5-IP). 

If there was no rejected offer, we set disadvantageous inequality aversion to 0. If all offers 

were rejected, disadvantageous inequality aversion was set to 4.5. We used these transformed 

inequality aversions (α and β) to calculate the subjective pay-off matrix in our RL modeling 

(see Methods, section Computational modeling in the main text).
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Figure S4. Transformed inequality aversions (α and β) per age cohort. (A) Transformed disadvantageous 

inequality aversion (α), and (B) transformed advantageous inequality aversion (β) which are used in 

the computational RL models.

Computational models assessing behavioral adjustment in the non-social 
learning task

To assess behavioral adjustment outside of social interactions, we fitted the reinforcement 

models to decisions in the non-social setting (see Figure S5). Following the main text, we pool 

all data from participants per cohort and consider models with and without decay in learning 

rates across trials. As there are no other people involved, we do not consider models with or 

without social preferences, and assume that participants’ priors in the first trial are such that 

they expect their computerized opponent to choose either action with equal (50%) probability.

We observe that models including a decay in learning rates lead to an improved fit. Figure 

S5 illustrates the estimated learning parameters of the best-fitting model. We observe that 

for each age cohort, learning rates decreased strongly over time. Interestingly, and in contrast 

to the Trust Game and the Coordination Game, the least strong decay was observed for the 

oldest age cohort.

Figure S5. Estimated learning rates per age cohort from the best models for the Non-Social learning 

task. Best models include decaying learning rates. Estimates learning rates as a function of the trial 

number, for each of the four age cohorts separately for the Non-Social learning task.

2
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Recovery of computational models

To assess the robustness of the computational models presented in the main text, we per-

formed a recovery analysis. For each of the social games (Trust Game and Coordination 

Game), and for each of the age cohorts separately, we used the parameters of the best fitting 

models (which included social preferences and a decaying learning rate) to simulate 100 

mock data sets. The distribution of mock participants across cohorts was the same as in our 

behavioral data set. Subsequently, we fitted each of the four models (including and excluding 

social preferences and decaying learning rates) to the simulated data and compared their 

fits. This allowed us to examine the recoverability of our models. For both economic games, 

for each of the 100 simulated mock data sets, the model including social preferences and 

decaying learning rates fitted the data best, showing that our best fitting model is recoverable.

Supplementary Table 1. Mixed-effects model for the Trust Game (N=244) Results of the binomial 

generalized linear mixed model (GLMM) testing effects of age (linear and quadratic), prior expectations, 

and disadvantageous inequality aversion (IA), and all 2-way interactions with environment on choice 

behavior in the Trust Game. Significant effects are in bold. GLMMs are described fully in the main 

text. Full R-code of this model is: mixed(Choice~cAge-linear*Environment + cAge-quadratic*Environ-

ment+ cDisadvantageousIA*Environment + cpriorTrustGame*Environment + (Environment | Subject), 

method=”LRT”, family=binomial, data = dat, na.action=na.exclude, control=glmerControl(optimiz-

er = “bobyqa”, optCtrl = list(maxfun = 100000)))

Estimate SE χ² P Odds Ratio CI

Environment -0,658 0,079 60,751 <0.001 0.52 0.44 – 0.60

Age linear -0,076 0,090 0,700 0.398 0.93 0.78 – 1.11

Age quadratic 0,112 0,087 1,633 0.198 1.12 0.94 – 1.33

Disadvantageous IA 0,215 0,086 6,102 0.012 1.24 1.05 – 1.47

Prior expectations -0,164 0,083 3,827 0.048 0.85 0.72 – 1.00

Environment * Age linear -0,307 0,087 12,203 <0.001 0.74 0.62 – 0.87

Environment * Age quadratic 0,205 0,084 5,812 0.015 1.23 1.04 – 1.45

Environment *

Disadvantageous IA 0,148 0,083 3,139 0.073 1.16 0.99 – 1.36

Environment *

 Prior expectations 0,106 0,080 1,744 0.183 1.11 0.95 – 1.30

Post-hoc | Trustworthy environment

 Age linear -0,384 0,140 7,324 0.006 0.68 0.52 – 0.90

 Age quadratic 0,316 0,136 5,330 0.020 1.37 1.05 – 1.79

 Disadvantageous IA 0,362 0,134 7,182 0.007 1.44 1.11 – 1.87

 Prior expectations -0,057 0,128 0,197 0.655 0.94 0.73 – 1.21

2
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Supplementary Table 1. Continued

Estimate SE χ² P Odds Ratio CI

 Post-hoc | Untrustworthy environment

 Age linear 0,233 0,108 4,618 0.031 1.26 1.02 – 1.56

 Age quadratic -0,093 0,104 0,785 0.372 0.91 0.74 – 1.12

 Disadvantageous IA 0,068 0,103 0,428 0.510 1.07 0.88 – 1.31

 Prior expectations -0,270 0,101 7,125 0.007 0.76 0.63 – 0.93

Supplementary Table 2. Mixed-effects model with IQ and sex effects for the Trust Game (N=244) 

Results of the binomial generalized linear mixed model (GLMM) testing confounding effects of IQ and 

sex on choice behavior in the Trust Game. Predictors of interest are underlined. GLMMs are described 

fully in the main text. Full R-code of this model is: mixed(Choice~IQ + sex + cAge-linear*Environment 

+ cAge-quadratic*Environment+ cDisadvantageousIA*Environment + cpriorTrustGame*Environment 

+ (Environment | Subject), method=”LRT”, family=binomial, data = dat, na.action=na.exclude, con-

trol=glmerControl(optimizer = “bobyqa”, optCtrl = list(maxfun = 100000)))

Estimate SE χ² P Odds Ratio CI

Sex 0.047 0.084 0.316 0.574 1.05 0.89 – 1.24

IQ 0.107 0.087 1.501 0.216 1.11 0.94 – 1.32

Environment -0.656 0.079 60.201 <0.001 0.52 0.44 – 0.61

Age linear -0.070 0.093 0.556 0.451 0.93 0.78 – 1.12

Age quadratic 0.102 0.088 1.317 0.248 1.11 0.93 – 1.32

Disadvantageous IA 0.244 0.091 7.103 0.007 1.28 1.07 – 1.52

Prior expectations -0.156 0.084 3.419 0.062 0.86 0.73 – 1.01

Environment * Age linear -0.307 0.087 12.189 <0.001 0.74 0.62 – 0.87

Environment * Age quadratic 0.205 0.084 5.806 0.015 1.23 1.04 – 1.45

Environment *

   Disadvantageous IA
0.149 0.083 3.163 0.072 1.16 0.99 – 1.36

Environment *

   Prior expectations
0.107 0.080 1.754 0.182 1.11 0.95 – 1.30
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Supplementary Table 3. Mixed-effects model for the Coordination Game (N=202) Results of the 

binomial generalized linear mixed model (GLMM) testing effects of age (linear and quadratic), prior 

expectations, and disadvantageous inequality aversion (IA), and all 2-way interactions with environment 

on choice behavior in the Coordination Game. Significant effects are in bold. GLMMs are described 

fully in the main text. Full R-code of this model is: mixed(Choice~cAge-linear*Environment + cAge-qua-

dratic*Environment+ cDisadvantageousIA*Environment + cAdvantageousIA*Environment + cpriorCo-

ordinationGame*Environment + (Environment | Subject), method=”LRT”, family=binomial, data = dat, 

na.action=na.exclude, control=glmerControl(optimizer = “bobyqa”, optCtrl = list(maxfun = 100000)))

Estimate SE χ² P Odds Ratio CI

Environment -1,041 0,086 115,264 <0.001 0.35 0.30 – 0.42

Age linear -0,239 0,071 11,051 0.001 0.79 0.69 – 0.90

Age quadratic 0,124 0,068 3,213 0.070 1.13 0.99 – 1.29

Disadvantageous IA 0,134 0,068 3,821 0.048 1.14 1.00 – 1.31

Advantageous IA 0,172 0,066 6,689 0.009 1.19 1.04 – 1.35

Prior expectations 0,035 0,065 0,281 0.594 1.04 0.91 – 1.18

Environment * Age linear -0,458 0,093 23,002 <0.001 0.63 0.53 – 0.76

Environment * Age quadratic 0,067 0,090 0,537 0.460 1.07 0.90 – 1.28

Environment * Disadvantageous IA 0,068 0,090 0,570 0.450 1.07 0.90 – 1.28

Environment * Advantageous IA 0,260 0,087 8,746 0.003 1.30 1.09 – 1.54

Environment * Prior expectations 0,030 0,086 0,117 0.731 1.03 0.87 – 1.22

Post-hoc | Friendly environment

   Age linear 0,209 0,100 4,266 0.037 1.23 1.01 – 1.50

   Age quadratic 0,058 0,097 0,351 0.551 1.06 0.88 – 1.28

   Disadvantageous IA 0,077 0,095 0,637 0.420 1.08 0.90 – 1.30

   Advantageous IA -0,083 0,093 0,787 0.372 0.92 0.77 – 1.10

   Prior expectations 0,011 0,092 0,013 0.909 1.01 0.84 – 1.21

Post-hoc | Unfriendly environment

   Age linear -0,695 0,130 26,904 <0.001 0.50 0.39 – 0.64

   Age quadratic 0,193 0,126 2,308 0.126 1.21 0.95 – 1.55

   Disadvantageous IA 0,192 0,126 2,289 0.128 1.21 0.95 – 1.55

   Advantageous IA 0,425 0,122 11,718 <0.001 1.53 1.20 – 1.94

   Prior expectations 0,064 0,121 0,279 0.595 1.07 0.84 – 1.35

2
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Supplementary Table 4. Mixed-effects model with IQ and sex effects for the Coordination Game 

(N=202) Results of the binomial generalized linear mixed model (GLMM) testing confounding effects of 

IQ and sex on choice behavior in the Coordination Game. Predictors of interest are underlined. GLMMs 

are described fully in the main text. Full R-code of this model is: mixed(Choice~IQ + sex + cAge-lin-

ear*Environment + cAge-quadratic*Environment+ cDisadvantageousIA*Environment + cAdvantageou-

sIA*Environment + cpriorCoordinationGame*Environment + (Environment | Subject), method=”LRT”, 

family=binomial, data = dat, na.action=na.exclude, control=glmerControl(optimizer = “bobyqa”, optC-

trl = list(maxfun = 100000)))

Estimate SE χ² P Odds Ratio CI

Sex -0,012 0,067 0,031 0.860 0.99 0.87 – 1.13

IQ -0,104 0,068 2,286 0.127 0.90 0.79 – 1.03

Environment -1,043 0,086 115,527 <0.001 0.35 0.30 – 0.42

Age linear -0,226 0,071 9,758 0.002 0.80 0.69 – 0.92

Age quadratic 0,132 0,068 3,648 0.054 1.14 1.00 – 1.30

Disadvantageous IA 0,101 0,071 2,015 0.151 1.11 0.96 – 1.27

Advantageous IA 0,175 0,067 6,740 0.008 1.19 1.05 – 1.36

Prior expectations 0,023 0,066 0,126 0.722 1.02 0.90 – 1.16

Environment * Age linear -0,457 0,093 22,829 <0.001 0.63 0.53 – 0.76

Environment * Age quadratic 0,066 0,090 0,527 0.464 1.07 0.89 – 1.28

Environment * Disadvantageous IA 0,068 0,090 0,581 0.445 1.07 0.90 – 1.28

Environment * Advantageous IA 0,260 0,087 8,737 0.003 1.30 1.09 – 1.54

Environment * Prior expectations 0,030 0,086 0,117 0.731 1.03 0.87 – 1.22

Supplementary Table 5. Mixed-effects model for the Non-social learning task (N=245) Results of 

the binomial generalized linear mixed model (GLMM) testing effects of age (linear and quadratic) on 

choice behavior in the Non-social Game. Significant effects are in bold.

Estimate SE χ² P Odds Ratio CI

Age linear 0.251 0.082 9.150 0.002 1.29 1.09-1.51

Age quadratic 0.143 0.083 2.998 0.083 1.15 0.98-1.36
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Supplementary Table 6. Mixed-effects model with IQ and sex effects for the Non-social learning 

task (N=245) Results of the binomial generalized linear mixed model (GLMM) testing confounding 

effects of IQ and sex on choice behavior in the Non-social learning task. Predictors of interest are 

underlined.

Estimate SE χ² P Odds Ratio CI

Age linear 0.183 0.082 4.936 0.026 1.20 1.02-1.41

Age quadratic 0.114 0.080 2.027 0.155 1.12 0.96 -1.31

IQ 0.334 0.075 18.963 <.001 1.40 1.20-1.62

Sex -0.074 0.078 0.892 0.345 0.93 0.80-1.08

Supplementary Table 7. Parameters of best fitting computational models per game Table with all 

parameters of the best fitting computational models (i.e., models which include social preferences and 

decaying learning rates) per game and per age cohort. Results of the non-social game are also included.

TRUST GAME

Age cohort prior learning rate t=0 (λ0) decay (τ) decision sensitivity (θ)

8-11 0.56 0.12 0.00 0.15

12-14 0.54 0.82 1.27 0.12

15-18 0.49 1.00 5.00 0.23

19-23 0.50 0.96 5.00 0.24

COORDINATION GAME

Age cohort prior learning rate t=0 (λ0) decay (τ) decision sensitivity (θ)

8-11 0.71 0.67 1.94 0.63

12-14 0.67 0.61 1.31 0.46

15-18 0.65 1.00 5.00 0.53

19-23 0.68 1.00 5.00 0.69

NON-SOCIAL LEARNING TASK

Age cohort prior learning rate t=0 (λ0) decay (τ) decision sensitivity (θ)

8-11 0.50 0.14 2.99 1.60

12-14 0.50 0.06 1.80 2.93

15-18 0.50 0.05 1.87 4.80

19-23 0.50 0.20 1.43 1.65

2
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Participant instructions

Here we included the instructions for the Trust Game and the non-social learning task. Original 

instructions were in Dutch. The instructions for the Coordination Game are highly similar to 

instructions for the Trust Game, and are therefore not included here. Note that on almost 

every introduction screen for the behavioral tasks, figures of the task were included. Here 

the figures are only shown when necessary for understanding the accompanying text. The 

instructions also included some control questions; participants could only continue to the 

next screen when answered correctly. Full testing and instruction materials can be obtained 

from the corresponding author.

Instructions Trust Game

The game you will play now has 3 parts. Each part has 30 short rounds.  

In each round you will make 1 choice.

On the next screens, the game will be explained.

In each round you play with another student from another school who also participated in this game.

In each round you will both make 1 choice.

In every round, the other is a new person.

The game will look like this:

You are the purple icon on the left, and you can choose  

between the 2 purple arrows (A and B).

The other is shown on the top of the screen, and can choose between the 2 top arrows (X and Y).
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In each of the four boxes you see dots. Each dot represents 1 point.

The points that you can win with your choice are always purple.

The points that the other player can win, have the other color.

In every round you will make a choice between A and B.

The other will make a choice between X and Y.

Your choices together determine how many points you and the other win.

If you choose the purple arrow A, you select the two top boxes.

If you choose the purple arrow B, you select the two bottom boxes.

The other can choose arrow X (top) to select the two boxes on the left.

2
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The other can choose arrow Y (top) to select the two boxes on the right.

The number of points you win, depends on your choice (A or B), but also on the other player’s choice 

(X or Y).

The number of points the other player wins, depends on the other player’s choice (X or Y), but also 

on your choice (A or B).

Only after you submit your choice, you can see the other’s choice.

For example:

Suppose that you choose A, and the other chooses X:

- You would win 3 points

- And the other would also win 3 points
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For example:

Suppose that you choose A, and the other chooses Y:

- You would win 1 point

- And the other would win 5 points

For example:

Suppose that you choose B, and the other chooses X:

- You would win 2 points

- And the other would also win 2 points

For example:

Suppose that you choose B, and the other chooses Y:

You would win ...... points (fill in)

And the other would win ...... points (fill in)

2
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That is correct!

After you see what you and the other have won, the round is over and you will play with a new 

person.

Important: The choices of the other players are made previously by other students from another 

school.

At the end of the game, the computer will select 5 random rounds.

Each point in those 5 rounds is worth 1 lottery ticket.

After all games, we will draw 1 lottery ticket from all lottery tickets at your school.

The winner receives the gift voucher!

So the more points you have, the larger your chance to win.

The other players can also earn lottery tickets with their choices. With the lottery tickets they also have 

a chance to win a gift voucher at their school.

Remember: your choices may affect the number of points you can win, but they may also affect the 

number of points the others can win.

Environments

There are 2 environments of other players, each with their own color.

The color of the other player’s icon tells you what environment they are in.

In one environment, players usually choose X (left), and in the other environment players usually 

choose Y (right).
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In each round you will play with a new player from 1 of the 2 environments.

Check Question

Suppose that you choose B and the other chooses X.

How many points would you win? (fill in)____

How many points would the other win? (fill in)____

You have correctly answered the check question!

There will now be 2 practice rounds before you start the real game.

Make your choice by clicking on 1 of your arrows. Then click ‘Confirm’ at the bottom of the page.

Next, you can see the other’s choice, and how many points you and the other have won in this round.

Then click ‘Continue’ to start with the next round.

{2 practice rounds}

Check question

Which environment did the Other player belong to?

If you don’t remember, please click back.

2
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The game is about to start.

Do you have any questions? Please ask the researcher now.

You can click start if you understand the game.

Try to win as many points as possible by paying close attention  

to what the other players are doing!

End of part 1

You are finished with part 1 of the game!
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Instructions Non-social learning task

Part 3

In Parts 1 and 2 you were playing with other people.

In Part 3, you will not be playing with other people. Instead, you will play with computers.

The game will look like this:

You are shown in purple on the left, and you can choose between the two purple arrows (A and B).

The computer can choose between the arrows on the top.

Your points are the purple dots.

As before, you will choose A or B (top or bottom boxes)

We have programmed the computer to choose X or Y (left or right boxes)

Your choice AND the computer’s choice together determine how many points you will win.

Important: the number of points you can win with your choice is different than in the previous 

games.

For example,

If you choose A and the computer chooses X:

You would win 3 points

2
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For example,

If you choose A and the computer chooses Y:

You would win 0 points

For example,

If you choose B and the computer chooses Y:

You would win 3 points

For example,

If you choose B and the computer chooses X:

You would win ____ points (fill in)

That is correct!

After you see what you have won, the round is over and you will play with a new computer.
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At the end of the game, 5 rounds will be randomly selected.

Again, each point in the selected rounds is worth 1 lottery ticket.

Remember that you can win the gift voucher.

The more points you have the larger your chance of winning.

Environments

There are 2 environments of computers, each with their own color.

The computer’s color tells you what environment the computer is in.

In one environment the computers usually choose X (left), and in the other environment

 the computers usually choose Y (right).

In each round you will play with a new computer from 1 of the 2 environments.

Click Start to start the game.

2
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Prior expectations

At the end of the learning task instructions, right before the start of the task, we asked about 

the prior expectations of the participants. This was only done for the social games (Trust 

Game and Coordination Game).

Prior expectations Trust Game

We are curious about what you think of the other players in this game.

Suppose that there are 10 other players, how many of these 10 do you think will choose X?

Prior expectations Coordination Game

We are curious about what you think of the other players in this game.

Suppose that there are 10 other players, how many of these 10 do you think will choose X?
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Can I (still) trust you? Examining 

adolescents’ learning about others’ 
trustworthiness

This chapter is in preparation as:

Westhoff, B., Blankenstein, N. E., Crone, E. A, & van Duijvenvoorde, A. C. K. Can I (still) trust 

you? Examining adolescents’ learning about others’ trustworthiness
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Abstract

Across adolescence, social interactions with others increase in importance and complexity. 

For building positive social relations it is important to be able to learn whom (not) to trust 

and to quickly adjust to changes in other people’s trust behavior. One’s trust learning abilities 

may be affected by their experienced parenting practices. Here, we studied the development 

of social trust learning and social reversal learning in 10-24 year-olds, and the effects of 

self-reported experienced parenting practices. We used an adapted version of a trust game 

to assess how adolescents learn about trustworthy and untrustworthy social environments, 

and flexibly adjust their own trust behavior accordingly. Results showed age-related im-

provements in overall trust learning performance. However, participants performed better at 

learning whom not to trust than learning whom to trust. In the reversal block, others’ trust 

levels reversed unannouncedly. Here, participants performed better when switching their 

behavior to an untrustworthy environment than to a trustworthy environment, which was 

particularly prominent for the younger ages. Moreover, in this reversal block, trust learning 

performance in the untrustworthy environment was reduced for participants who reported 

having experienced poorer parental monitoring. Together, the current study provides insights 

into the age-related differences trust (reversal) learning across adolescence, and suggest that 

one’s family environment may relate to adolescent’ social trust learning abilities.
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Introduction

Adolescence is a life phase in which the social environments become more diverse (i.e., school, 

sports clubs, social gatherings) and social interactions become increasingly important and 

prevalent (Blakemore & Mills, 2014; Crone & Dahl, 2012; Sawyer et al., 2018). Moreover, so-

cial-cognitive skills continue to improve across adolescence (Crone & Dahl, 2012; Dumontheil 

et al., 2010). An important aspect in building reciprocal social relations is making adequate 

social decisions. An important social decision is whether to show trust in others. That is, when 

your decision to trust someone is reciprocated, this may contribute to cooperative social 

interactions, and ultimately result in a positive social relationship. However, when your trust 

is violated, you may become less likely to trust the other to prevent wasting your resources. 

Thus, it is important to be able to learn whom and whom not to trust. Besides learning whom 

to trust, one should also be able to quickly adjust to changes in other people’s behavior. That 

is, our social world is dynamic, and others may change their trustworthiness, calling for a 

shift in strategies and subsequent social decision-making. The current study examines how 

children, adolescents, and young adults (10-24 y.o.) learn about others’ trustworthiness, and 

adjust their trusting behavior when others’ trustworthiness levels change.

Trust decisions and trust learning across adolescence

In the past years, multiple studies on trust and trust learning have been conducted. To study 

how people learn about the trustworthiness of others, these studies have typically used 

economic games such as the trust game (Berg et al., 1995). Although multiple variations in 

the specific setup are possible (e.g., one-shot games versus multi-round games), the trust 

game allows studying trust decisions in a controlled way, across a wide age range. Several 

studies using a trust game did not observe age-related differences in trust behavior across 

adolescence (Fett, Shergill, et al., 2014; Lemmers-Jansen et al., 2017; van de Groep et al., 

2018). However, this is suggested to be due to their included age range, which did not in-

clude (late) childhood (Burke et al., 2020; Li, 2017). Several other cross-sectional studies did 

show age-related increases in trust behavior across adolescence (Fett, Gromann, et al., 2014; 

Sutter & Kocher, 2007; van den Bos et al., 2010; van den Bos, van Dijk, et al., 2012). Besides 

these cross-sectional studies, also a recent longitudinal study that investigated trust learning 

when confronted with untrustworthy others in early adolescents (12-15 y.o.) observed an 

age-related improvement (Schreuders, Buuren, et al., 2021). In our recent study, we targeted 

an adolescent sample with a broad age range (10-24 years), and examined interactions with 

both trustworthy and untrustworthy others (Westhoff et al., 2020). Here, across adolescence, 

learning not to trust untrustworthy others slightly improved, whereas learning to trust trust-

worthy others improved markedly. Together, these findings suggest that from late childhood 

into adolescence, the sensitivity to detect the level of others’ trustworthiness improves, which 

3
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adolescents can increasingly use to adaptively adjust their behavior in repeated social interac-

tions. The age-related improvement in adjusting to trustworthy (Westhoff et al., 2020), and 

untrustworthy others (Schreuders, Buuren, et al., 2021; Westhoff et al., 2020) may depend 

on social-cognitive development such as perspective taking and inequality aversion (Fett, 

Shergill, et al., 2014; van de Groep et al., 2018; Westhoff et al., 2020), and learning processes 

(Westhoff et al., 2020). However, the developmental differences in dynamic trust learning 

are not yet well understood.

Reversal trust learning

An essential part of being able to adaptively navigate our social world is the ability to respond 

to changes in other people’s behavior and update our formed beliefs accordingly. That is, 

if the trustworthiness levels of others change, it may be costly or wasteful if one does not 

adjust their behavior to the changing social environment. Cognitive flexibility – the ability to 

respond adaptively towards changing environmental demands (Izquierdo et al., 2017; Peters 

& Crone, 2014) – in learning is often studied using (non-social) probabilistic reversal learning 

paradigms. In these paradigms, the reward probabilities change (e.g. from low to high and 

vice versa), and participants’ performance after such reversals are of interest, with higher 

performance indicating greater cognitive flexibility that benefit reversal learning. Numerous 

reversal learning studies have been conducted in adult and clinical samples to examine cogni-

tive flexibility (see (Izquierdo et al., 2017; Uddin, 2021) for reviews). A previous developmental 

study using a non-social probabilistic reversal learning paradigm has shown that adolescents 

outperformed children and young adults on reversal learning (van der Schaaf et al., 2011). 

Moreover, another study showed that, compared to adults, adolescents were quicker at ad-

justing their behavior when the feedback was more negative than expected (Hauser et al., 

2015), indicating increased cognitive flexibility in adolescence. Together, these studies point 

towards adolescence as a phase of heightened cognitive flexibility in learning, especially 

when outcomes are more negative than expected. Yet, to the best of our knowledge, reversal 

learning has not yet been studied in a social context across development. Here, we build on 

our previous study on learning whom (not) to trust (Westhoff et al., 2020) and extend this 

with a reversal learning manipulation to examine the development of trust learning and trust 

reversal learning in trustworthy and untrustworthy environments across adolescence.

Parenting practices

Given the vital role of adaptive trust behavior for healthy social interactions and relations 

(Güroğlu, 2021; Uchino, 2009), it is important to examine the factors that influence the de-

velopment of trust (learning) across development. The caregiving environment is likely to be 

a particularly important factor, as previous findings have shown that negative parental prac-

tices may shape cognitive development, resulting in reduced cognitive flexibility and learning 
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difficulties (Savitz et al., 2008; Scheuplein et al., 2021). It has been widely recognized that 

if people are raised in a warm and safe environment, this contributes to positive long-term 

outcomes, such as individual wellbeing, social connections, and educational achievements 

(Ioannidis et al., 2020; Smetana & Rote, 2019). However, households with mostly negative 

parenting practices (e.g., expressing negative emotions, handling roughly), physical and emo-

tional neglect, or even maltreatment (e.g., physical and emotional abuse), may result in more 

internalizing and/or externalizing behavioral problems early in life (Cecil et al., 2012; Jaffee, 

2017; Smetana & Rote, 2019). In addition, individuals risk long-term consequences, such as 

a hyperactive stress response, low self-esteem, impaired mental health, and impaired social 

functioning (Gobin & Freyd, 2014; McCrory & Viding, 2015; Overbeek et al., 2020). However, it 

is yet unknown whether environmental variables such as parenting practices also affect ado-

lescent’s social trust learning. One hypothesis is that growing up in a volatile environment with 

negative and/or inconsistent parenting practices may make people more sensitive to social 

cues, leading individuals to be hypersensitive to the outcomes (both positive and negative) 

of social interactions. This pattern would lead individuals to update their beliefs about others 

too quickly (cf. tit-for-tat strategy), hampering social learning in general (e.g., van Harmelen 

et al., 2014). Alternatively, growing up with mostly negative parental practices may result in 

a stronger negativity bias (Toth et al., 2011). Consequently, in these individuals, learning to 

trust trustworthy others would be hampered compared to learning not to trust untrustworthy 

others (Hanson et al., 2017). Here, we aim to disentangle these hypotheses by examining the 

relations between parenting practices, trust learning, and trust reversal learning in a sample 

of typically developing adolescents (10-18 y.o.). Besides negative parenting practices we also 

exploratively assessed effects of positive parenting practices on trust (reversal) learning.

The current study

In the current study, we recruited a sample of 160 children, adolescents, and adults (10-24-

years old). Participants played a version of the trust game similar to the version we previously 

used in (Westhoff et al., 2020), which was extended with a reversal learning block, and filled 

in self-reports on parenting practices (e.g., parental involvement and inconsistent discipline). 

The trust game consisted of multiple repeated one-shot games, in which participants encoun-

tered players from different social environments. These environments showed either low or 

high levels of trust, and over trials, participants could learn whether to trust a player from a 

particular environment or not. This set-up enabled us to assess how participants learn about 

others’ trustworthiness level and accordingly adjust their trust behavior to other players in that 

environment. Note that, although trust choices generally are not a matter of ‘good’ and ‘bad’ 

decisions, in the current setup trust choices can be labeled as more optimal and suboptimal 

with regard to one’s own outcome. Therefore we use the term performance as an indication 

of how well someone has adjusted to a certain environment.

3
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An ongoing debate is whether social (reversal) learning patterns are specific to learning 

in a social environment (e.g., Lockwood et al., 2020; Ruff & Fehr, 2014). To allow a direct 

comparison between social and non-social learning, we additionally included a non-social 

condition in which participants interacted with slot machines.

The current study aimed to investigate: 1) the age-related differences in learning whom 

(not) to trust in social and non-social environments, 2) the ability to flexibly adjust behavior 

towards changing levels of others’ trustworthiness (i.e., reversal learning) and its corresponding 

age-related differences, and 3) the effects of positive and negative parenting practices on trust 

learning and trust reversal learning.

First, in line with previous studies, we hypothesized an age-related improvement in trust 

learning across adolescence (Schreuders, Buuren, et al., 2021; van den Bos, van Dijk, et al., 

2012; Westhoff et al., 2020), in which learning whom to trust shows greater age-related 

improvement than for learning whom to distrust (Westhoff et al., 2020). Exploratively, we 

examined whether these developmental patterns were specific to social trust learning.

Second, considering the development of cognitive flexibility in non-social paradigms 

across adolescence (Hauser et al., 2015; van der Schaaf et al., 2011), we expected an age-related 

improvement in the flexibility in learning about others’ trustworthiness (reversal learning). 

As previous studies have observed a negativity bias resulting in faster adjusting to negative 

than positive outcomes, we expected that participants adjust more easily when a trustworthy 

environment becomes untrustworthy than vice versa.

Finally, we expected that trust learning and reversal learning performance would be af-

fected for individuals who reported having experienced more negative parenting practices. 

Specifically, higher ratings of self-reported negative parenting practices would potentially 

result in impaired trust learning performance in both the trustworthy and untrustworthy en-

vironment (volatility hypothesis). Alternatively, individuals who reported having experienced 

more negative parenting practices would show an asymmetry in learning, in which learning 

whom to trust (or who switches from untrustworthy to trustworthy) is more impaired com-

pared to learning to distrust untrustworthy others (negativity bias hypothesis).

Methods and Materials

Participants

In total, 160 participants between ages 10 and 24 took part in this study. Participants were 

recruited through local advertisements and schools. The majority of the participants (96.2%) 

were born in the Netherlands. Social-economic status (SES), based on the highest achieved 

parental educational level, indicated that most participants were raised in families with a high 

(58.0 %) or middle (36.9 %) SES (low SES = 5.1%). Three participants were excluded from 

analyses because they only filled in the questionnaires but did not perform the learning task. 
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The final sample, therefore, consisted of 157 healthy participants (78 boys, 79 girls) aged 10-24 

years (Mean = 17.51, SD = 4.33; see Figure S1A). The distribution of boys and girls was balanced 

across age cohorts (χ2(4) = 0.21, p = .995). The IQ scores, estimated with the Similarities and 

Block Design subtests of the WISC-V (Wechsler, 2008) and WAIS-IV (Wechsler, 2014), were 

within the normal range varying between 80 and 135 (mean IQ = 106.85, SD = 10.95), and 

did not correlate with age (r = -0.12, p = .142). Control analyses showed that sex and IQ did 

not confound performance on trust learning or reversal learning, and did not influence any 

of our observed age-related differences (see Supplementary Tables 1 and 3). For the analyses 

focusing on the effects of parenting practices on trust learning and reversal learning, we only 

included participants up to 18 years old, as the parenting questionnaire has only been validated 

for these ages (Frick et al., 1999). This sample consisted of 94 participants aged 10.0 – 18.8 

(Mean = 14.49, SD = 2.56) for trust learning and 93 participants for reversal learning analyses.

All procedures were approved by the Medical Ethics Committee of the Leiden University 

Medical Centre (reference: NL56438.058.16) and performed in accordance with the relevant 

guidelines and regulations. Adult participants and caregivers of minors provided written in-

formed consent, and minors provided written assent. This study was part of a larger imag-

ing study (data not included in the current article). Participants were therefore screened for 

MRI contraindications and psychiatric or neurological disorders, and had normal or correct-

ed-to-normal vision.

Procedure

First, participants filled out questionnaires at their homes before the experimental session, 

via Qualtrics (www.qualtrics.com). During the experimental session, participants were first 

accustomed to the MRI environment using a mock scanner. Subsequently, they received 

instructions on the learning task in a quiet laboratory room. Instructions for the task were 

displayed on a screen and were read out loud by an experimenter. Within the instructions, 

control questions were incorporated regarding the outcomes of the task to ensure understand-

ing of the point distributions (i.e., indicating how many points each player was winning in a 

certain choice combination). If participants failed one of the control questions, the instruction 

was repeated until participants understood the procedure of the game. Participants played 

8 practice trials in both the social and non-social conditions (16 trials in total) to familiarize 

themselves with the game and its timings. In these practice trials, the behavior of both envi-

ronments was 50% trustworthy to avoid learning effects that could potentially affect behavior 

in the actual learning task. The outcomes of the practice trials were not paid out. The actual 

learning task was performed in the MRI scanner; despite handedness, they responded with 

their right index and middle finger using a button box.

During the experimental session, besides subtests of the WISC-V (for participants ≤ 16 

y.o.) and WAIS-IV (for > 16 y.o.), also other measures (not relevant to the current study) were 

3
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obtained. After completion of the experimental session (3-3.5 hour), participants received a 

goodie bag and financial compensation. This compensation consisted of a flat rate, which 

amount was age-dependent (€20 for 10-12 y.o.; €25 for 13-17 y.o.; €30 for 18-24 y.o.) and a 

bonus (ranging €5 - €15) based on performance in all tasks (part of a larger study) during the 

experimental session.

Trust Learning task

Participants completed an incentivized economic game: A trust game, with a within-subject 

social condition and a non-social condition (Figure 1). The game was composed of 28 trials 

in total: each trial was a one-shot game with a new anonymous player (indicated with a new 

avatar). In every trial the participants chose between 2 options (A or B) to distribute points 

between themselves and the other. In the social condition, the other player was an unknown 

peer, whereas in the non-social condition, the other player was a slot machine. After their 

decision, participants could see the choice of the other player (X or Y) and the outcomes 

for themselves and the other player. Outcomes for self and the other resulted from their 

combined choices. The social condition of the trust game (Figure 1B) was characterized by 

payoff matrix !𝟑𝟑, 3 𝟐𝟐, 2
𝟏𝟏, 5 𝟐𝟐, 2) , with earnings for self indicated in bold. The non-social condition of the 

trust game (Figure 1D) was characterized by a similar payoff matrix, but only the participants 

received payoffs.

In each of the conditions, two environments were consisting of 14 players each. Environ-

ments were set up as such that we created a ‘Trustworthy’ (78.5% trustworthy choices, i.e., 

11 out of 14 trials) and an ‘Untrustworthy’ environment (78.5% untrustworthy choices, i.e., 11 

out of 14 trials) (see Figure 1). The color of the players indicated to which environment they 

belonged. It was randomized across participants which color was related to the trustworthy 

or untrustworthy environment. Over the course of the trials, participants could learn the 

tendency of choosing X for each environment of other players and adjust their responses 

accordingly. Participants were incentivized as their points were converted to a financial bonus 

ranging €2 - €8.

Participants could maximize their earnings by choosing A (‘trust’; top row) when matched 

with a member of the Trustworthy environment, and choosing B (‘distrust’; bottom row) when 

matched with a member of the Untrustworthy environment. The inconsistent choices within 

an environment (e.g., Y when playing with someone of the environment that generally pre-

fers X) were semi-randomized and appeared between trials 2 and 4, between trials 6 and 8, 

and between trials 10 and 12. Interactions with players from trustworthy and untrustworthy 

environments were presented in semi-random order, with the limitation that an environment 

can appear twice in a row at most.
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Figure 1. Task assessing learning about trustworthy and untrustworthy environments. (A) Example 

trial. The participant (shown on top) can choose between the left and right columns (arrow A or B). After 

choice selection, the participant is shown the choice (top or bottom row, indicated with arrow X or Y) of the 

other player (shown on the right). The combined choices of the participant and the other player determine 

the monetary outcome for both players (number of dots; white dots for the participant, colored dots for the 

interaction partner). The background color of the other player indicates to which of the two environments they 

belong. In each trial there was a one-shot game with a new anonymous player, indicated with a new avatar. 

Note that in the non-social condition, the interaction partner (slot machine) does not receive any outcome, 

as indicated with the crosses through the colored dots (see panel d). (B) In the social condition, participants 

interact with players from a ‘Trustworthy’ environment (who tend to choose X) or an ‘Untrustworthy’ envi-

ronment (who tend to choose Y). Participants’ own monetary payoffs are maximized by choosing to trust 

(choose A) a player from a Trustworthy environment, and to withhold trust (choose B) from a player from the 

Untrustworthy environment. (C) Proportion correct choices over trials per social environment averaged over 

the first and second social block, and pooled across all participants. Over trials, participants adjusted their 

choices by directing their trust towards players from the Trustworthy environment, and away from players 

from the Untrustworthy environment. (D) In the Non-Social condition, participants’ monetary payoffs are also 

maximized by matching the choices of their co-players. Again, the environments differ in their tendencies 

to choose either X or Y. Similarly to the social condition, participants’ own monetary payoffs are maximized 

3
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by choosing to trust (choose A) a player from a Trustworthy environment (prefers X), and to withhold trust 

(choose B) from a player from the Untrustworthy environment (prefers Y). (E) Proportion correct choices over 

trials per environment averaged over the first and second block, and pooled across all participants. Overall, 

participants learned to adjust their choice behavior to the non-social environments. Shaded areas in panels 

c and e represent standard errors of the mean (s.e.m.).

For the analyses, participants’ decisions were coded as either correct or incorrect. That is, 

choosing to trust (A) when confronted with an interaction partner from a trustworthy envi-

ronment (tends to choose X), or choosing to withhold trust (B) when interacting with a player 

from an untrustworthy environment (tends to choose Y), is coded as a correct decision (coded 

as 1). Whereas choosing to trust (A) when confronted with an interaction partner from an 

untrustworthy environment, or choosing to withhold trust (B) when interacting with a player 

from trustworthy environment, is coded as an “incorrect” decision (coded as 0). Note that due 

to the probabilistic nature of the task, a round coded as incorrect can result in an outcome 

that resembles a correct decision (e.g., outcome A-X when playing with an untrustworthy 

environment), and vice versa.

In total, participants completed four blocks of 28 trials (14 trials per environment), with 

a short break in between. In each block, participants were confronted with two new envi-

ronments, indicated with new colors. Participants completed two social and two non-social 

blocks. The order of these blocks was alternated and counterbalanced between participants 

(i.e., either: social – non-social – social – non-social, or: social – non-social – non-social – 

social). These differences in block order did not affect performance (ps > .09).

The fifth block (28 trials, 14 per environment), included a between-subject manipulation 

to assess reversal learning (see Figure S2). That is, participants encountered new players 

from the same environments as the previous block (block four). However, unbeknownst to 

the participants, the new players switched their response tendency. That is, the Trustworthy 

environment from block 4, became an Untrustworthy environment in block 5, and vice versa. 

Given the counterbalanced order of the blocks, half of the subjects encountered a social 

reversal, and the other half a non-social reversal.

Parenting questionnaire

As a measure of parenting practices, participants filled out the Alabama Parenting Question-

naire (APQ) (Frick et al., 1999). This questionnaire consists of 42 items across five domains: 

Parental Involvement (10 items per parent; e.g. for maternal involvement: “You play games 

or do other fun things with your mum”, Cronbach’s alpha: .744; e.g., paternal involvement, 

Cronbach’s alpha: .852), Positive Parenting (6 items; e.g., “Your parents tell you that you are 

doing a good job”; Cronbach’s alpha: .788), Poor Monitoring/Supervision (10 items; e.g., “You 

go out without a set time to be home”; Cronbach’s alpha: .665), Inconsistent Discipline (6 

items; e.g., “Your parents threaten to punish you and then do not do it”; Cronbach’s alpha: 
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.511). The Corporal Punishment subscale was not administered in the current study. All items 

can be answered on a 5-point scale (i.e., (1) never, (2) almost never, (2) sometimes, (4) often, 

(5) always). The Positive Parenting, Maternal Involvement, and Paternal Involvement scales 

reflect more positive aspects of parenting, while the Inconsistent Discipline and Poor Mon-

itoring/Supervising scales reflect more negative aspects of parenting. The target audience 

for the APQ is 6 – 18 year-olds, therefore in analyses concerning the APQ, we only included 

participants up to 18 years. Note that, although we have included a typical developing sample, 

the variation in these measures (see Figure S3) was deemed sufficient to probe individual 

differences in parental relations.

Statistical analyses

To analyze trust learning and reversal learning in the social and non-social condition of the 

trust game, we fitted logistic generalized linear mixed models (GLMMs) to the ‘correct’ deci-

sions made. First, we assessed learning in social and non-social conditions (block 1-4; N = 157). 

This GLMM included fixed effects of environment (i.e., Trustworthy environment, Untrust-

worthy environment), age in years (both linear and quadratic polynomial), and condition (i.e., 

social, non-social), as well as the two- and three-way interactions between these predictors.

Second, we assessed social and non-social reversal learning (block 5; N = 155). This GLMM 

included fixed effects of environment (i.e., Trustworthy environment, Untrustworthy environ-

ment), age in years (linear and quadratic polynomial), and condition (i.e., social, non-social).

Third, we assessed relations with parenting practices on trust learning for the participants 

up to 18 years old. A GLMM on blocks 1-4 (N=94) included main effects of environment (i.e., 

Trustworthy environment, Untrustworthy environment), condition (i.e., social, non-social), all 

parenting subscales (Positive parenting, Poor monitoring, Inconsistent discipline, Maternal 

involvement, Paternal involvement), as fixed effects, as well as the two- and three-way interac-

tions between these predictors. As this analysis focused on individual differences in parenting, 

age (linear) was included as covariate. A similar GLMM was performed on reversal learning 

(block 5, N = 93). Note that, although some of these parenting subscales are correlated (see 

Table S5), there is no multicollinearity (i.e., VIF values < 1.9).

All GLMM models included a random-intercept per participant to handle the repeated 

nature of the data. Where appropriate, the environment (trustworthy, untrustworthy) and 

condition (social, non-social) was entered as a random slope in our analyses to handle the 

differences between individuals in their responsiveness to learning different levels of trust-

worthiness.

Mixed-effects analyses were conducted in R 4.0.5, using the lme4 package (Bates et al., 

2014; R Core Team, 2020). All numeric variables were mean-centered and scaled, and categor-

ical predictor variables were specified by a sum-to-zero contrast (e.g., sex: − 1 = boy, 1 = girl). 

For all models the optimizer “bobyqa” (Powell, 2009) was used, with a maximum number of 

3
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1 × 105 iterations. P-values are obtained with the lmerTest package (Kuznetsova et al., 2017). 

Full statistics are reported in Tables S1-S5.

Results

Age-related improvement in learning whom (not) to trust in social and non-
social environments

Our first aim was to assess age-related differences in adjusting to trustworthy and untrust-

worthy environments in the social and non-social condition of the trust game. One-sample 

t-tests showed that participants performed above change level (50%) in each block, in both 

the trustworthy and untrustworthy environments, and in both conditions (ts > 12.8, ps < .001), 

demonstrating that they are able to learn to trust trustworthy others, and to withhold trust 

from untrustworthy others over trials. Using a mixed-effects model, we observed that older 

participants performed better than younger participants (main effect of Age linear, B = 0.312, 

p < .001, Figure 2, Table S1). 

Figure 2. Age-related improvement in trust learning performance. Proportion correct across age when 

playing with a trustworthy and an untrustworthy environment, (A) in a social condition, and (B) in a 

non-social condition. The age-related improvements are similar for both environments and both condi-

tions. Note that age was scaled in the analyses, therefore the age values on the x-axes are an indication 

of the values from the mixed-effects models. Shaded areas indicate the 95% confidence interval.

Although overall performance was somewhat better in the non-social condition than in the 

social condition (main effect of Condition, B = 0.057, p = .038), this did not differ with age 

(Age linear x Condition, p = .350). Moreover, participants performed better when learning 

to withhold trust from untrustworthy others than when learning to trust trustworthy others 
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(main effect of Environment, B = 0.408, p < .001). This pattern was similar for the social and 

non-social condition (Condition x Environment, B = -0.008, p = .724), and did not change with 

age (Age x Environment, B = -0.009, p = .870; Age x Condition x Environment, B = 0.038, 

p = .076). Together, these results suggest that participants find it easier to learn to adjust to 

an untrustworthy environment than a trustworthy environment.

Reversal learning: flexibility in learning about others’ trustworthiness

Our next goal was to assess age-related differences in trust reversal learning in the social and 

non-social condition (see Table S2). A mixed-effect model revealed that participants performed 

better when switching to an untrustworthy environment (Trustworthy → Untrustworthy re-

versal) than when switching to a trustworthy environment (Untrustworthy → Trustworthy 

reversal) (main effect of Environment, B = 0.403, p < .001), suggesting that participants were 

more sensitive for signaling a change towards untrustworthy than to trustworthy behavior. 

Moreover, results showed an Age linear x Environment interaction (B = -0.139, p = .049, see 

Figure 3A). 

Figure 3. Reversal learning: Developmental asymmetry and differential effect of poor monitoring (A) 

Proportion correct across age for interacting with players from a Trustworthy and an Untrustworthy 

environment in the reversal block (10-24 y.o., N = 155). Performance across age is stable when interacting 

with the untrustworthy environment (which was trustworthy prior to the reversal), whereas performance 

shows age-related improvements when playing with the trustworthy environment (which was untrust-

worthy prior to the reversal). Note that age was scaled in the analyses, therefore the age values on the 

x-axis are an indication of the values from the mixed-effects models. (B) Relation between proportion 

correct and poor parental monitoring in the reversal block (10-18 y.o., N = 94). Higher levels of reported 

parental poor monitoring result in lower differentiation in performance for learning to trust trustworthy 

others and to withhold trust from untrustworthy others. In both panels, effects are collapsed across 

conditions and shaded areas indicate the 95% confidence interval.

3
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Post-hoc tests per environment revealed that participants from all ages adjusted well to 

an untrustworthy environment (Trustworthy → Untrustworthy reversal; main effect of Age, 

B = 0.045, p = .708), whereas adjusting to a trustworthy environment (Untrustworthy → Trust-

worthy reversal) was subject to age-related improvements (main effect of Age, B = 0.331 

p = .001). When controlling for performance in the pre-reversal block, this pattern remains 

(see Table S2). Finally, we observed that reversal learning did not differ between the social 

and non-social condition (main effect of Condition, p = .669; Age linear x Condition, p = .268; 

Environment x Condition, p = .551). Together, these findings show that it is harder to adjust 

trust behavior towards interactions with a trustworthy environment, versus behavior towards 

interaction with an untrustworthy environment, and that this pattern was particularly pro-

nounced for the younger participants.

Individual differences in parenting affect trust learning and reversal learning

Our final aim was to assess whether parenting practices affected performance in trust learn-

ing and reversal learning in participants up to 18 years old (see Table S3). In a mixed-effects 

model assessing trust learning in block 1-4, we did not observe main effects of the parenting 

subscales, nor interactions with environment or condition (p’s > .06, see Table S3).

Finally, we assessed the effects of parenting on reversal learning. Results showed a Rever-

sal type x Poor monitoring interaction (B = -.029, p = .023), which indicates that participants 

who reported having experienced poorer parental monitoring showed little differentiation 

between the Untrustworthy and Trustworthy environment in the reversal block, whereas 

participants who reported lower levels of poor monitoring show a larger differentiation (see 

Figure 3B). The other parenting subscales did not affect learning performance in the reversal 

block (see Table S4).

Discussion

The aim of this study was to investigate (1) the development of learning whom (not) to trust 

across adolescence in social and non-social environments, (2) the ability to flexibly adjust trust-

ing behavior when others’ trustworthiness levels change (reversal learning), and its correspond-

ing age-related differences, and (3) how reported parenting practices affect trust learning and 

reversal learning performance. To this end, we used an experimental paradigm based on the 

traditional trust game, which enabled us to assess how participants learn about others’ trust-

worthiness and adjust their own trust behavior accordingly. The results of this study revealed 

that participants’ performance in both environments were above change level, indicating that 

they were able to learn to trust trustworthy others, and to withhold trust from untrustworthy 

others over trials. Moreover, as expected, performance in trust learning improved with age. 
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Also, people adjusted better to environments that required not trusting others, compared to 

environments that required trusting others. Contrary to our expectations, learning performance 

in untrustworthy versus trustworthy environments did not differ across age. Second, as ex-

pected, we observed that in the reversal learning block, learning to trust others (who were 

untrustworthy before reversal) was more difficult than learning whom not to trust (who were 

trustworthy before reversal). In addition, we observed that this effect was more pronounced for 

younger participants. Third, parental poor monitoring was found to affect reversal learning, as 

higher ratings of poor parental monitoring/supervision were related to reduced performance in 

switching towards an untrustworthy environment. Finally, although overall performance was 

slightly better in the non-social than the social condition, we did not observe any differences 

between the social and non-social condition in reversal learning performance, nor in effects 

of age or parenting practices. The discussion is organized alongside these main findings.

Learning whom (not) to trust across adolescence

Across our learning and reversal learning paradigm, we observed an asymmetry in perfor-

mance depending on the environment people needed to adjust to. Specifically, participants 

performed better at learning whom not to trust than learning whom to trust. Similarly, in our 

reversal learning block participants were better at adjusting their trust behavior to untrust-

worthy others that were previously trustworthy, than vice versa. These results suggest that 

participants were more sensitive for signaling and adjusting to untrustworthy behavior than 

to trustworthy behavior. With regard to trust learning, such an asymmetry was also observed 

in our previous study which showed better performance for learning whom not to trust than 

for learning whom to trust in 8-23 year-olds (Westhoff et al., 2020). Also in adults, this bias 

has been observed (e.g., Siegel et al., 2018; Vanneste et al., 2007). For example, a recent com-

prehensive study on the traits of ‘bad’ and ‘good’ others in adults showed that participants 

were more quickly and accurately in detecting the bad others than the friendly others, and 

their impressions of the former were more rapidly updated as well (Siegel et al., 2018). Such a 

negativity bias is a general principle that has been found across a broad range of psychological 

phenomena, and it is thought that it would generally be adaptive for individuals to respond 

more strongly to negative than to positive actions or outcomes (Baumeister et al., 2001). Our 

results suggest that this negativity bias extends to trust learning.

We observed little age-related differences in learning to adjust to trustworthy or untrust-

worthy environments. Based on previous findings we expected the asymmetry in learning 

to adjust to trustworthy versus untrustworthy environments to be larger for younger ages 

(Westhoff et al., 2020). In reversal learning, however, we did observe this asymmetry: perfor-

mance in adjusting towards an untrustworthy environment (trustworthy before reversal) was 

stable across ages, whereas adjusting to the trustworthy environment (untrustworthy before 

reversal) showed age-related improvements. Potentially, younger individuals are particularly 

3
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at a disadvantage in adjusting to an untrustworthy environment if the learning situation is 

more challenging. That is, the reversal block likely requires more cognitive control, as pre-

viously build up stimulus-response associations need to be reversed. This ability to inhibit 

prepotent responses may depend prominently on brain areas such as the prefrontal cortex 

which slowly develop across adolescence (Luna et al., 2013). In future research this neural 

hypothesis should be further supported.

Finally, although adolescent’ flexibility has been studied in terms of age-related differences 

in cognitive flexibility (Crone et al., 2008; Luna et al., 2013; van Duijvenvoorde et al., 2008) and 

handling volatile environments in reversal learning paradigms (Hauser et al., 2015; Jepma et 

al., 2020; van der Schaaf et al., 2011), the application in a social environment is relatively unex-

plored. A recent study examined age-related differences in response to continuously changing 

(non-social) environments and showed that, compared to adults, adolescents overestimated 

the environmental volatility (i.e., unpredictable change in stimulus-outcome or action-outcome 

associations) (Jepma et al., 2020). This overestimation of the volatility of an environment in 

adolescence may especially be adaptive in this developmental phase as it is characterized 

by changes in social relations, such as building new friendships, and engaging in a diversity 

of social environments including school, sports clubs, and social gatherings (Fuligni, 2019). 

These findings may suggest that adolescents may have a specific advantage to adjusting to 

highly volatile or unpredictable environments. Whereas the current study informs us on the 

ability to flexibly change a learned association in a relatively stable learning environment, 

future studies could study flexibility in social learning more thoroughly by including volatile 

or unpredictable social environments.

Parenting effects on social reversal learning

An additional aim of the current study was to assess the effects of participants’ reported 

parenting practices on trust learning and social reversal learning. We observed that partici-

pants who reported having experienced poorer parental monitoring showed increased levels 

of trust to untrustworthy others, but only when these others were previously trustworthy. 

Performance in the trustworthy environments was stable across the range of reported poor 

monitoring values. These findings contradict the two hypotheses we initially posed: the volatil-

ity hypothesis (i.e., hypersensitivity towards both positive and negative social interactions and 

thus reduced performance in both environments), and the negativity hypothesis (i.e., reduced 

sensitivity to positive compared to negative social interactions, thus reduced performance 

in the trustworthy environment only). It is conceivable that other individual differences may 

have biased the results. For example, poor parental monitoring has been also been related to 

more disadvantageous risk taking (Pollak et al., 2020), cyberbullying (Pascual-Sanchez et al., 

2021) and several other behavioral problems (Racz & McMahon, 2011).
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We did not observe any associations between the trust (reversal) learning performance 

and the other parenting practices (i.e., inconsistent discipline, maternal and paternal involve-

ment, positive parenting); future studies are needed to replicate this null result. One potential 

factor that may have biased our associations with parental practices is social support. That is, 

previous research has suggested that social support (high quality, supportive social relations), 

may buffer the effects of parental maltreatment on several behavioral outcomes (Scheuplein 

et al., 2021). This may also be true for less severe negative parenting situations. Consequently, 

participants who reported having experienced more negative parenting practices, may have 

had a good social support network, and therefore their social learning abilities were less 

affected. Future studies could investigate this hypothesis by including a focus on the social 

support network, such as the role of friendship quality. Recent studies combined such social 

network analyses (social network within the classroom) with choices in a trust game choic-

es. Although social network positions did not affect adaptations of trust behaviors towards 

untrustworthy others in early adolescents (+/- 12 y.o.) (Sijtsma, Buuren, et al., 2020), in older 

adolescents (16-18 y.o.) participants with less central social positions were more adaptive 

towards trustworthy others when they expected those others to be untrustworthy (Sijtsma, 

Lee, et al., 2020). Although one’s social network position may not be an indication of the 

quality of friendships that person has, these findings highlight that social dynamics other 

than parenting practices may influence trust decisions and trust learning. Moreover, these 

effects may change across adolescence alongside the stabilization of friendships. The exact 

mechanisms of how social buffering and risk factors relate to social (reversal) learning need 

to be confirmed in future (longitudinal) studies.

Social versus non-social learning

In the current study, we assessed whether there are differences between social and non-social 

trust learning. An active debate in the literature is whether social learning is only depen-

dent on processes that are socially specific, or that it arises solely from general associative 

(non-social) learning (Heyes, 2012; Lockwood et al., 2020; Olsson et al., 2020; Ruff & Fehr, 

2014). Therefore, when studying social learning, an appropriate control condition is essential 

for falsification purposes. Previous studies have used computer opponents in their control 

condition (Apps et al., 2013; Ramnani & Miall, 2004; Sanfey et al., 2003). However, as humans 

may anthropomorphize computers (Nass & Moon, 2000), we attempted to overcome this by 

using slot machines as an alternative. Thus, as a control condition, we included a similar trust 

game but with slot machines (not receiving any payoff) as interaction partners to remove the 

social component of trust learning. Our results showed a main effect of condition, indicating 

that overall performance in non-social trust learning was better than in social trust learning. 

However, we did not find a condition difference in reversal learning performance, nor did we 

find interactions with environment, age, or parenting practices. Our results, therefore, suggest 

3
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that these social and non-social learning processes are either at least largely overlapping, or, 

alternatively, distinct subprocesses may have resulted in similar behavioral outcomes (Morton, 

2010). There are multiple levels on which social learning may differ from non-social learning 

on e.g., observed behavior, computational processes such as reinforcement learning, and un-

derlying neural circuitry (Lockwood et al., 2020). Although the current study provided valuable 

insights on the behavioral level, follow-up studies are necessary to disentangle on which levels 

and which processes would be uniquely social in the case of trust learning. These studies 

would benefit from computational modeling and neuroimaging analyses to provide more 

insights into the mechanistic understanding of the subprocesses involved in trust learning 

and social reversal learning, and thus are needed to reveal whether there are neurocognitive 

processes are uniquely involved in social (trust) learning.

Limitations and future directions

There are a few limitations that have to be taken into account when interpreting the results. 

First, although the current sample is relatively large and is evenly distributed across age and 

sex, it is, however, rather homogenous, especially with regard to ethnicity and SES. Moreover, 

only typically developing children, adolescents and young adults were included, and the ma-

jority of these participants would not have experienced parenting adversity. It is not unlikely 

that negative parenting practices are related to lower participation rates in scientific studies; 

research setups that are less demanding for the parents, for example by testing in schools, 

would improve sampling of these more vulnerable children. Future studies are encouraged 

to invest in more diverse recruitment, as greater demographic and clinical diversity result in 

more power to detect effects of individual differences in e.g., parenting experiences on social 

decision making and (reversal) learning.

Second, the current trust learning paradigm only included interaction partners with low 

and high levels of trust. However, especially when investigating a sample of participants who 

have grown up in an unpredictable environment, it would be interesting to include interaction 

partners who are unpredictable in their trust behavior (i.e., 50% trustworthy) or more volatile 

in their trust behavior (i.e., often switching from trustworthy to untrustworthy behavior) to 

resemble more realistic characteristics with regard to their environment’s trust behavior.

Moreover, in the current study we only examined interactions with unfamiliar peers. How-

ever, interacting with different targets, such as friends, foes, and family members could reveal 

whether trust learning behavior is differs between different targets. Previous social-decision 

making studies involving such targets have shown differential effects (Brandner et al., 2020; 

Schreuders et al., 2018; Spaans et al., 2018, 2019; van de Groep et al., 2020). For example, a 

recent study showed that adolescents were more prosocial towards their friends and more 

selfish towards disliked peers (Schreuders et al., 2018). An interesting follow-up study would 
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include different targets in order to shed light on ingroup-outgroup (e.g., friends or parents 

as ingroup versus strangers as outgroup) processes, and how these affect social learning.

Finally, although we examined age-related and individual differences in social Learning, 

tracking these factors longitudinally would be powerful and essential for examining true devel-

opmental trajectories of social learning (Crone & Elzinga, 2015). Moreover, a longitudinal setup 

allows for investigating the stability in for example friendships and parental relations, and how 

they relate to social learning (Schreuders, Braams, et al., 2021). Therefore, future studies would 

benefit from following these participants with similar learning paradigms (Telzer et al., 2018).

Conclusion

Here, we studied the development of social trust and reversal learning in 10-24 year-olds and 

included a first step to determine whether individual differences in family environment also 

affect social (reversal) learning. We observed that adjusting to a trustworthy environment 

(particularly if those others were untrustworthy before) is more difficult than adjusting to 

an untrustworthy environment. Particularly for younger adolescents updating their expecta-

tions of others’ trustworthiness is more difficult than for older adolescents and adults. These 

findings highlight an increasing cognitive flexibility in learning across adolescence that also 

extends to a social environment. Finally, parental poor monitoring impacted trust reversal 

learning. Thus, the environment in which we grow up may affect our future social interactions 

and how we learn about others. However, adolescence is a developmental phase in which 

peers play a large role on several social domains (Chein et al., 2011; Crone & Dahl, 2012; van 

Hoorn et al., 2016), and social experiences during childhood and adolescence, for example at 

school, may affect our social decision making to a larger extent than how we are raised by 

our parents. Therefore, future studies on the development of social learning may benefit from 

assessing social experiences, social status, and adolescents’ social network.
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Supplementary materials

Figure S1. Age and sex distribution across participants of the full sample (N=157). Note that for analyses 

including parenting effects, we only included participants up to 18 y.o. (N=94).

Figure S2. Trust learning performance in the block before and after the reversal. Proportion correct 

choices over trials per social environment in the pre-reversal block and the post-reversal block. About 

one half of the participants received a social reversal (shown in panel a), the other half the non-so-

cial reversal (panel b). The plots showing the pre-reversal block (left panels) only include data from 

participants who received the corresponding reversal. Data are pooled across all participants. Over 

trials, participants adjusted their choices by directing their trust towards players from the Trustworthy 

environment, and away from players from the Untrustworthy environment.
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Figure S3. Boxplots for individual differences in parenting subscales. The value range on the y-axis are 

limited to the possible subscale values.

3
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Supplementary Table 3. Mixed-effects models with IQ and sex effects in reversal trust learning

Predictors
Main reversal model + sex + IQ

B SE Odds Ratios CI p

(Intercept) 1.235 0.084 3.44 2.92 – 4.05 <.001

Sex 0.096 0.084 1.1 0.93 – 1.30 .254

IQ 0.053 0.085 1.05 0.89 – 1.25 .534

Age linear 0.187 0.085 1.21 1.02 – 1.42 .027

Environment 0.404 0.071 1.50 1.30 – 1.72 <.001

Condition -0.032 0.084 0.97 0.82 – 1.14 .701

Age quadratic -0.013 0.084 0.99 0.84 – 1.16 .875

Age linear * Environment -0.139 0.071 0.87 0.76 – 1.00 .050

Age linear * Condition -0.092 0.084 0.91 0.77 – 1.08 .274

Environment * Condition -0.043 0.071 0.96 0.83 – 1.10 .545

Environment * Age quadratic 0.038 0.071 1.04 0.90 – 1.19 .596

Condition * Age quadratic 0.083 0.084 1.09 0.92 – 1.28 .327

Age linear * Environment * Condition -0.061 0.071 0.94 0.82 – 1.08 .387

Environment * Condition * Age quadratic 0.021 0.071 1.02 0.89 – 1.17 .765

Random Effects

σ2 3.29

τ00 0.83 subject

τ11 0.51 subject.Environment

ρ01 0.15 subject

ICC 0.29

N 155 subject

Observations 4314

Marginal R2 / Conditional R2 0.052 / 0.326

Supplementary Table 4. Mixed-effects model assessing effects of individual differences in parenting 

on social and non-social trust learning Significant effects are in bold. This GLMM is described fully 

in the main text.

Predictors

Main model + parenting (10-18 y.o.)

B SE
Odds

Ratios
CI p

Intercept 1.451 0.094 4.27 3.54 – 5.13 <.001

Age linear 0.348 0.117 1.42 1.13 – 1.78 .003

Environment 0.460 0.056 1.58 1.42 – 1.77 <.001

Condition 0.048 0.034 1.05 0.98 – 1.12 .159

3
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Supplementary Table 4. Continued

Predictors

Main model + parenting (10-18 y.o.)

B SE
Odds

Ratios
CI p

Positive Parenting -0.048 0.114 0.95 0.76 – 1.19 .672

Poor Monitoring -0.163 0.128 0.85 0.66 – 1.09 .204

Inconsistent Discipline 0.003 0.100 1.00 0.82 – 1.22 .973

Involvement Mother -0.047 0.126 0.95 0.75 – 1.22 .709

Involvement Father 0.096 0.124 1.10 0.86 – 1.40 .439

Age linear * Environment 0.219 0.069 1.24 1.09 – 1.43 .002

Age linear * Condition 0.005 0.043 1.00 0.92 – 1.09 .910

Environment * Condition -0.045 0.026 0.96 0.91 – 1.01 .085

Environment * Positive Parenting 0.003 0.067 1.00 0.88 – 1.14 .966

Condition * Positive Parenting 0.018 0.041 1.02 0.94 – 1.10 .668

Environment * Poor Monitoring -0.140 0.075 0.87 0.75 – 1.01 .061

Condition * Poor Monitoring 0.003 0.045 1.00 0.92 – 1.10 .949

Environment * Inconsistent Discipline 0.047 0.059 1.05 0.93 – 1.18 .420

Condition * Inconsistent Discipline -0.005 0.036 0.99 0.93 – 1.07 .885

Environment * Involvement Mother 0.098 0.073 1.10 0.96 – 1.27 .180

Condition * Involvement Mother -0.031 0.043 0.97 0.89 – 1.06 .478

Environment * Involvement Father -0.135 0.072 0.87 0.76 – 1.01 .061

Condition * Involvement Father 0.010 0.043 1.01 0.93 – 1.10 .809

Age linear * Environment * Condition -0.014 0.033 0.99 0.92 – 1.05 .679

Environment * Condition * Positive Parenting -0.012 0.032 0.99 0.93 – 1.05 .703

Environment * Condition * Poor Monitoring -0.015 0.034 0.99 0.92 – 1.05 .663

Environment * Condition * Inconsistent Discipline 0.047 0.028 1.05 0.99 – 1.11 .086

Environment * Condition * Involvement Mother -0.038 0.032 0.96 0.90 – 1.03 .235

Environment * Condition * Involvement Father 0.048 0.033 1.05 0.98 – 1.12 .147

Random Effects

σ2 3.29

τ00 0.76 subject

τ11 0.04 subject.Condition

0.21 subject.Environment

ρ01 0.59

0.09

ICC 0.24

N 94 subject

Observations 10371

Marginal R2 / Conditional R2 0.076 / 0.294
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Supplementary Table 5. Mixed-effects model assessing effects of individual differences in parenting 

on reversal trust learning Significant effects are in bold. This GLMM is described fully in the main text.

Predictors
Reversal model + parenting (10-18 y.o.)

B SE Odds Ratios CI p

Intercept 1.416 0.200 4.12 2.78 – 6.10 <.001

Age linear 0.436 0.235 1.55 0.98 – 2.45 .064

Environment 0.593 0.163 1.81 1.31 – 2.49 <.001

Condition -0.030 0.200 0.97 0.66 – 1.44 .881

Positive Parenting 0.075 0.149 1.08 0.81 – 1.44 .615

Poor Monitoring -0.225 0.154 0.80 0.59 – 1.08 .145

Inconsistent Discipline 0.016 0.119 1.02 0.80 – 1.28 .895

Involvement Mother -0.082 0.162 0.92 0.67 – 1.27 .612

Involvement Father -0.018 0.159 0.98 0.72 – 1.34 .909

Age linear * Environment 0.120 0.191 1.13 0.78 – 1.64 .530

Age linear * Condition -0.163 0.235 0.85 0.54 – 1.35 .488

Environment * Condition 0.008 0.163 1.01 0.73 – 1.39 .962

Environment * Positive Parenting -0.003 0.121 1.00 0.79 – 1.26 .977

Condition * Positive Parenting 0.029 0.149 1.03 0.77 – 1.38 .844

Environment * Poor Monitoring -0.285 0.125 0.75 0.59 – 0.96 .023

Condition * Poor Monitoring 0.059 0.154 1.06 0.78 – 1.44 .701

Environment * Inconsistent Discipline -0.020 0.097 0.98 0.81 – 1.19 .838

Condition * Inconsistent Discipline -0.022 0.119 0.98 0.77 – 1.24 .851

Environment * Involvement Mother 0.119 0.131 1.13 0.87 – 1.46 .362

Condition * Involvement Mother -0.013 0.162 0.99 0.72 – 1.36 .937

Environment * Involvement Father -0.118 0.128 0.89 0.69 – 1.14 .355

Condition * Involvement Father 0.072 0.159 1.07 0.79 – 1.47 .650

Age linear * Environment * Condition -0.002 0.191 1.00 0.69 – 1.45 .991

Environment * Condition * Positive Parenting -0.166 0.121 0.85 0.67 – 1.07 .169

Environment * Condition * Poor Monitoring -0.067 0.125 0.94 0.73 – 1.20 .594

Environment * Condition * Inconsistent Discipline 0.005 0.097 1.00 0.83 – 1.21 .963

Environment * Condition * Involvement Mother -0.146 0.131 0.86 0.67 – 1.12 .264

Environment * Condition * Involvement Father 0.179 0.128 1.20 0.93 – 1.54 .161

Random Effects

σ2 3.29

τ00 0.88 subject

τ11 0.49 subject.Environment

ρ01 0.02 subject

ICC 0.29

N 93 subject

Observations 2583

Marginal R2 / Conditional R2 0.093 / 0.359

3
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Supplementary Table 5. Intercorrelations of individual differences in parenting subscales

Spearman

correlations

Poor monitoring

/ supervision

Inconsistent

discipline

Maternal

involvement

Paternal

involvement

Positive parenting -.306** -.027 .563** .516**

Poor monitoring /supervision .266** -.383** -.313**

Inconsistent discipline -.140 -.017

Maternal involvement .650**

Note: ** = p < .01 (2-tailed). Significant effects in bold.

Supplementary Table 6. Correlations between age and parenting subscales in subjects up to 18 years

Positive

parenting

Poor monitoring

/supervision

Inconsistent

discipline

Maternal

involvement

Paternal

involvement

Age
rs = -.120

p = .211

rs = .591
p > .001

rs = .044

p = .644

r = -.209
p = .028

rs = -.168

p = .077

Note: Significant effects in bold.
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Chapter 4
Uncertainty about others’ 

trustworthiness increases during 
adolescence and guides social 

information sampling

This chapter is based on (manuscript under review):

Ma, I., Westhoff, B., & van Duijvenvoorde, A. C. K. Uncertainty about others’ trustworthi-

ness increases during adolescence and guides social information sampling.
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Chapter 4

Abstract

Adolescence is a key life phase for developing well-adjusted social behavior. An essential 

component of well-adjusted social behavior is the ability to update our beliefs about the 

trustworthiness of others based on gathered information. Here, we examined how adolescents 

(N = 157, 10-24 years) sequentially sampled information about the trustworthiness of peers 

and how they used this information to update their beliefs about others’ trustworthiness. Our 

Bayesian computational modeling approach revealed an adolescence-emergent increase in 

uncertainty of prior beliefs about others’ trustworthiness. As a consequence, early to mid-ad-

olescents (ages 10-16) gradually relied less on their prior beliefs and more on the gathered 

evidence when deciding to sample more information, and when deciding to trust. We propose 

that these age-related differences could be adaptive to the rapidly changing social environ-

ment of early and mid-adolescents. Together, these findings contribute to the understanding 

of adolescent social development by revealing adolescent-emergent flexibility in prior beliefs 

about others that drives adolescents’ information sampling and trust decisions.
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Introduction

Adolescence is a life-phase accompanied by a strong social reorientation (Nelson et al., 2016). 

Adolescents spend more time with peers (De Goede et al., 2009; Lam et al., 2014; Larson et 

al., 1996), are susceptible to peer influence (Albert et al., 2013; Gardner & Steinberg, 2005), 

and aim to achieve and maintain a positive peer status (Crone & Dahl, 2012; Gavin & Furman, 

1989; LaFontana & Cillessen, 2010; Nelson et al., 2016; Steinberg & Silverberg, 1986). Viola-

tions of trust, such as social rejection, gossiping, and other negative peer interactions are 

exceptionally detrimental to adolescents’ mental health and social development (Blakemore, 

2008; Crone & Dahl, 2012). It is therefore imperative for adolescents to sample information 

about the trustworthiness of their peers to update their beliefs and adapt their behavior ac-

cordingly. For example, information can be sampled by asking close friends for their opinion 

about a specific peer or by observing how they treat others. When the sampled information 

indicates that the peer violates the trust of others, the adolescent should update their belief 

about that peer’s trustworthiness (from likely trustworthy to likely untrustworthy) and adapt 

their behavior towards that peer accordingly.

However, sparse samples might not be representative of the peer’s true trustworthiness. 

An untrustworthy peer might sometimes act in a trustworthy manner. Insufficient information 

can therefore result in erroneously trusting an untrustworthy peer or not trusting a trustworthy 

peer. Despite the relevance of trustworthiness information sampling to the social develop-

ment during adolescence, not much is known about the age differences that take place in 

this process. Understanding how adolescents determine the quantity of their trustworthiness 

information samples, sheds light on the adaptive changes that underlie social development 

and may expose potential improvements.

From a social reorientation perspective, it might be intuitive to expect that adolescents 

focus more on peers and therefore excessively sample information about peers compared 

to children or adults. However, a recent study using a novel task and computational model 

identified three distinct factors that underlie the process of information sampling about others’ 

trustworthiness in adults (Ma, Sanfey, et al., 2020) giving rise to more nuanced hypotheses 

about information sampling in adolescents. The main factors that were identified in the 

study were: 1. prior beliefs about trustworthiness, 2. uncertainty about the prior belief, and 

3. uncertainty tolerance. The first factor, the prior beliefs about trustworthiness, is an individ-

ual’s initial expectations about others’ trustworthiness before any information is sampled. 

Past studies in adults show that biased prior beliefs subsequently biases how information is 

sampled and how the beliefs are updated in the light of new information (Chang et al., 2010; 

Fareri et al., 2012). For example, adults were more likely to update their beliefs about another 

person if the novel information was consistent with their prior beliefs (Fareri et al., 2012), and 

actively sample information to support their prior beliefs (Kaanders et al., 2021). Prior beliefs 
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about trustworthiness might show age differences across adolescence. Empirical studies have 

shown that initially placed trust increases from childhood to adulthood (Fett, Shergill, et al., 

2014; Sutter & Kocher, 2007; van den Bos et al., 2010, 2011), suggesting a potential shift in 

prior beliefs about trustworthiness during adolescence (but see Flanagan & Stout, 2010). One 

of the aims of the current study is therefore to assess if prior beliefs about trustworthiness 

indeed shift during adolescence and affects information sampling or bias decisions to trust 

or not trust a peer.

The second important factor when sampling information is the uncertainty about prior 

beliefs (Ma, Sanfey, et al., 2020). This reflects the variation an individual expects in the trust-

worthiness of others. We first explain this concept in more detail before discussing potential 

changes during adolescence. For example, an individual with high uncertainty about their prior 

belief expects more variation in trustworthiness between different trustees. In contrast, an 

individual with low uncertainty about their prior belief expects that there will be little variation 

in trustworthiness between different trustees. There can be uncertainty about any prior belief; 

one individual might expect that all trustees are untrustworthy (low uncertainty), another 

could expect that everyone is trustworthy (low uncertainty), and yet another might expect 

that some are trustworthy while others are not (high uncertainty). Each new sample updates 

both the belief and the uncertainty. The updated result is a posterior belief and uncertainty 

about the posterior belief, respectively. Adults were shown to sample information until their 

posterior uncertainty dropped below a level to which they were tolerant to uncertainty (Ma, 

Sanfey, et al., 2020). Uncertainty about prior (and posterior) beliefs thereby influence the 

quantity of information samples, such that higher uncertainty likely result in more sampling 

(Ma, Sanfey, et al., 2020).

Figure 1. Illustration of how prior belief distributions update to posterior beliefs. The grid represents 

sampled information about trustworthiness. A green tile indicates that the sample resulted in an ob-

servation of trustworthiness, red tiles represent observations of untrustworthiness, and grey tiles are 

not sampled. At the start all tiles are grey as no samples have been drawn yet and therefore the current 
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belief distribution about trustworthiness is the prior belief distribution. The belief updates with each 

sample. The updated posteriors in the middle reflect an intermediate belief stage when there are 4 red 

and 1 green tile. The orange, green and blue lines in the plots represent three hypothetical subjects’ 

prior distributions and their corresponding posterior distribution. These three hypothetical subjects were 

selected to show that the posterior beliefs can be quite different depending on the prior expectation 

(mean) and the prior uncertainty (variance) of the prior belief distribution. The orange prior distribution 

reflects the expectation that lower reciprocation probabilities are more likely. The observed outcomes 

exactly match that prior expectation. The posterior uncertainty therefore decreases but the posterior 

mean does not update. The blue prior distribution reflects a belief that higher reciprocation probabilities 

are more likely. The sample outcomes disconfirm this belief and the posterior therefore shows a large 

update and becomes more uncertain. The green prior distribution has a maximal uncertainty, i.e., a 

belief that all reciprocation probabilities are equally likely. The posterior then shows a both large update 

in the mean and a reduced uncertainty.

Little is known about the development of uncertainty about prior beliefs during adoles-

cence, possibly because beliefs and especially uncertainty are difficult to observe directly 

in choice behavior and often require assessment through Bayesian computational models. 

Uncertainty about prior beliefs of trustworthiness likely change during adolescence, as chang-

es take place in the set and frequency of social behaviors displayed by peers during early 

adolescence (e.g., courtship or competitive behavior such as gossiping). Transitioning from 

primary to high school exposes the adolescent to new peer groups with new group dynamics. 

Normatively, this novelty in the social environment should increase uncertainty about the gen-

eralizability of previously learned social behaviors (Piray & Daw, 2020; Stamps & Frankenhuis, 

2016) (e.g., “childish” games such as playing tag may not be socially accepted anymore in high 

school). Specifically, uncertainty about prior beliefs should increase when the environment 

becomes more volatile, which leads to heightened sensitivity to new information, thereby al-

lowing the individual to update their beliefs more with each new information sample (Behrens 

et al., 2007). Given the numerous changes in adolescents’ social lives, we therefore expect 

an age-related increase in their uncertainty about their prior beliefs of peers’ trustworthiness.

The third and final factor is uncertainty tolerance, which reflects the level of posterior 

uncertainty that an individual finds tolerable (Ma, Sanfey, et al., 2020). As mentioned earlier, 

this affects the sample quantity together with the uncertainty about prior beliefs, as adults 

sample until their posterior uncertainty drops below their uncertainty tolerance level (Ma, 

Sanfey, et al., 2020). Previous developmental studies showed individual and age-related dif-

ferences in how tolerant adolescents are to uncertainty by using questionnaires (Boelen 

et al., 2010; Dekkers et al., 2017) and experimental risky choice tasks that vary the level of 

outcome uncertainty (Dekkers et al., 2017). In general, these studies with experimental tasks 

suggest that adolescents are more tolerant to uncertainty, which led them to explore risky 

gambles more often, compared to adults (Blankenstein et al., 2016; Tymula et al., 2012) (but 

see Blankenstein et al., 2018; Braams et al., 2019). One previous study explored how uncer-

4



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

102

Chapter 4

tainty tolerance related to sampling information for monetary rewards. Findings showed that 

adolescents sample less information about lottery outcomes than children and adults, also 

suggesting that adolescents are more uncertainty tolerant than children and adults (Van Den 

Bos & Hertwig, 2017). Whereas these previous studies suggest that uncertainty tolerance is a 

trait that underlies risky choice, little is known about how an individual’s level of uncertainty 

tolerance drives behavior in the social domain in adolescence. Given that information about 

peers is highly important for adolescents to successfully navigate their changing social envi-

ronment, adolescents’ uncertainty tolerance in non-social lottery tasks might not generalize to 

sampling information about peers and instead adolescents might become more uncertainty 

intolerant with age, especially from early to mid-adolescence.

In summary, here we examined how age differences in prior beliefs about trust-

worthiness, uncertainty about prior beliefs about trustworthiness, and uncertainty tolerance 

as factors that potentially may affect age-related differences in information sampling about 

others’ trustworthiness. Participants (10-24 years, N = 157, 75 of which were boys) complet-

ed the Information Sampling Trust Game (ISTG, see Figure 2A). The Trust Game mimics 

characteristic consequences of trust, such that trusting is beneficial to all involved partners 

if reciprocated, but trust can also be betrayed. The ISTG extends this paradigm by allowing 

the participant to sample information about the trustee’s history of trustworthiness prior to 

making a decision to trust or not trust.

Figure 2. Information Sampling Trust Game and data. (A) Task trial sequence example and payoff 

matrix. On each trial there are 2 players: the investor and a trustee. The participants played in the inves-

tor role and could sample a trustee’s reciprocation history with other investors up to 25 times by turning 

tiles in a 5 by 5 grid. Green = reciprocated trust, red = betrayed trust, grey = not sampled. Investment 



103

Uncertainty about others’ trustworthiness increases during adolescence and guides social information sampling

outcomes were not shown during the task. Six reciprocation probability conditions (r = 0.0, 0.2, 0.4, 

0.6, 0.8, 1.0) generated the outcomes in the grid. It was clarified that they were playing with someone 

their own age, that the location of the tile was not informative, that each trial would be played with a 

new unknown trustee, and that the ratio green to red tiles would thus vary between trials. (B) Payoff 

matrix. Participants were told that if they invested, the trustee received the 6 tokens, which would be 

multiplied by 4 (24 tokens) and subsequently the trustee decided to either reciprocate by splitting the 

24 tokens 50-50, or defect and keep all 24 tokens to themselves. Participants also had the option of 

not investing by keeping the initial endowment. (C) The number of samples (mean and standard error 

of the mean (s.e.m.)) as a function of reciprocation probability per age group (years). Age groups were 

created for visualization purposes only and analyses were conducted with age as continuous measure. 

(D) Proportion of investments as function of the generative reciprocation probability for each age group.

At the beginning of each trial, participants were endowed with 6 tokens which they could 

invest (entrust) in the trustee in a single-shot Trust Game (see Figure 2B for payoff matrix). 

Participants were told that these trustees previously played this game with 25 different inves-

tors in a different experiment and that their decisions to reciprocate or defect were stored in a 

covered 5 x 5 grid. Participants were given the opportunity to first sample information about 

the trustee’s reciprocation history before deciding to either invest or not invest. Unbeknownst 

to participants, the grid outcomes were computer-generated and drawn from the following 

probabilities: 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0, where 0.0 is completely untrustworthy (all red) 

and 1.0 is fully trustworthy (all green). Each subject sampled information about 60 different 

trustees (trials). There were no explicit sampling costs other than the time and effort involved 

in turning tiles. The outcomes of participants’ trust decisions (invest or not invest) after sam-

pling were not shown during the task to avoid changing meta-beliefs about the reliability 

of the acquired information. Instead, participants were told that 3 trials would be randomly 

selected at the end of the task and their average amount of tokens would be converted to 

money and paid to the participant (see Supplementary materials).

Results

Descriptive statistics

On average participants sampled 16.229 (SD = 7.532) of 25 times per trial. We expected based 

on non-social sampling studies (Fiedler & Juslin, 2006) that participants would sample more 

when the sample outcomes were less consistently green or red (i.e., when the outcome 

uncertainty was highest) and we examined the interaction with age. To this end we used a 

linear mixed effects model (LME4 in R (Bates et al., 2014; R Core Team, 2020) assessing the 

effects of outcome uncertainty (i.e., the variance in the Bernoulli distribution r (1-r) where r is 

the probability of reciprocation) and the linear and nonlinear age effects (polynomial models 

of linear and quadratic age effects) on the number of samples. In all our analyses, we report 
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the best fitting mixed-effects model results (see Supplementary materials for the full mixed 

effects model specification).

We found that participants sampled significantly more when the outcome uncertainty 

was higher, i.e., when the probability of reciprocation was closer to 0.5 (B = 2.103, p < .001, 

see Figure 2C). This effect interacted with the linear effect of age (B = 0.416, p < .001). There 

was no significant main effect of age (B = -0.467, p = .278). We conducted post-hoc Bonfer-

roni-holm corrected analyses to further examine the interaction effect with age. This showed 

that the effect of outcome uncertainty was significantly less strong in early-adolescents while 

older age groups did not significantly differ from each other (see Supplementary materials for 

R code and all pairwise comparisons). Moreover, the effect of age on the number of samples 

was significantly stronger when the trustee was highly trustworthy (i.e., when the probability 

of reciprocation was closer 1.0) and when the trustee was highly untrustworthy (i.e., when the 

probability of reciprocation was closer to 0.0). This suggests that participants sampled less 

with age when trustees were very trustworthy or untrustworthy, (see Figure 2C).

Next, we used a mixed-effects model to examine whether the invest decisions (i.e., de-

cisions to trust or not) were predicted by trustworthiness (i.e., the reciprocation probability) 

and whether this differed with age. As expected, we found a significant main effect of trust-

worthiness (β = 3.414, p <0.001), showing that the likelihood of investing increased when the 

trustee was more trustworthy. There was a significant interaction between trustworthiness 

and the linear effect of age (β = 0.860 , p < .001). Post-hoc linear mixed models per recipro-

cation probability were done to further examine the interaction with age. This showed that 

adolescents were more likely to invest in highly trustworthy trustees with age (reciprocation 

probability 0.8, B = 0.044, p < .001; reciprocation probability 1.0, B = 0.040, p < .001) and more 

likely to not invest in highly untrustworthy trustees (when the probability of reciprocation was 

0.0, B = -0.020, p = .001, also see Supplementary materials for all results). Taken together, this 

suggests that younger participants were less likely to trust peers who were trustworthy and 

to some extent more likely to trust untrustworthy trustees compared to older adolescents, 

even though younger adolescents sampled more information about trustworthy peers than 

older participants (see Figure 2C and 2D).

Computational processes underlying trustworthiness information sampling

Information sampling and age differences therein were well captured by a Bayesian model of 

information sampling, called the Uncertainty model (Ma, Sanfey, et al., 2020). At its core, this 

model has a Bayesian belief distribution over the trustworthiness of the trustee. This belief 

distribution encompasses the prior belief and the uncertainty about the prior belief. With each 

sample this belief distribution is updated, resulting in the posterior belief distribution. The 

probability of stopping the information sampling increases as the updated uncertainty drops 

below the uncertainty tolerance level (see Methods for formal description).
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We compared the Uncertainty model against three alternative computational models to 

test if trustworthiness information sampling strategies differed with age (see Methods for 

formal descriptions). The Sample Cost model and the Threshold model are alternative models 

developed in a previous study on the ISTG (Ma, Sanfey, et al., 2020) and the Count model was 

added to test if a simpler heuristic strategy is more prevalent in late childhood than at older 

ages. The Sample Cost model uses the Bayesian belief distribution to compute the normative 

solution for every state. The Threshold model is similar to the Uncertainty model without 

using a Bayesian beliefs distribution but instead it is based on the concept of sampling until 

the ratio between red and green tiles meets a subjective threshold. Finally, the Count model 

is the simplest model and tests if participants are insensitive to the gathered evidence and 

instead sample a fixed number of tiles with some variation.

The Uncertainty model fitted better than these alternative models for all ages (see Figure 

3A), replicating previous findings in adults (Ma, Sanfey, et al., 2020). We assessed significance 

of the model fit difference by using bootstrapping to compute the 95% CI’s of the BIC differ-

ences (see Figure 3B). This showed that the Uncertainty model fitted significantly better than 

all other models (95%CI of the summed BIC difference between the Uncertainty model and 

the Sample cost model was 95%CI [-3086, -527], the difference from the Threshold model 

was 95%CI [-3072, -636], and from the Count model 95%CI [-55095, -48774], see Figure 3B). 

We also performed Variational Bayesian Analyses (Rigoux et al., 2014) which returned a high 

probability that the Uncertainty model was most frequent in the comparison set (protect-

ed exceedance probability: Uncertainty model = 0.994, Threshold model = 0.005, Sample 

Cost model = 0.051, Count model = 0.000). Importantly, the Variational Bayesian Analyses 

for group comparisons returned a high probability that the five age groups have the same 

winning model (p(same winning model) = .907, see Figure 3C for model fit per age bin). We 

verified through model recovery that the models were distinguishable and through parame-

ter recovery that the number of trials was sufficient to accurately estimate parameters (see 

Supplementary materials).

4
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Figure 3. Model fit results. (A) The Bayesian Information Criterion (BIC) per model summed over 

participants. Lower BIC values indicate a better fit, thus showing that the Uncertainty model fits best. 

BIC scores were computed for each participant and each model. Left image is zoomed in as the count 

model fitted much less well than the other models. Right image is not zoomed in. The grey area shows 

the zoom range. (B) 95% confidence intervals (CI) of the summed BIC difference between models. 

Zero indicates no difference between models. Negative values are in favor of the model before the 

subtraction sign, as lower BIC indicates a better fit. The Uncertainty model fits significantly better than 

the Sample Cost and Threshold models (95% CI does not contain zero). The BIC scores of a model 

pair were subtracted from each other for each participant, thereby obtaining one difference score per 

participant for each model pair. To assess significance, the 95% confidence interval of the BIC difference 

was computed using bootstrapping with 105 iterations. (C) Uncertainty model fit across age. Age is 

grouped for visualization purposes. The shaded area is the s.e.m. of the data that was simulated with 

the participants’ estimated parameters in the Uncertainty model. The line graph represents the mean 

and s.e.m. of the participants’ actual data. The overlap between the shaded area and line graphs show 

that the Uncertainty model fitted well for each age group.

Prior beliefs, prior belief uncertainty, and uncertainty tolerance underlie age-
related differences in trustworthiness information sampling

Given our expected age-differences in prior beliefs, prior belief uncertainty, and uncertainty 

tolerance, we examined linear and non-linear effects of age on these model derived metrics 

using linear regression models. For each metric, we compared linear, polynomial (linear and 

quadratic), and logarithmic age effects and report the best fitting regression model results. We 

found that the prior beliefs increased monotonically with age (age linear, β = 0.212, p = .009). 

Though this effect was subtle, it shows that with age, participants expected peers to be more 

trustworthy (see Figure 4). Interestingly, the prior belief uncertainty strongly increased from 

early to mid-adolescence (ages 10-17 years) and then stabilized (Figure 4). The best fitting 



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff

107

Uncertainty about others’ trustworthiness increases during adolescence and guides social information sampling

age-model was polynomial, showing a significant linear (β = 0.49, p < .001) and quadratic 

effect of age (β = -0.43, p = .010). This suggest an adolescent-emergent increase in uncer-

tainty about their prior beliefs of trustworthiness. Moreover, Uncertainty tolerance increased 

linearly with age (β = 1.80, p < .001, Figure 4), suggesting that adolescents gradually became 

more uncertainty tolerant with age. Finally, decision noise did not change with age (linear, 

β = -0.12, p = .587, quadratic, β = 0.38, p = .119). This shows that the degree to which partic-

ipants’ sampling choices followed the fitted Uncertainty model predictions did not change 

with age and therefore gives more confidence in the interpretability of the model derived 

metrics across adolescence.

Figure 4. Prior beliefs, prior uncertainty, and uncertainty tolerance as function of age. Note that a 

uniform prior corresponds to a prior uncertainty of 0.289, which is the width of the beta distribution 

for uniform priors. This thereby creates an upper bound for the prior uncertainty. Uncertainty tolerance 

has the same upper bound as prior uncertainty, as they both reflect the width of the belief distribution. 

Lower prior uncertainty values reflect a more certain prior. The Loess method was used to generate 

these plots.

No difference in prior beliefs in first and second task-half

To test if the prior beliefs changed during the task, we refitted the Uncertainty model to the 

first half and second half of the task separately. The prior belief is a model derived metric 

based on two free parameters in the Uncertainty model, called a0 and b0 (see Methods). 

Since different combinations of a0 and b0 can result in the same prior belief (but with dif-

ferent uncertainty about those prior beliefs), we conducted these analyses on the a0 and 

b0 parameter estimates rather than on the prior beliefs. Wilcoxon sign-rank tests showed 

no difference between the first and second task halves in either of the these two parameter 

estimates (a0 estimate, z = 1.406, p = .160, median difference < 0.001, 95% CI [-0.122, 0.315]; 

b0 estimate, z = 1.133, p = .257, median difference < 0.001, 95% CI [-0.478, 0.465]). Moreover, 

Spearman-rank correlations showed no significant relation between age and the difference 

between the first and second task halves in either of the two parameter estimates (a0 estimate 
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rs = -0.046, p = .565; b0 estimate rs = -0.058, p = .573). Since uncertainty about the prior belief 

was also a metric derived from the a0 and b0 parameters (see Methods), this suggests that our 

findings of the prior beliefs and uncertainty about those beliefs were not likely confounded 

by changes over trials or age-related changes therein.

Discussion

Gathering information about outcomes of social interactions to adjust our beliefs about others 

is critical for successful and adaptive social behavior. Sampling and using information about 

others is particularly important during adolescence, as this is a developmental phase in which 

social cognition and peer relations rapidly develop. We found that adolescents adjusted their 

sampling quantity to the consistency of the sampled information by sampling more when 

the information was inconsistent. This effect of information inconsistency was less strong 

for early-adolescents compared to older adolescents. Moreover, adolescents trusted (i.e., in-

vested) more often when peers were more trustworthy and this adaptive response to high 

trustworthiness became stronger with age. These behavioral findings show age differences in 

social information sampling and its use in trust decisions. The age differences in information 

sampling were well captured by a computational model in which a Bayesian belief distribution 

over trustworthiness is updated with each new sample. The computational model showed 

that the age differences in sampling could be accounted for by age differences in prior beliefs 

about trustworthiness, uncertainty about those prior beliefs, and uncertainty tolerance.

We found a relation between age and prior beliefs, which indicated that with age, adoles-

cents believed others to be more trustworthy before having sampled any information. This 

finding is consistent with previous developmental studies that have used (repeated) trust 

games and found that the first invested amount in the trust game tends to increase with 

age (Fett, Shergill, et al., 2014; Sutter & Kocher, 2007; van den Bos et al., 2010, 2011), sug-

gesting more initially placed trust in others. Our computational model also showed that the 

relation between age and prior beliefs accounted for the, albeit subtle, finding that younger 

adolescents sampled more relative to older adolescents when the underlying reciprocation 

probabilities were either high or low (Figure 3C). Intuitively, when the sampled information 

indicated that the trustee was very trustworthy or very untrustworthy, it contradicted the 

prior beliefs of early-adolescents more than the older adolescents. This resulted in a sampling 

bias where early-adolescents sampled more relative to older adolescents when the trustee 

was highly trustworthy or highly untrustworthy, as they needed more information to be con-

vinced of the information. The age-related increase in prior beliefs was subtle, yet possibly 

adaptive to age-related changes in the trustworthiness of peers, as earlier studies found that 
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adolescents indeed become more trustworthy from early to mid-adolescence (Harbaugh et 

al., 2003; Sutter & Kocher, 2007).

The strongest and most striking age difference was found in the uncertainty about prior 

beliefs. Confirming our hypothesis, prior beliefs about others’ trustworthiness rapidly became 

more uncertain with age from early to mid-adolescence. This adolescence-emergent increase 

in prior uncertainty led adolescents to rely less on their prior beliefs and more on their sam-

pled information. Behaviorally, this resulted in adolescents rapidly adapting their sampling 

behavior to the information inconsistency from early to mid-adolescence. In other words, 

early to mid- adolescents became more open-minded about possible individual differences 

in trustworthiness between peers. The increase in uncertainty about prior beliefs is not likely 

explained by age-related differences in sampling strategies or task comprehension for at 

least four reasons. Firstly, we ruled-out alternative computational models that represented 

alternative sampling strategies, showing that participants of all ages used the same informa-

tion sampling strategy in their decisions to continue sampling. Second, the instructions were 

read aloud and in-person by the experimenters who made sure all participants understood 

the task by asking comprehension questions. Third, age differences in task comprehension 

cannot account for all age-related effects, such as the relation between age and prior beliefs. 

Finally, the prior belief distribution parameter estimates did not differ between the first and 

second task half, which indicates that the age-related increase in prior uncertainty was not 

due to age differences in sampling strategies or task comprehension as the task progressed.

The increase in uncertainty about prior beliefs may be adaptive given the numerous 

changes that take place in early to mid-adolescents’ social environment, including changes 

in social behavior induced by the peers’ pubertal stage and a transition of schools. Interest-

ingly, given that the changes in the adolescent’s environment occur mostly in social contexts 

but less so in non-social contexts (e.g., physics such as gravity mostly remain constant), this 

further suggests that learning flexibility in adolescents might be especially strong in social 

contexts. This pertains to learning about others or about the self in relation to a peer group. 

Future within-subjects studies are required to examine if the age-related increase in uncer-

tainty about prior beliefs is indeed specific to social contexts, and in which social contexts 

this may be most pronounced.

We furthermore found that uncertainty tolerance increased linearly with age. This finding 

at first seems to contradict previous studies on uncertainty tolerance in non-social contexts, 

which suggest that adolescents are more uncertainty tolerant than adults (Blankenstein et al., 

2018; Tymula et al., 2012; Van Den Bos & Hertwig, 2017). However, in the Uncertainty model, 

uncertainty updates with each sample and the probability to stop sampling increases once 

uncertainty drops below the individual’s uncertainty tolerance level. Therefore, uncertainty tol-

erance should be interpreted in combination with uncertainty about prior beliefs. In our study, 

mid-adolescents relative to early-adolescents showed increased uncertainty about prior beliefs 
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combined with a smaller increase in uncertainty tolerance. In the model this combination 

results in an increase in sampling (see model simulations in Figure 3C). After mid-adolescence, 

uncertainty about prior beliefs stabilized while uncertainty tolerance continued to increase. In 

the model, this combination resulted in a decrease in sampling from mid to late-adolescence 

(Figure 3C). Although we did not test non-social information sampling in this study, the idea 

of at least some degree of social specificity is corroborated by previous studies on non-social 

information sampling. Those studies found that adolescents gathered less information than 

children or early-adolescents prior to a risky financial decision (Bowler et al., 2020; Van Den 

Bos & Hertwig, 2017), which diverges from our findings in a trust context. Taken together, our 

findings of age-related differences in the factors that underlie information sampling fit with 

our notion that mid-adolescents may attempt to learn more about their social environment.

While reinforcement learning studies on adolescence are scarce, one advantage of this 

computational modeling approach is using formal model comparisons to assess age-related 

differences in decision-making strategies (Cohen et al., 2020; Kabotyanski et al., 2019; Pal-

minteri et al., 2016). For example, a previous study showed that adolescents used different 

reinforcement learning strategies than adults by not benefitting from counterfactual feedback, 

which would have been challenging to conclude without the specific behavioral predictions 

that result from fitting computational models (Palminteri et al., 2016). In the current study, we 

ruled-out a family of normative models (i.e., Sample Cost model variants), heuristic models 

that were not based on Bayesian belief distributions (Threshold model variants), and the 

Count model for insensitivity to gathered evidence. We found that the Uncertainty model 

showed a good fit and fitted best for all ages, showing that across age, adolescents use their 

uncertainty in Bayesian belief distributions to update their beliefs about trustworthiness. This 

is consistent with a previous study on social information sampling costs in adults, where the 

Uncertainty model also fitted the data best (Ma, Sanfey, et al., 2020). We show that within 

this winning model, age-related differences in the parameter estimates accounted well for 

age differences in sampling behavior. Our computational modeling and model comparison 

approach therefore contributes to the field’s understanding of age differences in cognitive 

strategies of social decision-making.

The potential applications of our approach extend to understanding how peer-status could 

influence prior beliefs about others’ behavior. For instance, children who are frequently socially 

rejected by their peers may develop different prior beliefs over the trustworthiness of others 

compared to stably accepted children (e.g., those with experience of frequent rejection may 

have a highly certain prior belief that others are untrustworthy). Moreover, previous studies 

used behavioral economic games such as trust games to reveal aberrant social decision-mak-

ing in psychiatric disorders (Hinterbuchinger et al., 2018; King-Casas & Chiu, 2012; Robson et 

al., 2019), including anxiety disorders, autism spectrum disorder (Izuma et al., 2011), borderline 
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personality disorder (King-Casas & Chiu, 2012; Seres et al., 2009; Unoka et al., 2009), and 

ADHD (Ma et al., 2016, 2017). In future studies, our task and models might further shed light 

on how individuals actively sample and use information to initiate or avoid social interactions 

and how this may depend on aberrant prior beliefs.

Methods

Participants and experiment procedure

A total of 157 adolescents (of which 75 boys) completed the experiment (range = 10-24 years, 

M = 17.50, SD = 4.34). The sample size was based on prior studies examining age-related 

differences in uncertainty tolerance within a comparable age-range (Blankenstein et al., 2016; 

Van Den Bos & Hertwig, 2017). Participants were screened for color blindness, psychiatric 

and neurological disorders, IQ was estimated by using subtests of the WISC and WAIS. IQ 

scores fell in the normal range (M =107.5, SD = 10.9, range = 80-135), and did not correlate 

with age (r
s = 0.119, p = .138), parental social economic status (SES) was estimated by highest 

educational attainment of the caregiver (s). This sample generally showed a medium to high 

SES level and SES did not show a relationship with age (Kruskal-Wallis rank sum returned 

 χ2 (4, n = 157) = 6.342, p = .175; low SES n =8, medium SES n = 59, high SES n = 90). All 

procedures were approved by the institutional review board of the Leiden University Medical 

Center, and performed in accordance with the relevant guidelines and regulations. Written 

informed consent was given by adult participants, and by their legal guardians in the case of 

minors (minors provided written assent). This behavioral study was part of a larger imaging 

study. All participants performed the task in a quiet room near the neuroimaging labs of 

Leiden University. The task took approximately 30 minutes to complete (see Supplementary 

materials for payoff procedure).

Computational model

The Uncertainty model is based on the concept of sampling to reduce uncertainty until the 

subjective uncertainty tolerance is met. The model consists of four components: a prior belief 

distribution over the reciprocation probability (r), an evolving posterior distribution over r, the 

uncertainty tolerance, and decision noise. As explained above, individuals start with a prior 

belief distribution when nothing has been sampled yet. This prior belief distribution encom-

passes both the prior belief and the uncertainty about the prior belief. When information is 

sampled, the belief distribution is updated and called a posterior distribution. The posterior 

distribution is therefore a combination of the prior belief distribution and the sampled infor-

mation. Information is sampled sequentially and each new sample results in a new update. 

The degree to which the prior beliefs and the uncertainty about prior beliefs update with each 

4
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new sample depends on the values of the prior belief and uncertainty about prior beliefs and 

whether the prior belief is confirmed or disconfirmed by the samples. Examples of how belief 

updates depend on prior belief distributions and samples are depicted in Figure 1.

Formally, in our model the state is defined by the number of turned green tiles (n+) and 

the number of turned red tiles (n-). The actions are to either sample or stop sampling until all 

25 tiles are sampled. Specifically, the model assumes that people do not know the trustee’s 

exact trustworthiness by using a Bayesian belief distribution over the possible range of r. The 

conjugate prior belief distribution over r is a beta distribution with parameters α0 and β0. As 

information is sampled, the evolving posterior distribution is:

	 𝑝𝑝(𝑟𝑟|𝑛𝑛!, 𝑛𝑛") = Beta(𝑟𝑟; 𝛼𝛼, 𝛽𝛽) � (1)

The Beta distribution consists of parameters α and β. Here, α = α 0 + n+ and β = β0 + n-.

As shown in Figure 1, the more uncertain a prior is, the more a new sample will reduce 

that uncertainty. In addition, if a sample is highly consistent with the prior expectation, the 

posterior mean will shift less than when a sample disagrees with the belief (Stamps & Fran-

kenhuis, 2016). Uncertainty of the belief is operationalized using the standard deviation of 

the posterior distribution:

	 Uncertainty(𝛼𝛼, 𝛽𝛽) = 0
𝛼𝛼𝛼𝛼

(𝛼𝛼 + 𝛽𝛽)!(𝛼𝛼 + 𝛽𝛽 + 1) � (2)

As sampling decreases uncertainty and at some point, the uncertainty will reach the subject’s 

uncertainty tolerance k, i.e., how much uncertainty is tolerated by the subject. As the uncer-

tainty reduces and approaches the tolerance, the probability that the subject takes another 

sample becomes smaller. These probabilities are given through the softmax function, allowing 

for decision noise τ:

	 𝑝𝑝(sample|𝛼𝛼, 𝛽𝛽) =
1

1 + 𝑒𝑒
!"#$%&'("&)(+,-)/0

1

 � (3)

Where a larger k reflects more uncertainty tolerance and a larger τ reflects more decision noise.

We fitted the model for each participant individually using a log likelihood optimization 

algorithm as implemented in the fmincon routine in MATLAB (Mathworks) using 100 com-

binations of starting points to avoid local minima. Four free parameters are fitted for each 

subject: α
0, β0, k, and τ. In addition, we used between-subjects Bayesian Model Selection 
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(Rigoux et al., 2014; Stephan et al., 2009) to assess variation in the best fitting model between 

different ages using five age groups.

Alternative models

We also considered three families of alternative models and found that these did not fit as 

well as the Uncertainty model (formal descriptions in Supplementary materials): The Sample 

Cost model, which uses the Bayesian belief distribution to compute the normative solution 

for every state. The Threshold model is a heuristic model that does not use Bayesian beliefs 

distributions. For model comparisons we calculated the difference between model evidence in 

terms of BIC for each model pair for each subject. The Count model is the simplest heuristic 

model. In this model, a fixed number of samples are drawn with some variation. Unlike the 

other models, the decision or stop sampling is therefore not dependent on the outcomes of 

previous samples. To assess the significance of the model fit differences, we used bootstrap-

ping to compute the 95% confidence intervals of the summed difference in BIC using 105 

iterations (for within-model results see Table S1).

Data and code availability

The data of this study are openly available in Open Science Framework osf.io/upmwv and the 

code is available on Github on request https://github.com/ili-ma/Social_Belief_Updates_Ad-

olescence.

4

https://osf.io/upmwv
https://github.com/ili-ma/Social_Belief_Updates_Ad-


114

Chapter 4

Supplementary materials

Participant recruitment

Participants were recruited through flyers and presentations at local high schools in the Neth-

erlands, as well as a recruitment website. Based on previous studies (see methods section), 

we aimed to recruit 160 participants equally divided across 5 age bins (10-12; 13-15; 16-18; 19-21; 

22-24 years) with a balanced gender distribution for each age bin. Eventually, 159 people came 

to the laboratory to participate in our study protocol. One person did not start the study due to 

anxiety. One person could not finish the sampling experimental task due to time constraints. 

This led to the reported N of 157 adolescents.

Participant bonus fee

Unbeknownst to the participants, payoff was not dependent on trustee decisions, instead 

three trials were selected and their outcome was averaged to determine payoff. If invested 

and the generative reciprocation probability was > 0.5 then the outcome was 12 tokens, and 

0 tokens if < 0.5. To avoid extreme bonus differences between participants, the payoff trial 

selection procedure was not fully randomized such that each participant ended with a task 

performance bonus about between 3 and 9 tokens. The tokens were converted to money as 

follows: 3 = €1, 4 = €2, 5 = €2, 6 = €3, 7 = €3, 8 = €4, and 9 = €5 and this amount was added 

to the participation fee.

Computational models

Note that for all models, we tested different variants within each model, and selected the 

best fitting version for between model comparisons. Here, we denote the best fitting version 

of each model, for all versions see Ma et al., (2018).

The Sample Cost model

The Sample Cost model uses the Bayesian belief distribution over trustworthiness to compute 

the expected utility of sampling and stopping for every possible state in the task through 

forward reasoning. It consists of four components: prior beliefs over the trustworthiness (r), 

an evolving posterior distribution over r iterative maximization of future expected utility under 

this posterior distribution, and decision noise. The conjugate prior over r is a beta distribution 

with priors α
0 and β0, and parameters α

 

= n+ + α0 and β = n- + β0, where n+ is the number of 

green samples and n- is the number of red samples. The posterior over r is:

𝑝𝑝(𝑟𝑟|𝑛𝑛!, 𝑛𝑛") = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑟𝑟; 𝛼𝛼, 𝛽𝛽) 
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Investing results in either reciprocation (outcome = 1 with probability r, then the investment 

amount is multiplied by m = 2) or betrayal (outcome = 0 with probability 1 - r, then the in-

vestment amount is multiplied by m = 0). The agent does not know r and therefore has 

to marginalize over r, using the current posterior. This gives the conditional distribution of 

outcome given α and β:

	 𝑝𝑝(outcome = 1|𝛼𝛼, 𝛽𝛽) = 	∫ 𝑝𝑝(outcome = 1|𝑟𝑟)𝑝𝑝(𝑟𝑟|𝛼𝛼, 𝛽𝛽)𝑑𝑑𝑑𝑑 =	 ∫ 𝑟𝑟𝑟𝑟(𝑟𝑟|𝛼𝛼, 𝛽𝛽)𝑑𝑑𝑑𝑑 =	 !
!"#

 (1) 

 

� (1)

The expected utility of not investing is U0 = 1. The expected utility of investing, U1, with a free 

parameter λ

 

for risk attitude becomes:

	
𝑈𝑈!(𝛼𝛼, 𝛽𝛽) 	= E[outcome|𝛼𝛼, 𝛽𝛽] − 	𝜆𝜆Var[outcome|𝛼𝛼, 𝛽𝛽]

= 	
𝑚𝑚𝑚𝑚
𝛼𝛼 + 𝛽𝛽

	–	
𝜆𝜆𝑚𝑚"𝛼𝛼𝛼𝛼
(𝛼𝛼 + 𝛽𝛽)"

	

 

 

� (2)

The agent can decide between sampling (a = 1) or stopping (a = 0) at any time except when 

t = T+1, then all boxes are opened and only stopping (a = 0) is possible. The value of a state-ac-

tion pair is given by the Bellman equations (Bellman, 1952). Specifically, the expected value 

of the state (α,β,) is the higher of the expected utilities of not investing and investing:

	 𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 𝑎𝑎 = 0) = 𝑚𝑚𝑚𝑚𝑚𝑚{𝑈𝑈", 𝑈𝑈#(𝛼𝛼, 𝛽𝛽)} (3) 

 

� (3)

When t = T+1, the value of the state (α + β) is Vt(α, β) = QT+1(α, β ; a = 0). At earlier times, Vt is 

the larger of the expected utilities:

	 𝑉𝑉!(𝛼𝛼, 𝛽𝛽) = 𝑚𝑚𝑚𝑚𝑚𝑚{𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 𝑎𝑎 = 0), 𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 𝑎𝑎 = 1)} (4) 

 

� (4)

The expected value of a sampling action (a = 1) at time t in the state α, β subtracting the 

subjective cost of a sample c is:

	 𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 	𝑎𝑎 = 1) =
𝛼𝛼𝑉𝑉!"#(𝛼𝛼 + 1, 𝛽𝛽) + 𝛽𝛽𝑉𝑉!"#(𝛼𝛼, 𝛽𝛽 + 1)

𝛼𝛼	 + 	𝛽𝛽	 − 𝑐𝑐#(5) � (5)

By starting with the final state (when n, we can obtain the Sample Cost solution for every 

possible state (dynamic programming). In the Sample Cost model, the decision variable (DV), 

is the difference between the utilities of sampling and stopping:

	 𝐷𝐷𝐷𝐷(𝛼𝛼, 𝛽𝛽) = 𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 𝑎𝑎 = 1) − 𝑄𝑄!(𝛼𝛼, 𝛽𝛽; 𝑎𝑎 = 0)#(6) � (6)

4



116

Chapter 4

The Sample Cost policy would be to sample when the DV is positive; however, we introduce 

decision noise through a softmax function:

𝑝𝑝(sample|𝛼𝛼, 𝛽𝛽) =
1

1 + 𝑒𝑒!
"#(%,')!)

*

 

 

This model version has six free parameters: α0, β0, c, λ, τ and k which were fitted for each 

subject.

The Threshold model

In the Threshold Model, the agent keeps track of the absolute difference between positive 

and negative information and stops sampling when this difference reaches a bound. However, 

to be consistent with our other models and with most of the value-based decision literature, 

we use soft rather than hard bounds. The bound b takes three possible values, depending 

on the sign of n+ - n- :

	 𝑏𝑏 = #

𝑏𝑏! if	𝑛𝑛! > 𝑛𝑛"
𝑏𝑏! + 𝑏𝑏"

2
if	𝑛𝑛! = 𝑛𝑛"

𝑏𝑏"	 if	𝑛𝑛! < 	𝑛𝑛"

 � (7)

The probability that the agent stops sampling is a logistic function of the difference between 

this decision variable and a bound b:

	 𝑝𝑝(sample|𝑛𝑛!, 𝑛𝑛") =
1

1 + 𝑒𝑒"
#$(&!,&")")

*

 � (8)

This model version has three free parameters: b+, b- , and τ which were fitted for each subject.

The Count model

In the count model, the agent takes a fixed number of samples k with some variation. This 

model represents a simple heuristic where the decision to sample another tile is not de-

termined by the outcomes of the previous samples. We added this model to test if some 

individuals and especially younger participants might have a strategy of for example always 

sampling five tiles before making their decision to trust or not trust. The softmax function 

allows for decision noise:

	 𝑝𝑝(sample|𝑛𝑛!, 𝑛𝑛") =
1

1 + 𝑒𝑒
($!!	$")"'

(
 � (9)
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This model has two free parameters: k and τ which were fitted for every subject.

Within-model comparisons results

For each model, we first fitted the basic version - the version with the fewest free parameters 

- and then tested whether adding a free parameter significantly improved the model fit (also 

see (Ma et al., 2018) for more details). The assessment of these additional free parameters was 

based on the trust game literature. Here, we describe the additionally tested free parameters 

for each model across all participants. The Count model is not included in the within-model 

comparisons, as it only had one version of the model, which had two free parameters; one 

for the fixed number of samples and one for variability.

Uncertainty model: prior beliefs improve the model fit. For the same reasons as described earlier, 

we tested the improvement in model fit when adding a prior belief, also estimated for each 

subject. In the basic version of our model, we used an uninformative, uniform prior (i.e., a
0 = 1 

and b0 = 1). In the model version with prior beliefs, we fitted a0 and b0 as free parameters for 

every subject. We found that allowing for a subjective prior improved the model fit (Table 

S1). The median of individual prior means was r = 0.47 (bootstrapped 95% CI [0.45, 0. 50]).

Sample Cost model: prior beliefs and risk attitude both improve the model fit. The repeated trust 

game literature suggests that subjective prior beliefs (Chang et al., 2010) and betrayal aversion 

(Aimone & Houser, 2012) both play important roles in determining individual differences in 

trust. In our paradigm, an individual’s prior belief about trustworthiness is a beta distribution 

with two free parameters (a
0 and b0). Betrayal attitude is operationalized as the variance of 

the outcome, multiplied by a free parameter l, which is subtracted from the expected utility 

of trusting. The median betrayal attitude parameter was estimated at 0.16 (bootstrapped 95% 

CI [0.10, 0.23]), which shows that participants were overall betrayal-averse.

Threshold model: asymmetric bounds but not collapsing bounds improved the model fit. The 

literature on Drift Diffusion Models in perception literature suggests that the model fits better 

with collapsing bounds that reflect an urgency signal (Tajima et al., 2016), or asymmetric 

bounds (Mulder et al., 2012) as positive sample outcomes might be weighted differently 

than negative outcomes. Using separate bounds for positive than for negative samples did 

indeed improve the model fit. Second, we tested the model when the bounds “collapse” to 

zero over time. This did not improve the model fit from the model with asymmetric bounds.

4
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Table S1.1. Within-model comparison results.

95% CI

Summed ΔBIC Lower bound Upper bound

Uncertainty basic vs. priors 2013 925 3316

Sample Cost basic vs. risk attitude 1597 1006 2293

Sample Cost risk attitude vs. risk attitude + priors 791 398 1205

Threshold basic vs. two bounds 44987 38479 51847

Threshold collapsing bound vs two bounds 847 501 1198

95% CI = Bootstrapped 95% confidence interval of the summed difference between model fits. Smaller BIC 

values indicate better fit. Thus, positive values indicate a better fit for the second model. The models were 

fitted to the data at the individual level using a log likelihood optimization algorithm as implemented in the 

fmincon routine in MATLAB (ÓMathworks). The optimization was iterated 100 times with varying initiations to 

avoid local minima. Because of the summation of the difference, large positive or negative numbers therefore 

reflect that one model wins consistently, i.e. for most subjects.

Between- model comparison results

We then compared the best fitting version of each model with the best fitting model of the 

other models. Table S2 shows the results which indicate that the Uncertainty model fitted 

best.

Table S1.2. Between model comparisons.

Pairwise comparison  

between models

Summed ΔBIC

and 95% CI

Winning

model

Correlation between  

age and ΔBIC

Uncertainty - Sample Cost -1685 [-3086, -527] Uncertainty  rs = -0.059, p = .464

Uncertainty - Threshold -1741 [-3072, -636] Uncertainty  rs = 0.101, p = .221

Uncertainty - Count -51940 [-55095, -48774] Uncertainty  rs = -0.349, p < .001

Sample Cost - Threshold -56 [-627, 504] None  rs = 0.031, p = .711

Sample Cost - Count -50243[-52923, -47489] Sample Cost rs = -0.385, p < .001

Threshold - Count -50151[-52836, -47349] Threshold rs = -0.364, p < .001

Lower BIC values indicate a better fit, thus showing that the Uncertainty model fits signifi-

cantly better than all other models. BIC scores were computed for each participant and each 

model. The BIC scores of a model pair (left column) was then subtracted from each other, 

thereby obtaining one difference score per participant for each model pair. The middle column 

shows the sum of the difference across participants and the 95% confidence interval of the 

BIC difference, computed using bootstrapping with 105 iterations. The last column shows the 

Spearman-rank correlation between age and each model pair’s BIC difference.
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Descriptive statistics number of samples

The descriptive statistics were obtained through generalized linear mixed models in R (pack-

age LME4). We assessed the fit of polynomial models (linear, quadratic) using the anova() 

function in R. For the number of samples, the linear age model fitted better than the poly-

nomial (linear and quadratic) models.

For the analyses of the number of samples, we first calculated the outcome uncertainty, 

which is the variance in the Bernoulli distribution:

Outcome uncertainty = r(1- r)

Where r is the probability of reciprocation.

For transparency we report the full mixed effects model in R code here:

SamplingModel <- lmer(number of samples ~ scale(outcome uncertainty) * scale(age) + (1| 

subject), data = df)

Table S2.1. Results number of samples mixed model

Predictors
Sample decisions

β 95% CI p

Intercept 16.21 15.37 – 17.05 <.001

Outcome uncertainty 2.10 2.00 – 2.20 <.001

Age -0.47 -1.31 – 0.37 .276

Outcome uncertainty x Age 0.42 0.32 – 0.52 <.001

Random Effects

σ2 24.46

τ00 subject 28.44

ICC 0.54

N subject 157

Observations 9420

Marginal R2 / Conditional R2 0.083 / 0.579

Post hoc test for the number of samples

To further examine the interaction effect, we created age bins consistent with Figure 2C and 

compared the slopes for outcome uncertainty between the age groups using the emtrends() 

function. This showed that only the early adolescents differed significantly from all other age 

groups (Table S2.2). We used the following code:

emtrends(SamplingModel, pairwise ~ ageGroup, var=”outcome uncertainty”)

4
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We also created bins for the probability of reciprocation consistent with Figure 2C and 

used the emtrends() function to compare the slopes of the age effect between the different 

reciprocation probabilities. The effect of age on the number of samples was strongest in 

the highest and lowest reciprocation probabilities (Table S2.2). We used the following code:

emtrends(ReciprocationModel, pairwise ~ reciprocation probability bins, var=”age”)

Table S2.2. Results post-hoc pairwise comparison per age group

Contrast age groups estimate t ratio p-value

10-12 vs 13-15 -9.217 -5.722 <.0001*

10-12 vs 16-18 -12.081 -7.441 <.0001*

10-12 vs 19-20 -8.619 -5.351 <.0001*

10-12 vs 21-24 -14.565 -8.971 <.0001*

13-15 vs 16-18 -2.863 -1.778 .387

13-15 vs 19-20 0.598 0.375 .996

13-15 vs 21-24 -5.348 -3.320 .008

16-18 vs 19-20 3.462 2.149 .120

16-18 vs 21-24 -2.484 -1.530 .543

19-20 vs 21-24 -5.946 -3.691 .002*

Contrast reciprocation probability estimate t ratio p-value

0-0.2 -0.087 -2.180 .247

0-0.4 -0.194 -4.833 <.0001*

0-0.6 -0.189 -4.712 <.0001*

0-0.8 -0.021 -0.521 .995

0-1.0 0.104 2.595 .099

0.2-0.4 -0.106 -2.653 .085

0.2-0.6 -0.102 -2.532 .115

0.2-0.8 0.067 1.659 .559

0.2-1.0 0.192 4.775 <.0001*

0.4-0.6 0.005 0.121 1.000

0.4-0.8 0.173 4.312 <.001*

0.4-1.0 0.298 7.428 <.0001*

0.6-0.8 0.168 4.191 <.001*

0.6-1.0 0.293 7.307 <.0001*

0.8-1.0 0.125 3.116 .023

Note: *p-values are significant at the Bonferroni-holm corrected level.
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Descriptive statistics invest decisions

For the invest decisions, the model with the linear effect of age also fitted better than the 

model with the polynomial effects of age (linear and quadratic). The mixed effects model 

was specified as follows:

InvestModel <- glmer(Invest decision ~ scale(reciprocation probability) * scale(age) + (1| 

subject), data = investdata, family = binomial, control = glmerControl(optCtrl = list(max-

fun = 1e+9), optimizer = c(“bobyqa”)))

Table S2.3. Results invest decisions mixed model

Predictors Odds Ratios 95% CI β p

Intercept 0.62 0.53 – 0.72 -0.478 <.001

Reciprocation probability 30.38 26.15 – 35.28 3.414 <.001

Age 0.99 0.85 – 1.15 -0.011 .888

Reciprocation probability x age 2.36 2.07 – 2.70 0.860 <.001

Random Effects

σ2  3.29

τ00 subject  0.73

ICC subject  0.18

N subject  157

Observations  9420

Marginal R2 / Conditional R2  0.755 / 0.800

Post hoc test for invest decisions

We were interested in whether the effect of age was present in all reciprocation probabilities. 

We therefore conducted post hoc tests per probability of reciprocation using the lmer() func-

tion in R for each probability of reciprocation separately:

posthoc_model <- lmer(Invest decision ~ scale(age) + (1| subject), data = df_reciprocationBin)

This showed that the effect of age was only significant when the probability of reciprocation 

was high (0.8 and 1.0) or lowest (0.0, see Table S2.3).

4
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Table S2.4 post hoc test for the effect of age on invest decisions per reciprocation probability

Probability of reciprocation estimate t value p-value

0.0 -0.020 -3.333 .001*

0.2 -0.018 -2.312 .022

0.4 -0.010 -0.691 .491

0.6 0.020 0.999 .319

0.8 0.044 4.733 <.0001*

1.0 0.040 5.108 <.0001*

Note: *p-values are significant at the Bonferroni-holm corrected level.

Expected reward increased with age

We examined if the expected values based on the trust decisions varied with age. We 

first normalized the outcomes on the endowment of 6 tokens. Thus, the expected value 

for not investing is 1. The expected value for investing is computed as the multiplier of 2 

times the reciprocation probability. Since the reciprocation probabilities were 0.0, 0.2, 0.4, 

0.6, 0.8, and 1.0, the possible average expected values ranged from 0 + 0.4 + 0.8 + 1 + 1 + 1
 = 0.67

6

to 1 + 1 + 1 + 1.2 + 1.6 + 2
 = 1.3

6
. All subjects (with exception of one), had an average expected reward 

higher than 1 (see Figure S1). This confirms that all subjects would - on average - have gained 

money on top of their original endowment by trusting when trusting was beneficial. However, 

younger adolescents earned less on this task than older adolescents, consistent with their 

deviations in low (0.0) and high (0.8, 1.0) investment probabilities. This was shown by a signifi-

cant correlation between age and the average expected reward in the task (rs = 0.387, p < .001).

Figure S1. Expected reward per subject as function of age. The expected reward increases with age. 

Error bars indicate the s.e.m. The line and shaded region indicates the mean and s.e.m across subjects. 

Color indicates age in months.
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Age-related changes in Uncertainty model parameter estimates

Linear regressions were used to examine the relationship between age and the Uncertainty 

model parameter estimates using the lm() function in R. We first tested whether adding age as 

a quadratic term with the poly() function improved the model fits when compared to a linear 

term only using the anova() function in R (Phillips, 2017). For the prior uncertainty the quadrat-

ic term did improve the model fit (F(1,154) = 6.835, p = .010). For all other parameter estimates 

the quadratic effect of age did not improve the model fit (prior mean F(1,154) = 3.861, p = .051; 

uncertainty tolerance F(1,154) = 1.940, p = .166; decision noise F(1,154) = 2.255, p = .119). We 

applied a Bonferroni-holm correction for multiple testing, which includes the model im-

provement test for each of the four parameters, a linear age effect test for three of these 

parameters, and two test (linear and quadratic age effects) for one parameter, corresponding 

to a total of 9 tests.

Model recovery

We performed model recovery and verified that the models were distinguishable. To this end, 

we simulated data with each model and subsequently fitted the simulated data to each model. 

If the model is recoverable, then the best fitting model should be the model that generated 

the data. We show that this was indeed the case as the model fit was always best for the 

model that generated the data (Table S3.1).

Parameter recovery

To check if the parameters were recoverable, we simulated data with each model using varying 

parameter values as inputs. We randomly selected the estimates of 20 subjects to simulate 

data with an equal number of trials as in the actual task. We then fitted that simulated data to 

the model to check if the parameters values that generated the data were correctly estimated. 

We subtracted the estimated parameters of the simulation from the actual input parameters 

and calculated the bootstrapped 95% confidence interval and found no significant difference 

between the input parameters and the estimated parameter values. This returned: Uncertainty 

tolerance median difference = -0.0001, 95% CI [-0.000, 0.000]; a
0 median difference = -0.386, 

95% CI [-0.590, 0.000]; b0 median difference = -0.250, 95% CI [-0.580, 0.000]). This suggests 

that the parameters were indeed recoverable.

4
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Table S3.1. Model recovery results

95% CI
Summed ΔBIC Lower bound Upper bound

Data generated by the Uncertainty model

Uncertainty vs. Sample Cost -849 -1057 -654

Uncertainty vs. Threshold -568 -861 -293

Uncertainty vs Count -7014 -8129 -5859

Data generated by the Sample Cost model

Sample Cost vs. Uncertainty -795 -313 -541

Sample Cost vs. Threshold -537 -908 -249

Sample Cost vs Count -7350 -8675 -5978

Data generated by the Threshold model

Threshold vs. Sample Cost -827 -964 -689

Threshold vs. Uncertainty -654 -894 -448

Threshold vs Count -6102 -6923 -5179

Data generated by the Count model

Count vs. Sample Cost -2193600 -2195896 -2191370

Count vs. Uncertainty -2563 -2917 -2224

Count vs. Threshold -2190400 -2192665 -2188118

95% CI = Bootstrapped 95% confidence interval of the summed difference between model fits. Negative values 

indicate a better fit of the model that generated the data. The data were generated using the participants’ 

parameter estimates and shows that all models were recoverable.
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Abstract

Learning which of our behaviors benefit others contributes to forming social relationships. 

An important period for the development of (pro)social behavior is adolescence, which is 

characterized by transitions in social connections. It is, however, unknown how learning to 

benefit others develops across adolescence and what the underlying cognitive and neural 

mechanisms are. In this functional neuroimaging study, we assessed learning for self and 

others (i.e., prosocial learning) and the concurring neural tracking of prediction errors across 

adolescence (ages 9-21, N=74). Participants performed a two-choice probabilistic reinforce-

ment learning task in which outcomes resulted in monetary consequences for themselves, an 

unknown other, or no one. Participants from all ages were able to learn for themselves and 

others, but learning for others showed a more protracted developmental trajectory. Prediction 

errors for self were observed in the ventral striatum and showed no age-related differences. 

However, prediction error coding for others showed an age-related increase in the ventrome-

dial prefrontal cortex. These results reveal insights into the computational mechanisms of 

learning for others across adolescence, and highlight that learning for self and others show 

different age-related patterns.
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Introduction

Adolescence is a developmental phase that is characterized by transitions in social connec-

tions, and moreover, a phase during which social cognitive skills are acquired and/or improved 

(Blakemore & Mills, 2014; Casey et al., 2008; Crone & Dahl, 2012; Sawyer et al., 2018). As 

social acceptance and approval from peers often result from displaying prosocial behaviors, 

for adolescents establishing their social network it is key that they learn to help or benefit 

others (Steinberg & Morris, 2001). That is, to be able to behave in a prosocial manner, indi-

viduals need to learn which actions would result in positive outcomes for others. This type 

of learning is also referred to as prosocial learning (Lockwood et al., 2016; Sul et al., 2015). 

Generally speaking, learning from actions and outcomes is an important part of cognitive 

development and continues to improve in adolescence (Bolenz et al., 2017; Nussenbaum & 

Hartley, 2019; Peters, Braams, et al., 2014; Peters et al., 2016). For adolescents, an especially 

salient environment that requires learning about the consequences of their actions is the inter-

personal context (Blakemore & Mills, 2014; Nelson et al., 2005; Sawyer et al., 2018). Therefore, 

it is expected that especially prosocial learning shows improvements in adolescence. The goal 

of the current study was to unravel age-related differences in learning to benefit others using 

a prosocial learning context across adolescence.

The vast majority of recent neuroscientific studies investigating learning make use of 

formal reinforcement learning (RL) models. These models calculate individuals’ prediction 

errors (PEs) – the difference between expected and actual outcomes - over the course of 

learning. These PEs drive learning via a learning rate, which quantifies to what extent these 

PEs affect subsequent actions. Consequently, RL models and the resulting PEs enable stud-

ies to examine the neural tracking of value-guided decision-making. Neuroscientific studies 

demonstrated that PE coding in a probabilistic reinforcement task context is associated with 

activation in the ventral striatum, as well as the medial prefrontal cortex (mPFC) (see for re-

views e.g., (Cheong et al., 2017; Joiner et al., 2017; Lockwood & Klein-Flügge, 2020; Olsson et 

al., 2020; Ruff & Fehr, 2014). Developmental studies using RL models found that adolescents 

show similar neural tracking of PEs as adults when learning stimulus-outcome associations. 

However, the developmental patterns are inconsistent: some studies have reported elevated 

or lowered PE activity in the ventral striatum and connected structures in mid-adolescents 

relative to children and adults (Cohen et al., 2010; Davidow et al., 2016; Hauser et al., 2015; 

Jones et al., 2014), but this is not replicated in all studies (Christakou et al., 2013; van den 

Bos, Cohen, et al., 2012). Furthermore, age-related differences have been found in functional 

connectivity between the ventral striatum and mPFC, here referred to as ventromedial PFC 

(vmPFC), in relation to learning (van den Bos, Cohen, et al., 2012), suggesting that age-related 

improvements in learning are associated with stronger neural coupling between subcortical 

5
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and cortical brain regions (van Duijvenvoorde et al., 2016, 2019). Taken together, previous 

studies point to the ventral striatum and medial prefrontal cortex as important brain areas 

for learning in non-social environments.

Previous studies investigating the neurocomputational mechanisms of prosocial learning 

have investigated whether the same neural signaling occurs for PEs for others as for self. Re-

cently, in adults, it was found that PE tracking for both learning for others as for self occurred 

in the ventral striatum (Lockwood et al., 2016). However, the subgenual anterior cingulate 

cortex (sgACC) specifically coded PE tracking for learning for others, and these prosocial 

learning signals were predicted by cognitive empathy. That is, more empathic people showed 

more activity in the sgACC when learning to benefit others. Cognitive empathy – the ability 

to understand the emotional states of others (Netten et al., 2015; Pouw et al., 2013) - shows 

pronounced changes in adolescent development and relates positively to prosocial behaviors 

such as trust and reciprocity (Dumontheil et al., 2010; Eisenberg et al., 1995; van de Groep et 

al., 2018). Therefore, we aimed to extend prior work by Lockwood and colleagues (2016) by 

investigating the neural tracking of PEs for others, and its relation with individual differences 

in cognitive empathy, in an adolescents sample with participants aged between 9 and 21 years.

In the current study, we adopted a prosocial learning task (Lockwood et al., 2016) in which 

participants could learn to obtain rewards for themselves, others, or no one. We administered 

this task to 74 adolescents between ages 9-21 years to examine age-related differences in 

learning for self and others, combined with functional neuroimaging (fMRI) for neural track-

ing of PEs. We use the term adolescence for this broad age range, based on definitions that 

mark adolescence from the onset of puberty to the age when one reaches independence 

from parents (i.e., approximately 9-24 years; e.g., Sawyer et al., 2018). Based on prior studies, 

we performed regions-of-interest analyses for the ventral striatum, sgACC, and vmPFC. We 

expected that adolescents, similar to adults, would show PE related neural activity when learn-

ing both for self and others in the ventral striatum (Lockwood et al., 2016), and in the sgACC 

and possibly vmPFC when learning for others more than when learning for self (Christopou-

los & King-Casas, 2015; Lockwood et al., 2016). For learning for self, research has remained 

inconclusive whether this activity peaks in mid-adolescence (Cohen et al., 2010; Davidow et 

al., 2016) or shows no age-related differences (van den Bos, Cohen, et al., 2012). Therefore 

we explored linear as well as non-linear (quadratic) age effects. We predicted that sgACC and 

vmPFC activity for prosocial learning would increase with age, based on prior studies showing 

age-related improvements in social-cognitive perspective-taking (Dumontheil et al., 2010). 

Finally, consistent with (Lockwood et al., 2016), we expected that individual differences in 

cognitive empathy would relate to neural tracking of PEs for others.
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Methods and Materials

Participants

A total of 76 participants between ages 9 and 21 took part in this study. Participants were 

recruited through schools and local advertisements, as well as from participation in a previous 

study. Two participants were excluded from analyses because they were either diagnosed 

with a psychiatric disorder at the time of testing (n = 1) or because the session was stopped 

early due to discomfort in the scanner (n = 1). We did not exclude participants based on task 

performance; there were no significant outliers in task performance (i.e., >3 SD) in any of the 

conditions. Four participants missed one run of the task, due to technical issues (n = 2), or 

discomfort in the scanner (n = 2). These four participants were maintained with the available 

data in all analyses. The final sample included 74 healthy participants (39 female, M
age = 15.64, 

SDage = 4.18, range = 9.03 – 21.77 years, see Figure S1 for an overview of the number of par-

ticipants across ages). The IQ scores, estimated with the Similarities and Block Design sub-

tests of the WISC-III and WAIS-III, fell within the normal range (MIQ = 110.24, SDIQ = 10.37, 

range = 87.50 - 135.00), and did not correlate with age (r(72) = -0.11, p = .353).

The local institutional review board approved this study (reference: NL56438.058.16). Adult 

participants and parents of minors provided written informed consent, and minors provided 

written assent. All anatomical scans were cleared by a radiologist and no abnormalities were 

reported. Participants were screened for MRI contraindications and psychiatric or neurological 

disorders, and had normal or corrected-to-normal vision.

Prosocial learning task

Participants played a two-choice probabilistic reinforcement learning task (prosocial learning 

task) in the MRI scanner (see Figure 1A). Participants were instructed to make a series of de-

cisions between two pictures. One picture was associated with a high probability of winning 

1 point, the other picture with a high probability of losing 1 point. The exact probabilities were 

75% and 25% but were unknown to the participant. After the decision, participants were 

presented with the outcome to enable them to learn the reward contingencies.

The participants played the task in three different conditions: for themselves (Self), for an 

unknown other participant (Other), or for No One. The latter condition was added as a control 

condition based on Lockwood et al. (2016). Participants did not meet the other person, but 

were told that the other person was a peer also participating in the experiment who i) would 

not play the same game for them, ii) did not know who played for them (see Participant 

instructions in the Supplementary materials). Each block started with an instruction screen 

that indicated who would receive the outcomes (Self, Other, or No One) for 2000 ms. This 

was followed by the presentation of two stimuli for 2500 ms during which participants were 

required to select one of these. The stimuli were common objects, such as chairs, apples, and 

5
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shoes (see also Van Den Bos et al., 2009). If no response was given within the time frame, 

the text “Too late” appeared in the middle of the screen, and these trials were excluded from 

analyses.

Figure 1. Prosocial learning task and behavioral data. (A) Participants played a two-choice probabilistic 

reinforcement learning task in which outcomes resulted in monetary consequences for themselves 

(Self condition), for an unknown other participant in the experiment who could not reciprocate (Other 

condition), or for No One. (B) Group-level performance across trials (learning curves) per condition, 

averaged across blocks. Performance represents the fraction of selecting the stimulus with a high 

reward contingency. The dashed line indicates performance at chance level (0.5). (C) Performance 

per condition per age cohort, averaged across the entire task. In all conditions, performance improved 

across trials, but an age-related increase was only observed when learning for others. Note that age is 

used as a continuous variable in all analyses but is visualized as age cohorts for illustrative purposes. 

The age-related increase was greater for the Other than for the Self and No One condition. (D) Learning 

rates per condition per age cohort. Age-related decreases in learning rates are only observed in the 

Self and Other condition. The age-related decrease in learning rate was greater in the Other compared 

to the Self and No One condition. Asterisks indicate significant effects. Error bars represent standard 

error of the mean (s.e.m.).
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A selection frame around the chosen picture confirmed the response and remained visible 

for the duration of the interval and an additional 500 ms. A fixation screen (duration randomly 

jittered between 1000-2000 ms) preceded the outcome of their choice (+1 point or -1 point; 

1000 ms). A randomly jittered fixation screen (1000-8000 ms) was shown after the outcome 

before the two pictures were presented again. The screen position of the stimulus (left or 

right) was counterbalanced across trials. Participants were instructed that the position of the 

stimulus did not matter, to encourage them to learn the reward contingencies regardless of 

stimulus position.

There were 144 trials in total, 48 for Self, 48 for Other, and 48 for No One, presented in 

three blocks of 16 trials. Each block began with a new pair of pictures. Participants complet-

ed three separate fMRI runs with a short break in between, each with one block of 16 trials 

per condition. The order of the conditions was counterbalanced across runs and between 

participants.

Participants were instructed that the total number of points in the Self condition was 

converted to money (each point valued €0.25), which they would get paid out on top of their 

flat participation rate (€20 for 9-11 y.o., €25 for 13-17 y.o., and €30 for 19-21 y.o.). The minimum 

of this extra amount of money was €1 to avoid null scores, and the maximum was €12. Addi-

tionally, participants were instructed that their choices in the Other condition were paid out 

to a participant entering the experiment after them. Consequently, participants received an 

additional fee from a participant before them in the experiment (minimum €1 and maximum 

€12), but only at the end of the experiment. Finally, it was instructed that choices in the No 

One condition had no financial consequences.

Cognitive empathy

To assess cognitive empathy, participants completed the Interpersonal Reactivity Index (IRI; 

Davis, (1983). This widely used self-report questionnaire consists of 4 subscales (Perspec-

tive-Taking and Fantasy as cognitive empathy subscales; and Personal Distress and Empathic 

Concern as affective empathy subscales) with 6 items each. To create a measure of cognitive 

empathy, two subscales were combined (Pulos et al., 2004): the Perspective-Taking subscale 

(e.g., “I sometimes try to understand my friends better by imagining how things look from 

their perspective”, Cronbach’s alpha = 0.710) and the Fantasy subscale (e.g., “I really get in-

volved with the feelings of the characters in a novel”, Cronbach’s alpha = 0.786). All items 

can be answered on a five-point Likert scale ranging from (0) not true at all to (4) completely 

true, and higher scores indicate higher levels of empathy. Cognitive empathy scores increased 

across age (r = .309, p = .008, see Figure S8). One person did not fill in this questionnaire. This 

person was excluded from further analyses concerning measures of (cognitive) empathy. We 
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used a Dutch adolescent version for all ages in our study, with items adapted for the youngest 

ages in the study (Hawk et al., 2013).

Procedure

Participants were accustomed to the MRI environment using a mock scanner, and received 

instructions on the prosocial learning task in a quiet laboratory room. Instructions for the task 

were displayed on a screen and read out loud by an experimenter. Participants completed 8 

practice trials in each condition. In the scanner, participants responded with their right hand 

using a button box. Head movements were restricted with foam padding. The fMRI scan 

was accompanied by a high-definition structural scan. Questionnaires were filled out at their 

home prior to the scanning session, via Qualtrics (www.qualtrics.com).

Computational modeling of behavioral data

Model fitting

We used MATLAB 2015b (The MathWorks Inc) for all model fitting and comparison. We 

modeled learning behavior in the Self, Other, and No One conditions separately, using a 

standard Rescorla-Wagner reinforcement learning (RL) model (similar to Lockwood et al., 

2016) to obtain PEs and learning rates, which were subsequently used in behavioral and fMRI 

analyses. Simple RL models state that the expected value of a future action (Qt+1(i)) should 

be a function of current expectations (Qt(i)) and the difference between the actual reward 

that has been experienced on this trial (Rt). The learning rate α, bounded between 0 and 1, 

determines how much the value of the chosen stimulus is updated based on the new out-

come. In particular, the learning rate parameter speeds up or slows down the acquisition and 

updating of associations. Optimal learning rates differ between contexts and reinforcement 

structures (Nussenbaum & Hartley, 2019).

𝑄𝑄!"#(𝑖𝑖)	 = 	𝑄𝑄!(𝑖𝑖)	 + 	𝛼𝛼	 ∗ 	[𝑅𝑅! − 𝑄𝑄!(𝑖𝑖)].//0//1
$%&'()*(+,	

&%%+%

 

 

To select an action based on the computed values, we used a standard softmax choice func-

tion. For a given set of parameters, this equation allows us to compute the probability of the 

next choice being “i”:

𝑃𝑃!(𝑖𝑖) =
𝑒𝑒(𝛽𝛽 ∗ 𝑄𝑄",!)

∑ 𝑒𝑒(𝛽𝛽 ∗ 𝑄𝑄$,!)$
 

 

https://www.qualtrics.com/
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Beta (β) determines how strongly action probabilities are guided by their expected values 

(Q). Here, with larger β, actions are more deterministic and driven by expected values, result-

ing in selecting the option with the highest value. With lower β, actions are more random or 

exploratory. This parameter thus affects errors, where a decrease will lead to more random 

(i.e., less driven by expected values) choices. β did not differ between conditions, although 

with age, people were more strongly driven by expected values (see Figure S2 for the β across 

age cohorts for each condition).

We used the maximum a posteriori (MAP) approach (Daw, 2011) for fitting the RL model 

to participants’ choices per condition. To facilitate stable estimation across subjects, we used 

weakly informative priors to regularize the estimated priors toward realistic ones. These weakly 

informative priors and estimation procedures were based on previous research (den Ouden 

et al., 2013), and included a Beta (1.2, 1.2) distribution for the estimated α (learning rate) pa-

rameter (0 < α< 1) and a Gaussian distribution (0, 10) for the estimated β parameter (−∞ ≤ β 

≤ ∞). Mean and confidence intervals for each of the fitted parameters across all subjects are 

displayed in Supplementary Table S1.

Model comparison

Based on previous developmental findings (e.g., van den Bos et al., 2012) we compared an 

alternative model with two learning parameters (i.e., separate learning rates for gains and 

losses) in order to benchmark the performance of the one-learning parameter model (i.e., 

one learning rate). Model comparisons revealed that the one-learning parameter model had 

a superior fit to the behavioral data for each condition, according to the Bayesian Informa-

tion Criterion (BIC) (see Figure S3). This was the case in each condition for the majority of 

the participants (81.1% Self, 74.3% Other, 76.7% No One), in all age cohorts, see Figure S3. In 

none of the conditions, the BIC difference scores (Figure S3) were correlated with age (r
s, all 

p values > .14).

Simulations and parameter recovery

To assess whether computational model parameters could be successfully recovered, we 

simulated choice behavior for the range of learning rates and beta’s that we encountered in 

our dataset. That is, we simulated a new participant dataset based on the α and β values from 

our participants as input parameters. This resulted in a simulated dataset with 74 participants. 

Parameter recovery, as indicated with correlations between simulated and recovered learning 

rates and beta values per conditions, is presented in Figure S4.

Behavioral analyses

To assess learning for Self, Other, and No One, and their developmental patterns in the pro-

social learning task, we fitted logistic generalized linear mixed models (GLMMs) to decisions 
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(correct coded as 1, incorrect as 0) for each condition separately. These analyses were con-

ducted in R version 4.0.1 (R Core Team, 2020), using the lme4 package (Bates et al., 2014). 

Our GLMMs included fixed effects of Age in years (linear and quadratic), Condition, Trial, 

and all interactions. Since no significant main or interaction effects of age-quadratic were 

observed in the choice data, this term was dropped in the final presented behavioral models 

for model parsimony. In all models, participant ID entered the regression as a random effect 

to handle the repeated nature of the data. Where applicable, Trial was additionally included 

as a random slope per subject. We performed post hoc tests using the emmeans package 

(Lenth et al., 2021), as well as tests per condition to delineate Age x Trial x Condition effects.

Next we examined the estimated learning rates per condition. These parameters indicate 

how people updated the value of stimuli based on outcomes for Self, Others, and No One. 

Since learning rates were not normally distributed, we used a robust linear mixed effects 

model (RLMM, rlmer function, robustlmm package (Koller, 2016) in R (see also Cutler et 

al., 2021), with Condition and Age linear as fixed main effects and interaction effects. We 

performed post-hoc tests per condition and pair-wise contrasts per Condition. In all GLMM 

and RLMM models, continuous independent variables were mean-centered and scaled, and 

categorical predictor variables were specified by a sum-to-zero contrast (e.g., sex: -1 = boy, 

1 = girl). P-values for the GLMM were generated by using the Anova log-likelihood ratio tables 

from the afex package (Singmann et al., 2019). For the RLMM models, the Satterthwaite-ap-

proximated degrees of freedom generated by the lme4 model in combination with the output 

of the RLMM, was used to generate P-values.

Finally, we assessed whether cognitive empathy related to learning performance, learn-

ing rate, and PE activation when learning for others. We ran (partial) spearman correlational 

analyses with learning for self and cognitive empathy as predictors using the package ‘ppcor’ 

(Kim, 2015).

fMRI acquisition

For acquiring (functional) MRI data, we used a 3T Philips scanner (Philips Achieva TX) with 

a standard eight-channel whole-head coil. The learning task was projected on a screen that 

was viewed through a mirror on the head coil. Functional scans were acquired during three 

runs of 200 dynamics each, using T2* echo-planar imaging (EPI). The volumes covered the 

entire brain (repetition time (TR) = 2.2 s; echo time (TE) = 30 ms; sequential acquisition, 38 

slices; voxel size 2.75 x 2.75 x 2.75 mm; field of view (FOV) = 220 (ap) x 220 (rl) x 114.68 (fh) 

mm). The first two volumes were discarded to allow for equilibration of T1 saturation effects. 

After the learning task, a high-resolution 3D T1 scan for anatomical reference was obtained 

(TR = 9.76 msec, TE = 4.95 msec, 140 slices, voxel size = 0.875 x 0.875 x 0.875 mm, FOV = 224 

(ap) x 177 (rl) x 168 (fh) mm).
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Preprocessing

Data were analyzed using SPM8 (Wellcome Department of Cognitive Neurology, London). 

Images were corrected for slice timing acquisition and rigid body motion. We spatially nor-

malized functional volumes to T1 templates. Occasional framewise displacement >3mm oc-

curred for 3 participants in 1-2 volumes. For those participants with frame-frame head motion 

>3mm, an extra regressor was included corresponding to each volume (n = 3, for maximum 

2 volumes). All other participants did not exceed translational head movement more than 

3mm in any of the scans (Mean = 0.65mm, SD = 0.059mm). The normalization algorithm 

used a 12 parameter affine transform with a nonlinear transformation involving cosine basis 

function, and resampled the volumes to 3 mm3 voxels. Templates were based on MNI305 

stereotaxic space. The functional volumes were spatially smoothed using a 6 mm full width 

at half maximum (FWHM) isotropic Gaussian kernel.

General linear model

We used the general linear model (GLM) in SPM8 to perform statistical analyses on individ-

ual subjects’ fMRI data. The fMRI time series were modeled as a series of two events: the 

decision phase (Expected Value, EV) and the outcome phase (PE), convolved with a canonical 

hemodynamic response function (HRF). The onset of the choice (EV), and the onset of the 

outcome (PE) were both modeled with zero duration. Each of these regressors was associated 

with a parametric modulator taken from the computational model. At the time a stimulus 

was selected (decision phase) this was the chosen expected value, and at the time of the 

outcome, the PE. The PEs were estimated using each subject’s own alpha and beta from each 

condition. Trials on which participants did not respond were modeled separately as a regressor 

of no interest. Six motion parameters, and -if applicable- motion censoring regressors were 

included as nuisance regressors. We used the MarsBaR toolbox (Brett, Anton, Valabregue, & 

Poline, 2002; http://marsbar.sourceforge.net) to visualize the patterns of activation, in clusters 

identified in the whole-brain results. Coordinates of local maxima are reported in MNI space. 

Our main hypotheses centered on PE coding. For completeness, effects of EV at choice 

onset are included in Supplementary Table S3. In addition, uncorrected T-maps of EV and 

PE effects are uploaded on Neurovault (https://neurovault.org/collections/EOTSVZYT/). For 

condition effects, we examined contrasts of Self versus Other in concordance with Lockwood 

et al. (2016). Contrasts were obtained from a flexible factorial design with three levels (Self 

PE, Other PE, No One PE). Effects and conclusion remained the same when testing Self PE 

> Other PE + No One PE, and Other PE > Self PE + No One PE. In Supplementary Table S4 

we include all contrasts between conditions within our ROIs. Whole-brain effects for main 

effects and between conditions are included in Supplementary Tables S2 and S5, respectively. 

Age effects (linear and quadratic) were tested in follow-up regressions.

5
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ROI selection and fMRI analyses

The a priori regions of interest (ROI) in which we test our main hypotheses were defined 

anatomically and based on previous research on (prosocial) learning and feedback process-

ing (Lockwood et al., 2016; van den Bos, Cohen, et al., 2012; van Duijvenvoorde et al., 2014). 

In concordance with previous studies, masks were taken from an appropriate atlas. That is, 

the bilateral ventral striatum and vmPFC were determined by an anatomical mask from the 

Harvard-Oxford Atlas (van Duijvenvoorde et al., 2014; van den Bos et al., 2012; Braams et al., 

2015; Peters & Crone, 2017), and the sgACC was defined as Brodmann areas (BA) 25 and s24 

(Lockwood et al., 2016). The sgACC region and the ventral striatum are anatomically adjacent 

and partly overlapping (see Figure S5), but significant peak activations in either ROI were not 

observed in these overlapping voxels. Coordinates for local maxima are reported in MNI space. 

Effects in our ROIs are reported at p < .05 FWE-small volume corrected (SVC). Predictions 

were tested while correcting for multiple comparisons (3 ROIs) by limiting the false discovery 

rate (FDR; Benjamini & Hochberg, 1995); all reported tests survived this correction. Explorative 

whole-brain analyses are reported in Supplementary Tables S2 and S5, and Figure S6).

Results

Developmental differences in learning to obtain rewards for Self, Others, or 
No One

Results showed that, at the group level, participants were able to learn for Self, Other, and No 

One, as they performed above chance level in all conditions (0.5; t values > 13.0, all ps < .001, 

df = 73; Figure 1B). Using a generalized linear mixed model (GLMM) on participants’ choice 

behavior over trials, we assessed age-related differences in performance when learning for 

Self, Other, and No One. Performance in the learning task improved linearly with age (main 

effect of Age linear, p = .001). Moreover, we observed that age-related differences in learning 

performance differed per condition (Age x Condition interaction, p = .005). Post-hoc analy-

ses revealed that the age-related improvement in performance was larger when learning for 

Other than when learning for Self (p = .009) and when learning for No One (p = .02). The 

age-related improvements were similar for learning for Self and No One (p = .92). Similarly, 

we also observed age-related differences in learning curves across trials, which differed per 

condition (Age x Condition x Trial interaction, p = .007). Specifically, younger children learned 

more slowly (i.e., flatter learning curves) across trials when learning for others, but this age 

effect on trial was not observed for the Self and No One condition (Age linear x Trial, for 

Other condition, p < .001; Self and No One conditions: ps > 0.2; see Figure 1C and Figure S7). 

Together, these findings suggest that across adolescence prosocial learning shows a more 

protracted improvement than when learning for Self or No One.
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Next, we examined participants’ learning rates to assess how they updated the value 

of stimuli on the basis of outcomes for Self, Others, and No One. That is, higher learning 

rates indicate that people adjusted behavior quickly towards recent feedback, whereas lower 

learning rates indicate a slower pace in updating in which outcomes across multiple trials are 

integrated. Using a robust linear mixed effects model, we assessed effects of Condition and 

Age (linear) in learning rates (Figure 1D). We observed that learning rates for Self were lower 

than learning rates for Other ([Self vs Other], b = 0.02, p < .001) and for No One ([Self vs 

No One], b = -0.03, p < .001). Learning rates for Other and for No One did not differ ([Other 

vs No One], p = .911). Moreover, we observed that learning rates decreased linearly with age 

(main effect of Age linear, b = -0.04, p = .023), an effect that also differed across conditions. 

Specifically, learning rates decreased across age in the Other and Self condition, but more 

strongly across age for Other than for Self ([Other-Self]*Age, b = -0.02, p < .001) and for Other 

than for No one ([Other-No One]*Age, b = 0.004, p = .004). Learning rates also decreased 

more strongly across age for Self than for No One ([Self-No One *Age, b = .019, p < .001). 

Learning rates did not differ across age in the No One condition (p = .08). Together, these 

findings show that for both learning for Self and Others, younger participants responded 

more to recent feedback, whereas older participants integrated feedback more over trials. 

Moreover, this age-related change was most pronounced in the Other compared to the Self 

and No One condition.

Identifying common and distinct coding of prediction errors for Self and 
Others

To formally investigate the brain regions that were responding to PEs for Self, Others, and No 

One, we conducted a conjunction analysis to explore whether there were regions that com-

monly code PEs across all conditions. Common activation for PEs regardless of the beneficiary 

was observed in the vmPFC (MNI coordinates [x = -9, y = 44, z = -11], Z = 5.33, k = 136, p < 

.001, SVC-FWE), ventral striatum ([x = -9, y = 11, z = -11], Z = 5.05, k = 23, p < .001, SVC-FWE, 

and [x = 12, y = 14, z = -8], Z = 4.43, k = 18, p < .001, SVC-FWE), and sgACC ([x = -6, y = 14, 

z = -8], Z = 5.47, k = 32, p < .001; and Self [x = 6, y = 17, z = -8], Z = 4.60, k = 21, p = .001; and 

[x = 9, y = 8, z = -14], Z = 3.67, k = 2, p = .029, SVC-FWE) (see Figure 2). These findings show 

that all regions of interest were involved in PE coding, in each condition.

5
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Figure 2. Common prediction error (PE) coding in three regions of interest. Shown are the responses to 

prediction errors for Self, Other, and No One in (A) the vmPFC, (B) left sgACC, and (C) ventral striatum. 

(D) Significant clusters of activation in the vmPFC (blue), sgACC (cyan), and ventral striatum (yellow). 

All images displayed at p < .05 FWE-SVC.

Next, we examined which brain regions responded more to PEs for Self than for Other 

by contrasting the Self condition against the Other condition (see Supplementary Table S4 

for contrasts including the No One condition). The left ventral striatum was the only region 

to respond more strongly to PEs for Self ([x = 12, y = 11, z = -11], Z = 4.37, k = 9, p < .001, SVC-

FWE; Figure 3). When examining effects of age we observed no linear or quadratic age-related 

differences in self-related PE coding. These findings indicate that the ventral striatum responds 

more to PEs for Self than for Others, and this effect did not differ across age.

We next identified regions that corresponded to PEs for others exclusively by contrast-

ing the Other condition against the Self condition. No voxels in our ROIs responded more 

strongly to prosocial PEs than Self PEs. When adding age (linear and quadratic) to the model 

to examine whether age-differences were related to prosocial PE coding, we observed that 

the vmPFC increasingly responded to prosocial PEs with age ([x = -15, y = 50, z = 8], Z = 4.95, 

k = 45, p = .004, SVC-FWE; see Figure 4). No effects of quadratic age were observed. This 

shows that the vmPFC is increasingly involved in prosocial PE coding across adolescence.



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

141

Increased ventromedial prefrontal cortex activity in adolescence benefits prosocial reinforcement learning

Figure 3. Ventral striatum response to prediction errors for Self versus Other. (A) Left ventral striatum 

[x=12, y=11, z=-11] response for Self PE and Other PE. (B) Overlay of the response for Self PE > Other 

PE in the left ventral striatum. All images displayed at p < .05 FWE-SVC.

Figure 4. Linear age effects in responses to Other PE > Self PE in the vmPFC. (A) scatterplot showing 

the relation between age and activation in the vmPFC for Other PE > Self PE. Scatterplot is only pre-

sented for visualization. (B) Overlay of the response for Other PE > Self PE in the vmPFC [-15, 41, -11]. 

All images displayed at p < .05 FWE-SVC.

Links between cognitive empathy and learning for Others

Finally, we examined the link between cognitive empathy and prosocial learning. First, we 

assessed whether cognitive empathy related to performance for Other, while controlling for 

performance for Self. We observed that individuals with higher empathy ratings, showed 

better prosocial learning (rs = .30, p = .01). Subsequently, we assessed whether cognitive em-

pathy related to learning rate in the Other condition (controlled for learning rate in the Self 

condition). Results showed that individuals with higher empathy ratings had lower learning 

rates when learning for Others (cognitive empathy, rs = -0.26, p = .027, see Figure 5B). To-

5
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gether, these findings indicate that individuals with more empathy show better learning 

performance, and integrate information more over trials when learning to benefit others. 

Finally, we assessed the relation between cognitive empathy and the prosocial PE coding in 

the vmPFC. For this purpose, we extracted the values of the Other PE > Self PE contrast in 

vmPFC that showed age-related change (see Figure 4). Results showed that greater Other vs 

Self-related PE activation in the vmPFC related to higher empathy scores (cognitive empathy, 

rs = .31, p = .007).

To examine whether age-related differences in empathy or prosocial learning may influ-

ence these relations, we additionally included age in the partial correlation analysis. When 

additionally controlling for age, the relation between empathy and learning for others re-

mained significant (p = .029), the relationship between empathy and learning rate became 

trend-level (p = .06), and the relation between empathy and prosocial PE coding was no 

longer significant (p = .15).

Figure 5. Relation of cognitive empathy with performance for Others and learning rate for Others. 

(A) Partial correlation plot showing that individuals with more cognitive empathy perform better for 

Others (controlled for performance for Self). (B) Partial correlation plot showing that individuals with 

more cognitive empathy have lower learning rates when learning for Others (controlled for learning 

rate for Self).

Discussion

This study examined the developmental trajectories of prosocial learning and self-related 

learning in an adolescent sample spanning ages 9-21 years. We examined the underlying 

mechanisms in this developmental sample by assessing the neural tracking of PEs during 

learning for self and others, and how individual differences in cognitive empathy relate to 
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prosocial learning performance. To this end, participants played a two-choice probabilistic rein-

forcement learning task in which outcomes resulted in monetary consequences for themselves 

(Self) or an unknown other (Other; prosocial). Our results show improvements in learning 

for self and others, but the developmental trajectory of prosocial learning is more protracted 

compared to learning for self. PEs for self were related to activation in the left ventral striatum, 

which did not show age-related differences. On the other hand, vmPFC-related PE activation 

during prosocial learning increased with age, and related to individual differences in cognitive 

empathy. Together, these findings highlight that learning for self and others show different 

age-related patterns.

The main goal of this study was to examine age-related differences in prosocial learning. 

Behaviorally, we observed that it is not until mid-adolescence that participants learn similarly 

for themselves and others. These findings may suggest a self-bias that is stronger in younger 

ages (van der Aar et al., 2018), and that the motivation to learn for self and others increases 

with age. Neurally, we observe that a reward-related network including the ventral striatum, 

sgACC, and vmPFC respond significantly to PEs when learning for Self, Other, and No One. 

This conjunction presented the starting point for our interest in testing condition-specific 

learning effects. Contrary to Lockwood et al. (2016), who observed similar PE neural tracking 

values in the ventral striatum for learning for Self and Others in adults, we observed that PE 

neural tracking was stronger in the ventral striatum for Self than for Others. Recent reviews, 

however, suggest that the striatum is related to a range of computations that take place 

during social learning that could reflect both self-related and other-related learning (Joiner 

et al., 2017), or the difference between winning for self and others (Báez-Mendoza & Schultz, 

2013). Therefore, one explanation for our findings could be related to the possible stronger 

self-focus or the greater focus on social comparisons reflected in the ventral striatum.

Learning for Others, compared to learning for Self, was associated with stronger activation 

in the vmPFC with age. Previous prosocial reinforcement learning studies have suggested 

that the vmPFC is also responsive to processing of self-related expected values (Sul et al., 

2015), self-representation (Sui & Humphreys, 2017), or does not differentiate between self and 

other-related PEs (Lockwood et al., 2016). On the other hand, the vmPFC is suggested to 

respond to prosocial rewards in adults (Christopoulos & King-Casas, 2015), to others’ outcome 

PEs (Burke et al., 2010), and to simulated others’ reward PEs (Suzuki et al., 2012). Our findings 

extend these prior studies by showing that the ventral striatum and vmPFC code PEs both for 

self and others (see also Joiner et al., 2017). In this first developmental sample investigating 

prosocial learning, we observe a specificity for Self PEs in the ventral striatum and an increased 

specificity for prosocial PE coding in the vmPFC, in which across age prosocial (compared 

to self-related) PE elicit more activation. Alternatively, the pattern of age-related differences 

we observed for Other and Self-learning in the vmPFC may also support the perspective of 

a decreasing self-focus with age. For instance, previous work on self-concept development 

5
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highlights that perspectives of others and self become more merged across development 

(van der Cruijsen et al., 2019). However, longitudinal studies are more powerful and essential 

for examining the true developmental trajectories of prosocial learning.

Besides the age-related differences in other-related learning, we observed that consistent 

with previous findings (Lockwood et al., 2016), individual differences in cognitive empathy 

were related to prosocial learning. Individuals with higher levels of empathy performed better 

for Others, integrated outcomes more over time (i.e., lower learning rates), and their vmPFC 

showed greater activation during prosocial PE coding. However, relations on cognitive em-

pathy and prosocial PE coding in the brain were not robustly observed when controlling for 

age. This may indicate that it is hard to disentangle whether empathy or age drives prosocial 

PE coding. Also, age-related differences in brain activity during prosocial PE tracking may be 

explained by other social cognitive mechanisms than empathy. For instance, although there 

was no reciprocity or competition, participants may have been influenced by social inequality 

preferences, such as disliking to getting more (i.e., advantageous inequality aversion), or less 

(i.e., disadvantageous inequality aversion) than the other participant (Dawes et al., 2007; 

Fehr & Schmidt, 1999; Meuwese et al., 2015; Westhoff et al., 2020). Future studies could 

more explicitly assess several social-cognitive skills, strategies, and motivations along with a 

prosocial learning task to examine what behavioral mechanisms rely most on adolescents’ 

prosocial learning.

Prior developmental studies on general reinforcement learning remained inconclusive 

about whether age-related differences were observed in PE neural tracking in the ventral 

striatum (Christakou et al., 2013; Cohen et al., 2010; Hauser et al., 2015; van den Bos, Cohen, et 

al., 2012). Here, age-related differences in PE coding for Self were not observed in the ventral 

striatum. In contrast to other studies (Cohen et al., 2010; Peters & Crone, 2017) we also did not 

find any quadratic age effects in learning or PE coding. This is possibly due to our narrower 

age range (9-21 y.o. instead of 8-30 y.o.), as another developmental study on learning also has 

not observed age-related changes in ventral striatum activity in a similar age range (van den 

Bos, Cohen, et al., 2012). Indeed, a recent review recommended using samples with wider age 

ranges, including children and adults, when examining quadratic age effects across adoles-

cence (Li, 2017). It should be noted, however, that although we did not find age-effects in the 

ventral striatum, the behavioral learning performance for Self showed linear improvements 

with age. This could also indicate that other mechanisms than simple PE coding may be relat-

ed to behavioral learning improvement over time within the current age range. For example, 

a prior study in young adults indicated that besides well-known model-free learning, another 

more sophisticated and flexible learning system is model-based learning. These two distinct 

computational strategies use different error signals which are computed in partially distinct 

brain areas (Gläscher et al., 2010). Moreover, it has been found that people may use different 

learning strategies, which show different neural activation patterns (Peters, Koolschijn, et al., 
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2014). Future studies are needed to assess whether age-related improvements in learning 

performance may be more strongly related to strategic learning differences.

We observed that, overall, learning rates decreased with age, and lower learning rates 

were related to better performance. These findings indicate that, with age, adolescents in-

creasingly integrate information across trials, which was beneficial to their prosocial learning 

performance. Intriguingly, a recent aging study with a similar prosocial learning task observed 

that better learning performance was related to higher learning rates instead (Cutler et al., 

2021; Lockwood et al., 2016). Besides the included age range in this study, a few differences 

in modeling and task structure may underlie this deviance. First, we allowed a wide range of 

beta-parameters. Since beta-parameters showed consistent age-related declines (see Sup-

plementary Figure 2), and also relate to performance (see Supplementary materials) this 

may have influenced our learning rate estimations. Second, the task structure shows differ-

ences in reinforcement structure. Most profoundly we included gains and losses compared 

to gain and no-gains in previous prosocial learning studies. Possibly, losses may influence 

the updating of values across trials differently, although we did not find evidence that gains 

and losses were weighted differently in learning across development. Future studies should 

further examine the influence of reinforcement structures on observed age-related differences 

in reinforcement learning.

The current study had several limitations that can be addressed in future research. First, 

prosocial learning was restricted to unknown others, and participants did not meet these 

others. Although we circumvented the potential effects of reputational concerns, it may have 

been more salient to include a confederate, as used in previous studies on prosocial learning 

in which participants played for a stranger who they met prior to the experimental task (Lock-

wood et al., 2016; Sul et al., 2015). Second, it would be interesting if future research would 

extend the prosocial learning task to other beneficiaries. Previous studies have shown that 

prosocial behaviors and their neural correlates in adolescence strongly depend on the benefi-

ciary (e.g., (Brandner et al., 2020; Schreuders et al., 2018; van de Groep et al., 2020; Westhoff 

et al., 2020). Future studies should further examine whether such differences between ben-

eficiaries are also visible in prosocial learning and whether this affects the concurrent neural 

tracking of PEs. Third, the neural results for the No One condition showed an intermediate 

pattern between learning for Self and Others, which is difficult to interpret. Behavioral analy-

ses showed that participants generally performed well in this condition (i.e., not significantly 

different from learning for Self), even though no monetary reinforcers were given depending 

on task performance. Although including the No One conditions in our contrasts of interest 

did not alter our main findings, this condition was possibly interpreted by participants in 

different ways, in which some participants were internally motivated to perform well (e.g., 

(Satterthwaite et al., 2012). Finally, in line with previous research we used a model with 

separate learning rates per condition (Lockwood et al., 2016). Using this established model, 

5
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our results also revealed expected differences in learning rate between conditions. However, 

other studies also included comparison testing whether different learning rates or beta’s are 

needed across different conditions (Cutler et al., 2021). Future studies may expand on these 

recent modeling procedure in prosocial learning in developmental and adult populations.

In conclusion, we found that prosocial learning showed age-related improvements across 

adolescence, suggesting a developmental shift from self-focus in early adolescence to self and 

other-focus in late adolescence and early adulthood (Crone & Fuligni, 2020). This developmen-

tal improvement was associated with stronger recruitment of the vmPFC for others compared 

to self. This study has implications for learning in social settings, such as educational contexts 

(Altikulaç et al., 2019), as well as for how children develop prosocial values when learning 

for unknown others. This study provides the first building blocks to understand age-related 

differences in how adolescents learn to benefit others.
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Supplementary materials

Figure S1. Number of participants across age per sex. In total, 74 participants were included (39 female, 

35 male).

Beta parameter

The Beta parameter was examined as an index to what extent participants followed expected 

value in their choice behavior, and is also considered a parameter of decision noise. Higher 

values represent less decision noise here. Using a robust linear mixed effects model, we 

assessed effects of Condition and Age (linear) in beta parameters. We observed that with 

increasing age, decision noise decreased linearly (main effect of Age, B = 2.9, p = .007), indi-

cating participants follow expected value more closely. Particularly beta parameters increased 

more strongly across age for Other than for Self (Other-Self; B = 0.47, p < .001), and did not 

differ significantly between No One and Other (No One – Other p = .19) and between No One 

and Self (No One – Self; p = .19)
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Figure S2. Beta parameter per condition per age cohort. Age is used as a continuous variable in all 

analyses, but is visualized as age cohorts for illustrative purposes and interpretability.

Figure S3. BIC values per condition per age cohort. Bars show BIC differences of the two-learning rate 

model (gain and loss) with the best model (one learning rate). Values on the y-axis indicate the difference 

between fit values (BIC values) for the two-learning rate model (gains and loss) and fit values for the 

one-learning rate model (the best model). BIC values were calculated per participant, and are shown 

separately per age cohort and per condition. For all age cohorts and all conditions a one-learning rate 

model is the best-fitting model. Lower bars indicate that the model fit of the one-learning rate model 

and two-learning rate model are more similar. For each condition, these BIC difference scores are not 

predicted by age (all Ps > .14). Error bars represent standard error of the mean.
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Relations between performance, learning rates, and betas

We tested non-parametric correlations between performance, learning rates, and betas per 

condition. These show that lower learning rates in the Other condition are related to better 

performance for Other (rs(74) = -.38, p = .001). Similarly, lower learning rates in the No One 

condition are related to better learning for No One (rs(74) = -.34, p = .003, but learning rates 

in the Self condition are not significantly related to learning for Self (rs(74) = -.22, p = .056). 

In addition, higher betas were strongly related to better performance in all conditions (Self, 

rs(74) = .91, p < .001; Other rs(74) = .94, p <.001; No One rs(74) = .89, p < .001. Also, in all 

conditions, lower learning rates are related to higher betas (Self, rs(74) = -.37, p < .001; Other, 

rs(74) = -.54, p < .001; No One, rs(74) = -.48, p < .001).

Figure S4. Learning rate and Beta parameter recovery. The correlation matrices represent the correla-

tions between simulated and recovered (A) learning rates, and (B) beta values. Stronger colors show 

higher values and high values on the diagonal show parameters can be recovered.

Figure S5. Regions of interest. Ventromedial prefrontal cortex (vmPFC; red), subgenual anterior cingu-

late cortex (sgACC; blue), and the ventral striatum (green).

5
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Figure S6. Whole brain responses for (A) Self PE, (B) Other PE, (C) No One PE, and (D) conjunction 

(common PE coding in all three conditions). All images displayed at p < .05 FWE, voxel level corrected.
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Figure S7. Learning across trials for (A) Self, (B) Others, and (C) No One, per age cohort. Note that for 

all analyses including age, we used age as a continuous variable. However, figures represent age per 

age cohorts instead for illustrative purposes and interpretability.

Figure S8. Cognitive empathy across age.

5
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Table S1. Mean model parameters with prior distributions (M, SD), constraint, and 95% confidence 

intervals around the mean.

Model Parameter Prior Constraint Mean 95% CI

RL Self α β (1.2,1.2) 0 < α < 1 0.28 .24 – .32

β Gaussian (0,10) −∞ ≤ β ≤ ∞ 8.81 7.37 – 10.26

RL Other α β (1.2,1.2) 0 < α < 1 0.34 .29 – .39

β Gaussian (0,10) −∞ ≤ β ≤ ∞ 7.43 5.92 – 8.94

RL No One α β (1.2,1.2) 0 < α < 1 0.34 .29 – .39

β Gaussian (0,10) −∞ ≤ β ≤ ∞ 7.94 6.52 – 9.37

Table S2. Main effects of whole brain prediction error responses per condition, and common prediction 

error coding (conjunction).

Brain Region Peak voxel
x y z k t z

Main effect Self PE

L Precental gyrus -27 -25 61 6235 9.68 Inf

 L precuneus -3 -58 13 9.65 Inf

 L Postcentral gyrus -30 -34 64 9.03 Inf

L Putamen -30 -13 4 481 9.52 Inf

 L Putamen -15 8 -11 8.20 7.65

R Caudate 12 11 -11 525 9.01 Inf

 R Thalamus 30 -16 7 8.22 7.65

 R Putamen 27 -7 10 8.04 7.52

L Superior frontal gyrus, medial -9 65 19 515 7.25 6.85

 L Superior frontal gyrus, medial -12 58 7 6.93 6.58

 L Superior frontal gyrus, medial 0 59 1 6.85 6.52

L Rolandic operculum -48 -28 19 271 6.95 6.60

 L Superior temporal gyrus -60 -31 19 6.71 6.39

 L Supramarginal gyrus -60 -22 16 6.57 6.27

L Middle frontal gyrus, orbital part -30 35 -14 50 6.73 6.41

L Thalamus -12 -22 4 21 6.57 6.27

R Superior temporal gyrus 63 -1 -5 83 6.52 6.23

 R Rolandic operculum 63 5 1 6.06 5.82

 R Superior temporal gyrus 66 -7 4 5.29 5.13

L Inferior frontal gyrus,triangular part -48 32 13 60 6.47 6.19

L Rolandic operculum -54 -4 4 34 6.04 5.81

R Inferior temporal gyrus 51 -67 -11 46 5.76 5.55
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Table S2. Continued
Brain Region Peak voxel

x y z k t z

 R Inferior temporal gyrus 51 -58 -20 5.41 5.23

 R Inferior occipital gyrus 42 -76 -17 5.35 5.19

R Cerebellum 21 -52 -23 20 5.60 5.41

Main effect Other PE

L Precuneus -6 -61 13 103 6.54 6.25

 L Calcarine fissure & surrounding cortex -12 -55 10 6.19 5.94

L Olfactory cortex -6 20 -11 32 6.29 6.02

R Hippocampus 30 -7 -20 17 5.66 5.46

R Superior temporal gyrus 63 -28 16 17 5.59 5.40

L Middle frontal gyrus, orbital part -9 44 -11 12 5.58 5.39

Main effect No One PE

L Middle frontal gyrus, orbital part -3 50 -11 246 9.13 Inf

 L Superior frontal gyrus, medial -6 62 1 5.92 5.69

 L Superior frontal gyrus, medial -9 55 13 5.77 5.56

R Caudate 12 8 -11 173 7.64 7.19

 L Olfactory cortex -15 11 -14 6.72 6.40

 L Olfactory cortex -5 20 -11 6.19 5.93

L Inferior frontal gyrus, orbital part -36 35 -14 182 7.60 7.15

 L Middle frontal gyrus, orbital part -24 32 -17 6.30 6.04

 L Inferior frontal gyrus, triangular part -45 32 7 5.99 5.75

L Middle temporal gyrus -60 -43 -8 134 7.21 6.82

 L Inferior temporal gyrus -54 -52 -17 6.39 6.09

L Precuneus -6 -55 16 120 7.16 6.78

 L Calcarine fissure & surrounding cortex -12 -52 7 5.88 5.66

L Median cingulate and paracingulate gyri -3 -37 40 50 6.57 6.27

L Middle frontal gyrus -24 32 49 172 6.56 6.26

 L Middle frontal gyrus -24 20 46 5.99 5.75

 Superior frontal gyrus, medial -12 59 28 5.64 5.45

L Angular gyrus -42 -67 34 122 6.14 5.89

R Parahippocampal gyrus 18 -10 -26 16 5.63 5.43

 R Parahippocampal gyrus 24 -19 -23 5.20 5.04

Conjunction

L Precuneus -6 -58 16 61 6.54 6.24

L Caudate -6 14 -8 12 5.67 5.49

For all regions, FWE p < .05 voxel-level whole-brain corrected, and presented here with k > 10. PE = Prediction 

error; L = Left; R = Right; k =cluster extent. Names of the brain regions derived from the Automated 

Anatomical Labeling (AAL) atlas.

5
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Table S3. Main effects of whole brain expected value responses per condition, and common ex-

pected value coding (conjunction).

Brain Region
Peak voxel

x y z k t z

Main effect Self EV

Precuneus -15 -64 19 14 5.63 5.44

Main effect Other EV

L Precuneus -9 -61 19 53 6.01 5.77

R Middle frontal gyrus, orbital part 3 56 -5 23 5.51 5.32

Main effect No One EV

L Middle temporal gyrus -51 -13 -8 11 5.36 5.19

Conjunction*

L Precuneus -12 -58 13 140 4.28 4.18

 L Precuneus -12 -58 22 3.99 3.91

 R Precuneus 6 -58 19 4.13 4.04

For all regions, FWE p < .05 voxel-level whole-brain corrected, and presented here with k > 10. PE = Prediction 

error; L = Left; R = Right; k =cluster extent. Names of the brain regions derived from the Automated Anatomical 

Labeling (AAL) atlas. *threshold p < .001

Table S4. Comparison of responses to prediction errors between conditions, in regions of interest 

(ventral striatum, sgACC, vmPFC).

Brain Region
Peak voxel

x y z k t z

No One PE > Other PE

Ventral striatum 12 8 -11 2 3.41 3.36

No One PE > Self PE

No suprathreshold voxels

Other PE > Self PE + No One PE

No suprathreshold voxels

Self PE + No One PE > Other PE

Ventral striatum 12 8 -11 8 4.52 4.42

sgACC 9 8 -11 2 3.75 3.69

Self PE > Other PE + No One PE

Ventral striatum 12 11 -11 3 3.34 3.30

No One PE > Self PE + Other PE

No suprathreshold voxels
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Table S4. Continued

Brain Region
Peak voxel

x y z k t z

Self PE + Other PE > No One PE

No suprathreshold voxels

Other PE + No One PE > Self PE

No suprathreshold voxels

For all regions, corrected at p < .05 FWE-SVC. PE = Prediction error; k =cluster extent. Names of the brain 

regions were based on the Automated Anatomical Labeling (AAL) atlas.

Table S5. Comparison of whole brain responses to prediction errors between conditions

Brain Region
Peak voxel

x y z k t z

No One PE > Other PE

No suprathreshold voxels

No One PE > Self PE

No suprathreshold voxels

Other PE > Self PE + No One PE

No suprathreshold voxels

Self PE + No One PE > Other PE

R Precuneus 15 -100 13 27 4.51 4.23

 R Calcarine 18 -100 1 3.7 3.53

L Calcarine -12 -103 -5 20 3.90 3.70

 L Calcarine -6 -103 1 3.73 3.55

L Postcentral -36 -34 67 15 3.84 3.65

L Caudate -12 -7 22 13 3.81 3.63

 L Thalamus -12 -16 13 3.68 3.51

Self PE > Other PE + No One PE

L Occipital gyrus -21 -88 22 2385 6.17 5.52

 L Cerebellum -33 -64 -20 5.02 4.64

 R Occipital gyrus 24 -88 19 5.00 4.62

L Postcentral -30 -37 67 701 5.31 4.87

 L Precentral -21 -25 58 4.85 4.50

 R Precuneus 6 -43 58 4.63 4.32

R Putamen 33 -13 4 261 4.57 4.27

 R putamen 30 -22 4 4.57 4.27

5
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Table S5. Continued

Brain Region
Peak voxel

x y z k t z

L Putamen -30 -13 4 366 4.50 4.21

 L Supramarginal gyrus -57 -28 28 4.15 3.92

R Thalamus 3 -13 55 165 4.49 4.21

 L Supplementary motor area -3 -19 58 4.42 4.14

 Median cingulate and paracingulate gyri 6 -1 43 4.13 3.90

R Middle frontal gyrus 36 50 31 22 4.13 3.90

R Supramarginal gyrus 45 -28 34 107 4.30 4.05

 R Supramarginal gyrus 54 -28 37 4.02 3.81

R Superior frontal gyrus, dorsolateral 27 -10 70 33 4.25 4.00

L Superior temporal gyrus -54 -4 4 24 4.04 3.83

L Putamen -15 11 -11 11 4.02 3.81

R Precental gyrus 42 -10 58 25 3.89 3.69

 R Precental gyrus 39 -10 49 3.83 3.64

R Thalamus 15 -22 1 10 3.75 3.57

No One PE > Self PE + Other PE

No suprathreshold voxels

Self PE + Other PE > No One PE

R Precuneus 21 -64 25 99 4.63 4.32

 R Calcarine fissure and surrounding cortex 21 -61 16 4.59 4.29

 R Cuneus 15 -82 28 3.72 3.54

L Cuneus -9 -82 22 75 4.33 4.07

 L Cuneus -15 -67 19 4.12 3.90

 L Cuneus -15 -82 31 3.29 3.17

R Insula 36 8 4 58 3.80 3.62

 R Insula 36 2 16 3.61 3.46

 R Supramarginal gyrus 66 -25 22 61 4.05 3.84

 R Superior temporal gyrus 45 -34 22 3.58 3.57

 R Supramarginal gyrus 54 -34 31 3.57 3.42

 R Heschl gyrus 45 -25 13 18 3.92 3.72

 L Middle occipital gyrus -30 -76 22 12 3.67 3.50

 L Middle temporal gyrus -57 -67 4 10 3.62 3.46

Other PE + No One PE > Self PE

No suprathreshold voxels

For all regions, p < .001 voxel-level uncorrected, extent-threshold k = 10. Names of the brain regions were 

based on the Automated Anatomical Labeling (AAL) atlas.
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Participant instructions

 “Welcome! We are going to play a game in the scanner. In this game, you will see two pictures 

on the screen. You can win or lose points by choosing one of the pictures. If you win, you get 

+1 point, and if you lose, you get -1 point. But not all pictures are equally good…”

 “With both pictures you can win and lose, but with one picture you will win more often, 

and with the other picture you will lose more often. Try to win as many points as possible! 

Note: it does not matter whether the picture is on the left or right side of the screen.”

 “To choose the left picture, you press the left button. To choose the right picture, you 

press the right button. At the end of the game, you will see how many points you won in 

total. Your points will be translated to real money using a formula. This amount of money 

will be paid out to you.”

 “You will play this game 3 times: for yourself, for another person, and for no one. On the 

screen, it says for whom you will be playing. Each time you should learn which of the two 

pictures on the screen is better. Sometimes you play for yourself. When you play for yourself, 

the gains will be paid out to you.”

 “Sometimes you play for another person. When you play for another person, the gains 

will be paid out to another player. This player is someone who participates in this experiment 

after you. This is a girl or a boy of your age. This person does not know that you are playing 

for him/her. So, he/she will receive the money you win for him/her without them knowing it 

is from you. This person will not play the game for you.”

 “Sometimes you play for no one. When you play for no one, your points don’t count and 

no one will receive your gains.”

 “Try to respond on time. You will have about 2 seconds to make your choice. We will first 

do a practice run. Good luck!”

 [24 Practice trials (8 per condition)]

“Well done! This was a practice run, so your points don’t count yet. In the scanner, we will 

play the game for real, and you will see at the end of the game how many points you won 

for yourself and for the other person. Do you have any questions left?”

5
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Summary

The overarching goal of this thesis was to examine the behavioral, computational, and neural 

mechanisms underlying social learning in adolescence. The first aim was to examine develop-

mental patterns across adolescence of two forms of social learning: (1) learning about other 

people, specifically, whether they are (un)cooperative and (un)trustworthy, and (2) learning 

for other people (prosocial learning) to know what actions may benefit or help others. I 

made use of multiple experimental paradigms based on well-known economic games and/

or probabilistic reinforcement learning paradigms to assess these forms of social learning. A 

second aim was to examine underlying mechanisms and factors that account for age-related 

and individual differences in social learning. Applying computational modeling and functional 

neuroimaging as additional tools contributed to a better understanding of the underlying 

mechanisms and how these develop across adolescence. In this final chapter, first, the main 

findings of each chapter are briefly summarized. The summary is followed by a general 

discussion, including implications of the findings and recommendations for future research.

Learning about others’ behavior in adolescence

In the first empirical chapter (chapter 2), I examined developmental patterns and mecha-

nisms of learning about others. Specifically, in a large adolescent sample spanning a broad 

age range (N = 244, 8-23 years), I examined adolescents’ ability to learn about and adjust to 

others that differed in their levels of cooperation. Here, I focused on two different key types 

of cooperative behaviors – trust and coordination – for which I conceived two games. These 

games consisted of multiple 1-shot economic games forming a probabilistic reinforcement 

learning task. Participants encountered anonymous peers who showed either low or high 

levels of cooperative behavior. Over trials, participants could learn about these others, and 

by adjusting their own choice behavior (cooperate vs. not cooperate), they could maximize 

their outcome. In the game involving trust (‘trust game’), participants could learn to trust 

trustworthy others and not trust untrustworthy others. In the game involving coordination 

(‘coordination game’), participants maximized their outcomes by choosing to accept a dis-

advantage (i.e., cooperative behavior) when they encountered uncooperative others, and to 

accept an advantage (i.e., uncooperative behavior) when they encountered cooperative others.

The first aim of this study was to investigate the age-related differences in learning about 

and adjust to cooperative and uncooperative others in adolescence. In both games, adoles-

cents’ social learning abilities showed a developmental asymmetry: adolescents adjusted well 

from an early age when this required uncooperative behavior (i.e., not trusting, accepting an 

advantage). Yet, learning about others improved profoundly in early-mid adolescence when 

this required cooperative behavior (i.e., trusting, accepting a disadvantage).

6
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Next, I examined the effects of inequality aversion (disliking being ahead or behind), 

prior expectations about others’ behavior, and the updating of expectations about others 

(i.e., learning rates) as potential underlying mechanisms. Combining behavioral analyses with 

computational modeling revealed that age-related improvements in social learning were partly 

explained by age-related decreases in inequality aversion. That is, younger adolescents disliked 

being behind more than older adolescents and this hampered their social learning, partic-

ularly when it required cooperative behaviors. Moreover, although prior expectations were 

not related to choice behavior in the games, in the updating of expectations (i.e., learning 

rates), there were age-related differences: in early-mid adolescents, the learning rates did not 

decrease (much) across trials. This indicated that they did not form stable expectations over 

time, but instead kept updating their expectations of others throughout the games. From 

mid-adolescence onwards, participants more effectively integrated outcomes over time, and 

consequently formed stable expectations of others which would not quickly be overridden by 

a single experience that did not match built-up expectations. Together, this chapter’s findings 

point to early-mid adolescence as a developmental window for a rapid change in adaptive 

social learning, with improvements especially in the cooperative domain.

Learning (flexibly) about others’ trustworthiness in adolescence

The experimental study in chapter 3 extended on the study and findings from chapter 2 to 

further study how adolescents learn about and adjust to others’ trustworthiness. As such, I 

used the trust game from chapter 2 in an adolescent sample with a broad age range (N = 157, 

10-24 years). Additionally, a non-social variant of the trust game was included to assess wheth-

er trust learning patterns were specific to learning in a social learning context. Moreover, I 

studied participants’ ability to flexibly adjust trusting behavior by including a reversal learning 

manipulation in which the trust behavior of the other players reversed unannouncedly from 

trustworthy to untrustworthy, and vice versa.

In line with the findings from chapter 2, participants of all ages found it harder to learn 

about and adjust to trustworthy than to untrustworthy others. However, contrary to the find-

ings of chapter 2, learning about trustworthy and untrustworthy others showed similar linear 

age-related improvements across adolescence. The reversal learning results showed that ado-

lescents’ abilities to learn who was no longer trustworthy (switch to untrustworthy) were stable 

across age. In contrast, with age, adolescents became better at learning who was no longer 

untrustworthy (switch to trustworthy). This age effect in social reversal learning indicates 

increasing flexibility in social trust learning from mid-adolescence, which seems especially 

pronounced for learning in the cooperative domain. The trust (reversal) learning patterns were 

similar for social and non-social trust learning, suggesting that social and non-social trust 

learning processes are either at least partly overlapping or, alternatively, distinct neurocognitive 

subprocesses may have resulted in similar behavioral outcomes (Morton, 2010).
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Finally, I assessed adolescents’ reported parenting practices as a potential factor influ-

encing social (reversal) learning abilities. As highlighted in the introduction, adolescence is a 

period in which peers play an important role. However, our view of the world and our expec-

tations of others could also be influenced by our home environment. For instance, previous 

research has shown that individuals who grow up in households with mostly negative parent-

ing practices (e.g., expressing negative emotions, handling roughly), physical and emotional 

neglect, or even maltreatment (e.g., physical and emotional abuse), have an increased risk on, 

among others thing, impaired social functioning (Gobin & Freyd, 2014; McCrory & Viding, 2015; 

Overbeek et al., 2020). However, it was yet unknown whether environmental variables such 

as parenting practices also affect adolescent’s social (reversal) learning abilities. This study 

showed that adolescents who reported having experienced more negative parental practices 

(specifically, poorer parental monitoring) showed reduced abilities in flexibly learning who was 

no longer trustworthy (switch to untrustworthy). Specifically, they showed too much trust 

towards others who had become untrustworthy.

Together, these results point to adolescence as a period for developing adaptive social 

trust learning abilities, which become increasingly flexible from mid-adolescence onward. Yet, 

one’s family environment may impact adolescent’s adaptive social learning abilities.

Effects of prior beliefs on trust behavior

In chapter 4, I further investigated adaptive trust behavior in adolescence and assessed the 

underlying cognitive processes involved in trusting behavior. When we decide to trust some-

one, there is uncertainty about whether they will reciprocate that trust. This uncertainty can 

often be reduced by gathering information, for example, about a person’s history of trust-

worthiness. An essential component of well-adjusted social behavior is the ability to update 

our beliefs about others’ trustworthiness based on gathered information. In this empirical 

chapter, I examined in a large adolescent sample (N = 157, 10-24 years, same sample as in 

chapter 3), how and how much information adolescents sample about others’ trustworthiness 

for deciding whether or not to trust them, and how they use this information to update their 

beliefs about these others’ trustworthiness. Using a trust sampling paradigm, participants 

could gather (sample) information about unknown peers’ past reciprocation behavior before 

they decided to trust them or not. Compared to chapters 2 and 3, where the trustworthiness 

levels of others were merely trustworthy or untrustworthy, there were multiple trust levels 

ranging from always trustworthy to always untrustworthy.

Behavioral analyses showed, in line with findings from chapter 2 and 3, that older adoles-

cents trusted trustworthy others more often than younger adolescents. Moreover, with age, 

adolescents sampled information about others more adaptively, as older adolescents espe-

cially sampled more information when the sampled information was rather inconsistent (i.e., 

around 50% trustworthy) compared to when the sampled information was consistent (e.g., 

6
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around 100% trustworthy or 100% untrustworthy). Additionally, a Bayesian computational 

modeling approach was used to examine the processes underlying trust information sampling 

behavior and its age-related differences. This procedure revealed that the amount of informa-

tion adolescents sampled for deciding whether to trust was determined by their prior beliefs 

about trustees’ trustworthiness (before any information was sampled). Specifically, compared 

to older participants, younger participants expected others to be somewhat less trustworthy. 

The most important age-related difference was found for participants’ uncertainty about prior 

beliefs, which refers to how much variation in trustworthiness they expected to encounter. This 

uncertainty strongly increased from early-to-mid adolescence, leading adolescents to rely less 

on their prior beliefs and more on the sampled information. As a result, younger adolescents 

sampled more than older adolescents when the trustees were trustworthy, as the sampled 

information did not match the younger participants’ expectations. In addition, there was an 

age-related increase from early to mid-adolescence in how often participants trusted highly 

trustworthy trustees. Thus, the older adolescents based their trusting decisions more on the 

gathered information than on their prior beliefs.

Thus, these findings point to early-to-mid adolescence as a developmental phase in which 

adolescents become more open-minded about possible individual differences in other people’s 

trustworthiness, which allows them to flexibly learn that some people are highly trustworthy 

while others are not.

Prosocial learning in adolescence

In chapter 5, I investigated another type of social learning: prosocial learning. Here, I presented 

an experimental fMRI study investigating developmental patterns and underlying mechanisms 

of prosocial learning across adolescence. In an adolescent sample aged 9-21 years (N = 74), I 

used a two-choice probabilistic reinforcement learning task that had previously been used in 

adult studies (Lockwood et al., 2016; Sul et al., 2015). In this task, participants were instructed 

to make a series of decisions between two pictures; over trials, they could learn which of 

the two was associated with the high versus low probability of winning a monetary reward. 

They played different conditions of the task: they could learn to obtain positive outcomes 

either for an unknown other participant who could not reciprocate (Other; prosocial), or for 

themselves (Self). As such, with this task I measured prosocial learning and distinguished it 

from self-benefitting learning.

Behavioral analyses showed that adolescents between 9 and 21 years old were able to 

learn to obtain rewards for themselves and others, but the most pronounced age-related 

improvement in learning performance was observed for prosocial learning. Additionally, for un-

raveling underlying mechanisms of prosocial learning, a reinforcement learning computational 

model was applied to the behavioral data, yielding learning rates and prediction errors. Learn-

ing rates, indicating how strongly expectations are updated after an unexpected outcome, 
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were lower for learning for self than for prosocial learning. Moreover, the age-related change 

in learning rates was most pronounced for prosocial learning compared to self-benefitting 

learning. By combining computational modeling with functional neuroimaging, I was able to 

track the prosocial learning signals (i.e., prediction errors) in the brain. In line with previous 

adult and developmental research (Cohen et al., 2010; Davidow et al., 2016; Hauser et al., 

2015; Joiner et al., 2017; Jones et al., 2014; Lockwood & Klein-Flügge, 2020; Ruff & Fehr, 2014), 

prediction errors for self were observed in the ventral striatum, yet no age-related differences 

were observed. On the other hand, prediction error coding for prosocial learning was related 

to activation in the vmPFC. This vmPFC-related prediction error activation during prosocial 

learning increased with age, and related to individual differences in cognitive empathy.

Together, the findings from this chapter show that prosocial learning abilities improve 

early-to-mid adolescence on both a behavioral, computational, and neural level. The various 

indices provide a complementary perspective showing that especially learning for others 

undergoes developmental transitions, consistent with the conclusions of the previous chap-

ters showing that age-related differences are most pronounced for other-oriented behaviors.

General discussion

In this section, I highlight several discussion points that result from the work in this thesis. 

First, I discuss that the findings in this thesis converge to early-to-mid adolescence as a key 

developmental period in adaptive social learning and well-adjusted social behavior, especially 

with regard to cooperative behaviors such as trusting others. Moreover, I discuss the advances 

of the application of computational modeling to a developmental perspective. Finally, I reflect 

on future directions that will move the field of developmental social neuroscience forward.

Adolescence as a key developmental period for developing well-adjusted 
social behaviors

In the empirical chapters of this thesis, I investigated age-related changes in learning about 

and learning for others in adolescence. To study these age-related changes, I collected and 

analyzed data from broad age ranges covering the adolescent period, which enabled studying 

linear and non-linear (i.e., quadratic) effects of age (Li, 2017). In each chapter, results showed 

that early-mid adolescence is a developmental window that shows age-related improvements 

in adaptive social behaviors, more so than for non-social learning (e.g., learning that affects 

only self). For example, I observed rapid improvements from early adolescence in developing 

adaptive social learning when these required cooperative behaviors (chapter 2). Moreover, I 

demonstrated that adolescents showed monotonic increases in flexibility in learning whom 

6
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to trust (chapter 3), and accelerated increases in the uncertainty of prior beliefs about others, 

which affected their information sampling and subsequent trust decisions (chapter 4). Fi-

nally, adolescents’ prosocial learning abilities showed stronger improvements with age than 

self-benefitting learning (chapter 5). Besides these age-related changes in behavior, I also 

showed age-related increases in activity in the vmPFC for prediction errors during prosocial 

learning, whereas prediction errors when learning for self (ventral striatum) were already in 

place before adolescence (chapter 5).

Thus, this thesis shows an improvement in adaptive social learning in adolescence. Such 

improvements, especially in the social domain, are particularly relevant in a developmental 

phase such as adolescence. That is, adolescence is characterized by changes in social relations, 

such as building new friendships, and engaging in a diversity of social environments including 

school, sports clubs, and social gatherings (Fuligni, 2019). Therefore, adolescents may have a 

specific advantage to showing well-adjusted social behaviors, such as adaptive social learning.

Moreover, this thesis shows that age-related improvements in social behaviors are mostly 

observed, or are strongest, in the cooperative domain, such as learning whom to trust com-

pared to learning whom not to trust (chapter 2 and 3), and learning how to help or benefit 

others (prosocial learning) compared to learning to benefit ourselves (chapter 5). This is in line 

with previous research showing that other-oriented behavior – such as cooperative behaviors 

– improves across adolescence (Crone & Fuligni, 2020). It is suggested that adolescence is an 

important period for creating the right balance between needs of self and others, in order to 

build secure interpersonal relations and to become contributing members of society (Crone 

& Fuligni, 2020; Fuligni, 2019). This was also demonstrated in chapter 2, in which age-related 

decreases in inequality aversion (disliking having less than others) were related to age-related 

improvements in social learning abilities. Particularly, older adolescents did not as much dislike 

to have less than others, which was associated with becoming better at learning about and 

adjusting to others when it involved showing cooperative behaviors. Together, the findings 

in the current thesis are in line with the hypothesis that with increasing age, we become ‘less 

selfish’ and we are better able to coordinate with others for collective welfare, even though 

this may not be equally beneficial for oneself as for the other.

It should be noted that the mentioned age-effects in this thesis’ empirical chapters result 

from cross-sectional studies. Therefore, it is necessary that the reported developmental pat-

terns should be further investigated in studies with a longitudinal design. Longitudinal stud-

ies are more powerful and essential for examining the true developmental trajectories and 

within-person change (Crone & Elzinga, 2015). A longitudinal setup would moreover allow for 

investigating the stability in social relations, and how these relate to social learning (Schreud-

ers, Braams, et al., 2021). Therefore, future studies would benefit from following participants 

with similar learning paradigms over multiple time points (Telzer et al., 2018).
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Using computational modeling for studying social behavior in development

In this thesis, I combined methods and insights from different research fields, such as de-

velopmental psychology, social psychology, behavioral economics, and neuroscience. This 

multidisciplinary perspective is necessary to advance the field and to better understand the 

development of adaptive social behavior. Moreover, the application of computational model-

ing to study social learning in a developmental sample was a relatively innovative approach. 

That is, only in the last decade researchers have started to apply computational modeling to 

investigate learning from reinforcement in children and adolescents (Nussenbaum & Hartley, 

2019), and the majority of these studies have investigated learning from feedback in non-so-

cial contexts. Yet, applying computational models to social learning data has been done merely 

in adult studies (Joiner et al., 2017; Lockwood et al., 2020; Olsson et al., 2020), and thus the 

computational underpinnings of social learning across development is relatively unexplored.

By applying computational modeling to developmental samples, the empirical chapters 

of this thesis have provided several insights. First, it revealed the role of learning rates on 

developmental patterns of social learning abilities. Specifically, I observed that learning rates 

show age-related decreases for learning about others (chapter 2) and learning for others 

(chapter 5). Here, these age-related decreases in learning rates were related to age-related 

improvements in social learning abilities. This suggests that it was more optimal to incorporate 

feedback over a longer time frame in these learning tasks. However, one cannot conclude that 

in every (social) learning context there will be age-related decreases in learning rates across 

adolescence, as each learning context may require a different ‘optimal’ learning rate (Zhang 

et al., 2020). That is, for more stable learning environments, a lower learning rate may be 

more appropriate. In contrast, a higher learning rate would be more efficient for learning in 

more volatile or unpredictable environments. This thesis’ chapters had relatively stable social 

learning environments; future studies are needed to investigate whether people have different 

learning parameters across several learning contexts differing in the level of volatility.

Second, applying computational models to adolescents’ information sampling behav-

ior in chapter 4 enabled assessing adolescents’ prior beliefs, and uncertainty of these prior 

beliefs, and how these were involved in trust decisions. Instead of explicitly asking partici-

pants via self-reports, these prior beliefs could be extracted as latent variables from behavior. 

Self-reports may have several biases, such as social-desirability bias (Althubaiti, 2016), or may 

falsely induce age effects in a developmental sample. Therefore, computational modeling is 

a powerful way to gain additional information on the (development of) underlying cognitive 

processes in social behavior (see also van den Bos et al., 2018).

Finally, the computational models enabled precise tracking of learning signals in the brain 

during prosocial learning (chapter 5). Former (developmental) studies investigating the neural 

underpinnings of learning examined neural activation at the time of outcome by contrasting 

losses and gains. However, using prediction errors as parametric values makes it possible 

6
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to track how brain activation covaries with the model computations on a trial-by-trial basis. 

Several recent studies in adults have applied such an approach which yielded new insights 

into human social behavior (see Lockwood & Klein-Flügge (2020) for an overview). Therefore, 

future developmental studies investigating learning should aim to use such learning param-

eters in their fMRI analyses.

Taken together, I encourage future studies also to apply computational modeling to in-

vestigate underlying latent mechanisms of social behaviors. However, when applying compu-

tational models in developmental samples with broad age ranges, one should be aware that 

different model variants should be compared. That is, in chapters 2, 4, and 5 of the current 

thesis, multiple computational models were applied to the behavioral data and the model fits 

were compared across ages. In these studies, choice behavior was equivalently well described 

by the same model across the entire age range, suggesting that the same processes underly 

behavior from early-to-late adolescence. Similarly, a previous study investigating reinforcement 

learning in a sample of 8-22 year-olds applied computational modeling and found the same 

best-fitting model across all ages (van den Bos, Cohen, et al., 2012). However, some studies 

found distinct best-fitting models across development (e.g., (Decker et al., 2015; Palminteri 

et al., 2016; Worthy et al., 2014). For example, a study examined computational strategies 

underlying learning from reward or punishment, and learning from counterfactual feedback 

for adolescents and adults (Palminteri et al., 2016). It was found that adolescents’ and adults’ 

learning behavior were best described by distinct models, suggesting that the underlying 

computational strategies in these tasks changed across development. These deviances be-

tween studies (i.e., same or different models/strategies for different ages) suggest that learn-

ing processes may be context-dependent. Therefore, future studies applying computational 

modeling in a developmental sample should avoid assuming that the same models and thus 

computational processes apply to both adolescents and adults.

Future directions

The findings in the current thesis provide a starting point for future studies to address several 

outstanding questions. In this section, I discuss ideas for extending current research methods 

and introduce new research approaches that could help to increase our understanding of 

well-adjusted social behaviors and how these develop.

Assessing developmental patterns of social behaviors in adolescence

One of the aims of the current thesis was to assess developmental patterns of social learning 

in adolescence. To this end, for each empirical chapter, I collected data from samples spanning 

broad age ranges and examined the age-related changes in, for example, (pro)social learning 

performance. However, it is not unlikely that developmental trajectories in social learning are 
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not (solely) determined by chronological age; additionally, development may be influenced by 

puberty. Puberty is characterized by sharp rises in gonadal hormones, such as testosterone and 

estradiol, which are thought to influence the developing brain (Goddings et al., 2019; Peper & 

Dahl, 2013). Prior research has shown that pubertal stage and hormone levels are associated 

with cortical and subcortical volumes, as well as structural and functional brain connectivity. 

For example, a comprehensive longitudinal neuroimaging study investigated the development 

of functional connectivity between subcortical and cortical brain structures across adolescence 

(van Duijvenvoorde et al., 2019). Findings showed that for specific connections, pubertal de-

velopment described developmental change better than chronological age. Also, with regard 

to structural brain development, it has been found that pubertal maturation has additional 

explanatory value above age (Herting & Sowell, 2017; Wierenga et al., 2018). Finally, the rise 

in pubertal hormones is particularly associated with reward-related areas such as the stria-

tum (Braams et al., 2015; van Duijvenvoorde et al., 2014), and pubertal development was a 

better predictor of reward-related brain activation over and above age (Pfeifer et al., 2013). It 

has, moreover, been suggested that particularly puberty increases flexible learning and quick 

adaptation to novel social contexts in adolescence (Crone & Dahl, 2012). Therefore, it is not 

unlikely that puberty may be a better predictor than chronological age also for developing 

adaptive social learning skills.

Development in context

Development is a complex process that is influenced by multiple mechanisms, and plausibly 

not only by age and puberty, but also by external environmental factors. It has been shown 

that external factors, such as early life stress and adverse childhood experiences may have 

detrimental effects on trajectories of neurocognitive development (Sheridan & McLaughlin, 

2014). That is, adverse childhood experiences can impact structural and functional brain 

development, and can moreover impact social and emotional development. For example, 

previous research has shown that social and emotional development in bullied and chronically 

rejected children is negatively affected (Asscheman et al., 2019; Will et al., 2016). Besides, also 

reward learning is shown to be impacted by childhood adversity (Dennison et al., 2019). For 

instance, adolescents who had been exposed to early adversity in the form of physical abuse 

showed impaired associative learning, compared to controls (Hanson et al., 2017). These 

findings indicate that external environmental factors may also impact the development of 

social learning. Therefore, for future research it is thus important to move beyond considering 

simple age-related changes, and additionally incorporate the influence of other developmental 

processes, such as puberty or key experiences, when studying social development.

6
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Methodological Advances

In the current thesis, I aimed to incorporate a solid methodological setup to investigate the 

development and underlying mechanisms of social learning. That is, in chapters 2-4, I focused 

on behavioral and computational analyses for assessing trust (learning), and in chapter 5, I 

examined prosocial learning by extending behavioral and computational analyses with fMRI 

analyses. However, other methods may also inform the questions related to social learning, es-

pecially novel neuroimaging techniques. One such approach is psychophysiological interaction 

(PPI), a method to assess task-based functional connectivity (Friston, 1994), which may reveal 

which brain areas interact during certain events. As such, it provides additional information on 

the neural circuitry involved in social decision-making and learning. PPI has been applied in 

some developmental studies (e.g., (van den Bos et al., 2013; van Duijvenvoorde et al., 2014), 

but more developmental neuroimaging studies could benefit from applying this technique.

An additional valuable technique that could be particularly beneficial in this line of re-

search is representational similarity analysis (RSA) (Kriegeskorte et al., 2008). This technique 

allows assessing the BOLD signal in a trial-by-trial manner to quantify the (dis)similarity be-

tween stimuli or trials. Although this technique has revealed promising advances in the field 

of fear learning (Undeger et al., 2020; Visser et al., 2013, 2015), it has not been used much 

in social neuroscience (Popal et al., 2019). However, a recent study using RSA demonstrated 

the added value for social neuroscience. This study investigated decision strategies of adults 

when deciding to reciprocate someone’s trust. Using RSA, it was able to reveal that people 

had different decision strategies, which were associated with distinct brain patterns (van Baar 

et al., 2019). However, especially in developmental (social) neuroscience, the application of 

RSA has been scarce. A recent developmental neuroimaging study examined adolescents 

and their mothers. By using RSA, it could reveal that adolescents’ neural representations for 

self and their family were related to family relationship quality (Lee et al., 2017). Specifically, 

neural representations for harm to self and to their family were more similar when the family 

relationship quality was better. These examples reveal that RSA may reveal valuable insights 

in developmental social neuroscience, and I encourage future research on social learning to 

apply this technique.

Although several methodological recommendations remain to be further explored and 

applied in developmental neuroscience, it has to be acknowledged that already many ad-

vanced methodologies have been embraced in recent years. Strong methodological setups are 

essential to advance the field further, but are also complex and therefore require even stronger 

interdisciplinary approaches. Consequently, a faster transitioning towards a team science 

approach in academia, in which collaborators with different expertise use their strengths to 

supplement each other, is more necessary than ever.
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Ecological validity and generalizability of findings

The paradigms in chapters 2-4 were based on well-known economic games where participants 

interacted with other players. Whereas many previous studies investigating social interactions 

used paradigms that were not interactive (e.g., observing others’ faces or mental states; 

‘spectatorial approach’), I used a two-directional approach in which two players make choices, 

which influence each other’s rewards (Camerer & Mobbs, 2017). This latter approach is ac-

knowledged to be an important aspect of paradigms investigating social behavior (Camerer & 

Mobbs, 2017). The advantage of such paradigms is that they allow for studying complex social 

behaviors in a simple and controlled way, making them moreover suitable for neuroimaging 

experiments. However, despite the two-directional approach, in this thesis’ controlled experi-

mental setups the social interactions are far less complex than in real-life social interactions. 

For example, participants did not interact face-to-face with their interaction partners. However, 

in real-life social interactions, other factors such as facial features also play a fundamental 

role. For example, a recent comprehensive study showed that trust decisions were implicitly 

affected by the trustees’ pupil size, with more dilated pupil size resulting in more reciprocated 

trust (Kret & De Dreu, 2019). Moreover, when the pupils of interaction partners simultaneously 

dilated (pupil mimicry), trust decisions were promoted (Prochazkova et al., 2018).

Another discrepancy from real-life social interactions concerns the targets. That is, people’s 

social life involves many different social interactions with familiar others, such as interactions 

with classroom peers, teachers, parents, siblings, or neighborhood peers. Previous research 

has shown that different processes may be involved in interactions with familiar others. For 

example, adolescents showed distinct neural activation patterns during vicarious rewards for 

their father and mother compared to strangers (Brandner et al., 2021). Moreover, a behavioral 

study found that with increasing age, adolescents trusted friends more than disliked others 

and strangers (Güroğlu et al., 2014). Besides, experienced interactions with familiar others 

could also affect the social development of children and adolescents. Therefore, future studies 

on social learning would benefit from including different targets to increase understanding 

of the complexity of social behaviors.

Previous studies have shown that behaviors in economic games relate to actual behavior 

or attitudes in real-life situations (Camerer, 2003). However, it is often difficult to translate 

research findings to real-life learning situations due to the lack of naturalistic stimuli or be-

cause the social interactions are simplified too much compared to real complex behaviors 

(Atteveldt et al., 2018; Camerer & Mobbs, 2017). A fruitful new research approach to improve 

the ecological validity of neuroscientific research on social learning, could be the use of por-

table neuroimaging techniques (Atteveldt et al., 2018). This novel technology can for example 

be applied in the classroom while the children are interacting with each other. As such, brain 

6
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activity can be measured during real-life learning situations, which may ease the translation 

to daily learning situations.

Moreover, an interesting avenue for future research could be to implicate virtual reality 

(VR) for studying social interactions and social learning. With VR, it is possible to mimic social 

situations while having experimental control. In clinical practice, virtual reality has already 

proven to be a valuable technique (Meyerbröker, 2021). For example, former intensive care 

patients often have post-traumatic stress disorder or anxiety due to hospitalization, and it has 

been shown that a VR intervention can improve psychological wellbeing (Vlake et al., 2021). 

Recently, the application of interactive virtual reality has also been introduced in the field of 

psychology. A recent pilot study (Verhoef et al., 2021) created a virtual classroom using VR 

to study social interactions which were standardized yet emotionally engaging. This study 

showed that it was a promising method to assess children’s aggressive social information 

processing. The application of VR could also be extended to a social learning context, and 

may play a role in interventions targeted at improving social behaviors.

Generalizability of findings across the globe

Overall, the findings in this thesis are in line and/or complement each other. However, some 

effects seem to be sample-specific. For example, regarding trust learning, I observed a de-

velopmental asymmetry in chapter 2, with learning to adjust uncooperative behaviors being 

rather stable across age, whereas learning to adjust cooperative behaviors showing improve-

ments across age. In chapter 3, however, we did not replicate this asymmetry in trust learning 

(yet, trust reversal learning did show a similar developmental asymmetry). As the learning 

tasks used in these chapters were nearly identical, this deviation could be explained by sample 

specifics. That is, for the study in chapter 2, data collection took place at school and required 

minimal effort from participants and their caregivers. This setup resulted in a relatively het-

erogeneous sample with regard to, e.g., SES and educational level. For the study from chap-

ter 3, participation required more effort because participants and a caregiver (in the case of 

minors) were invited to the lab, which has contributed to a relatively homogeneous sample 

with regard to e.g., SES and educational level. In the latter study, this data collection setup 

may have resulted in a sampling bias affecting the observed developmental patterns. That is, 

as in most conducted research in psychology and neuroscience, the included participants in 

this thesis are from a Western, educated, industrialized, rich, and democratic (WEIRD) society. 

However, someone’s culture, ethnicity, and SES plausibly affect social behaviors and thus 

the developmental patterns. For example, studies investigating social behaviors in multiple 

cultures have shown diverging developmental patterns across cultures for prosocial behavior 

(House et al., 2020) and fairness norms (Blake et al., 2015). Together, this supports the idea 

that future studies should aim for better representative samples.
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Practical implications

The studies in the current thesis provided knowledge on how social learning skills manifest in 

different developmental stages. This informs what ages are most receptive to interventions for 

improving social skills such as social learning (Dahl et al., 2018; Yeager et al., 2018). Findings 

in this thesis show that social learning skills are rapidly improving from early and early-to-

mid adolescence. These developmental phases would, therefore, be a key target window for 

monitoring social development, and for applying interventions that are targeted at stimulating 

well-adjusted social behavior in a typically developing population.

Furthermore, the insights from studies in typically-developing samples like in this thesis, 

are key for understanding developmental disorders (Karmiloff-Smith, 1998). Moreover, these 

findings provide important starting points for interventions for youth with maladaptive social 

tendencies and aberrant social decision-making, such as youth with conduct disorder prob-

lems or autism spectrum disorder (Frick & Viding, 2009; Hinterbuchinger et al., 2018; Izuma 

et al., 2011; Viding et al., 2012; Viding & McCrory, 2019).

Social deprivation during the COVID-19 pandemic

For a solid social development it is crucial to live in an enriched and stimulating living and 

learning environment, and social interactions with peers are one of the basic human needs 

(Baumeister & Leary, 1995). During the COVID-19 pandemic, globally the social environment 

was very limited due to measures such as social distancing and closure of schools and sport 

clubs. Although the measures of this pandemic had positive effects for some children (e.g., 

due to more time for parent-child bonding), most studies concluded negative effects on e.g., 

children’s and adolescents’ mood, emotional reactivity, and stress levels (Achterberg et al., 

2021; Branje & Morris, 2021; Green et al., 2021). Moreover, although many youths showed to 

be resilient, increased numbers of adolescents with mental health problems were reported 

(Hollenstein et al., 2021). It should be noted that the findings described in the current thesis 

have been based on studies that have been conducted before the COVID-19 pandemic. There-

fore, future studies are needed to assess whether this pandemic had long-term effects on 

adolescents’ social development, or that they, for example, develop equally well but at a later 

age. Detrimental long-term effects may be limited because of the use of social media, which 

enabled people to have some sort of interactions and as such alleviate some of the adverse 

effects of physical distancing (Orben et al., 2020). However, a study using daily diaries in early 

adolescents during the pandemic showed that mood variability, related to experienced social 

attachment, was reduced for children who had offline contact with peers, whereas online 

contact did not influence mood variability (Asscheman et al., 2021). Especially longitudinal 

studies that started before, and will continue during and after the pandemic will be crucial for 

detecting long-lasting effects of the social constraints on social development.

6
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Conclusion

In conclusion, in this thesis I aimed to investigate the development and underlying mecha-

nisms of social learning in adolescence. The studies in this thesis show that adolescence is a 

key developmental period for developing well-adjusted social behaviors, and especially in the 

cooperative domain there are pronounced improvements. These studies make an important 

contribution to the literature on social development and learning, and may eventually con-

tribute to interventions targeted at promoting well-adjusted behavior in typically developing 

adolescents, as well as youth with maladaptive social tendencies.
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Als ik je zou vragen om drie dingen te noemen die je als kind of tiener hebt geleerd, welke 

zouden dat dan zijn? Waarschijnlijk denk je aan bepaalde vaardigheden of aan iets dat je uit 

schoolboeken hebt geleerd, zoals lezen, rekenen of fietsen. Dit zijn dingen die erg nuttig zijn 

om te leren, en die je vast al vaak hebt gebruikt. Naast het leren van zulke kennis of vaardig-

heden, bestaat er ook een ander soort leren: sociaal leren. Dat is het soort leren waarbij je 

sociale informatie leert. Je leert dan bijvoorbeeld over de mensen om je heen. Omdat mensen 

sociale wezens zijn, vormt sociale informatie het overgrote deel van wat we in ons leven leren. 

Dat wordt vooral duidelijk wanneer we in een hele nieuwe sociale omgeving komen, zoals na 

een verhuizing, bij een nieuwe baan, of op een nieuwe school. De meeste mensen ken je dan 

nog niet: wie zijn er aardig, en wie juist niet? Met wie zou je goed samen kunnen werken? 

Om daar achter te komen, moet je sociaal leren.

Er zijn verschillende vormen van sociaal leren. In mijn proefschrift heb ik me gericht op 

twee vormen: het leren over anderen, en het leren voor anderen. Bij het leren over anderen 

gaat het bijvoorbeeld om leren of je iemand kunt vertrouwen of niet. Het leren voor anderen 

wordt ook wel prosociaal leren genoemd (Lockwood et al., 2016). Hiermee wordt bedoeld 

dat je moet leren wat je het beste voor iemand kan doen om diegene te kunnen helpen. 

Bijvoorbeeld, om een verdrietige vriend te troosten, moet je weten hoe je diegene het beste 

kan opbeuren. Hoewel deze twee vormen van sociaal leren van elkaar verschillen, hebben 

ze ook overeenkomsten. Over het algemeen omvatten ze namelijk leren over wat we doen 

(onze acties) en de resultaten daarvan (uitkomst), waarbij andere mensen betrokken zijn. 

Het goed kunnen leren in een sociale omgeving is een erg belangrijke sociale vaardigheid 

(Fareri et al., 2020). Daardoor weet je bijvoorbeeld met wie je kunt samenwerken (zoals in 

school- of bedrijfsprojecten), aan wie je je geheimen kunt toevertrouwen, en hoe je iemand 

het beste kunt helpen. Het kunnen leren over en voor anderen helpt je dus om keuzes, 

waarbij anderen betrokken zijn, goed te maken en om te bepalen hoe je je in de buurt van 

andere mensen het beste kan gedragen. Zulk adaptief (d.w.z, goed aangepast) gedrag is 

dus belangrijk om te ontwikkelen. Ook heeft eerder onderzoek laten zien dat goede sociale 

vaardigheden essentieel zijn voor je gezondheid en (emotioneel) welzijn op de lange termijn 

(Baumeister & Leary, 1995; House et al., 1988).

De adolescentie als belangrijke fase voor de ontwikkeling van sociale 
vaardigheden

Een periode in onze ontwikkeling waarvan wordt gedacht dat we deze complexe sociale 

leervaardigheden ontwikkelen, is de adolescentie. De adolescentie, grofweg tussen de 9 en 

24 jaar oud, is namelijk een periode waarin ook veel andere sociale vaardigheden ontwik-

kelen en waarin er veel veranderingen plaatsvinden in de sociale omgeving. Zo brengen 
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adolescenten bijvoorbeeld meer tijd door met hun vrienden dan met hun familie, en worden 

hun vriendschappen intenser en complexer (Brown & Larson, 2009; De Goede et al., 2009; 

Lam et al., 2014). Van de psychosociale veranderingen in de adolescentie wordt gedacht dat 

ze het gevolg zijn van de hersenontwikkelingen die plaatsvinden (Blakemore & Mills, 2014; 

Nelson et al., 2016; Sommerville, 2013). Door deze veranderingen in de sociale omgeving en 

in het brein, is het aannemelijk dat de adolescentie ook een belangrijke periode is voor het 

ontwikkelen van sociaal leren. Één hoofddoel van mijn proefschrift is om de ontwikkeling van 

sociaal leren in de adolescentie te onderzoeken. 

Computationele mechanismen van sociaal leren

Het ander hoofddoel van dit proefschrift is om de onderliggende mechanismen van sociaal 

leren in de adolescentie te onderzoeken. Zulke onderliggende mechanismen zijn factoren die 

leeftijdsverschillen en/of individuele verschillen in sociaal leren verklaren. 

In mijn proefschrift heb ik onder andere gebruik gemaakt van het theoretisch kader rein-

forcement learning om de onderliggende mechanismen van sociaal leren in kaart te brengen 

(zie Figuur 1A). Reinforcement learning is het proces dat beschrijft hoe onze verwachtingen en 

eerdere ervaringen invloed hebben op onze toekomstige acties, en wordt met een wiskundige 

formule beschreven. Hierbij spelen predictie errors – het verschil tussen wat je verwacht en wat 

er daadwerkelijk gebeurt – een belangrijke rol. Als de uitkomst beter of slechter is dan verwacht, 

dan is er een predictie error. Hoe groter het verschil, hoe groter de predictie error. Deze predictie 

errors zorgen voor leren, omdat ze gebruikt worden voor het updaten van je verwachtingen met 

de nieuwe informatie. Zo zal een uitkomst dat beter is dan je verwacht (positieve predictie error) 

ervoor zorgen dat je in de toekomst vaker diezelfde actie zal verrichten. Terwijl je bij een uitkomst 

die slechter is dan je verwacht (negatieve predictie error) dat juist niet zo snel meer zal doen. 

De mate waarin je je verwachtingen aanpast nadat er iets anders gebeurt dan verwacht 

(predictie error), wordt bepaald door je learning rate. Als je een hoge learning rate heb, dan zal 

je drastisch je verwachtingen updaten in het geval van een predictie error. Met een lage learning 

rate, zullen je verwachtingen maar een beetje bijgesteld worden. Dat laatste kan gunstig zijn 

in situaties die vrij stabiel zijn, waardoor de informatie van een langere periode wordt gebruikt 

om verwachtingen te vormen.  

Om wiskundige formules zoals die van reinforcement learning toe te passen op gedrag, 

gebruiken onderzoekers de methode computationeel modelleren. Computationeel modelleren 

houdt in dat wiskundige formules, zoals die van reinforcement learning, gebruikt worden om 

gedrag te beschrijven. Hierdoor is het mogelijk om factoren te identificeren die je niet direct aan 

het gedrag kunt zien of meten. Dit maakt computationeel modelleren een waardevolle methode 

om menselijk gedrag te onderzoeken. In mijn proefschrift heb ik computationeel modelleren 

toegepast op sociaal leren, om de onderliggende mechanismen van leeftijdsverschillen en/of 

individuele verschillen van sociaal leren in de adolescentie in kaart te brengen. 
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Figuur 1. (A) Reinforcement learning. De actie die je uitvoert, is gebaseerd op je verwachting van de 

uitkomst van die actie. Na je actie wordt er geëvalueerd of de daadwerkelijke uitkomst verschilt van de 

uitkomst die je had verwacht. Het verschil hiertussen wordt de predictie error genoemd. Als de werke-

lijke uitkomst afwijkt van je verwachting (predictie error ≠ 0), wordt dit gebruikt om je verwachtingen 

voor de volgende actie of keuze bij te werken. De mate waarin je je verwachtingen updatet, wordt 

bepaald door je learning rate. (B) Het ventraal striatum en de mediale prefrontale cortex (mPFC) zijn 

hersengebieden die betrokken zijn bij reinforcement learning. 

Neurale mechanismen van sociaal leren

Een andere methode om onderliggende mechanismen van sociaal leren te onderzoeken, is 

functionele neuroimaging. Voor hersenonderzoek gebruiken wetenschappers vaak Magnetic 

Resonance Imaging (MRI) scanners. Dit is een niet-invasieve methode, dat ook geschikt 

is om bij kinderen en adolescenten toe te passen. Als de MRI scanner wordt gebruikt om 

hersenactiviteit te meten, wordt dit functionele MRI (fMRI) genoemd. Wanneer deelnemers 

een taak uitvoeren (bijvoorbeeld een sociale leertaak) tijdens het scannen, worden er om de 

paar seconden foto’s van de hersenen gemaakt. Met deze techniek kunnen onderzoekers 

bestuderen welke hersengebieden bij welke onderdelen van de taken betrokken zijn. 

Voor het onderzoeken van sociaal leren, is het nuttig om computationeel modelleren en 

fMRI te combineren. Zo kunnen de predictie errors uit de computationele modellen gebruikt 

worden in de fMRI analyses, zodat deze leersignalen in de hersenen kunnen worden bekeken. 

Belangrijke hersengebieden die betrokken zijn bij reinforcement learning, zijn het ventrale 

striatum en de mediale prefrontale cortex (mPFC) (zie Figuur 1B). Het striatum is een gebied 

in het midden van de hersenen, dat je gebruikt als je keuzes maakt, wanneer je iets leuk 

vindt, of als iets belonend is. Ook is het ventraal striatum belangrijk voor het berekenen van 

predictie errors. Het is daarom een belangrijk gebied voor (sociaal) leren (Olsson et al., 2020). 

Het striatum is verbonden met de mPFC, welke zich voor in het brein bevindt. Van de mPFC 

wordt gedacht dat het belangrijk is voor het nadenken over wat andere mensen denken, en 

om beslissingen te maken die te maken hebben met andere mensen. Daarnaast is de mPFC 

ook betrokken bij reinforcement learning (Joiner et al., 2017). Hoewel meerdere hersengebie-

A



182

Addendum

den betrokken zullen zijn bij (sociaal) leren, wordt verwacht dat het ventraal striatum en de 

mPFC een sleutelrol spelen bij sociaal leren. 

Dit proefschrift

Het doel van dit proefschrift is om de ontwikkeling en onderliggende mechanismen van so-

ciaal leren in de adolescentie te onderzoeken. Ik focus me hierbij op (1) het leren over andere 

mensen, in het bijzonder of ze (on)coöperatief en (on)betrouwbaar zijn, en (2) het leren voor 

andere mensen, oftewel leren welke acties anderen kunnen helpen (prosociaal leren). Om de 

ontwikkeling van sociaal leren te onderzoeken, heb ik meerdere steekproeven onderzocht 

die de vroege tot late adolescentie beslaan (± 8-10 jaar tot ± 21-24 jaar). Om de onderliggen-

de mechanismen te onderzoeken, die de leeftijdsverschillen en/of individuele verschillen in 

sociaal leren kunnen verklaren, heb ik gebruik gemaakt van zelfrapportage vragenlijsten, en 

van de methoden computationeel modelleren en functionele neuroimaging (fMRI). 

Samenvatting van de resultaten

Leren over het gedrag van anderen in de adolescentie

In hoofdstuk 2, heb ik onderzocht hoe adolescenten leren over het gedrag van anderen. Aan 

dit onderzoek deden 244 jongeren tussen de 8 en 23 jaar mee. Deze jongeren hebben een 

aantal spellen met anonieme leeftijdsgenoten gespeeld. In die spellen konden ze leren welke 

tegenstanders zich overwegend coöperatief (betrouwbaar, samenwerkend), of overwegend 

niet-coöperatief (onbetrouwbaar, niet-samenwerkend) gedroegen. Door dat over de tegen-

standers te leren en vervolgens hun eigen keuzes daaraan goed aan te passen, konden ze 

betere scores behalen in het spel. Zo was het in één van de spellen gunstig om de betrouwbare 

mensen te vertrouwen, terwijl ze de onbetrouwbare mensen beter niet konden vertrouwen. In 

een ander spel was het gunstig om een voordeel te accepteren van samenwerkende anderen, 

en om een nadeel te accepteren van niet-samenwerkende anderen. 

We vonden dat de sociale leervaardigheden van adolescenten een asymmetrisch ontwik-

kelingspatroon lieten zien: al vanaf de vroege adolescentie (± 8-10 jaar) pasten de jongeren 

hun gedrag goed aan wanneer het gunstig was om niet-coöperatieve keuzes te maken (zoals 

iemand niet vertrouwen). Daarentegen we vonden een sterke verbetering in de vroeg-midden 

adolescentie (± 12-14 jaar) wanneer ze moesten leren dat het gunstig was om coöperatieve 

keuzes te maken (zoals iemand wél vertrouwen). Met gedragsanalyses en computationeel 

modelleren hebben we laten zien dat deze verbeteringen in sociaal leren deels verklaard 

konden worden door leeftijdsverschillen in ‘aversie voor ongelijkheid’. Specifiek, vonden jon-

gere adolescenten, vergeleken met de oudere adolescenten, het erger om minder te hebben 

dan iemand anders, wat er vervolgens voor zorgde dat ze hun gedrag minder goed aanpasten. 

Daarnaast vonden we met computationeel modelleren dat er ook leeftijdsverschillen in de 
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learning rates (updaten van verwachtingen) waren. Terwijl de jongere adolescenten van begin 

tot het einde van het spel hun verwachtingen over de tegenstanders bleven updaten, hadden 

de oudere adolescenten (midden-adolescentie) halverwege het spel al stabielere verwachtin-

gen. Daardoor waren deze oudere adolescenten beter in staat om meer informatie over de 

tegenstanders te gebruiken om tot een keuze te komen.   

Tezamen suggereren de resultaten van dit hoofdstuk dat de vroeg-midden adolescentie 

een ontwikkelingsperiode is waarin er een snelle verbetering is in sociale leervaardigheden, 

en dat de verbeteringen vooral te zien zijn in het coöperatieve domein. 

Flexibel leren over de betrouwbaarheid van anderen in de adolescentie

In hoofdstuk 3, heb ik voortgebouwd op het onderzoek in hoofdstuk 2. In deze studie ge-

bruikte ik nogmaals het spel waarin de deelnemers konden leren over de betrouwbaarheid 

van anderen. Daar heb ik een onderdeel aan toegevoegd, waarin het gedrag van de tegen-

standers – onaangekondigd - compleet veranderde van betrouwbaar naar onbetrouwbaar, en 

vice versa. Op die manier kon ik onderzoeken hoe flexibel adolescenten hun gedrag kunnen 

aanpassen nadat iemands betrouwbaarheid verandert. Ook was er een niet-sociaal onderdeel 

in het spel toegevoegd, waarin de deelnemers niet met andere jongeren speelden, maar met 

gokautomaten. Zo was het mogelijk om te onderzoeken of sociaal leren en niet-sociaal leren 

van elkaar verschillen. Aan dit onderzoek deden 157 adolescenten tussen de 10 en 24 jaar 

oud mee.  

In lijn met de bevindingen van hoofdstuk 2, waren adolescenten van alle leeftijden er 

beter in om te leren wie ze niet konden vertrouwen dan wie ze wél konden vertrouwen. Voor 

beiden vonden we verbeteringen over leeftijd, al waren deze leeftijdsverbeteringen dit keer 

even sterk. Bij het onderdeel waarin de betrouwbaarheid van de tegenstanders plotseling 

omkeerde, vonden we wel weer een asymmetrie in de ontwikkelingspatronen: alle leeftijden 

pasten even snel hun gedrag aan wanneer de tegenstander onbetrouwbaar was geworden. 

Maar om te leren dat een onbetrouwbaar iemand opeens toch wel betrouwbaar was gewor-

den, leerden de oudere adolescenten beter dan de jongere adolescenten. Deze flexibiliteit was 

het sterkst vanaf de midden-adolescentie, en was dus ook in dit onderzoek het sterkst in het 

coöperatieve domein (leren wél te vertrouwen). We vonden geen verschillen tussen sociaal 

en niet-sociaal leren, want lijkt te suggereren dat er een sterke overlap is tussen deze twee 

vormen van leren, of dat verschillende onderliggende mechanismen tot hetzelfde gedrag 

hebben geleid (Morton, 2010). 

Daarnaast heb ik in deze studie ook onderzocht of iemands opvoeding invloed heeft op 

sociale leervaardigheden. Hoewel de adolescentie een periode is waarin leeftijdsgenoten een 

belangrijke rol spelen, kunnen onze kijk op de wereld en onze verwachtingen over anderen ook 

worden beïnvloed door onze thuisomgeving. Eerder onderzoek heeft bijvoorbeeld aangetoond 

dat personen die opgroeien in huishoudens met overwegend negatieve opvoedingsstijlen 
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(zoals het uiten van negatieve emoties), en fysieke en emotionele verwaarlozing, een ver-

hoogde kans hebben op verminderd sociaal functioneren (Gobin & Freyd, 2014; McCrory & 

Viding, 2015; Overbeek et al., 2020). Het was echter nog niet bekend of omgevingsfactoren 

zoals de opvoeding ook van invloed zijn op de sociale leervaardigheden van adolescenten. 

In dit onderzoek heb ik aangetoond dat adolescenten die aangaven meer negatieve opvoe-

dingspraktijken te hebben ervaren (met name slechtere ouderlijke controle) minder flexibel 

waren in hun sociaal leren. In het bijzonder uitten ze te veel vertrouwen naar tegenstanders 

die plotseling onbetrouwbaar waren geworden. 

Concluderend, wijzen deze resultaten op de adolescentie als een periode waarin sociale 

leervaardigheden adaptiever worden, en vanaf de midden-adolescentie ook steeds flexibeler 

worden. Echter kan het sociale leervermogen beïnvloed worden door iemands gezinsomge-

ving. 

Effecten van verwachtingen op vertrouwensgedrag

In hoofdstuk 4 heb ik de keuzes van adolescenten om te vertrouwen, en de onderliggende 

cognitieve mechanismen, verder onderzocht. Wanneer we besluiten om iemand te vertrou-

wen, is er onzekerheid of ons vertrouwen wordt beschaamd. Deze onzekerheid kun je vaak 

verminderen door informatie te verzamelen over de ander, bijvoorbeeld over hoe betrouwbaar 

diegene in het verleden is geweest. Het vermogen om onze verwachtingen over de betrouw-

baarheid van anderen te updaten met de nieuwe verzamelde informatie, is een essentieel on-

derdeel van adaptief sociaal gedrag. In dit onderzoek (N = 157, 10-24 jaar, dezelfde steekproef 

als in hoofdstuk 3) heb ik  onderzocht hoe en hoeveel informatie adolescenten verzamelen 

over de betrouwbaarheid van anderen om te beslissen of ze hen al dan niet vertrouwen. 

Daarnaast heb ik onderzocht hoe ze deze informatie gebruiken om hun verwachtingen over 

de betrouwbaarheid van deze anderen te updaten. 

In lijn met de bevindingen uit hoofdstuk 2 en 3 lieten de gedragsanalyses zien dat oudere 

adolescenten, vergeleken met jongere adolescenten, adaptiever gedrag lieten zien. Zo ver-

trouwden ze in vergelijking met de jongere adolescenten vaker als de anderen betrouwbaar 

waren, en verzamelden ze vooral meer informatie wanneer de informatie uit hun steekproef 

nogal inconsistent was (zoals 50% van de keren betrouwbaar) dan wanneer hun steekproef 

consistent was (zoals 100% van de keren betrouwbaar). Met behulp van computationeel 

modelleren hebben we de onderliggende processen hiervan kunnen onderzoeken. Dit liet 

zien dat de grootste leeftijdsverschillen zaten in de onzekerheid over hun verwachtingen, wat 

aangeeft hoeveel variatie in betrouwbaarheid ze verwachten tegen te komen. In de vroeg-mid-

den adolescentie nam deze onzekerheid het sterkst toe. Deze toegenomen onzekerheid bij 

de oudere adolescenten leidde ertoe dat niet zozeer hun verwachtingen maar de verzamelde 

informatie bepaalde of ze iemand zouden vertrouwen of niet.  
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Deze bevindingen wijzen dus op de vroege tot midden adolescentie als een ontwikke-

lingsfase waarin adolescenten meer openstaan ​​voor mogelijke individuele verschillen in de 

betrouwbaarheid, waardoor ze flexibel kunnen leren dat sommige mensen betrouwbaar zijn 

en andere niet.

Prosociaal leren in de adolescentie

In hoofdstuk 5 heb ik een andere vorm van sociaal leren onderzocht: prosociaal leren. In deze 

fMRI studie heb ik de ontwikkeling en onderliggende computationele en neurale mechanis-

men van prosociaal leren onderzocht in 74 adolescenten tussen de 9 en 21 jaar oud. In een 

prosociale leertaak kregen de deelnemers telkens de keuze tussen 2 plaatjes. Het ene plaatje 

was vaak gekoppeld aan een beloning, terwijl het andere plaatje vaak was gekoppeld aan 

verlies. Na een aantal rondes konden de deelnemers leren met welk plaatje ze de meeste 

beloningen konden verdienen. Soms speelden ze dit voor zichzelf, en dan was de beloning 

voor zichzelf. Soms speelden ze voor iemand anders – een onbekende andere deelnemer in 

het onderzoek – wat prosociaal leren beoogde te meten. 

De gedragsanalyses lieten zien dat adolescenten tussen 9 en 21 jaar in staat zijn om te 

leren om beloningen te verkrijgen voor zichzelf en voor anderen. De oudere adolescenten 

konden, vergeleken met jongere adolescenten, beter leren voor zowel zichzelf als voor een 

ander. Echter was het vooral  het prosociaal leren dat de sterkste verbetering liet zien over 

leeftijd. Door middel van computationeel modelleren konden we de learning rates en predictie 

errors voor prosociaal leren onderzoeken. Ook de learning rates lieten de sterkste verbetering 

zien wanneer het ging om prosociaal leren versus leren voor zichzelf. De predictie errors 

hebben we toegepast in de fMRI analyses, zodat we deze leersignalen in het brein konden 

onderzoeken. De predictie errors voor het leren voor jezelf vonden we terug in het ventraal 

striatum. Deze leersignalen lieten geen leeftijdsverschillen zien. Daarentegen waren de pre-

dictie errors voor prosociaal leren gerelateerd aan activiteit in de ventromediale prefrontale 

cortex. Deze predictie error activatie tijdens prosociaal leren nam toe over leeftijd, en was 

daarnaast ook gerelateerd aan individuele verschillen in empathie.  

Deze resultaten tonen aan dat ook prosociaal leren verbetert in de vroeg-midden adoles-

centie, zowel op gedrags-, computationeel-, en neuraal niveau. In lijn met de vorige hoofd-

stukken laat ook dit hoofdstuk zien dat leeftijdsverschillen het sterkst zijn voor gedrag dat 

met andere mensen te maken heeft.  
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Discussie en implicaties

Adolescentie als een belangrijke ontwikkelingsperiode voor het ontwikkelen van 
adaptief sociaal gedrag

In de empirische hoofdstukken van dit proefschrift heb ik onderzocht hoe leren over en 

leren voor anderen ontwikkelt in de adolescentie. Deze leeftijdsverschillen heb ik bestudeerd 

in steekproeven met een brede leeftijdsrange, van de vroege adolescentie (± 8-10 jaar) tot 

de late adolescentie (± 21-24 jaar). In dit proefschrift heb ik met verschillende studies laten 

zien dat de vroeg-midden adolescentie een periode is waarin de sociale leervaardigheden 

verbeteren. Zulke verbeteringen, zeker in het sociale domein, zijn met name relevant in een 

ontwikkelingsfase zoals de adolescentie. In de adolescentie zijn er namelijk veel veranderin-

gen in sociale relaties, zoals het opbouwen van hechte vriendschappen. Daarnaast komen 

adolescenten steeds meer in aanraking met sociale situaties op school, sportclubs, en andere 

sociale gelegenheden (Fuligni, 2009). Adolescenten hebben dus belang bij het vertonen van 

adaptief sociaal gedrag, waar goede sociale leervaardigheden voor nodig zijn. 

Daarnaast heb ik in dit proefschrift laten zien dat de verbeteringen van sociaal gedrag over 

leeftijd vooral, of het sterkst, plaatsvinden in het coöperatieve domein (zoals leren wél te ver-

trouwen, en prosociaal leren). Dit is in lijn met eerder onderzoek dat aantoont dat gedrag dat 

op anderen gericht is (‘other-oriented behavior’) – zoals coöperatief gedrag – verbetert in de 

adolescentie (Crone & Fuligni, 2020). Er wordt gesuggereerd dat de adolescentie een belang-

rijke periode is voor het creëren van de juiste balans tussen de behoeften van jezelf en die van 

anderen. Door die balans ben je in staat om goede sociale banden met anderen te vormen, en 

om een goede bijdrage te leveren aan de maatschappij (Crone & Fuligni, 2020; Fuligni, 2019). 

Dit kwam bijvoorbeeld ook terug in hoofdstuk 2 waarin oudere adolescenten het minder erg 

vonden om wat minder te hebben dan iemand anders, wat vervolgens bevorderlijk was voor 

het goed aanpassen van hun gedrag aan anderen. Samengevat zijn de bevindingen van dit 

proefschrift in lijn met de hypothese dat we naarmate we ouder worden minder ‘egoïstisch’ 

worden, en dat we beter in staat zijn om met anderen te werken aan collectief welzijn, ook 

al is dit niet altijd even gunstig voor onszelf als voor een ander.

Hoewel de resultaten van dit proefschrift inzicht geven in de ontwikkelingspatronen van 

sociaal leren, moet er wel worden opgemerkt dat de resultaten gebaseerd zijn op cross-secti-

onele studies. Dat houdt in dat elke proefpersoon slechts op één tijdspunt is onderzocht. Om 

ontwikkelingspatronen goed in kaart te brengen, zijn longitudinale studies echter geschikter. 

Met longitudinale studies worden proefpersonen op meerdere momenten onderzocht, en 

kan bijvoorbeeld onderzocht worden of en hoe sterk iemands sociale leervaardigheden ver-

beteren door de jaren heen. Longitudinaal vervolgonderzoek is dus nodig om de gevonden 

ontwikkelingspatronen in sociaal leren te bevestigen. 



187

Nederlandse Samenvatting

Het toepassen van computationeel modelleren om de ontwikkeling van sociaal 
gedrag te onderzoeken 

In dit proefschrift heb ik computationeel modelleren toegepast om de ontwikkeling van 

sociaal leren te onderzoeken. Dat is een vrij innovatieve benadering geweest: pas sinds een 

aantal jaar worden computationele modellen toegepast op niet-sociaal leren in kinderen en 

adolescenten (Nussenbaum & Hartley, 2019). Het toepassen van computationele modellen op 

sociaal leren is voornamelijk gedaan bij data van volwassen proefpersonen (Joiner et al., 2017; 

Lockwood et al., 2020; Olsson et al., 2020). De computationele mechanismen van sociaal 

leren in de adolescentie zijn dus nog nauwelijks onderzocht.   

De computationele modellen in dit proefschrift hebben tot meerdere inzichten geleid. Zo 

heb ik bijvoorbeeld laten zien dat learning rates voor het leren over anderen (hoofdstuk 2) en 

het leren voor anderen (hoofdstuk 5) afnamen over leeftijd. Deze afnames in learning rates 

waren gerelateerd aan verbeteringen in sociale leervaardigheden. De sociale leeromgevingen 

in dit proefschrift waren echter vrij stabiel; toekomstig onderzoek moet aantonen of zulke 

patronen er ook zijn in veranderende of onvoorspelbare sociale omgevingen. Ten tweede, 

hebben de computationele modellen in hoofdstuk 4 inzicht gegeven in onderliggende cog-

nitieve mechanismen van sociaal gedrag. Computationeel modelleren heeft een voordeel 

ten opzichte van het gebruik van vragenlijsten, aangezien die laatste bijvoorbeeld kunnen 

leiden tot sociaal-wenselijke antwoorden (Althubaiti, 2016). Tot slot, hebben de computatio-

nele modellen ervoor gezorgd dat de leersignalen (predictie errors) in het brein onderzocht 

konden worden. Dit is een nauwkeurigere methode dan slechts het bekijken van neurale 

activatie tijdens positieve en negatieve uitkomsten, en geeft nieuwe inzichten in menselijk 

sociaal gedrag (zie Lockwood & Klein-Flügge (2020) voor een overzicht). Daarom raad ik aan 

dat toekomstig ontwikkelingsonderzoek naar (sociaal) leren ook streeft naar het gebruik van 

computationele leerparameters in de fMRI analyses.    

Praktische implicaties 

De studies in dit proefschrift hebben kennis opgeleverd over hoe sociale leervaardigheden zich 

manifesteren in de adolescentie. Deze inzichten in de ontwikkeling geven aan welke leeftijden 

het meest ontvankelijk zijn voor interventies voor het verbeteren van sociale vaardigheden, 

zoals sociaal leren (Dahl et al., 2018; Yeager et al., 2018). De bevindingen in dit proefschrift 

hebben aangetoond dat de vroeg-midden adolescentie de sterkste ontwikkeling van sociale 

leervaardigheden laat zien. Dat maakt deze periode erg geschikt voor interventies die erop 

gericht zijn om sociale vaardigheden, waaronder sociaal leren, te verbeteren in typisch ont-

wikkelende jongeren.   

Verder zijn de inzichten uit studies in typisch ontwikkelende jongeren zoals in dit proef-

schrift essentieel voor het begrijpen van ontwikkelingsstoornissen (Karmiloff-Smith, 1998). 

A



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

188

Addendum

Bovendien bieden deze bevindingen belangrijke aanknopingspunten voor interventies voor 

jongeren met afwijkend sociaal gedrag, zoals jongeren met antisociale gedragsstoornissen 

of autismespectrumstoornis (Frick & Viding, 2009; Hinterbuchinger et al., 2018; Izuma et al. 

al., 2011; Viding et al., 2012; Viding & McCrory, 2019).

Gemis aan sociale interacties tijdens de COVID-19 pandemie

Voor een degelijke sociale ontwikkeling is het cruciaal om in een verrijkte leef- en leeromge-

ving te leven, met voldoende sociale interacties met leeftijdsgenoten (Baumeister & Leary, 

1995). Tijdens de COVID-19-pandemie was de sociale omgeving voor mensen over de hele 

wereld zeer beperkt, door maatregelen als social distancing en het sluiten van scholen en 

sportclubs. Hoewel de maatregelen van deze pandemie voor sommige jongeren positieve 

effecten hadden (bijvoorbeeld doordat ouders meer tijd met hun kinderen konden doorbren-

gen), concludeerden de meeste onderzoeken negatieve effecten op bijvoorbeeld de stemming, 

emotionele reactiviteit en stressniveaus van kinderen en adolescenten (Achterberg et al., 

2021; Branje & Morris, 2021; Green et al., 2021). Bovendien, hoewel veel jongeren veerkrach-

tig bleken te zijn, werden er meer adolescenten met psychische problemen gerapporteerd 

(Hollenstein et al., 2021).

De bevindingen die in dit proefschrift worden beschreven, zijn gebaseerd op onderzoeken 

die zijn uitgevoerd vóór de COVID-19-pandemie. Toekomstig onderzoek is dus nodig om te 

beoordelen of deze pandemie langetermijneffecten heeft op de sociale ontwikkeling van 

adolescenten, of dat ze zich bijvoorbeeld even goed ontwikkelen, maar wellicht op latere 

leeftijd. Vooral longitudinaal onderzoek dat voor de pandemie is gestart, en tijdens en na de 

pandemie zal worden voortgezet, zal cruciaal zijn voor het detecteren van langdurige effecten 

van de sociale beperkingen in deze pandemie op de sociale ontwikkeling.

Conclusie

Concluderend, heb ik in dit proefschrift de ontwikkeling en onderliggende mechanismen 

van sociaal leren in de adolescentie onderzocht. De studies in dit proefschrift laten zien dat 

de adolescentie een belangrijke periode is voor het ontwikkelen van adaptief sociaal gedrag, 

en vooral in het coöperatieve domein zijn er duidelijke verbeteringen. Deze studies leveren 

een belangrijke bijdrage aan de wetenschappelijke kennis over de sociale ontwikkeling en 

leren. Daarnaast kunnen de bevindingen bijdragen aan interventies die gericht zijn op het 

bevorderen van adaptief gedrag bij typisch ontwikkelende adolescenten, evenals jongeren 

met antisociale neigingen.



Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022



Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

191

References

References

A	 Achterberg, M., Dobbelaar, S., Boer, O. D., & Crone, E. A. (2021). Perceived stress as mediator 

for longitudinal effects of the COVID-19 lockdown on wellbeing of parents and children. 

Scientific Reports, 11(1), 2971. https://doi.org/10.1038/s41598-021-81720-8

Achterberg, M., Peper, J. S., van Duijvenvoorde, A. C. K., Mandl, R. C. W., & Crone, E. A. (2016). 

Frontostriatal White Matter Integrity Predicts Development of Delay of Gratification: A 

Longitudinal Study. The Journal of Neuroscience, 36(6), 1954–1961. https://doi.org/10.1523/

JNEUROSCI.3459-15.2016

Aimone, J. A., & Houser, D. (2012). What you don’t know won’t hurt you: A laboratory analysis 

of betrayal aversion. Experimental Economics, 15(4), 571–588.

Albert, D., Chein, J., & Steinberg, L. (2013). The teenage brain: Peer influences on adolescent 

decision making. Current Directions in Psychological Science, 22(2), 114–120.

Althubaiti, A. (2016). Information bias in health research: Definition, pitfalls, and adjustment 

methods. Journal of Multidisciplinary Healthcare, 9, 211–217. https://doi.org/10.2147/JMDH.

S104807

Altikulaç, S., Lee, N. C., van der Veen, C., Benneker, I., Krabbendam, L., & van Atteveldt, 

N. (2019). The Teenage Brain: Public Perceptions of Neurocognitive Development during 

Adolescence. Journal of Cognitive Neuroscience, 31(3), 339–359. https://doi.org/10.1162/

jocn_a_01332

Apps, M. A. J., Green, R., & Ramnani, N. (2013). Reinforcement learning signals in the anterior 

cingulate cortex code for others’ false beliefs. NeuroImage, 64, 1–9. https://doi.org/10.1016/j.

neuroimage.2012.09.010

Asscheman, J. S., Koot, S., Ma, I., Buil, J. M., Krabbendam, L., Cillessen, A. H. N., & van Lier, P. 

A. C. (2019). Heightened neural sensitivity to social exclusion in boys with a history of low 

peer preference during primary school. Developmental Cognitive Neuroscience, 38, 100673. 

https://doi.org/10.1016/j.dcn.2019.100673

Asscheman, J. S., Zanolie, K., Bexkens, A., & Bos, M. G. N. (2021). Mood Variability Among 

Early Adolescents in Times of Social Constraints: A Daily Diary Study During the COVID-

19 Pandemic. Frontiers in Psychology, 12, 3635. https://doi.org/10.3389/fpsyg.2021.722494

Atteveldt, N. M. van, Kesteren, M. van, Braams, B., & Krabbendam, L. (2018). Neuroimaging 

of learning and development: Improving ecological validity. Frontline Learning Research, 

6(3), 186–203. https://doi.org/10.14786/flr.v6i3.366

B	 Báez-Mendoza, R., & Schultz, W. (2013). The role of the striatum in social behavior. Frontiers 

in Neuroscience, 7. https://doi.org/10.3389/fnins.2013.00233

Bandura, A. (1977). Social learning theory. Englewood Cliffs, NJ: Prentice Hall.

A

https://doi.org/10.1038/s41598-021-81720-8
https://doi.org/10.1523/
https://doi.org/10.2147/JMDH.
https://doi.org/10.1162/
https://doi.org/10.1016/j.
https://doi.org/10.1016/j.dcn.2019.100673
https://doi.org/10.3389/fpsyg.2021.722494
https://doi.org/10.14786/flr.v6i3.366
https://doi.org/10.3389/fnins.2013.00233


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

192

Addendum

Bates, D., Mächler, M., Bolker, B., & Walker, S. (2014). Fitting Linear Mixed-Effects Models 

using lme4. ArXiv:1406.5823 [Stat]. http://arxiv.org/abs/1406.5823

Baumeister, R. F., Bratslavsky, E., Finkenauer, C., & Vohs, K. D. (2001). Bad is Stronger 

than Good. Review of General Psychology, 5(4), 323–370. https://doi.org/10.1037/1089-

2680.5.4.323

Baumeister, R. F., & Leary, M. R. (1995). The need to belong: Desire for interpersonal attach-

ments as a fundamental human motivation. Psychological Bulletin, 117(3), 497–529. https://

doi.org/10.1037/0033-2909.117.3.497

Behrens, T. E. J., Woolrich, M. W., Walton, M. E., & Rushworth, M. F. S. (2007). Learning the 

value of information in an uncertain world. Nature Neuroscience, 10(9), 1214–1221. https://

doi.org/10.1038/nn1954

Bellman, R. (1952). On the theory of dynamic programming. Proceedings of the National 

Academy of Sciences of the United States of America, 38(8), 716.

Benjamini, Y., & Hochberg, Y. (1995). Controlling the False Discovery Rate: A Practical and 

Powerful Approach to Multiple Testing. Journal of the Royal Statistical Society: Series B 

(Methodological), 57(1), 289–300. https://doi.org/10.1111/j.2517-6161.1995.tb02031.x

Benz, M., & Meier, S. (2008). Do people behave in experiments as in the field?—Evidence 

from donations. Experimental Economics, 11(3), 268–281. https://doi.org/10.1007/s10683-

007-9192-y

Beranek, B., Cubitt, R., & Gächter, S. (2015). Stated and revealed inequality aversion in 

three subject pools. Journal of the Economic Science Association, 1(1), 43–58. https://doi.

org/10.1007/s40881-015-0007-1

Berg, J., Dickhaut, J., & McCabe, K. (1995). Trust, Reciprocity, and Social History. Games and 

Economic Behavior, 10(1), 122–142. https://doi.org/10.1006/game.1995.1027

Blake, P. R., & McAuliffe, K. (2011). “I had so much it didn’t seem fair”: Eight-year-olds reject two 

forms of inequity. Cognition, 120(2), 215–224. https://doi.org/10.1016/j.cognition.2011.04.006

Blake, P. R., McAuliffe, K., Corbit, J., Callaghan, T. C., Barry, O., Bowie, A., Kleutsch, L., Kramer, 

K. L., Ross, E., Vongsachang, H., Wrangham, R., & Warneken, F. (2015). The ontogeny of 

fairness in seven societies. Nature, 528(7581), 258–261. https://doi.org/10.1038/nature15703

Blakemore, S.-J. (2008). The social brain in adolescence. Nature Reviews Neuroscience, 9(4), 

267.

Blakemore, S.-J., & Mills, K. L. (2014). Is Adolescence a Sensitive Period for Sociocultural 

Processing? Annual Review of Psychology, 65(1), 187–207. https://doi.org/10.1146/an-

nurev-psych-010213-115202

Blanco, M., Engelmann, D., & Normann, H. T. (2011). A within-subject analysis of other-regard-

ing preferences. Games and Economic Behavior, 72(2), 321–338. https://doi.org/10.1016/j.

geb.2010.09.008

http://arxiv.org/abs/1406.5823
https://doi.org/10.1037/1089-
https://doi.org/10.1037/0033-2909.117.3.497
tel:0033-2909.117.3.497
https://doi.org/10.1038/nn1954
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1007/s10683-
https://doi.org/10.1006/game.1995.1027
https://doi.org/10.1016/j.cognition.2011.04.006
https://doi.org/10.1038/nature15703
https://doi.org/10.1146/an-
https://doi.org/10.1016/j.


193

References

Blankenstein, N. E., Crone, E. A., van den Bos, W., & van Duijvenvoorde, A. C. (2016). Dealing 

with uncertainty: Testing risk-and ambiguity-attitude across adolescence. Developmental 

Neuropsychology, 41(1–2), 77–92.

Blankenstein, N. E., Schreuders, E., Peper, J. S., Crone, E. A., & van Duijvenvoorde, A. C. (2018). 

Individual differences in risk-taking tendencies modulate the neural processing of risky and 

ambiguous decision-making in adolescence. NeuroImage, 172, 663–673.

Boelen, P. A., Vrinssen, I., & van Tulder, F. (2010). Intolerance of uncertainty in adolescents: 

Correlations with worry, social anxiety, and depression. The Journal of Nervous and Mental 

Disease, 198(3), 194–200.

Bolenz, F., Reiter, A. M. F., & Eppinger, B. (2017). Developmental Changes in Learning: Com-

putational Mechanisms and Social Influences. Frontiers in Psychology, 8, 2048. https://doi.

org/10.3389/fpsyg.2017.02048

Bowler, A., Habicht, J., Steinbeis, N., Moutoussis, M., & Hauser, T. U. (2020). Look up what you 

cannot solve in your mind! Children increase information gathering to counteract imprecise 

planning abilities.

Braams, B. R., Davidow, J. Y., & Somerville, L. H. (2019). Developmental patterns of change 

in the influence of safe and risky peer choices on risky decision-making. Developmental 

Science, 22(1), e12717.

Braams, B. R., van Duijvenvoorde, A. C. K., Peper, J. S., & Crone, E. A. (2015). Longitudinal 

Changes in Adolescent Risk-Taking: A Comprehensive Study of Neural Responses to Re-

wards, Pubertal Development, and Risk-Taking Behavior. Journal of Neuroscience, 35(18), 

7226–7238. https://doi.org/10.1523/JNEUROSCI.4764-14.2015

Brandner, P., Güroğlu, B., & Crone, E. A. (2020). I am happy for us: Neural processing of 

vicarious joy when winning for parents versus strangers. Cognitive, Affective, & Behavioral 

Neuroscience. https://doi.org/10.3758/s13415-020-00839-9

Brandner, P., Güroğlu, B., van de Groep, S., Spaans, J. P., & Crone, E. A. (2021). Happy for 

Us not Them: Differences in neural activation in a vicarious reward task between family 

and strangers during adolescent development. Developmental Cognitive Neuroscience, 51, 

100985. https://doi.org/10.1016/j.dcn.2021.100985

Branje, S., & Morris, A. S. (2021). The Impact of the COVID-19 Pandemic on Adolescent 

Emotional, Social, and Academic Adjustment. Journal of Research on Adolescence, 31(3), 

486–499. https://doi.org/10.1111/jora.12668

Brown, B. B., & Larson, J. (2009). Peer Relationships in Adolescence. In Handbook of Ad-

olescent Psychology. American Cancer Society. https://doi.org/10.1002/9780470479193.

adlpsy002004

Burke, C. J., Tobler, P. N., Baddeley, M., & Schultz, W. (2010). Neural mechanisms of obser-

vational learning. Proceedings of the National Academy of Sciences, 107(32), 14431–14436. 

https://doi.org/10.1073/pnas.1003111107

A

https://doi.org/10.1523/JNEUROSCI.4764-14.2015
https://doi.org/10.3758/s13415-020-00839-9
https://doi.org/10.1016/j.dcn.2021.100985
https://doi.org/10.1111/jora.12668
https://doi.org/10.1002/9780470479193.
https://doi.org/10.1073/pnas.1003111107


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

194

Addendum

Burke, S. M., Groep, S. van de, Brandner, P., & Crone, E. A. (2020). Neurocognitive Developmen-

tal Changes in Trust and Reciprocity Across Adolescence. The Oxford Handbook of Devel-

opmental Cognitive Neuroscience. https://doi.org/10.1093/oxfordhb/9780198827474.013.26

C	 Camerer, C. (2003). Behavioral Game Theory. Russell Sage Foundation, New York, NY.

Camerer, C., & Mobbs, D. (2017). Differences in Behavior and Brain Activity during Hypothet-

ical and Real Choices. Trends in Cognitive Sciences, 21(1), 46–56. https://doi.org/10.1016/j.

tics.2016.11.001

Casey, B. J., Jones, R. M., & Hare, T. A. (2008). The Adolescent Brain. Annals of the New York 

Academy of Sciences, 1124(1), 111–126. https://doi.org/10.1196/annals.1440.010

Cecil, C. A. M., Barker, E. D., Jaffee, S. R., & Viding, E. (2012). Association between maladaptive 

parenting and child self-control over time: Cross-lagged study using a monozygotic twin 

difference design. The British Journal of Psychiatry: The Journal of Mental Science, 201(4), 

291–297. https://doi.org/10.1192/bjp.bp.111.107581

Chang, L. J., Doll, B. B., van’t Wout, M., Frank, M. J., & Sanfey, A. G. (2010). Seeing is believing: 

Trustworthiness as a dynamic belief. Cognitive Psychology, 61(2), 87–105.

Chang, L. J., & Sanfey, A. G. (2013). Great expectations: Neural computations underlying the 

use of social norms in decision-making. Social Cognitive and Affective Neuroscience, 8(3), 

277–284. https://doi.org/10.1093/scan/nsr094

Chein, J., Albert, D., O’Brien, L., Uckert, K., & Steinberg, L. (2011). Peers increase adolescent 

risk taking by enhancing activity in the brain’s reward circuitry: Peer influence on risk taking. 

Developmental Science, 14(2), F1–F10. https://doi.org/10.1111/j.1467-7687.2010.01035.x

Cheong, J. H., Jolly, E., Sul, S., & Chang, L. J. (2017). Computational Models in Social Neurosci-

ence. In A. A. Moustafa (Ed.), Computational Models of Brain and Behavior (pp. 229–244). 

John Wiley & Sons, Ltd. https://doi.org/10.1002/9781119159193.ch17

Christakou, A., Gershman, S. J., Niv, Y., Simmons, A., Brammer, M., & Rubia, K. (2013). Neural 

and Psychological Maturation of Decision-making in Adolescence and Young Adulthood. 

Journal of Cognitive Neuroscience, 25(11), 1807–1823. https://doi.org/10.1162/jocn_a_00447

Christopoulos, G. I., & King-Casas, B. (2015). With you or against you: Social orientation de-

pendent learning signals guide actions made for others. NeuroImage, 104, 326–335. https://

doi.org/10.1016/j.neuroimage.2014.09.011

Cohen, A. O., Nussenbaum, K., Dorfman, H. M., Gershman, S. J., & Hartley, C. A. (2020). The 

rational use of causal inference to guide reinforcement learning strengthens with age. Npj 

Science of Learning, 5(1), 16. https://doi.org/10.1038/s41539-020-00075-3

Cohen, J. R., Asarnow, R. F., Sabb, F. W., Bilder, R. M., Bookheimer, S. Y., Knowlton, B. J., & 

Poldrack, R. A. (2010). A unique adolescent response to reward prediction errors. Nature 

Neuroscience, 13(6), 669–671. https://doi.org/10.1038/nn.2558

https://doi.org/10.1093/oxfordhb/9780198827474.013.26
https://doi.org/10.1016/j.
https://doi.org/10.1196/annals.1440.010
https://doi.org/10.1192/bjp.bp.111.107581
https://doi.org/10.1093/scan/nsr094
https://doi.org/10.1111/j.1467-7687.2010.01035.x
https://doi.org/10.1002/9781119159193.ch17
https://doi.org/10.1162/jocn_a_00447
https://doi.org/10.1016/j.neuroimage.2014.09.011
https://doi.org/10.1038/s41539-020-00075-3
https://doi.org/10.1038/nn.2558


571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff

195

References

Crone, E. A., & Dahl, R. E. (2012). Understanding adolescence as a period of social–affective 

engagement and goal flexibility. Nature Reviews Neuroscience, 13(9), 636–650. https://doi.

org/10.1038/nrn3313

Crone, E. A., & Elzinga, B. M. (2015). Changing brains: How longitudinal functional magnetic 

resonance imaging studies can inform us about cognitive and social-affective growth tra-

jectories: Changing brains: how longitudinal fMRI studies. Wiley Interdisciplinary Reviews: 

Cognitive Science, 6(1), 53–63. https://doi.org/10.1002/wcs.1327

Crone, E. A., & Fuligni, A. J. (2020). Self and Others in Adolescence. Annual Review of Psy-

chology, 71(1), 447–469. https://doi.org/10.1146/annurev-psych-010419-050937

Crone, E. A., Zanolie, K., Van Leijenhorst, L., Westenberg, P. M., & Rombouts, S. A. R. B. 

(2008). Neural mechanisms supporting flexible performance adjustment during develop-

ment. Cognitive, Affective, & Behavioral Neuroscience, 8(2), 165–177. https://doi.org/10.3758/

CABN.8.2.165

Cutler, J., Wittmann, M. K., Abdurahman, A., Hargitai, L. D., Drew, D., Husain, M., & Lockwood, 

P. L. (2021). Ageing is associated with disrupted reinforcement learning whilst learning 

to help others is preserved. Nature Communications, 12(1), 4440. https://doi.org/10.1038/

s41467-021-24576-w

D	 Dahl, R. E., Allen, N. B., Wilbrecht, L., & Suleiman, A. B. (2018). Importance of investing in 

adolescence from a developmental science perspective. Nature, 554(7693), 441–450. https://

doi.org/10.1038/nature25770

Davidow, J. Y., Foerde, K., Galván, A., & Shohamy, D. (2016). An Upside to Reward Sensitivity: 

The Hippocampus Supports Enhanced Reinforcement Learning in Adolescence. Neuron, 

92(1), 93–99. https://doi.org/10.1016/j.neuron.2016.08.031

Davis, M. H. (1983). Measuring individual differences in empathy: Evidence for a multidimen-

sional approach. Journal of Personality and Social Psychology, 44(1), 113–126. https://doi.

org/10.1037/0022-3514.44.1.113

Daw, N. D. (2011). Trial-by-trial data analysis using computational models. In M. R. Delga-

do, E. A. Phelps, & T. W. Robbins (Eds.), Decision Making, Affect, and Learning: Atten-

tion and Performance XXIII (pp. 3–38). Oxford University Press. DOI:10.1093/acprof:o-

so/9780199600434.003.0001

Daw, N. D., Gershman, S. J., Seymour, B., Dayan, P., & Dolan, R. J. (2011). Model-Based Influ-

ences on Humans’ Choices and Striatal Prediction Errors. Neuron, 69(6), 1204–1215. https://

doi.org/10.1016/j.neuron.2011.02.027

Dawes, C. T., Fowler, J. H., Johnson, T., McElreath, R., & Smirnov, O. (2007). Egalitarian motives 

in humans. Nature, 446(7137), 794–796. https://doi.org/10.1038/nature05651

Dayan, P., & Balleine, B. W. (2002). Reward, motivation, and reinforcement learning. Neuron, 

36(2), 285–298. https://doi.org/10.1016/s0896-6273(02)00963-7

A

https://doi.org/10.1002/wcs.1327
https://doi.org/10.1146/annurev-psych-010419-050937
https://doi.org/10.3758/
https://doi.org/10.1038/
https://doi.org/10.1038/nature25770
https://doi.org/10.1016/j.neuron.2016.08.031
https://doi.org/10.1016/j.neuron.2011.02.027
https://doi.org/10.1038/nature05651
https://doi.org/10.1016/s0896-6273


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

196

Addendum

De Goede, I. H. A., Branje, S. J. T., Delsing, M. J. M. H., & Meeus, W. H. J. (2009). Linkages 

Over Time Between Adolescents’ Relationships with Parents and Friends. Journal of Youth 

and Adolescence, 38(10), 1304–1315. https://doi.org/10.1007/s10964-009-9403-2

Decker, J. H., Lourenco, F. S., Doll, B. B., & Hartley, C. A. (2015). Experiential reward learning 

outweighs instruction prior to adulthood. Cognitive, Affective, & Behavioral Neuroscience, 

15(2), 310–320. https://doi.org/10.3758/s13415-014-0332-5

Dekkers, L. M., Jansen, B. R., Salemink, E., & Huizenga, H. M. (2017). Intolerance of Uncertainty 

Scale: Measurement invariance among adolescent boys and girls and relationships with 

anxiety and risk taking. Journal of Behavior Therapy and Experimental Psychiatry, 55, 57–65.

Delgado, M. R., Frank, R. H., & Phelps, E. A. (2005). Perceptions of moral character modulate 

the neural systems of reward during the trust game. Nature Neuroscience, 8(11), 1611–1618. 

https://doi.org/10.1038/nn1575

Dennison, M. J., Rosen, M. L., Sambrook, K. A., Jenness, J. L., Sheridan, M. A., & McLaughlin, 

K. A. (2019). Differential Associations of Distinct Forms of Childhood Adversity With Neu-

robehavioral Measures of Reward Processing: A Developmental Pathway to Depression. 

Child Development, 90(1), e96–e113. https://doi.org/10.1111/cdev.13011

den Ouden, H. E. M., Daw, N. D., Fernandez, G., Elshout, J. A., Rijpkema, M., Hoogman, M., 

Franke, B., & Cools, R. (2013). Dissociable Effects of Dopamine and Serotonin on Reversal 

Learning. Neuron, 80(4), 1090–1100. https://doi.org/10.1016/j.neuron.2013.08.030

Dumontheil, I. (2016). Adolescent brain development. Current Opinion in Behavioral Sciences, 

10, 39–44. https://doi.org/10.1016/j.cobeha.2016.04.012

Dumontheil, I., Küster, O., Apperly, I. A., & Blakemore, S.-J. (2010). Taking perspective into 

account in a communicative task. NeuroImage, 52(4), 1574–1583. https://doi.org/10.1016/j.

neuroimage.2010.05.056

E	 Eisenberg, N., Carlo, G., Murphy, B., & Van Court, P. (1995). Prosocial development in late 

adolescence: A longitudinal study. Child Development, 66(4), 1179–1197.

Eisenberg, N., Miller, P. A., Shell, R., McNalley, S., & Shea, C. (1991). Prosocial development in 

adolescence: A longitudinal study. Developmental Psychology, 27(5), 849–857. https://doi.

org/10.1037/0012-1649.27.5.849

F	 Fareri, D. S., Chang, L. J., & Delgado, M. (2020). Neural Mechanisms of Social Learning. In 

The Cognitive Neurosciences, Sixth Edition (pp. 949–958).

Fareri, D. S., Chang, L. J., & Delgado, M. R. (2012). Effects of direct social experience on trust 

decisions and neural reward circuitry. Frontiers in Neuroscience, 6, 148.

Fareri, D. S., Chang, L. J., & Delgado, M. R. (2015). Computational Substrates of Social Value 

in Interpersonal Collaboration. Journal of Neuroscience, 35(21), 8170–8180. https://doi.

org/10.1523/JNEUROSCI.4775-14.2015

https://doi.org/10.1007/s10964-009-9403-2
https://doi.org/10.3758/s13415-014-0332-5
https://doi.org/10.1038/nn1575
https://doi.org/10.1111/cdev.13011
https://doi.org/10.1016/j.neuron.2013.08.030
https://doi.org/10.1016/j.cobeha.2016.04.012
https://doi.org/10.1016/j.
tel:0012-1649.27.5.849


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

197

References

Fehr, E., Bernhard, H., & Rockenbach, B. (2008). Egalitarianism in young children. Nature, 

454(7208), 1079–1083. https://doi.org/10.1038/nature07155

Fehr, E., & Schmidt, K. M. (1999). A Theory of Fairness, Competition, and Cooperation. The 

Quarterly Journal of Economics, 114(3), 817–868. JSTOR.

Fett, A.-K. J., Gromann, P. M., Giampietro, V., Shergill, S. S., & Krabbendam, L. (2014). Default 

distrust? An fMRI investigation of the neural development of trust and cooperation. Social 

Cognitive and Affective Neuroscience, 9(4), 395–402. https://doi.org/10.1093/scan/nss144

Fett, A.-K. J., Shergill, S. S., Gromann, P. M., Dumontheil, I., Blakemore, S.-J., Yakub, F., & Krab-

bendam, L. (2014). Trust and social reciprocity in adolescence – A matter of perspective-tak-

ing. Journal of Adolescence, 37(2), 175–184. https://doi.org/10.1016/j.adolescence.2013.11.011

Fiedler, K., & Juslin, P. (2006). Information sampling and adaptive cognition. Cambridge Uni-

versity Press.

Flanagan, C. A., & Stout, M. (2010). Developmental patterns of social trust between early 

and late adolescence: Age and school climate effects. Journal of Research on Adolescence, 

20(3), 748–773.

Foulkes, L., & Blakemore, S.-J. (2016). Is there heightened sensitivity to social reward in 

adolescence? Current Opinion in Neurobiology, 40, 81–85. https://doi.org/10.1016/j.

conb.2016.06.016

Frick, P. J., Christian, R. E., & Wootton, J. M. (1999). Age Trends in the Association between 

Parenting Practices and Conduct Problems. Behavior Modification, 23(1), 106–128. https://

doi.org/10.1177/0145445599231005

Frick, P. J., & Viding, E. (2009). Antisocial behavior from a developmental psychopathology 

perspective. Development and Psychopathology, 21(4), 1111–1131. https://doi.org/10.1017/

S0954579409990071

Friston, K. J. (1994). Functional and Effective Connectivity in Neuroimaging: A Synthesis.

Fuligni, A. J. (2019). The Need to Contribute During Adolescence. Perspectives on Psycholog-

ical Science, 14(3), 331–343. https://doi.org/10.1177/1745691618805437

G	 Gardner, M., & Steinberg, L. (2005). Peer influence on risk taking, risk preference, and risky 

decision making in adolescence and adulthood: An experimental study. Developmental 

Psychology, 41(4), 625.

Gavin, L. A., & Furman, W. (1989). Age differences in adolescents’ perceptions of their peer 

groups. Developmental Psychology, 25(5), 827.

Giamattei, M., Yahosseini, K. S., Gächter, S., & Molleman, L. (2020). LIONESS Lab: A free 

web-based platform for conducting interactive experiments online. Journal of the Economic 

Science Association. https://doi.org/10.1007/s40881-020-00087-0

A

https://doi.org/10.1038/nature07155
https://doi.org/10.1093/scan/nss144
https://doi.org/10.1016/j.adolescence.2013.11.011
https://doi.org/10.1016/j.
https://doi.org/10.1177/0145445599231005
https://doi.org/10.1017/
https://doi.org/10.1177/1745691618805437
https://doi.org/10.1007/s40881-020-00087-0


198

Addendum

Gläscher, J., Daw, N., Dayan, P., & O’Doherty, J. P. (2010). States versus Rewards: Dissociable 

Neural Prediction Error Signals Underlying Model-Based and Model-Free Reinforcement 

Learning. Neuron, 66(4), 585–595. https://doi.org/10.1016/j.neuron.2010.04.016

Gobin, R. L., & Freyd, J. J. (2014). The impact of betrayal trauma on the tendency to trust. 

Psychological Trauma: Theory, Research, Practice, and Policy, 6(5), 505–511. https://doi.

org/10.1037/a0032452

Goddings, A.-L., Beltz, A., Peper, J. S., Crone, E. A., & Braams, B. R. (2019). Understanding the 

Role of Puberty in Structural and Functional Development of the Adolescent Brain. Journal 

of Research on Adolescence, 29(1), 32–53. https://doi.org/10.1111/jora.12408

Green, K. H., van de Groep, S., Sweijen, S. W., Becht, A. I., Buijzen, M., de Leeuw, R. N. H., 

Remmerswaal, D., van der Zanden, R., Engels, R. C. M. E., & Crone, E. A. (2021). Mood and 

emotional reactivity of adolescents during the COVID-19 pandemic: Short-term and long-

term effects and the impact of social and socioeconomic stressors. Scientific Reports, 11(1), 

11563. https://doi.org/10.1038/s41598-021-90851-x

Gummerum, M., Hanoch, Y., & Keller, M. (2008). When Child Development Meets Economic 

Game Theory: An Interdisciplinary Approach to Investigating Social Development. Human 

Development, 51(4), 235–261. https://doi.org/10.1159/000151494

Güroğlu, B. (2021). Adolescent brain in a social world: Unravelling the positive power of peers 

from a neurobehavioral perspective. European Journal of Developmental Psychology, 18(4), 

471–493. https://doi.org/10.1080/17405629.2020.1813101

Güroğlu, B., Lieshout, C. F. M. V., Haselager, G. J. T., & Scholte, R. H. J. (2007). Similarity and 

Complementarity of Behavioral Profiles of Friendship Types and Types of Friends: Friend-

ships and Psychosocial Adjustment. Journal of Research on Adolescence, 17(2), 357–386. 

https://doi.org/10.1111/j.1532-7795.2007.00526.x

Güroğlu, B., van den Bos, W., & Crone, E. A. (2014). Sharing and giving across adolescence: 

An experimental study examining the development of prosocial behavior. Frontiers in Psy-

chology, 5. https://doi.org/10.3389/fpsyg.2014.00291

Güroğlu, B., van den Bos, W., van Dijk, E., Rombouts, S. A. R. B., & Crone, E. A. (2011). Disso-

ciable brain networks involved in development of fairness considerations: Understanding 

intentionality behind unfairness. NeuroImage, 57(2), 634–641. https://doi.org/10.1016/j.

neuroimage.2011.04.032

Guyer, A. E., Caouette, J. D., Lee, C. C., & Ruiz, S. K. (2014). Will they like me? Adolescents’ 

emotional responses to peer evaluation. International Journal of Behavioral Development, 

38(2), 155–163. https://doi.org/10.1177/0165025413515627

H	 Hackel, L. M., Berg, J. J., Lindström, B. R., & Amodio, D. M. (2019). Model-Based and Mod-

el-Free Social Cognition: Investigating the Role of Habit in Social Attitude Formation and 

Choice. Frontiers in Psychology, 10, 2592. https://doi.org/10.3389/fpsyg.2019.02592

https://doi.org/10.1016/j.neuron.2010.04.016
https://doi.org/10.1111/jora.12408
https://doi.org/10.1038/s41598-021-90851-x
https://doi.org/10.1159/000151494
https://doi.org/10.1080/17405629.2020.1813101
https://doi.org/10.1111/j.1532-7795.2007.00526.x
https://doi.org/10.3389/fpsyg.2014.00291
https://doi.org/10.1016/j.
https://doi.org/10.1177/0165025413515627
https://doi.org/10.3389/fpsyg.2019.02592


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

199

References

Hamel, R., & Schmittmann, V. D. (2006). The 20-Minute Version as a Predictor of the Raven 

Advanced Progressive Matrices Test. Educational and Psychological Measurement, 66(6), 

1039–1046. https://doi.org/10.1177/0013164406288169

Hanson, J. L., van den Bos, W., Roeber, B. J., Rudolph, K. D., Davidson, R. J., & Pollak, S. D. 

(2017). Early adversity and learning: Implications for typical and atypical behavioral devel-

opment. Journal of Child Psychology and Psychiatry, 58(7), 770–778. https://doi.org/10.1111/

jcpp.12694

Harbaugh, W. T., Krause, K., Liday, S. G., & Vesterlund, L. (2003). Trust in children. Trust and 

Reciprocity: Interdisciplinary Lessons from Experimental Research, 302–322.

Hauser, T. U., Iannaccone, R., Walitza, S., Brandeis, D., & Brem, S. (2015). Cognitive flexibility 

in adolescence: Neural and behavioral mechanisms of reward prediction error processing 

in adaptive decision making during development. NeuroImage, 104, 347–354. https://doi.

org/10.1016/j.neuroimage.2014.09.018

Hawk, S. T., Keijsers, L., Branje, S. J. T., Graaff, J. V. der, Wied, M. de, & Meeus, W. (2013). 

Examining the Interpersonal Reactivity Index (IRI) Among Early and Late Adolescents and 

Their Mothers. Journal of Personality Assessment, 95(1), 96–106. https://doi.org/10.1080/

00223891.2012.696080

Hayes, A. F. (2017). Introduction to Mediation, Moderation, and Conditional Process Analysis, 

Second Edition: A Regression-Based Approach (2 edition). The Guilford Press.

Herting, M. M., & Sowell, E. R. (2017). Puberty and structural brain development in humans. 

Frontiers in Neuroendocrinology, 44, 122–137. https://doi.org/10.1016/j.yfrne.2016.12.003

Heyes, C. (2012). What’s social about social learning? Journal of Comparative Psychology 

(Washington, D.C.: 1983), 126(2), 193–202. https://doi.org/10.1037/a0025180

Hinterbuchinger, B., Kaltenboeck, A., Baumgartner, J. S., Mossaheb, N., & Friedrich, F. (2018). 

Do patients with different psychiatric disorders show altered social decision-making? A 

systematic review of ultimatum game experiments in clinical populations. Cognitive Neu-

ropsychiatry, 23(3), 117–141.

Hollenstein, T., Colasante, T., & Lougheed, J. P. (2021). Adolescent and Maternal Anxiety Symp-

toms Decreased but Depressive Symptoms Increased before to during COVID-19 Lockdown. 

Journal of Research on Adolescence, 31(3), 517–530. https://doi.org/10.1111/jora.12663

House, B. R., Kanngiesser, P., Barrett, H. C., Broesch, T., Cebioglu, S., Crittenden, A. N., Erut, A., 

Lew-Levy, S., Sebastian-Enesco, C., Smith, A. M., Yilmaz, S., & Silk, J. B. (2020). Universal 

norm psychology leads to societal diversity in prosocial behaviour and development. Nature 

Human Behaviour, 4(1), 36–44. https://doi.org/10.1038/s41562-019-0734-z

House, J. S., Landis, K. R., & Umberson, D. (1988). Social relationships and health. Science, 

241(4865), 540–545. https://doi.org/10.1126/science.3399889

A

https://doi.org/10.1177/0013164406288169
https://doi.org/10.1111/
https://doi.org/10.1080/
https://doi.org/10.1016/j.yfrne.2016.12.003
https://doi.org/10.1037/a0025180
https://doi.org/10.1111/jora.12663
https://doi.org/10.1038/s41562-019-0734-z
https://doi.org/10.1126/science.3399889


200

Addendum

I	 Ioannidis, K., Askelund, A. D., Kievit, R. A., & van Harmelen, A.-L. (2020). The complex neu-

robiology of resilient functioning after childhood maltreatment. BMC Medicine, 18(1), 32. 

https://doi.org/10.1186/s12916-020-1490-7

Izquierdo, A., Brigman, J. L., Radke, A. K., Rudebeck, P. H., & Holmes, A. (2017). The neural 

basis of reversal learning: An updated perspective. Neuroscience, 345, 12–26. https://doi.

org/10.1016/j.neuroscience.2016.03.021

Izuma, K., Matsumoto, K., Camerer, C. F., & Adolphs, R. (2011). Insensitivity to social reputation 

in autism. Proceedings of the National Academy of Sciences, 108(42), 17302–17307.

J	 Jaffee, S. R. (2017). Child Maltreatment and Risk for Psychopathology in Childhood and 

Adulthood. Annual Review of Clinical Psychology, 13(1), 525–551. https://doi.org/10.1146/

annurev-clinpsy-032816-045005

Jepma, M., Schaaf, J. V., Visser, I., & Huizenga, H. M. (2020). Uncertainty-driven regulation of 

learning and exploration in adolescents: A computational account. PLOS Computational 

Biology, 16(9), e1008276. https://doi.org/10.1371/journal.pcbi.1008276

Joiner, J., Piva, M., Turrin, C., & Chang, S. W. C. (2017). Social learning through prediction error 

in the brain. Npj Science of Learning, 2(1), 1–9. https://doi.org/10.1038/s41539-017-0009-2

Jones, R. M., Somerville, L. H., Li, J., Ruberry, E. J., Powers, A., Mehta, N., Dyke, J., & Casey, 

B. J. (2014). Adolescent-specific patterns of behavior and neural activity during social rein-

forcement learning. Cognitive, Affective, & Behavioral Neuroscience, 14(2), 683–697. https://

doi.org/10.3758/s13415-014-0257-z

K	 Kaanders, P., Sepulveda, P., Folke, T., Ortoleva, P., & De Martino, B. (2021). Cherry-picking 

information: Humans actively sample evidence to support prior beliefs. BioRxiv.

Kabotyanski, K. E., Mayer, M. D., Prater Fahey, M., & Somerville, L. H. (2019). Commentary: 

Building the developmental foundations of developmental computational psychiatry: Re-

flections on Hauser et al.(2019). Journal of Child Psychology and Psychiatry, 60(4), 427–429.

Karmiloff-Smith, A. (1998). Development itself is the key to understanding developmen-

tal disorders. Trends in Cognitive Sciences, 2(10), 389–398. https://doi.org/10.1016/s1364-

6613(98)01230-3

Kim, S. (2015). ppcor: Partial and Semi-Partial (Part) Correlation (1.1) [Computer software]. 

https://CRAN.R-project.org/package=ppcor

King-Casas, B., & Chiu, P. H. (2012). Understanding interpersonal function in psychiatric illness 

through multiplayer economic games. Biological Psychiatry, 72(2), 119–125.

Koller, M. (2016). robustlmm: An R Package for Robust Estimation of Linear Mixed-Effects 

Models. Journal of Statistical Software, 75(1), 1–24. https://doi.org/10.18637/jss.v075.i06

https://doi.org/10.1186/s12916-020-1490-7
https://doi.org/10.1146/
https://doi.org/10.1371/journal.pcbi.1008276
https://doi.org/10.1038/s41539-017-0009-2
https://doi.org/10.3758/s13415-014-0257-z
https://doi.org/10.1016/s1364-
https://cran.r-project.org/package
https://doi.org/10.18637/jss.v075.i06


201

References

Kret, M. E., & De Dreu, C. K. W. (2019). The power of pupil size in establishing trust and 

reciprocity. Journal of Experimental Psychology. General, 148(8), 1299–1311. https://doi.

org/10.1037/xge0000508

Kriegeskorte, N., Mur, M., & Bandettini, P. A. (2008). Representational similarity analysis—

Connecting the branches of systems neuroscience. Frontiers in Systems Neuroscience, 0. 

https://doi.org/10.3389/neuro.06.004.2008

Kuznetsova, A., Brockhoff, P. B., & Christensen, R. H. B. (2017). lmerTest Package: Tests 

in Linear Mixed Effects Models. Journal of Statistical Software, 82(1), 1–26. https://doi.

org/10.18637/jss.v082.i13

L	 LaFontana, K. M., & Cillessen, A. H. (2010). Developmental changes in the priority of perceived 

status in childhood and adolescence. Social Development, 19(1), 130–147.

Lam, C. B., McHale, S. M., & Crouter, A. C. (2014). Time With Peers From Middle Childhood to 

Late Adolescence: Developmental Course and Adjustment Correlates. Child Development, 

85(4), 1677–1693. https://doi.org/10.1111/cdev.12235

Larson, R., & Richards, M. H. (1991). Daily Companionship in Late Childhood and Early Ado-

lescence: Changing Developmental Contexts. Child Development, 62(2), 284–300. https://

doi.org/10.1111/j.1467-8624.1991.tb01531.x

Larson, R. W., Richards, M. H., Moneta, G., Holmbeck, G., & Duckett, E. (1996). Changes in 

adolescents’ daily interactions with their families from ages 10 to 18: Disengagement and 

transformation. Developmental Psychology, 32(4), 744.

Lee, T.-H., Qu, Y., & Telzer, E. H. (2017). Love flows downstream: Mothers’ and children’s neural 

representation similarity in perceiving distress of self and family. Social Cognitive and Affec-

tive Neuroscience, 12(12), 1916–1927. https://doi.org/10.1093/scan/nsx125

Lemmers-Jansen, I. L. J., Krabbendam, L., Veltman, D. J., & Fett, A.-K. J. (2017). Boys vs. 

girls: Gender differences in the neural development of trust and reciprocity depend on 

social context. Developmental Cognitive Neuroscience, 25, 235–245. https://doi.org/10.1016/j.

dcn.2017.02.001

Lenth, R. V., Buerkner, P., Herve, M., Love, J., Riebl, H., & Singmann, H. (2021). emmeans: 

Estimated Marginal Means, aka Least-Squares Means (1.6.3) [Computer software]. https://

CRAN.R-project.org/package=emmeans

Li, J., Schiller, D., Schoenbaum, G., Phelps, E. A., & Daw, N. D. (2011). Differential roles of 

human striatum and amygdala in associative learning. Nature Neuroscience, 14(10), 1250–

1252. https://doi.org/10.1038/nn.2904

Li, R. (2017). Flexing dual-systems models: How variable cognitive control in children informs 

our understanding of risk-taking across development. Developmental Cognitive Neurosci-

ence, 27, 91–98. https://doi.org/10.1016/j.dcn.2017.08.007

Lockwood, P. L., Apps, M. A. J., & Chang, S. W. C. (2020). Is There a ‘Social’ Brain? Implementa-

tions and Algorithms. Trends in Cognitive Sciences. https://doi.org/10.1016/j.tics.2020.06.011

A

https://doi.org/10.3389/neuro.06.004.2008
https://doi.org/10.1111/cdev.12235
https://doi.org/10.1111/j.1467-8624.1991.tb01531.x
https://doi.org/10.1093/scan/nsx125
https://doi.org/10.1016/j.
https://-project.org/package
https://doi.org/10.1038/nn.2904
https://doi.org/10.1016/j.dcn.2017.08.007
https://doi.org/10.1016/j.tics.2020.06.011


571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

202

Addendum

Lockwood, P. L., Apps, M. A. J., Valton, V., Viding, E., & Roiser, J. P. (2016). Neurocomputa-

tional mechanisms of prosocial learning and links to empathy. Proceedings of the National 

Academy of Sciences, 113(35), 9763–9768. https://doi.org/10.1073/pnas.1603198113

Lockwood, P. L., & Klein-Flügge, M. C. (2020). Computational modelling of social cognition 

and behaviour—A reinforcement learning primer. Social Cognitive and Affective Neurosci-

ence, 11. https://doi.org/10.1093/scan/nsaa040

Luce, R. D., & Raiffa, H. (1989). Games and Decisions: Introduction and Critical Survey. Courier 

Corporation.

Luna, B., Paulsen, D. J., Padmanabhan, A., & Geier, C. (2013). The Teenage Brain: Cognitive 

Control and Motivation. Current Directions in Psychological Science, 22(2), 94–100. https://

doi.org/10.1177/0963721413478416

M	 Ma, I., Lambregts-Rommelse, N. N., Buitelaar, J. K., Cillessen, A. H., & Scheres, A. P. (2017). 

Decision-making in social contexts in youth with ADHD. European Child & Adolescent 

Psychiatry, 26(3), 335–344.

Ma, I., Sanfey, A. G., & Ma, W. J. (2018). The Cost of Appearing Suspicious? Information 

Gathering Costs in Trust Decisions. BioRxiv, 495697.

Ma, I., Sanfey, A., & Ma, W. (2020). The social cost of gathering information for trust decisions. 

Scientific Reports, 10(1), 1–9.

Ma, I., van Duijvenvoorde, A., & Scheres, A. (2016). The interaction between reinforcement 

and inhibitory control in ADHD: A review and research guidelines. Clinical Psychology 

Review, 44, 94–111.

Ma, I., Westhoff, B., & Duijvenvoorde, A. C. K. van. (2020). The Cognitive Mechanisms That 

Drive Social Belief Updates During Adolescence. BioRxiv, 2020.05.19.105114. https://doi.

org/10.1101/2020.05.19.105114

McAuliffe, K., Blake, P. R., Steinbeis, N., & Warneken, F. (2017). The developmental founda-

tions of human fairness. Nature Human Behaviour, 1(2), 0042. https://doi.org/10.1038/

s41562-016-0042

McCrory, E. J., & Viding, E. (2015). The theory of latent vulnerability: Reconceptualizing the 

link between childhood maltreatment and psychiatric disorder. Development and Psycho-

pathology, 27(2), 493–505. https://doi.org/10.1017/S0954579415000115

Meuwese, R., Crone, E. A., de Rooij, M., & Güroğlu, B. (2015). Development of Equity Pref-

erences in Boys and Girls Across Adolescence. Child Development, 86(1), 145–158. https://

doi.org/10.1111/cdev.12290

Meyerbröker, K. (2021). Virtual reality in clinical practice. Clinical Psychology & Psychotherapy, 

28(3), 463–465. https://doi.org/10.1002/cpp.2616

Miller, E. K., & Cohen, J. D. (2001). An Integrative Theory of Prefrontal Cortex Function. Annual 

Review of Neuroscience, 24(1), 167–202. https://doi.org/10.1146/annurev.neuro.24.1.167

https://doi.org/10.1073/pnas.1603198113
https://doi.org/10.1093/scan/nsaa040
https://doi.org/10.1177/0963721413478416
https://doi.org/10.1038/
https://doi.org/10.1017/S0954579415000115
https://doi.org/10.1111/cdev.12290
https://doi.org/10.1002/cpp.2616
https://doi.org/10.1146/annurev.neuro.24.1.167


203

References

Morton, J. B. (2010). Understanding genetic, neurophysiological, and experiential influences 

on the development of executive functioning: The need for developmental models. WIREs 

Cognitive Science, 1(5), 709–723. https://doi.org/10.1002/wcs.87

Mulder, M. J., Wagenmakers, E.-J., Ratcliff, R., Boekel, W., & Forstmann, B. U. (2012). Bias in 

the Brain: A Diffusion Model Analysis of Prior Probability and Potential Payoff. Journal of 

Neuroscience, 32(7), 2335–2343. https://doi.org/10.1523/JNEUROSCI.4156-11.2012

N	 Nass, C., & Moon, Y. (2000). Machines and Mindlessness: Social Responses to Computers. 

Journal of Social Issues, 56(1), 81–103. https://doi.org/10.1111/0022-4537.00153

Nassar, M. R., Rumsey, K. M., Wilson, R. C., Parikh, K., Heasly, B., & Gold, J. I. (2012). Rational 

regulation of learning dynamics by pupil-linked arousal systems. Nature Neuroscience, 15(7), 

1040–1046. https://doi.org/10.1038/nn.3130

Nelson, E. E., Jarcho, J. M., & Guyer, A. E. (2016). Social re-orientation and brain development: 

An expanded and updated view. Developmental Cognitive Neuroscience, 17, 118–127.

Nelson, E. E., Leibenluft, E., McClure, E. B., & Pine, D. S. (2005). The social re-orientation of 

adolescence: A neuroscience perspective on the process and its relation to psychopathol-

ogy. Psychological Medicine, 35(2), 163–174. https://doi.org/10.1017/S0033291704003915

Netten, A. P., Rieffe, C., Theunissen, S. C. P. M., Soede, W., Dirks, E., Briaire, J. J., & Frijns, 

J. H. M. (2015). Low Empathy in Deaf and Hard of Hearing (Pre)Adolescents Compared 

to Normal Hearing Controls. PLOS ONE, 10(4), e0124102. https://doi.org/10.1371/journal.

pone.0124102

Nussenbaum, K., & Hartley, C. A. (2019). Reinforcement learning across development: What 

insights can we draw from a decade of research? Developmental Cognitive Neuroscience, 

40, 100733. https://doi.org/10.1016/j.dcn.2019.100733

O	 Olsson, A., Knapska, E., & Lindström, B. (2020). The neural and computational systems of 

social learning. Nature Reviews Neuroscience, 21(4), 197–212. https://doi.org/10.1038/s41583-

020-0276-4

Orben, A., Tomova, L., & Blakemore, S.-J. (2020). The effects of social deprivation on adoles-

cent development and mental health. The Lancet Child & Adolescent Health, 4(8), 634–640. 

https://doi.org/10.1016/S2352-4642(20)30186-3

Osborne, M. J., & Rubinstein, A. (1994). A course in game theory. MIT Press.

Overbeek, G., Creasey, N., Wesarg, C., Huijzer-Engbrenghof, M., & Spencer, H. (2020). When 

mummy and daddy get under your skin: A new look at how parenting affects children’s 

DNA methylation, stress reactivity, and disruptive behavior. New Directions for Child and 

Adolescent Development, 2020(172), 25–38. https://doi.org/10.1002/cad.20362

A

https://doi.org/10.1002/wcs.87
https://doi.org/10.1523/JNEUROSCI.4156-11.2012
https://doi.org/10.1111/0022-4537.00153
https://doi.org/10.1038/nn.3130
https://doi.org/10.1017/S0033291704003915
https://doi.org/10.1371/journal.
https://doi.org/10.1016/j.dcn.2019.100733
https://doi.org/10.1038/s41583-
https://doi.org/10.1016/S2352-4642
https://doi.org/10.1002/cad.20362


204

Addendum

P	 Padilla-Walker, L. M., & Carlo, G. (2014). The Study of Prosocial Behavior: Past, Present, 

and Future. In Prosocial Development. Oxford University Press. https://doi.org/10.1093/

acprof:oso/9780199964772.003.0001

Palminteri, S., Kilford, E. J., Coricelli, G., & Blakemore, S.-J. (2016). The Computational De-

velopment of Reinforcement Learning during Adolescence. PLoS Computational Biology, 

12(6), e1004953. https://doi.org/10.1371/journal.pcbi.1004953

Pascual-Sanchez, A., Mateu, A., Martinez-Herves, M., Hickey, N., Kramer, T., & Nicholls, D. 

(2021). How are parenting practices associated with bullying in adolescents? A cross-sec-

tional study. Child and Adolescent Mental Health. https://doi.org/10.1111/camh.12475

Paus, T., Keshavan, M., & Giedd, J. N. (2008). Why do many psychiatric disorders emerge 

during adolescence? Nature Reviews Neuroscience, 9(12), 947–957. https://doi.org/10.1038/

nrn2513

Peper, J. S., & Dahl, R. E. (2013). The Teenage Brain: Surging Hormones—Brain-Behavior 

Interactions During Puberty. Current Directions in Psychological Science, 22(2), 134–139. 

https://doi.org/10.1177/0963721412473755

Peters, E., Cillessen, A. H. N., Riksen-Walraven, J. M., & Haselager, G. J. T. (2010). Best 

friends’ preference and popularity: Associations with aggression and prosocial be-

havior. International Journal of Behavioral Development, 34(5), 398–405. https://doi.

org/10.1177/0165025409343709

Peters, S., Braams, B. R., Raijmakers, M. E. J., Koolschijn, P. C. M. P., & Crone, E. A. (2014). The 

Neural Coding of Feedback Learning across Child and Adolescent Development. Journal of 

Cognitive Neuroscience, 26(8), 1705–1720. https://doi.org/10.1162/jocn_a_00594

Peters, S., & Crone, E. A. (2014). Cognitive Flexibility in Childhood and Adolescence. In 

Task Switching and Cognitive Control. Oxford University Press. https://oxford.univer-

sitypressscholarship.com/view/10.1093/acprof:osobl/9780199921959.001.0001/ac-

prof-9780199921959-chapter-13

Peters, S., & Crone, E. A. (2017). Increased striatal activity in adolescence benefits learning. 

Nature Communications, 8(1), 1983. https://doi.org/10.1038/s41467-017-02174-z

Peters, S., Koolschijn, P. C. M. P., Crone, E. A., Van Duijvenvoorde, A. C. K., & Raijmakers, 

M. E. J. (2014). Strategies influence neural activity for feedback learning across child and 

adolescent development. Neuropsychologia, 62, 365–374. https://doi.org/10.1016/j.neuro-

psychologia.2014.07.006

Peters, S., Van Duijvenvoorde, A. C. K., Koolschijn, P. C. M. P., & Crone, E. A. (2016). Lon-

gitudinal development of frontoparietal activity during feedback learning: Contributions 

of age, performance, working memory and cortical thickness. Developmental Cognitive 

Neuroscience, 19, 211–222. https://doi.org/10.1016/j.dcn.2016.04.004

https://doi.org/10.1093/
https://doi.org/10.1371/journal.pcbi.1004953
https://doi.org/10.1111/camh.12475
https://doi.org/10.1038/
https://doi.org/10.1177/0963721412473755
https://doi.org/10.1162/jocn_a_00594
https://oxford.univer/
https://sitypressscholarship.com/view/10.1093/acprof
https://doi.org/10.1038/s41467-017-02174-z
https://doi.org/10.1016/j.neuro-
https://doi.org/10.1016/j.dcn.2016.04.004


205

References

Pfeifer, J. H., Kahn, L. E., Merchant, J. S., Peake, S. J., Veroude, K., Masten, C. L., Lieberman, 

M. D., Mazziotta, J. C., & Dapretto, M. (2013). Longitudinal Change in the Neural Bases of 

Adolescent Social Self-Evaluations: Effects of Age and Pubertal Development. Journal of 

Neuroscience, 33(17), 7415–7419. https://doi.org/10.1523/JNEUROSCI.4074-12.2013

Phillips, N. D. (2017). Yarrr! The pirate’s guide to R (Vol. 3). APS Observer.

Piray, P., & Daw, N. D. (2020). A simple model for learning in volatile environments. PLOS 

Computational Biology, 16(7), e1007963. https://doi.org/10.1371/journal.pcbi.1007963

Pitula, C. E., Wenner, J. A., Gunnar, M. R., & Thomas, K. M. (2017). To trust or not to trust: Social 

decision-making in post-institutionalized, internationally adopted youth. Developmental 

Science, 20(3), e12375. https://doi.org/10.1111/desc.12375

Pollak, Y., Poni, B., Gershy, N., & Aran, A. (2020). The Role of Parental Monitoring in Mediat-

ing the Link Between Adolescent ADHD Symptoms and Risk-Taking Behavior. Journal of 

Attention Disorders, 24(8), 1141–1147. https://doi.org/10.1177/1087054717725875

Popal, H., Wang, Y., & Olson, I. R. (2019). A Guide to Representational Similarity Analysis for 

Social Neuroscience. Social Cognitive and Affective Neuroscience, 14(11), 1243–1253. https://

doi.org/10.1093/scan/nsz099

Pouw, L. B. C., Rieffe, C., Oosterveld, P., Huskens, B., & Stockmann, L. (2013). Reactive/

proactive aggression and affective/cognitive empathy in children with ASD. Research in 

Developmental Disabilities, 34(4), 1256–1266. https://doi.org/10.1016/j.ridd.2012.12.022

Powell, M. J. D. (2009). The BOBYQA algorithm for bound constrained optimization without 

derivatives. Technical Report, Department of Applied Mathematics and Theoretical Physics, 

39.

Prochazkova, E., Prochazkova, L., Giffin, M. R., Scholte, H. S., De Dreu, C. K. W., & Kret, M. E. 

(2018). Pupil mimicry promotes trust through the theory-of-mind network. Proceedings of 

the National Academy of Sciences of the United States of America, 115(31), E7265–E7274. 

https://doi.org/10.1073/pnas.1803916115

Pulos, S., Elison, J., & Lennon, R. (2004). The hierarchical structure of the Interpersonal Re-

activity Index. Social Behavior and Personality, 32(4), 355–360. https://doi.org/10.2224/

sbp.2004.32.4.355

R	 R Core Team. (2020). R: A language and environment for statistical computing. R Foundation 

for Statistical Computing, Vienna, Austria.URL https://www.R-project.org/

Racz, S. J., & McMahon, R. J. (2011). The Relationship Between Parental Knowledge and 

Monitoring and Child and Adolescent Conduct Problems: A 10-Year Update. Clinical Child 

and Family Psychology Review, 14(4), 377–398. https://doi.org/10.1007/s10567-011-0099-y

Ramnani, N., & Miall, R. C. (2004). A system in the human brain for predicting the actions of 

others. Nature Neuroscience, 7(1), 85–90. https://doi.org/10.1038/nn1168

A

https://doi.org/10.1523/JNEUROSCI.4074-12.2013
https://doi.org/10.1371/journal.pcbi.1007963
https://doi.org/10.1111/desc.12375
https://doi.org/10.1177/1087054717725875
https://doi.org/10.1093/scan/nsz099
https://doi.org/10.1016/j.ridd.2012.12.022
https://doi.org/10.1073/pnas.1803916115
https://doi.org/10.2224/
https://www.r-project.org/
https://doi.org/10.1007/s10567-011-0099-y
https://doi.org/10.1038/nn1168


206

Addendum

Rescorla, R. A., & Wagner, A. R. (1972). A Theory of Pavlovian Conditioning: Variations in the 

Effectiveness of Reinforcement and Nonreinforcement. 18.

Rigoux, L., Stephan, K. E., Friston, K. J., & Daunizeau, J. (2014). Bayesian model selection for 

group studies—Revisited. Neuroimage, 84, 971–985.

Robson, S. E., Repetto, L., Gountouna, V.-E., & Nicodemus, K. K. (2019). A review of neuroeco-

nomic gameplay in psychiatric disorders. Molecular Psychiatry, 1.

Rosati, A. G., Benjamin, N., Pieloch, K., & Warneken, F. (2019). Economic trust in young chil-

dren. Proceedings of the Royal Society B: Biological Sciences, 286(1907), 20190822. https://

doi.org/10.1098/rspb.2019.0822

Rosenblau, G., Korn, C. W., & Pelphrey, K. A. (2018). A Computational Account of Opti-

mizing Social Predictions Reveals That Adolescents Are Conservative Learners in Social 

Contexts. The Journal of Neuroscience, 38(4), 974–988. https://doi.org/10.1523/JNEURO-

SCI.1044-17.2017

Rotenberg, K. J., Boulton, M. J., & Fox, C. L. (2005). Cross-sectional and longitudinal relations 

among children’s trust beliefs, psychological maladjustment and social relationships: Are 

very high as well as very low trusting children at risk? Journal of Abnormal Child Psychology, 

33(5), 595–610. https://doi.org/10.1007/s10802-005-6740-9

Ruff, C. C., & Fehr, E. (2014). The neurobiology of rewards and values in social decision making. 

Nature Reviews Neuroscience, 15(8), 549–562. https://doi.org/10.1038/nrn3776

S	 Sanfey, A. G., Rilling, J. K., Aronson, J. A., Nystrom, L. E., & Cohen, J. D. (2003). The Neural 

Basis of Economic Decision-Making in the Ultimatum Game. Science, 300(5626), 1755–

1758. https://doi.org/10.1126/science.1082976

Satterthwaite, T. D., Ruparel, K., Loughead, J., Elliott, M. A., Gerraty, R. T., Calkins, M. E., 

Hakonarson, H., Gur, R. C., Gur, R. E., & Wolf, D. H. (2012). Being right is its own reward: 

Load and performance related ventral striatum activation to correct responses during a 

working memory task in youth. NeuroImage, 61(3), 723–729. https://doi.org/10.1016/j.neu-

roimage.2012.03.060

Savitz, J. B., Merwe, L. V. D., Stein, D. J., Solms, M., & Ramesar, R. S. (2008). Neuropsycho-

logical task performance in bipolar spectrum illness: Genetics, alcohol abuse, medication 

and childhood trauma. Bipolar Disorders, 10(4), 479–494. https://doi.org/10.1111/j.1399-

5618.2008.00591.x

Sawyer, S. M., Azzopardi, P. S., Wickremarathne, D., & Patton, G. C. (2018). The age of ad-

olescence. The Lancet Child & Adolescent Health, 2(3), 223–228. https://doi.org/10.1016/

S2352-4642(18)30022-1

Scheuplein, M., Vermeulen, S., Harmelen, A.-L. V., & Alink, L. (2021). Child Maltreatment and 

Victimization. PsyArXiv. https://doi.org/10.31234/osf.io/s9dfj

https://doi.org/10.1098/rspb.2019.0822
https://doi.org/10.1523/JNEURO-
https://doi.org/10.1007/s10802-005-6740-9
https://doi.org/10.1038/nrn3776
https://doi.org/10.1126/science.1082976
https://doi.org/10.1016/j.neu-
https://doi.org/10.1111/j.1399-
https://doi.org/10.1016/
https://doi.org/10.31234/osf.io/s9dfj


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

207

References

Schreuders, E., Braams, B. R., Crone, E. A., & Güroğlu, B. (2021). Friendship stability in ado-

lescence is associated with ventral striatum responses to vicarious rewards. Nature Com-

munications, 12(1), 313. https://doi.org/10.1038/s41467-020-20042-1

Schreuders, E., Buuren, M. van, Walsh, R., Sijtsma, H., Hollarek, M., Lee, N., & Krabbendam, 

L. (2021). Learning whom not to trust across early adolescence: A longitudinal neuroim-

aging study to trusting behavior involving an uncooperative other. PsyArXiv. https://doi.

org/10.31234/osf.io/xp8jz

Schreuders, E., Klapwijk, E. T., Will, G.-J., & Güroğlu, B. (2018). Friend versus foe: Neural cor-

relates of prosocial decisions for liked and disliked peers. Cognitive, Affective, & Behavioral 

Neuroscience, 18(1), 127–142. https://doi.org/10.3758/s13415-017-0557-1

Seres, I., Unoka, Z., & Keri, S. (2009). The broken trust and cooperation in borderline person-

ality disorder. Neuroreport, 20(4), 388–392.

Sheridan, M. A., & McLaughlin, K. A. (2014). Dimensions of early experience and neural de-

velopment: Deprivation and threat. Trends in Cognitive Sciences, 18(11), 580–585. https://

doi.org/10.1016/j.tics.2014.09.001

Siegel, J. Z., Mathys, C., Rutledge, R. B., & Crockett, M. J. (2018). Beliefs about bad people 

are volatile. Nature Human Behaviour, 2(10), 750–756. https://doi.org/10.1038/s41562-018-

0425-1

Sijtsma, H., Buuren, M. van, Hollarek, M., Walsh, R., Lee, N., Braams, B., & Krabbendam, L. 

(2020). Social network positions, trust behavior and its neural mechanisms in young ado-

lescents. PsyArXiv. https://doi.org/10.31234/osf.io/7r8wm

Sijtsma, H., Lee, N., Kesteren, M. van, Buuren, M. van, Braams, B., Atteveldt, N. van, & Krab-

bendam, L. (2020). The adaptation of trust behavior and the association with friendships 

in adolescents. PsyArXiv. https://doi.org/10.31234/osf.io/g5w8p

Singmann, H., Bolker, B., Westfall, J., Aust, F., & Ben-Sachar, M. S. (2020). afex: Analysis of Fac-

torial Experiments (R package version 0.27-2) [R]. https://CRAN.R-project.org/package=afex

Smetana, J. G., & Rote, W. M. (2019). Adolescent–Parent Relationships: Progress, Process-

es, and Prospects. Annual Review of Developmental Psychology, 1(1), 41–68. https://doi.

org/10.1146/annurev-devpsych-121318-084903

Somerville, L. H. (2013). Special issue on the teenage brain: Sensitivity to social eval-

uation. Current Directions in Psychological Science, 22(2), 121–127. https://doi.

org/10.1177/0963721413476512

Spaans, J. P., Burke, S. M., Altikulaç, S., Braams, B. R., Op de Macks, Z. A., & Crone, E. A. (2018). 

Win for your kin: Neural responses to personal and vicarious rewards when mothers win 

for their adolescent children. PLOS ONE, 13(6), e0198663. https://doi.org/10.1371/journal.

pone.0198663

Spaans, J. P., Will, G.-J., van Hoorn, J., & Güroğlu, B. (2019). Turning a Blind Eye? Punishment of 

Friends and Unfamiliar Peers After Observed Exclusion in Adolescence. Journal of Research 

on Adolescence, 29(2), 508–522. https://doi.org/10.1111/jora.12401

A

https://doi.org/10.1038/s41467-020-20042-1
https://osf.io/xp8jz
https://doi.org/10.3758/s13415-017-0557-1
https://doi.org/10.1016/j.tics.2014.09.001
https://doi.org/10.1038/s41562-018-
https://doi.org/10.31234/osf.io/7r8wm
https://doi.org/10.31234/osf.io/g5w8p
https://cran.r-project.org/package
https://doi.org/10.1371/journal.
https://doi.org/10.1111/jora.12401


571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

208

Addendum

Spear, L. P. (2011). Rewards, aversions and affect in adolescence: Emerging convergences 

across laboratory animal and human data. Developmental Cognitive Neuroscience, 1(4), 

390–403. https://doi.org/10.1016/j.dcn.2011.08.001

Stamps, J. A., & Frankenhuis, W. E. (2016). Bayesian models of development. Trends in Ecology 

& Evolution, 31(4), 260–268.

Steinbeis, N. (2018a). Taxing behavioral control diminishes sharing and costly punishment in 

childhood. Developmental Science, 21(1), e12492. https://doi.org/10.1111/desc.12492

Steinbeis, N. (2018b). Neurocognitive mechanisms of prosociality in childhood. Current Opinion 

in Psychology, 20, 30–34. https://doi.org/10.1016/j.copsyc.2017.08.012

Steinberg, L., & Morris, A. S. (2001). Adolescent Development. Annual Review of Psychology, 

52(1), 83–110. https://doi.org/10.1146/annurev.psych.52.1.83

Steinberg, L., & Silverberg, S. B. (1986). The vicissitudes of autonomy in early adolescence. 

Child Development, 841–851.

Stephan, K. E., Penny, W. D., Daunizeau, J., Moran, R. J., & Friston, K. J. (2009). Bayesian 

model selection for group studies. Neuroimage, 46(4), 1004–1017.

Sui, J., & Humphreys, G. W. (2017). The ubiquitous self: What the properties of self-bias tell 

us about the self. Annals of the New York Academy of Sciences, 1396(1), 222–235. https://

doi.org/10.1111/nyas.13197

Sul, S., Güroğlu, B., Crone, E. A., & Chang, L. J. (2017). Medial prefrontal cortical thinning 

mediates shifts in other-regarding preferences during adolescence. Scientific Reports, 7(1), 

8510. https://doi.org/10.1038/s41598-017-08692-6

Sul, S., Tobler, P. N., Hein, G., Leiberg, S., Jung, D., Fehr, E., & Kim, H. (2015). Spatial gradient 

in value representation along the medial prefrontal cortex reflects individual differences in 

prosociality. Proceedings of the National Academy of Sciences, 112(25), 7851–7856. https://

doi.org/10.1073/pnas.1423895112

Sutter, M., & Kocher, M. G. (2007). Trust and trustworthiness across different age groups. 

Games and Economic Behavior, 59(2), 364–382.

Sutton, R. S., & Barto, A. G. (1998). Reinforcement Learning: An Introduction (Vol. 2). MIT Press.

Suzuki, S., Harasawa, N., Ueno, K., Gardner, J. L., Ichinohe, N., Haruno, M., Cheng, K., & Na-

kahara, H. (2012). Learning to Simulate Others’ Decisions. Neuron, 74(6), 1125–1137. https://

doi.org/10.1016/j.neuron.2012.04.030

T	 Tajima, S., Drugowitsch, J., & Pouget, A. (2016). Optimal policy for value-based decision-mak-

ing. Nature Communications, 7, 12400.

Telzer, E. H., McCormick, E. M., Peters, S., Cosme, D., Pfeifer, J. H., & Duijvenvoorde, A. 

C. K. van. (2018). Methodological considerations for developmental longitudinal fMRI 

research. Developmental Cognitive Neuroscience, 33, 149–160. https://doi.org/10.1016/j.

dcn.2018.02.004

https://doi.org/10.1016/j.dcn.2011.08.001
https://doi.org/10.1111/desc.12492
https://doi.org/10.1016/j.copsyc.2017.08.012
https://doi.org/10.1146/annurev.psych.52.1.83
https://doi.org/10.1111/nyas.13197
https://doi.org/10.1038/s41598-017-08692-6
https://doi.org/10.1073/pnas.1423895112
https://doi.org/10.1016/j.neuron.2012.04.030
https://doi.org/10.1016/j.


571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

209

References

Toth, S. L., Stronach, E. P., Rogosch, F. A., Caplan, R., & Cicchetti, D. (2011). Illogical Thinking 

and Thought Disorder in Maltreated Children. Journal of the American Academy of Child & 

Adolescent Psychiatry, 50(7), 659–668. https://doi.org/10.1016/j.jaac.2011.03.002

Tymula, A., Belmaker, L. A. R., Roy, A. K., Ruderman, L., Manson, K., Glimcher, P. W., & Levy, 

I. (2012). Adolescents’ risk-taking behavior is driven by tolerance to ambiguity. Proceedings 

of the National Academy of Sciences, 109(42), 17135–17140.

U	 Uchino, B. N. (2009). Understanding the Links Between Social Support and Physical Health: 

A Life-Span Perspective With Emphasis on the Separability of Perceived and Received 

Support. Perspectives on Psychological Science, 4(3), 236–255. https://doi.org/10.1111/j.1745-

6924.2009.01122.x

Uddin, L. Q. (2021). Cognitive and behavioural flexibility: Neural mechanisms and clinical 

considerations. Nature Reviews Neuroscience, 22(3), 167–179. https://doi.org/10.1038/s41583-

021-00428-w

Undeger, I., Visser, R. M., & Olsson, A. (2020). Neural Pattern Similarity Unveils the Integration 

of Social Information and Aversive Learning. Cerebral Cortex, 30(10), 5410–5419. https://

doi.org/10.1093/cercor/bhaa122

Unoka, Z., Seres, I., Áspán, N., Bódi, N., & Kéri, S. (2009). Trust game reveals restricted inter-

personal transactions in patients with borderline personality disorder. Journal of Personality 

Disorders, 23(4), 399–409.

V	 van Baar, J. M., Chang, L. J., & Sanfey, A. G. (2019). The computational and neural substrates 

of moral strategies in social decision-making. Nature Communications, 10(1), 1483. https://

doi.org/10.1038/s41467-019-09161-6

van de Groep, S., Meuwese, R., Zanolie, K., Güroğlu, B., & Crone, E. A. (2018). Developmental 

Changes and Individual Differences in Trust and Reciprocity in Adolescence. Journal of 

Research on Adolescence, 30(S1), 192–208. https://doi.org/10.1111/jora.12459

van de Groep, S., Zanolie, K., & Crone, E. A. (2020). Giving to Friends, Classmates, and 

Strangers in Adolescence. Journal of Research on Adolescence, 30(S2), 290–297. https://

doi.org/10.1111/jora.12491

van den Bos, W., Bruckner, R., Nassar, M. R., Mata, R., & Eppinger, B. (2018). Computational 

neuroscience across the lifespan: Promises and pitfalls. Developmental Cognitive Neurosci-

ence, 33, 42–53. https://doi.org/10.1016/j.dcn.2017.09.008

van den Bos, W., Cohen, M. X., Kahnt, T., & Crone, E. A. (2012). Striatum–Medial Prefrontal 

Cortex Connectivity Predicts Developmental Changes in Reinforcement Learning. Cerebral 

Cortex, 22(6), 1247–1255. https://doi.org/10.1093/cercor/bhr198

A

https://doi.org/10.1016/j.jaac.2011.03.002
https://doi.org/10.1111/j.1745-
https://doi.org/10.1038/s41583-
https://doi.org/10.1093/cercor/bhaa122
https://doi.org/10.1038/s41467-019-09161-6
https://doi.org/10.1111/jora.12459
https://doi.org/10.1111/jora.12491
https://doi.org/10.1016/j.dcn.2017.09.008
https://doi.org/10.1093/cercor/bhr198


571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff

210

Addendum

van Den Bos, W., Güroğlu, B., Van Den Bulk, B., Rombouts, S., & Crone, E. (2009). Better 

than expected or as bad as you thought? The neurocognitive development of probabilis-

tic feedback processing. Frontiers in Human Neuroscience, 3, 52. https://doi.org/10.3389/

neuro.09.052.2009

van Den Bos, W., & Hertwig, R. (2017). Adolescents display distinctive tolerance to ambiguity 

and to uncertainty during risky decision making. Scientific Reports, 7, 40962.

van den Bos, W., Rodriguez, C. A., Schweitzer, J. B., & McClure, S. M. (2015). Adolescent im-

patience decreases with increased frontostriatal connectivity. Proceedings of the National 

Academy of Sciences, 112(29), E3765–E3774. https://doi.org/10.1073/pnas.1423095112

van den Bos, W., Talwar, A., & McClure, S. M. (2013). Neural Correlates of Reinforcement 

Learning and Social Preferences in Competitive Bidding. Journal of Neuroscience, 33(5), 

2137–2146. https://doi.org/10.1523/JNEUROSCI.3095-12.2013

van den Bos, W., van Dijk, E., & Crone, E. A. (2012). Learning whom to trust in repeated social 

interactions: A developmental perspective. Group Processes & Intergroup Relations, 15(2), 

243–256. https://doi.org/10.1177/1368430211418698

van den Bos, W., van Dijk, E., Westenberg, M., Rombouts, S. A., & Crone, E. A. (2011). Changing 

brains, changing perspectives: The neurocognitive development of reciprocity. Psychological 

Science, 22(1), 60–70.

van den Bos, W., Westenberg, M., van Dijk, E., & Crone, E. A. (2010). Development of trust and 

reciprocity in adolescence. Cognitive Development, 25(1), 90–102. https://doi.org/10.1016/j.

cogdev.2009.07.004

van der Aar, L. P. E., Peters, S., & Crone, E. A. (2018). The development of self-views across 

adolescence: Investigating self-descriptions with and without social comparison using a 

novel experimental paradigm. Cognitive Development, 48, 256–270. https://doi.org/10.1016/j.

cogdev.2018.10.001

van der Cruijsen, R., Peters, S., Zoetendaal, K. P. M., Pfeifer, J. H., & Crone, E. A. (2019). Direct 

and reflected self-concept show increasing similarity across adolescence: A functional neu-

roimaging study—ScienceDirect. Neuropsychologia, 129, 407–417. https://doi.org/10.1016/j.

neuropsychologia.2019.05.001

van der Schaaf, M. E., Warmerdam, E., Crone, E. A., & Cools, R. (2011). Distinct linear and 

non-linear trajectories of reward and punishment reversal learning during development: 

Relevance for dopamine’s role in adolescent decision making. Developmental Cognitive 

Neuroscience, 1(4), 578–590. https://doi.org/10.1016/j.dcn.2011.06.007

van Duijvenvoorde, A. C. K., Achterberg, M., Braams, B. R., Peters, S., & Crone, E. A. (2016). Test-

ing a dual-systems model of adolescent brain development using resting-state connectivity 

analyses. NeuroImage, 124, 409–420. https://doi.org/10.1016/j.neuroimage.2015.04.069

https://doi.org/10.3389/
https://doi.org/10.1073/pnas.1423095112
https://doi.org/10.1523/JNEUROSCI.3095-12.2013
https://doi.org/10.1177/1368430211418698
https://doi.org/10.1016/j.
https://doi.org/10.1016/j.
https://doi.org/10.1016/j.
https://doi.org/10.1016/j.dcn.2011.06.007
https://doi.org/10.1016/j.neuroimage.2015.04.069


Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

211

References

van Duijvenvoorde, A. C. K., Op de Macks, Z. A., Overgaauw, S., Gunther Moor, B., Dahl, R. 

E., & Crone, E. A. (2014). A cross-sectional and longitudinal analysis of reward-related brain 

activation: Effects of age, pubertal stage, and reward sensitivity. Brain and Cognition, 89, 

3–14. https://doi.org/10.1016/j.bandc.2013.10.005

van Duijvenvoorde, A. C. K., Westhoff, B., Vos, F., Wierenga, L. M., & Crone, E. A. (2019). A 

three-wave longitudinal study of subcortical–cortical resting-state connectivity in ado-

lescence: Testing age- and puberty-related changes. Human Brain Mapping, hbm.24630. 

https://doi.org/10.1002/hbm.24630

van Duijvenvoorde, A. C. K., Zanolie, K., Rombouts, S. A. R. B., Raijmakers, M. E. J., & Crone, 

E. A. (2008). Evaluating the Negative or Valuing the Positive? Neural Mechanisms Sup-

porting Feedback-Based Learning across Development. Journal of Neuroscience, 28(38), 

9495–9503.

van Harmelen, A.-L., Hauber, K., Moor, B. G., Spinhoven, P., Boon, A. E., Crone, E. A., & Elzinga, 

B. M. (2014). Childhood Emotional Maltreatment Severity Is Associated with Dorsal Medial 

Prefrontal Cortex Responsivity to Social Exclusion in Young Adults. PLOS ONE, 9(1), e85107. 

https://doi.org/10.1371/journal.pone.0085107

van Hoorn, J., van Dijk, E., Meuwese, R., Rieffe, C., & Crone, E. A. (2016). Peer Influence on 

Prosocial Behavior in Adolescence. Journal of Research on Adolescence, 26(1), 90–100. 

https://doi.org/10.1111/jora.12173

Vanneste, S., Verplaetse, J., Van Hiel, A., & Braeckman, J. (2007). Attention bias toward 

noncooperative people. A dot probe classification study in cheating detection. Evolution 

and Human Behavior, 28(4), 272–276. https://doi.org/10.1016/j.evolhumbehav.2007.02.005

Verhoef, R. E. J., van Dijk, A., Verhulp, E. E., & de Castro, B. O. (2021). Interactive virtual reality 

assessment of aggressive social information processing in boys with behaviour problems: 

A pilot study. Clinical Psychology & Psychotherapy, 28(3), 489–499. https://doi.org/10.1002/

cpp.2620

Viding, E., Fontaine, N. M., & McCrory, E. J. (2012). Antisocial behaviour in children with 

and without callous-unemotional traits. Journal of the Royal Society of Medicine, 105(5), 

195–200. https://doi.org/10.1258/jrsm.2011.110223

Viding, E., & McCrory, E. (2019). Towards understanding atypical social affiliation in psychop-

athy. The Lancet. Psychiatry, 6(5), 437–444. https://doi.org/10.1016/S2215-0366(19)30049-5

Visser, R. M., Kunze, A. E., Westhoff, B., Scholte, H. S., & Kindt, M. (2015). Representational sim-

ilarity analysis offers a preview of the noradrenergic modulation of long-term fear memory 

at the time of encoding. Psychoneuroendocrinology, 55, 8–20. https://doi.org/10.1016/j.

psyneuen.2015.01.021

Visser, R. M., Scholte, H. S., Beemsterboer, T., & Kindt, M. (2013). Neural pattern similarity pre-

dicts long-term fear memory. Nature Neuroscience, 16(4), 388–390. https://doi.org/10.1038/

nn.3345

A

https://doi.org/10.1016/j.bandc.2013.10.005
https://doi.org/10.1002/hbm.24630
https://doi.org/10.1371/journal.pone.0085107
https://doi.org/10.1111/jora.12173
https://doi.org/10.1016/j.evolhumbehav.2007.02.005
https://doi.org/10.1002/
https://doi.org/10.1258/jrsm.2011.110223
https://doi.org/10.1016/S2215-0366
https://doi.org/10.1016/j.
https://doi.org/10.1038/


212

Addendum

Vlake, J. H., Van Bommel, J., Wils, E.-J., Korevaar, T. I. M., Hellemons, M. E., Schut, A. F. C., 

Labout, J. A. M., Schreuder, L. L. H., Gommers, D., & Van Genderen, M. E. (2021). Effect of 

intensive care unit-specific virtual reality (ICU-VR) to improve psychological well-being and 

quality of life in COVID-19 ICU survivors: A study protocol for a multicentre, randomized 

controlled trial. Trials, 22(1), 328. https://doi.org/10.1186/s13063-021-05271-z

W	 Westhoff, B., Blankenstein, N. E., Schreuders, E., Crone, E. A., & van Duijvenvoorde, A. C. K 

(2021). Increased ventromedial prefrontal cortex activity in adolescence benefits prosocial 

reinforcement learning. Developmental Cognitive Neuroscience, 52, 101018. doi: 10.1016/j.

dcn.2021.101018 

Westhoff, B., Molleman, L., Viding, E., van den Bos, W., & van Duijvenvoorde, A. C. K. (2020). 

Developmental asymmetries in learning to adjust to cooperative and uncooperative envi-

ronments. Scientific Reports, 10(1), 21761. https://doi.org/10.1038/s41598-020-78546-1

Wierenga, L. M., Bos, M. G. N., Schreuders, E., vd Kamp, F., Peper, J. S., Tamnes, C. K., & Crone, 

E. A. (2018). Unraveling age, puberty and testosterone effects on subcortical brain develop-

ment across adolescence. Psychoneuroendocrinology, 91, 105–114. https://doi.org/10.1016/j.

psyneuen.2018.02.034

Will, G.-J., van Lier, P. A. C., Crone, E. A., & Güroğlu, B. (2016). Chronic Childhood Peer Rejection 

is Associated with Heightened Neural Responses to Social Exclusion During Adolescence. 

Journal of Abnormal Child Psychology, 44(1), 43–55. https://doi.org/10.1007/s10802-015-

9983-0

Worthy, D. A., Cooper, J. A., Byrne, K. A., Gorlick, M. A., & Maddox, W. T. (2014). State-based 

versus reward-based motivation in younger and older adults. Cognitive, Affective & Behav-

ioral Neuroscience, 14(4), 1208–1220. https://doi.org/10.3758/s13415-014-0293-8

Y	 Yeager, D. S., Dahl, R. E., & Dweck, C. S. (2018). Why Interventions to Influence Adolescent 

Behavior Often Fail but Could Succeed. Perspectives on Psychological Science, 13(1), 101–122. 

https://doi.org/10.1177/174569161772262

Z	 Zhang, L., Lengersdorff, L., Mikus, N., Gläscher, J., & Lamm, C. (2020). Using reinforcement 

learning models in social neuroscience: Frameworks, pitfalls and suggestions of best prac-

tices. Social Cognitive and Affective Neuroscience, 13.

https://doi.org/10.1186/s13063-021-05271-z
https://doi.org/10.1038/s41598-020-78546-1
https://doi.org/10.1016/j.
https://doi.org/10.1007/s10802-015-
https://doi.org/10.3758/s13415-014-0293-8
https://doi.org/10.1177/174569161772262






571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff
Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022Processed on: 28-2-2022

215

List of Publications

List of publications

Westhoff, B., Blankenstein, N. E., Crone, E. C., & van Duijvenvoorde, A. C. K. Can I (still) trust 

you? (in preparation). Examining adolescents’ learning about others’ trustworthiness.

Van Duijvenvoorde, A. C. K., Whitmore, L. B., Westhoff, B., & Mills, K. L. (accepted). Learning 

in the developing brain: A methodological perspective. npj Science of Learning.

Ma, I., Westhoff, B., & van Duijvenvoorde, A. C. K. (under revision). Uncertainty about others’ 

trustworthiness increases during adolescence and guides social information sampling.

Westhoff, B., Blankenstein, N. E., Schreuders, E., Crone, E. A., & van Duijvenvoorde, A. C. K 

(2021). Increased ventromedial prefrontal cortex activity in adolescence benefits prosocial 

reinforcement learning. Developmental Cognitive Neuroscience, 52, 101018. doi: 10.1016/j.

dcn.2021.101018

Westhoff, B., Molleman, L., Viding, E., van den Bos, W., & van Duijvenvoorde, A. C. K. (2020). 

Developmental asymmetries in learning to adjust to cooperative and uncooperative envi-

ronments. Scientific Reports, 10(1), 21761. doi: 10.1038/s41598-020-78546-1

Westhoff, B., Koele, I. J., & van de Groep, I. H. (2020). Social learning and the brain: How do 

we learn from and about other people?, Frontiers for Young Minds, 8(95): 1-9. doi: 10.3389/

frym.2020.00095

van Duijvenvoorde, A. C. K., Westhoff, B., de Vos, F., Wierenga, L. M., & Crone, E. A. (2019). 

A three-wave longitudinal study of subcortical-cortical resting-state connectivity in adoles-

cence: Testing age- and puberty-related changes, Human Brain Mapping, 40(13): 3769-3783. 

doi: 10.1002/hbm.24630

Visser R. M., Kunze A. E., Westhoff B., Scholte H. S., & Kindt M. (2015). Representatio-

nal similarity analysis offers a preview of the noradrenergic modulation of long-term fear 

memory at the time of encoding. Psychoneuroendocrinology, 55, 8-20. doi: 10.1016/j.psyn-

euen.2015.01.02

A





217

About the author

About the author

Bianca Westhoff was born on August 17th, 1992 in Amsterdam, The Netherlands. After grad-

uating from secondary school (gymnasium, Montessori Lyceum Amsterdam) in 2010, she 

obtained her bachelor’s degree in Psychobiology in 2013 from the University of Amsterdam. 

During her master’s, she spent an extra semester abroad at The University of British Colum-

bia in Vancouver, Canada. She obtained her Research Master Psychology degree (major in 

Brain & Cognition, minor in Psychological Methods) at the University of Amsterdam in 2016. 

During her master’s, Bianca did an internship at the Brain and Development Research in 

Leiden, where she was involved in the longitudinal Braintime study. Concurrently, she wrote 

her master thesis on developmental changes in resting-state functional connectivity across 

adolescence, under supervision of dr. Anna van Duijvenvoorde.

In November 2016, Bianca started her PhD project at Leiden University under supervision 

of dr. Anna van Duijvenvoorde and prof. dr. Eveline Crone. In the interdisciplinary project 

Samen Leren (Learning Together) she examined the development and (neural) mechanisms 

of social learning in typically developing adolescents. In addition to her research and teaching 

activities, Bianca was a board member of the PhD Platform which advises the Faculty of Social 

Sciences on various PhD-related matters, such as the supervision and mental wellbeing of 

PhDs.

After completing her PhD research in September 2021, Bianca continued working as a 

teacher at Leiden University. As of February 2022, she started working as a researcher at 

VeiligheidNL.

A



571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff571722-L-sub01-bw-Westhoff



219

Dankwoord

Dankwoord

Eindelijk is het zover: m’n proefschrift is AF! Wat een rollercoaster was dat, en wat heb ik 

veel geleerd. Over adolescenten, over hun (sociale) leervaardigheden en hersenen, over on-

derzoek doen, over de academische wereld... Maar vooral heb ik veel over mezelf geleerd, en 
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