
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

On the art of choosing: Developmental changes and individual differences in
decision making under risk

van Duijvenvoorde, A.C.K.

Publication date
2013
Document Version
Final published version

Link to publication

Citation for published version (APA):
van Duijvenvoorde, A. C. K. (2013). On the art of choosing: Developmental changes and
individual differences in decision making under risk. [Thesis, fully internal, Universiteit van
Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/on-the-art-of-choosing-developmental-changes-and-individual-differences-in-decision-making-under-risk(c2deca62-0924-477a-9b32-5785bc988875).html


woensdag 26 juni 2013  
12:00 uur

Agnietenkapel
Oudezijds Voorburgwal 231

Amsterdam

Aansluitend receptie

Paranimfen:

Marieke Bos
mariekegeerte@hotmail.com

Irene van de Vijver
irenevandevijver@gmail.com

ANNA VAN DUIJVENVOORDE
ON THE ART OF CHOOSING

voor de openbare verdediging 
van het proefschrift

Developmental changes and individual differences 
in decision making under risk

door Anna van Duijvenvoorde

Developmental changes and
individual differences 

in decision making under risk

Anna C.K. van Duijvenvoorde

ANNA VAN DUIJVENVOORDE
ON THE ART OF CHOOSING

Developmental changes and individual differences 
in decision making under risk

Anna C.K. van Duijvenvoorde

woensdag 26 juni 2013  
12:00 uur

Agnietenkapel
Oudezijds Voorburgwal 231

Amsterdam

Aansluitend receptie

Paranimfen:

Marieke Bos
mariekegeerte@hotmail.com

Irene van de Vijver
irenevandevijver@gmail.com

voor de openbare verdediging 
van het proefschrift

door Anna van Duijvenvoorde

Developmental changes and
individual differences 

in decision making under risk



Anna C.K. van Duijvenvoorde

On the Art of Choosing: 

Developmental changes and individual 
differences in decision making under risk



Copyright © 2013 Anna C.K. van Duijvenvoorde
Cover design and layout by Nanda van Doornik and Rutger de Jong
Printed by Proefschriftmaken.nl | Uitgeverij BOXPress
ISBN: 978-90-8891-647-2



On the Art of Choosing: 

Developmental changes and individual 
differences in decision making under risk

ACADEMISCH PROEFSCHRIFT

Ter verkrijging van de graad van doctor

aan de Universiteit van Amsterdam

op gezag van de Rector Magnificus

prof. dr. D.C. van den Boom

ten overstaan van een door het college voor promoties ingestelde 

commissie, in het openbaar te verdedigen in de Agnietenkapel

op woensdag 26 juni 2013, te 12.00 uur

door 

Anna Clara Katharina van Duijvenvoorde

geboren te Hoorn



Promotiecommissie:

Promotor: Prof. dr. M. W. van der Molen

Co-promotores: Dr. H. M. Huizenga
 Dr. B. R. J. Jansen

Overige leden: Prof. dr. B. J. Casey
 Prof. dr. M. Deković
 Prof. dr. K. R. Ridderinkhof
 Dr. A. J. P. Scheres 
 Prof. dr. P. M. Westenberg
 Prof. dr. R. W. Wiers

Faculteit der Maatschappij- en Gedragswetenschappen



Contents

7Chapter 1: General Introduction

17Chapter 2: Affective and Cognitive Decision-making in Adolescents

33
Chapter 3: Deciding in Informed and Noninformed Situations: A Developmental 
Study

51
Chapter 4: Decomposing Developmental Differences in Probabilistic Feedback 
Learning: Indices of Heart rate and Behavior

69
Chapter 5: What is and What Could have Been: Experiencing Regret and Relief 
across Childhood

79
Chapter 6: Neural Correlates of Expected Risks and Returns in Risky Choice across 
Development

99
Chapter 7: Mechanisms underlying Compensatory and Non-compensatory 
Strategies during Risky Choice

121Chapter 8: Summary and General Discussion

129References

147Summary in Dutch

155

159

Acknowledgements

Curriculum vitae





Chapter 1

General Introduction



8

1

G
en

er
al

 In
tr

od
uc

tio
n



9

1

G
eneral Introduction

Decision making is ubiquitous in daily life. Think of a typical day in which you are faced with 
a stream of decisions such as what to wear, what to have for breakfast, how to travel to work, 
whether to accept that new job offer, whether to spend or save your money, and so on. An im-
portant feature is that in many -if not most- decisions, the decision outcome carries a degree 
of uncertainty, i.e., an outcome may occur with a certain probability. These types of decisions 
are called decisions under risk. 

The main goal of this thesis is to gain insight into the developmental changes and individ-
ual differences in decision making under risk. Therefore, the research in this thesis pursues a 
multidisciplinary approach that combines insights from economic and developmental psycho-
logical theories of risky decision-making1. Moreover, to characterize individual differences 
in decision making, statistical techniques such as latent-class analysis are used that identify 
subgroups within populations. Furthermore, to be able to study the underlying mechanisms 
that drive observed choices, behavioral measures are combined with physiological measures, 
such as heart rate and brain activation. 

This thesis starts with a short overview of the history of the field of risky decision-making, 
which is rooted in economics and finance. It then continues with a discussion of developmen-
tal psychology theories pertaining to the field of risky decision-making. Finally, it presents 
an overview of various paradigms and methods followed by the introduction of the studies in 
this thesis.

1.1 A short history of decision-making research

Economics and Finance
Classic economic theories predict and explain people’s choice behavior as aimed towards 
maximizing expected value (EV; = probability × value) or expected utility (EU; = probability × 
subjective value) (Von Neumann & Morgenstern, 1944). The concepts of EV and EU are bet-
ter illustrated with an example: Imagine a choice between option A, a sure €49, and option B, 
a 50% chance of €100 (and €0 otherwise). If you would calculate the EV of both options, you 
will find that the EV (the net outcome) of option B is higher (€50). Choosing the higher EV 
option is thus considered the best objective (i.e., normative) choice. However, a fair amount 
of people may prefer the sure option of €49; a preference that can be explained by EU. That is, 
people may use subjective instead of objective values to compare choice options. A concave 
subjective value function increases less steeply between €50 and €100 than between €0 and 
€50, leading to a preference for the sure €49 (Bernouilli 1954/1738). The idea of EU was ex-
tended by the influential ‘theory of expected utility’ (Von Neumann & Morgenstern, 1944), 
that assumed choice preferences can be defined according to an expected utility function that 
can be either risk averse (concave) or risk seeking (convex). 

In parallel, finance proposed a somewhat different model to explain people’s choice be-
havior (Markowitz, 1965), in which choice was assumed to be based on an option’s expected 
return (i.e., EV) and expected risk (i.e., the variance of the distribution of possible outcomes). 

1 Note that the definition of ‘decision-making under risk’ or ‘risky decision-making’ in the develop-
mental literature commonly refers to choices that are associated with a certain probability of undesirable 
outcomes. In finance, however, it refers to situations in which outcomes occur with a known probability. 
In this thesis references to risky decision-making always meet the former, and in most cases also meet the 
latter definition.
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Note that in contrast to utility models, these ‘risk-return’ models include an explicit compo-
nent of risk in choice (Weber, 2010). Although EU and risk-return models have shown sub-
stantial explanatory power in human and even animal decision-making (Weber et al., 2004; 
Weber & Hsee, 1998), they assume a certain ‘rationality’ in choice behavior. That is, decision 
makers are assumed to have consistent beliefs and consistent preferences. Psychology, on the 
other hand, focused specifically on understanding the inconsistencies and biases in people’s 
decision making.

Psychology
Psychologists Kahneman and Tversky formulated Prospect Theory (PT2; 1979) to account for 
systematic biases observed in people’s decision making and the observed violations of utility-
based models. In PT, separate value functions are used for gains and losses, relative to a refer-
ence point (usually the status quo). Generally, the function is steeper for losses compared to 
gains, which results in a property known as loss-aversion (losses loom larger). A second ad-
dition of PT, is the possibility of a subjective evaluation of probability, to account for the fact 
that people tend to overweigh small probabilities (near 0; for instance, think about people’s 
enthusiasm for lotteries, but also their need for insurance for incidents with low prevalence), 
but underweigh medium or high probabilities (near 1; for instance the difference between a 
probability of .99 versus 1 looms larger than the difference between probabilities of .10 and 
.11) (Trepel et al., 2005). 

Although PT presents a flexible model for describing individuals’ choice behavior inside 
and outside the laboratory, the evaluation of an option still depends on an integration of value 
(gains and losses) and probability. An alternative view is that decisions may not rely on an 
integrative process, but can be based on a set of decision heuristics (Gigerenzer & Goldstein, 
1996; Russo & Dosher, 1983; Tversky & Kahneman, 1974). Heuristics are ‘rules of thumb’ 
that simplify the decision process by comparing options on a set of attributes. Heuristics are 
thus non-integrative (do not involve an integration of attributes such as probability and value) 
and non-compensatory (negative values on one attribute cannot be compensated by positive 
values on another attribute). Although heuristics may lead to biases in people’s behavior, they 
have also been called fast and frugal, because using a limited set of information yields faster 
choices, and often choices that are equivalent to normative ones (Bröder & Schiffer, 2006; 
Gigerenzer & Gaissmaier, 2011; Riedl et al., 2008). Examples of prominent decision heuristics 
are the Recognition heuristic (“take the option that is recognized first”; Goldstein & Giger-
enzer, 2002), the Availability heuristic (judged likelihoods are mixed-up with the ease they 
come to mind; Tversky & Kahneman, 1973; 1974), and Lexicographic heuristics (sort choice 
attributes in order of importance, take the best option on sequentially compared attributes; 
Brandstätter et al., 2006; Tversky et al., 1988). 

Decision-neuroscience
In even more recent decades, techniques such as functional magnetic resonance imaging 
(fMRI) yielded the possibility to open up ‘the black box’ (i.e., the brain), and to unravel the 

2 There is a set of parameters that is estimated in PT to explain people’s choice behavior. Two param-
eters describe the value function (α, β), one describes loss aversion (λ), and one (or two) describe(s) the 
probability function (γ, (δ)). PT estimated ‘average’ values of .88 for α and β (creating only slightly curved 
gain and loss values), a value of 2.25 for λ (indicating that losses loom approximately twice as large as 
gains) and a value of .64 for γ (Kahnemann & Tversky, 1979; Trepel et al., 2005).
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neural mechanisms that underlie observed choice behavior. Neuroscience focused on under-
standing decision making and learning by studying the neural activation related to experienc-
ing (or anticipating) decision outcomes (i.e., rewards and losses). A typically found ‘reward-
network’ in the brain centers around evolutionary old, subcortical, structures that include 
dopamine-rich areas in the midbrain, such as the (ventral) striatum (Schultz et al., 1997). The 
striatum has been implicated in anticipating and processing different types of rewards (but to 
some extent also losses; Tom et al., 2007) as well as in producing learning signals indicating 
whether an outcome is better or worse than expected (Cohen et al., 2010). 

A range of studies adopted a fairly model-based approach, in which representations of EV, 
or parameters from risk-return and PT models, are related to brain activation during decision 
making. An integrated EU or EV signal has been associated with neural activation in reward-
related regions, such as the ventral striatum, but also with prefrontal regions such as the ven-
tral medial prefrontal cortex (PFC), and regions involved in control and mental calculations, 
such as the lateral PFC and parietal cortex (Rushworth et al., 2011; Tobler et al., 2007). A risk 
signal has been associated with neural activation in regions coding more negative emotions 
and uncertainty, such as the anterior cingulate cortex (ACC), the dorsal medial PFC, and the 
insula (Mohr, Biele, & Heekeren, 2010; Preuschoff et al., 2008). 

Although we started to unravel the brain mechanisms underlying decision making, deci-
sion-neuroscience is still an emerging field. For instance, the neural mechanisms underlying 
different components of risky choice and the neural mechanisms of different decision heuris-
tics are still largely unknown.

1.2 Why a developmental perspective is needed

This thesis combines insights from economics and neuroscience with developmental psychol-
ogy. That is, most studies in this thesis include risky decision-tasks that are administered 
to a cross-sectional developmental population. A strong focus on development is interesting 
for several reasons: First, developmental studies deepen our understanding of the process 
of risky decision-making. That is, whereas adult studies have the potential to study what is, 
developmental studies have the potential to study the trajectory of that outcome. Moreover, 
adolescents and even children, are faced with many decisions ranging from ‘every day’ de-
cisions (what will I wear?), to consequential decisions (which school will I go to? Which 
courses will I take? Will I study or party?). Real-life statistics show that specifically the period 
of adolescence is characterized by ‘bad decision-making’ (Reyna & Farley, 2006). Behaviors 
such as (petty) crime, illicit drug use or school absence often start and/or peak during ado-
lescence and may have long-lasting influence over the course of the life-span. Understanding 
the processes that underlie such developmental changes in decision making are thus of broad 
societal interest. Finally, studies on the developmental changes in decision making inform the 
study of learning. That is, decision making is closely related to the efficiency of learning, in 
which decision-outcomes could signal the need to adjust subsequent behavior. Particularly in 
childhood and adolescence, learning shows pronounced changes and plays an important role 
in behavior (Siegler, 2000).

The developmental studies in this thesis are based on three theories pertinent to the study 
of the development of decision making: A theory on the neurodevelopmental trajectory of af-
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fective versus controlled processing, a theory on the development of counterfactual emotions, 
and a theory on the development of cognitive decision strategies. These theories are briefly 
outlined below. 

1.3 Developmental theories

Neurobiological Model – Affect and Control
An influential view in psychology (and cognitive neuroscience) is that behavior is the out-
come of affective impulses aimed towards obtaining (immediate) rewards, and cognitive-con-
trol processes aimed towards regulating behavior in favor of long-term goals (Miller & Cohen, 
2001). Inhibition and working memory are considered central processes of cognitive control 
(see for overviews Crone, 2009; Garon et al., 2008; Geier & Luna, 2009; Luna et al., 2010), in 
which inhibition is described as the ability to suppress more reflexive responses when plan-
ning an action, and in which working memory is described as the ability to retain relevant 
information online. Affective as well as cognitive-control processes are linked to underlying 
neural circuitries that continue to mature across development.

Numerous neuroimaging studies have demonstrated large structural and functional chang-
es in the brain until our mid-twenties. For instance, gray matter pruning and white matter 
maturation continues into early adulthood (Giedd et al., 1999; Gogtay et al., 2004; Shaw et al., 
2008; Sowell et al., 2002; 2003). However, different regions are shown to mature at different 
rates: that is subcortical, affective regions (such as the striatum) mature earlier in comparison 
to frontal, control regions (such as the PFC). These different maturational trajectories are 
thought to lead to an imbalance between affective impulses and control processes, specifi-
cally during the period of adolescence (Casey et al., 2010). Additionally, during adolescence, 
hormonal influences (Ernst & Fudge, 2009; Spear 2011) as well as changes in dopamine regu-
lation (Wahlstrom et al., 2010) may lead to an intensification of affective processes that may 
substantially drive adolescents’ decision-making.

A relatively underdeveloped (or selectively recruited; Crone & Dahl, 2012) PFC, together 
with a hyper-reactive affective system is linked to the typical characterization of adolescence 
as a period of increased reckless, risky, and thrill-seeking behavior (Dahl, 2004; Steinberg, 
2008). Imaging studies accordingly showed increased subcortical responses when receiving 
rewards in adolescence compared to childhood and adulthood (Cohen et al., 2010; Galvan et 
al., 2006; 2007; Van Leijenhorst, Moor et al., 2010), and this greater reward-related subcorti-
cal activation predicted self-reported everyday risk-taking behaviors (Galvan et al., 2007). On 
the other hand, imaging studies have also indicated little developmental increases in neural 
activity when receiving rewards (Bjork et al., 2004; 2010; Paulsen et al., 2012) or even de-
creased neural activity in adolescents compared to adults when anticipating rewards (Bjork et 
al., 2004; 2010; Geier et al., 2010). Recent overviews highlight that these mixed-findings may 
be due to differences in task design and analyses (Galvan, 2010), but also to large individual 
differences. That is, only some adolescents (in some situations) may be particularly prone 
to rewards. Alternatively, the neural imbalance in adolescence may also lead to exaggerated 
negative emotional states (Somerville et al., 2010). 

Several chapters in this thesis evaluate this neurodevelopmental ‘imbalance’ model, and 
investigate children’s and adolescents’ decision making in contexts that trigger more or less 
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affective involvement (Chapter 2), and that tax control processes to a greater or lesser extent 
(Chapter 3; Chapter 4). Chapter 6 in this thesis investigates the neural changes in children’s, 
adolescents’ and adults’ risky choice. To date, most imaging studies have focused primarily on 
reward-processing and not on the constructs underlying risky choice. Therefore, this study 
combines a neurobiological view with a formal modeling perspective to distinguish neural 
patterns of activation associated with return and risk and activation triggered by obtained 
rewards and losses.

Counterfactual emotions
A decision theory that specifically focuses on the influence of affect in decision making is 
regret theory (Bell, 1982; Loomes & Sugden, 1982; Roese, 1997). That is, regret theory speci-
fies that a decision maker may anticipate how he/she will feel when different counterfactual 
outcomes occur. Counterfactual outcomes are outcomes that ‘could have been’ if an alterna-
tive path of action was taken. The comparison between a reality that is and a reality that could 
have been gives rise to anticipated or experienced counterfactual emotions such as regret and 
relief. Such counterfactual emotions have an obvious learning function, particularly when the 
counterfactual outcome would have been better (Weber, 2010). Additionally, regret theory 
states that risky decision-making is not only driven by maximizing some form of EU, but also 
by minimizing anticipated post-decisional regret (Bell, 1982; Roese, 1997).

Zeelenberg et al. (1996) highlighted the influence of counterfactual emotions on decision 
making by showing that people are more likely to choose the option in which the alternative 
was unrevealed (and in that way avoided possible regret). This tendency could actually lead to 
more risk-seeking as well as more risk-averse choice behavior. A compelling real-life example 
is the Dutch ‘Postcode Loterij’ (postal code lottery). This lottery chooses a Dutch postal code 
and anybody who bought a lottery ticket and lives in the drawn postal code area shares the 
prize. The anticipated regret of being confronted with ‘what could have been’ creates a strong 
pressure to buy the ticket (see also Zeelenberg & Pieters, 2004). 

But reflecting on what could have been is a complex skill and the development of regret 
and relief may therefore deviate from that of more basic emotions such as happiness, sadness, 
anger or fear. That is, anticipating or experiencing counterfactual emotions depends on the 
executive demands of holding in mind and comparing two representations of reality; that 
is, what could have happened (counterfactual reality) and what actually happened (actual 
reality). Chapter 5 in this thesis concerns the development of the experience of regret and 
relief and studies individual differences in the onset of these counterfactual emotions in early 
childhood.

Development of decision strategies
Finally, age-related changes in decision strategies may lead to changes in risky decision-mak-
ing across development. That is, utility-based theories state that decisions are made based on a 
computation of an integrated value. As discussed, an alternative view is that decisions can also 
be non-integrative, for instance, based on an attribute-based comparison of choice options 
(i.e., lexicographic heuristic). Surprisingly, these different types of decision strategies have a 
strong correspondence to Piagetian theory on the development of problem solving.

In a Piagetian framework, children’s problem solving has been described as a progres-
sion through a series of suboptimal stages before children use the correct strategy (Siegler, 
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1996). A famous problem-solving task that illustrates this progression is the balance-scale 
task (Siegler, 1981; 1996). In this task various weights are placed at various distances on both 
arms, and children are asked to predict whether the balance will tip to the left, to the right, 
or will remain in balance. Children may use various rules to solve this balance scale task. A 
simple, one-dimensional rule would involve a comparison of the numbers of weights only. A 
two-dimensional rule would be to first consider the weights, and if these are equal, consider 
the distances from the fulcrum. A correct decision is, however, only made when weights and 
distances are integrated correctly (weights × distance). 

The hypothesis that such reasoning is also applied in decision making when confronted 
with multiple choice attributes (gains, losses, probabilities) was tested by Huizenga et al. 
(2007). They found that younger children were more inclined to use only one decision at-
tribute to make a decision (a primary focus on probability of loss), whereas older children 
were able to use a two-dimensional strategy, focusing first on the probability, and if these 
were equal between options, choose on the basis of amount of loss. Eventually, a small group 
of adults attained integrative decision-making, in which decision attributes were correctly 
integrated (into EV). Thus, in accordance with a Piagetian framework, children may be more 
prone to use such simple decision strategies, and the complexity of such strategies (i.e., the 
number of attributes considered) may increase with age. Jansen et al. (2012) accordingly 
showed an age-related increase in the complexity of decision-strategies (i.e., the number of 
decision attributes considered). However, this study also observed large individual differ-
ences in which a subgroup of children applied a normative, integrative, decision strategy3. 

Chapter 2 in this thesis studies the different types of decision strategies that occur in 
an adolescent population, to determine whether the complexity of decision strategies in a 
‘low-affective’ decision context predicts risky decision-making in a more affective (i.e., mo-
tivationally-salient) context. Additionally Chapter 7 focuses on the neural mechanisms un-
derlying different decision strategies (integrative and non-integrative strategies) in an adult 
population.

1.4 Paradigms to study decision making under risk

In this thesis risky decision-making is studied with different experimental paradigms (tasks) 
that present a controlled environment that is understandable and comparable across differ-
ent ages. All decision tasks in this thesis present choices that differ in the probability and the 
amount of losses and gains. However, these tasks vary in two important ways: First, whether 
or not outcomes are experienced immediately, thereby varying the level of affective-moti-

3 Beyond the scope of this thesis, but a lively debate in the literature, is whether we become more or 
less ‘rational’ as we grow older. With ‘rational’, we refer to an increasing use of more integrative (i.e., 
normative) strategies and a lesser susceptibility to decision-biases. A classical Piagetian framework pre-
dicts an increase in normative choice behavior based on an increase in integrative decisions. On the other 
hand, fuzzy-trace theory (Reyna & Ellis, 1994) predicts a developmental decrease in normative choice 
behavior, since with increasing age we would increasingly rely on ‘gist’ processing. Gist is explained as 
an intuitive, heuristic, gut-based feeling, which is often right, but more susceptible to biases. The study of 
Jansen et al. (2012) supports both accounts. That is, some young children displayed ‘integrative’ decision-
strategies (consistent with fuzzy trace theory), but most displayed a very simple sequential strategy. With 
age the complexity of sequential strategies increased (consistent with Piagetian theory).
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vational engagement (Loewenstein et al., 2001)4. Second, whether or not choice attributes 
are presented explicitly, thereby varying the load on control processes, such as (working) 
memory. 

A first prominent task in this thesis is the Gambling Machine Task (GMT; Jansen et al., 
2012; Van Duijvenvoorde et al., 2010), which is used to investigate and delineate individuals’ 
decision-strategies. In the GMT, participants make a series of choices with clearly presented 
choice options and no immediate outcomes are experienced. Typically, this type of task may 
be referred to as a ‘cold’ (i.e., low-affective) decision task. 

Other tasks used in this thesis are the Columbia Card Task (CCT; Figner et al., 2009; Figner 
& Weber, 2011) and the children’s version of the Iowa Gambling Task (IGT; Bechara et al., 
1994; Crone & Van der Molen, 2004). In both tasks immediate outcomes are experienced, 
leading to a relatively greater influence of affective-motivational processes. Therefore, they 
are often referred to as ‘hot’ or ‘affective’ decision tasks. The CCT presents a card game with 
explicit information on loss-probability, amount of loss and amount of gain, in which partici-
pants can choose to either take a card (with a possibility of turning a gain or loss card) or to 
stop taking cards (which ends the game round and saves the accumulated score). In contrast, 
in the IGT, choice information is not explicitly presented and participants need to learn to 
maximize their overall winnings by repeated sampling from options that differ in net outcome 
(EV). 

Although the use of such experimental paradigms may seem to have low predictive-power 
for real-life behavior, performance on the CCT has been shown to correlate with people’s self-
reported need-for-arousal (Figner et al., 2009), and the IGT has been used as a diagnostic tool 
for people with impulse control deficiencies, as in, for example, substance abusers and lesion-
patients (Bechara et al., 1994; Goudriaan et al., 2005; Stout et al., 2004; Verdejo-Garcia et al., 
2007, see also Dunn et al., 2006). Also performance on the GMT is associated with behavioral 
disorders and mild intellectual disability, which are characterized by simpler decision strate-
gies (Bexkens et al., in prep).

1.5 Methodological approaches

As suggested before, large individual differences may exist in decision making (Huizenga et 
al., 2007) that are not observed if averaged data are analyzed. To uncover these individual dif-
ferences, several studies in this thesis use latent-class analysis (Chapter 2, 5, and 7). Such an 
analysis allows for the determination of subgroups characterized by homogenous choice pat-
terns. Another way to uncover individual differences in choice-behavior is to estimate formal 
model parameters at an individual level. In Chapter 6 we use the latter approach to estimate 
individual differences in the sensitivity to risk and return during risky choice and correlate 
these individual measures with brain activation.

4 Note that the behavioral economics literature additionally mentions a ‘descriptive-experience’ gap. 
That is, descriptive choice (choice without feedback) and experiential choice (based on repeated sam-
pling) may differ, because people’s behavior indicates lower impact of rare events in descriptive choice, 
but higher impact in experiential choice. This has been related to, among others, sampling errors in expe-
riential choice (Hertwig et al., 2009).
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In addition, the research in this thesis uses several physiological measures. In Chapters 6 
and 7 we include fMRI to assess the neural processes underlying risky decision-making. fMRI 
is assumed to indicate activation of a brain region (i.e., innervated by oxygen-rich blood) 
when performing a certain decision task or when experiencing decision outcomes. Addition-
ally, in Chapter 4, we used heart-rate indices to investigate responses to decision-outcomes. 
Beat-by-beat-heart changes have been shown to be sensitive to the processing of psycholog-
ically relevant information. More specifically, heart rate slows in anticipation of feedback, 
which is followed by an accelerated recovery to baseline (Jennings & Van der Molen, 2002). 
When expectancies are violated, or outcomes convey negative information (losses, punish-
ments, social exclusion, errors) heart rate recovery is considerably delayed. The amount of 
slowing thus conveys important information on the internal processing of decision outcomes.

1.6 Outline

Chapters 2-4 in this thesis investigate affective and cognitive-control processes in children’s, 
adolescents’, and adults’ risky decision-making, by using tasks that trigger more or less affec-
tive involvement and that tax control processes to a greater or lesser extent. That is, Chapter 
2 describes a study in an adolescent age group (14-16-year-olds), that first aims to illustrate 
individual differences in decision making in an affective risky decision-task (IGT) and a ‘low-
affective’ decision task (GMT). Second, this study aims to test whether decision strategies in 
the low-affective task are predictive of decision making in the high-affective task. Chapter 3 
describes a study across several age groups (from 7-year-olds to young adults) that addresses 
how lowering memory load influences decision making across development. For this reason 
we use a decision task in which explicit decision-information is presented (informed), and 
a task in which information needs to be learned from repeated choices (noninformed; as in 
the IGT). Chapter 4 implements a similar but simplified paradigm to investigate three age 
groups (8-9, 11-13, and 18-24-year-olds) with the aim to specifically study the processing 
of outcomes (i.e., feedback) across development in informed and noninformed contexts, by 
analyzing both behavioral and heart-rate indices. 

Chapter 5 concerns a study in five age groups (5-6, 7-8, 9-10, 11-13, and 18-22-year- olds) 
and focuses specifically on the development of counterfactual emotions, i.e., regret and relief, 
and on individual differences in the developmental onset of these emotions.

The last two empirical chapters focus on the neural mechanisms and individual differ-
ences underlying i) age-related changes in risky decision-making and ii) individual differ-
ences in risky decision-strategies. That is, Chapter 6 includes an fMRI-version of the CCT 
in combination with a formal risk-return model to investigate (neural) changes in sensitivity 
to risks and returns in children, adolescents, and adults (8-11, 16-19, and 25-35-year-olds). 
Chapter 7 focuses on individual differences in decision strategies in a young adult popula-
tion (18-28-year-olds). Specifically, the aim is to compare the neural mechanisms underlying 
compensatory (integrative) versus non-compensatory (non-integrative) decision-strategies.

Finally, Chapter 8 summarizes the empirical studies and discusses implications for the 
main developmental theories. 



Chapter 2

Affective and Cognitive Decision-
making in Adolescents

This chapter is based on:

Duijvenvoorde, A.C.K., Jansen, B.R.J., Visser, I., & Huizenga H.M. (2010). Affective and 
Cognitive Decision-making in Adolescents. Developmental Neuropsychology, 35, 539-554.
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Abstract

Adolescents demonstrate impaired decision-making in emotionally arousing situations, yet they appear 

to exhibit relatively mature decision-making skills in predominately cognitive, low arousal situations. 

In this study we compared adolescents’ (13–15 years) performance on matched affective and cognitive 

decision-making tasks, in order to determine (1) their performance level on each task and (2) whether 

performance on the cognitive task was associated with performance on the affective task. Both tasks 

required a comparison of choice dimensions characterized by frequency of loss, amount of loss, and con-

stant gain. Results indicated that in the affective task, adolescents performed suboptimally by considering 

only the frequency of loss, whereas in the cognitive task adolescents used relatively mature decision rules 

by considering two or all three choice dimensions. Performance on the affective task was not related to 

performance on the cognitive task. These results are discussed in light of neural developmental trajecto-

ries observed in adolescence.
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2.1 Introduction

The prevalence of suboptimal decision-making appears to peak in adolescence, as demon-
strated by adolescents’ heightened risk-taking behavior in daily life situations. For example, 
adolescents display more dangerous traffic behavior, more delinquent behavior, and more 
risky sexual behavior than other age groups (Arnett, 1999; Casey et al., 2008; Steinberg et al., 
2008). Developmental research designed to assess adolescents’ decision-making skills has, 
however, reported inconsistent results. In some studies adolescent decision-making is subop-
timal compared to adults (Crone & Van der Molen, 2004; Hooper et al., 2004; Overman et al., 
2004). In contrast, others have concluded that adolescents’ decision-making is comparable to 
that of young adults, a conclusion supported by evidence for adolescents’ adult-like ability to 
estimate and use information on probability and reward (Reyna & Farley, 2006; Van Leijen-
horst et al., 2008). This inconsistency in the literature indicates that task characteristics could 
play an important role in adolescents’ choice behavior (see also Crone, Bullens et al., 2008). 

Decision-making is a complex skill and is thought to depend on several capacities: It not 
only depends on the capacity to reason about a decision problem, but also on the capacity to 
control emotional responses that can be elicited by a decision problem. The capacity to rea-
son about a decision problem is thought to be relatively mature in adolescents, whereas the 
capacity to control emotional responses is considered to be still immature during adolescence 
(Steinberg, 2007). More specifically, it is generally assumed that there is a sharp increase in 
emotional responding during adolescence (Hare et al., 2008; Mitchell et al., 2008), which 
is not paralleled by a sharp increase in control processes (Steinberg, 2007; Steinberg et al., 
2008). This results in an “emotional overshoot”, and is associated with a neural developmen-
tal imbalance between emotional responding and control processes (Casey et al., 2008). 

Across childhood and into early adulthood, brain regions and their connections undergo 
large functional (Bunge et al., 2002; Crone, Zanolie et al., 2008) and structural (Giedd, 2008; 
Gogtay et al., 2004; Shaw et al., 2008) changes. Emotional (limbic) and control (prefron-
tal) brain-regions have different developmental trajectories, such that limbic structures de-
velop earlier than prefrontal control regions. Because of this developmental imbalance during 
adolescence, affective (high-arousing) situations result in a heightened emotional response 
(Ernst et al., 2005; Galvan et al., 2006; Hare et al., 2008; Van Leijenhorst et al., 2010), com-
bined with a relatively immature influence of prefrontal control regions (Eshel et al., 2007).

Based on this neurobiological model, adolescents’ decision-making is expected to differ in 
high- and low-arousing decision-making situations. Specifically, we expect that adolescents’ 
decision-making is suboptimal in affective (high-arousing) situations, as compared to cogni-
tive (low-arousing) situations. 

Whether a task is more or less affectively charged depends on, among other factors, 
whether consequences of a decision are actually experienced during the task (Loewenstein et 
al., 2001). For example, Figner and colleagues (2009) showed that giving feedback on gains 
and losses increases the level of experienced arousal. Adolescents’ decision-making in affec-
tive situations (i.e., situations with significant emotional consequences) versus cognitive situ-
ations (i.e., situations with minimal emotional consequences) has mostly been assessed in 
separate studies (but see Figner et al., 2009). 

In the present study we therefore aim to provide a detailed account of adolescents’ deci-
sion-making skills and a direct comparison of performance in affective versus cognitive task 
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situations. Note that the used classification of affective and cognitive situations in this study 
specifically refers to the difference in affective engagement between both situations, and is 
not used to imply that decision-making would include either cognitive or affective processes.

Decision-Making in Affective Situations
In affective situations, participants’ decisions result in emotionally significant consequences 
(gains and/or losses). A widely used affective decision-making task is The Iowa Gambling 
Task (IGT; Bechara et al., 1994). In this task, a participant is repeatedly asked to play from 
one of four decks of cards. Two of the decks are advantageous and the other two are disad-
vantageous in the long run. The advantageous decks result in constant moderate-gains, but 
also in probabilistic moderate- or low-losses. The disadvantageous decks, conversely, result 
in constant high-gains, but also in probabilistic high-losses. Each deck is thus characterized 
by its amount of constant gain, its frequency of loss, and its amount of loss. However, the 
choice properties of the different decks are not described to the participants, but rather have 
to be inferred by using the feedback (gains/losses) provided after each choice. As a multidi-
mensional choice task, the IGT thus requires the capacity to reason about a complex decision 
problem. Moreover, participants are directly confronted with the outcomes of their decisions, 
and therefore the IGT also addresses the capacity to control emotional responses.

Adolescents demonstrate impaired decision-making in this task when compared to adults 
(Crone & Van der Molen, 2004; Hooper et al., 2004; Overman et al., 2004). That is, children 
and adolescents, in contrast to adults, seemed to opt mostly for the disadvantageous options, 
in which both gains and losses are high. Therefore, it has been proposed that children and ado-
lescents opt for short-term high-gain options. However, a recent reanalysis of developmental 
IGT data suggests that adolescents are not necessarily focused on short-term gain, but rather 
are focused on avoiding frequent loss. Therefore, they eventually opt for decks with the low-
est frequency of loss, whether they be advantageous or disadvantageous (Crone et al., 2005; 
Huizenga et al., 2007). 

In sum, adolescents’ performance on the affective IGT is shown to be suboptimal com-
pared to adults. However, debate remains as to whether the primary focus of adolescents’ 
decisions is based on an attraction towards high-gain options, or whether it is an avoidance 
of options characterized by a high-frequency loss. Furthermore, previous research indicated 
that some age groups, particularly adolescents, showed considerable variation in IGT perfor-
mance (Crone & Van der Molen, 2004; Hooper et al., 2004). The present study aims to further 
investigate both issues.

Decision-Making in Cognitive Situations
In cognitive situations, participants’ decisions do not result in emotionally significant con-
sequences (gains and/or losses), since participants are not directly confronted with the out-
comes of their decisions. Therefore, these situations primarily address reasoning capacities, 
and not the capacity to control emotional responses. Studies on cognitive decision-making, 
focusing on logical reasoning abilities, have, for example, used proportional reasoning para-
digms. In proportional reasoning, choice options differ on one or multiple choice dimensions 
(e.g., probability, amount of loss/reward), which must be integrated in order to obtain a cor-
rect solution. Results from this line of work suggest that there is a developmental increase in 
proportional reasoning skills.
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Children progress through a series of suboptimal stages before they use the correct mul-
tiplication/proportional rule. Young children first consider only one (dominant) dimension 
in their answer (one-dimensional decision rule). In the next stage, children also first focus 
on the dominant dimension, but if the dominant dimension for the two presented choices is 
equal, they subsequently consider the subordinate dimension as well (two-dimensional deci-
sion rule). Eventually the correct strategy will be adopted, in which the choice dimensions are 
multiplied (integration rule) (Siegler, 1981).

Recent research suggests that young children (from age 5) are already capable of process-
ing probability information (Schlottmann, 2001), including the use of one- or two-dimen-
sional decision rules (e.g., focusing on the probability alone or on the probability and the 
amount of loss). Furthermore, young adolescents (age 13) have been shown to be able to use 
correct proportional integration between two task dimensions (i.e., number of winning and 
number of losing beads; Falk & Wilkening, 1998).

These results indicate that adolescents perform fairly well in proportional reasoning tasks, 
being able to understand probability and use multidimensional strategies in decision prob-
lems. These reasoning capacities can be considered important for advantageous choice be-
havior. Moreover, adolescents have been shown to not differ from adults in their risk percep-
tion (Van Leijenhorst et al., 2008) or their ability to evaluate consequences (Beyth-Marom et 
al., 1993). Immature cognitive-reasoning skills thus do not seem to account for adolescents’ 
diminished performance in affective tasks. However, most research on reasoning capacities 
focuses on choices determined by a maximum of two dimensions, whereas choices in affec-
tive decision-making tasks commonly depend on more dimensions. For example, in the affec-
tive Iowa Gambling Task, options are characterized by three choice-dimensions: frequency 
of loss, amount of loss, and amount of constant gain. As a consequence, no firm conclusions 
can be drawn about adolescents’ reasoning capacities in these more complex tasks. Therefore, 
another aim of this study is to investigate adolescents’ level of cognitive decision-making in 
more complex decision-making situations.

The Current Study
In this study, we first aim to describe adolescents’ performance on an affective decision-
making task. Specifically, we will investigate performance variation between adolescents and 
determine whether adolescents’ choices are characterized primarily by a focus on gain or on 
avoidance of high-frequent loss. Second, we aim to investigate adolescents’ level of perfor-
mance in a three-dimensional cognitive decision-making task. Third, we aim to explore the 
link between performance on both tasks; that is, we investigate whether adolescents’ perfor-
mance on the affective task is associated with their reasoning level on a matched cognitive 
task. 

To this end, an affective and a cognitive decision-making task were administered to a large 
sample of adolescents (ages 13–15). The affective task is the Hungry Donkey Task (HDT; 
Crone & Van der Molen, 2004), which is a child-adapted version of the IGT. In this task, choic-
es are characterized by frequency of loss, amount of loss and amount of constant gain. Feed-
back on gains and losses is presented after each choice. The cognitive task is the Gambling 
Machine Task (GMT; Jansen et al., 2012). In this task, participants have to choose between 
two gambling machines that differ, similar to the HDT, in frequency of loss, amount of loss, 
and amount of constant gain. In contrast to the HDT, no feedback is provided.
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In sum, the HDT is used for a characterization of adolescents’ decision-making in an affec-
tive situation. In addition, the GMT is used for a detailed assessment of adolescents’ reasoning 
level in a predominantly cognitive situation. Since both tasks involve a similar comparison 
of choice dimensions, they require equally complex reasoning capacities. A comparison be-
tween the two tasks will therefore allow us to determine whether performance in affective 
situations could be explained by adolescents’ complex reasoning abilities, or whether other 
factors, like an imbalance between emotional and control processes, are more prominent.

2.2 Method

Participants
One hundred and seven adolescents (ages 13–15, Mean Age = 13.7 years) from a secondary 
school participated in this study. This sample included participants from different educational 
levels: 53 adolescents were involved in a low-level vocational track (Mean Age = 13.6 years, 
26 female) and 54 adolescents in a medium- to high-level track (Mean Age = 13.7 years, 28 
female). The primary caregivers of the participants were informed about the experiment and 
were provided with an opportunity to exempt their child from participating. All procedures 
were approved by the local ethics committee. Intelligence scores were obtained by using the 
Standard Raven’s Progressive Matrices (SPM)1 test (Raven et al., 1985). A speeded version of 
the task was used in which participants were given 20 minutes to answer as many problems 
as possible in the test (Hamel & Schmittmann, 2006). Raven scores did not differ between 
adolescents from different educational levels (F(1, 96) = 2.4, p = .12).

Hungry Donkey Task (HDT)
Ninety-four2 adolescents performed the HDT, a child adapted computerized version of the 
IGT (Crone & Van der Molen, 2004). The stimulus display consisted of four doors: A, B, C, 
and D, and a donkey sitting in front of those doors. Participants were told to assist the hungry 
donkey by collecting as many apples as possible by clicking with the mouse on one of the four 
doors. Upon clicking on one of the doors, the stimulus display was replaced by an outcome 
display showing the number of apples gained and the number of apples lost. A horizontal bar 
on the screen represented the total number of apples won or lost, as indicated by a number 
and color change. The participants began with zero apples, and their total number was up-
dated every time a door was chosen. 

The HDT had the same relative proportions of wins and losses as the IGT. However, the 
absolute numbers of wins and losses were reduced by a factor 25. Doors A and B were char-
acterized by a high constant gain of four apples. Door A had a high loss in 50% of the trials 
(8, 10, 10, 10 and 12 apples) and B a very high loss in 10% of the trials (50 apples). Doors C 
and D were characterized by a low constant gain of two apples. Door C had a low loss in 50% 
of the trials (1, 2, 2, 2, and 3 apples) and D a high loss in 10% of the trials (10 apples). The 
HDT choice options thus differed on three dimensions: frequency of loss (FL), amount of loss 
(AL), and amount of constant gain (CG). 

1 Nine adolescents did not complete the Raven SPM due to absence or procedural errors.
2 Thirteen adolescents did not complete the HDT due to class absence.
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Doors A and B provided an equivalent net loss and were, therefore, disadvantageous in the 
long run. In contrast, doors C and D provided an equivalent net gain and were, therefore, ad-
vantageous in the long run. Note that the detailed properties of each door were not presented 
to the participants, but instead had to be inferred based on the presented gains and losses. 

The HDT consisted of 200 trials. Two versions of the task were used that counterbal-
anced the relative position of the advantageous and disadvantageous doors. In one version, 
the doors were presented on screen in the order A, B, C, D. In the other version, the doors 
were positioned in the order C, D, A, B. Participants were randomly assigned to one of the two 
versions of this task. Participants were tested individually, using 17-inch computer screens on 
which the stimuli were presented. Instructions were read out loud by the experimenter (see 
the Appendix) and no time limit was present.

HDT Analysis
Door choices were analyzed on two levels: (1) across individuals, by considering average 
choices for each of the four doors and (2) individually, in order to study variations in choice 
strategies in our adolescent sample. For the latter, we applied model-based cluster analysis 
(for an application, see Huizenga et al., 2007). This model-based cluster analysis consisted 
of two stages. First, this analysis compared different clustering solutions according to their 
Bayesian Information Criterion (BIC) in a stepwise manner (Fraley & Raftery, 2003). If a one-
group solution provided the best description, then the estimation procedure was stopped. 
If the two-group solution provided a better fit, then two- and three-group solutions were 
compared. This process was repeated until the best solution was found according to the BIC. 
Second, given this optimal solution, each participant was assigned to his or her most probable 
latent group. Based on this assignment, each group was consequently characterized by its 
mean scores on the original variables: doors A, B, C, and D.

Gambling Machine Task (GMT)
One-hundred and three adolescents3 completed the GMT, a paper-and-pencil task designed 
to assess decision rules in a three-dimensional cognitive decision-making context (Jansen et 
al., 2012). The task consisted of four blocks of seven item-types in which participants had to 
compare two gambling machines and had to decide whether Machine A or Machine B was 
most profitable or whether the machines were equally profitable. 

Similar to the HDT, each machine was characterized by a frequency of loss (FL), an 
amount of loss (AL), and an amount of constant gain (CG). Each machine contained 10 balls 
that were either white (neutral) or grey (losing). The number of grey balls in the machine 
coded the frequency of loss and the number displayed on the grey balls depicted the amount 
of loss. Constant gain was displayed on the machine and was the amount of points that was 
always gained when starting the machine. The participant was instructed to imagine that the 
machine delivers the constant gain if the machine is started and that, after shaking the balls, 
the machine draws either a white or a grey ball. Thus, if the machine would draw a grey ball, 
a constant gain was obtained, and the amount depicted on the ball was lost. If the machine 
would draw a white ball, a constant gain was again obtained, yet no points were lost.

The values of FL, AL, and CG were similar to the values used in the HDT. Thus, frequency 
of loss could be either 10% (1 grey, versus 9 white balls) or 50% (5 grey, 5 white balls). 

3 Four adolescents did not complete the GMT due to class absence. 
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Amount of loss could be either –50, –10, or –2 and amount of constant gain was either 2 or 
4. Contrary to the HDT, no feedback on performance was provided. The GMT was adminis-
tered classically as a paper-and-pencil test on another day than the HDT. Instructions were 
read out loud by the experimenter (see the Appendix). Two example items were used. These 
items were chosen such that all decision rules would arrive at the same choice. On average, 
participants needed 15 to 20 minutes to complete the GMT. The GMT was followed by the 
speeded Raven SPM.

Decision Rules and Item Types
Performance on the GMT is described by level of used decision rule. First, decision rules can 
vary in complexity, which refers to the number of choice dimensions considered. Further, 
decision rules can differ in saliency of a specific choice dimension, which refers to the order 
in which dimensions are considered. That is, each choice dimension (FL, AL, or CG) can 
be either dominant, first subordinate, or second subordinate. A combination of complexity 
and saliency differences results in 17 hypothesized decision rules. These hypothesized deci-
sion rules can thus consist of (a) considering only one dimension (FL, AL, or CG); (b) any 
order of two dimensions (for example: FL,AL) or an integration between the two dimen-
sions FL*AL; (c) any order of three dimensions (for example: FL,AL,CG) or an integration 
between these three dimensions (correct calculation rule: CG-(FL*AL)). Participants using a 
one-dimensional decision rule would only consider their dominant dimension and make their 
response accordingly. 

Participants using a two-dimensional decision rule would consider their dominant dimen-
sion first, and, if values on that dimension are equal, consider their subordinate dimension 
to reach a decision. Participants using a three-dimensional decision rule would also consider 
their dominant dimension first and, if equal, their subordinate dimension. However, if the 
choice options are also equal on their subordinate dimension, these participants will consider 
their second subordinate dimension to reach a decision. Participants using an integration rule 
were expected to either multiply dimensions FL and AL to reach a decision (Dunn et al., 
2006) or to use the correct integration rule, that is, to calculate the expected value accurately: 
CG-(FL*AL). 

Participants’ responses (machine A, equal, or machine B) were recoded into accuracy 
scores, such that the correct response is defined as choosing the machine with the highest 
expected value or choosing equal, in case the choice options do not differ in expected value. 
Each hypothesized decision rule resulted in a distinct accuracy pattern on the seven item 
types that were included in the task. These seven item types consisted of three simple item 
types, and four more complex item types. In simple item types, the presented machines only 
differed on one dimension, either in frequency of loss [fl], amount of loss [al], or constant 
gain [cg]. Thus, the most profitable machine (and correct response) was the one with, re-
spectively, the lowest frequency of loss, the lowest amount of loss, or the highest constant 
gain. 

In complex item-types, the presented machines differed on two or three dimensions. For 
example, in the first complex item-type [al_cg], the dimensions amount of loss and constant 
gain differed between the two machines, while frequency of loss did not differ. Whereas one 
machine had the lowest amount of loss, the other had the highest constant gain. In this item 
type, the most profitable machine was the one with the lowest amount of loss. This is indi-
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cated by printing this dimension in bold face. On the second complex item-type [fl_cg], 
choice dimensions frequency of loss and constant gain differed between the machines and the 
most profitable machine was the one with the lowest frequency of loss. On the third complex 
item-type [fl_al], choice dimensions frequency of loss and amount of loss differed between 
the presented machines. However, the expected value of both machines, and thus the correct 
response, was “equal”. On the final complex item-type, all choice dimensions differed be-
tween the presented options, [fl_al,cg], and the most profitable machine was the one with 
both the lowest amount of loss and the highest constant gain. For further information on the 
expected response patterns for these different item types, see Table 1. Note that other com-
plex item-types exist. However, these seven item types are sufficient to distinguish between 
all hypothesized decision-rules.

To be able to assess consistency of responses, which is an important criterion for rule use 
(Reese, 1989), each block of seven item types was repeated four times during the task. Block 
1 and 2 contained unique items, and block 3 and 4 were mirrored items of the first two blocks.

GMT Analysis
We expected to find a maximum of 17 decision rules on the GMT, although a more restricted 
number was more probable and alternative rules were not excluded beforehand. We used 
latent class analysis (Everitt & Hand, 1981) to detect groups of participants in the data, based 
on similarity in their response patterns.

Our application of latent class analysis involved four steps. First, models with 1 to 17 latent 
groups were estimated. For each model, the estimation algorithm was run 100 times, with dif-
ferent starting values, and the solution with the best fit was selected. Second, the solutions for 
the models with 1 to 17 groups were compared by means of the BIC (Leisch, 2004) and the 
model with the lowest BIC was selected. Third, we calculated the Euclidean distance between 
the response pattern of each latent group in the selected model and each response pattern of 
the hypothetical rules and decided which hypothetical rule matched the response pattern of 
each latent group best. Fourth, we calculated the probability for each participant that she/he 
belonged to a particular latent group (the so-called a-posteriori probability) and subsequently 
assigned each participant to his or her most probable latent group.

2.3 Results

Affective Decision-Making Task: HDT
Consistent with previous research, the final 60 trials of the HDT were selected for further 
analyses, and grouped in 20 trial blocks (Crone & Van der Molen, 2004; Huizenga et al., 2007). 
To ensure that choice behavior had stabilized, a block door repeated measures ANOVA (with 
use of Greenhouse-Geisser correction) was performed on the last three task blocks. Results 
showed no significant block by door interaction (F(4.8, 512.9) = 2.0, p = .08). Subsequently, 
we considered the last 80 and the last 100 trials in a similar repeated measures ANOVA to 
check whether behavior stabilized earlier in the task. For the last 80 trials (F(6.7, 706.4) = 2.3, 
p < .05) and last 100 trials (F(8.5, 899) = 2.7, p < .05), a significant block by door interaction 
was found, indicating that choice behavior only stabilized in the last 60 trials of the task.
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The average number of choices for doors A, B, C, and D, for the last 60 trials of the task, 
is presented in Figure 1. A repeated measures ANOVA, including a Deviation contrast, was 
used to test whether the average number of choices for each door deviated from chance level 
responding. The results indicate that adolescents opted for door B (F(1, 93) = 32.1, p < .001), 
and door D (F(1, 93) = 17.2, p < .001) above chance level, where doors B and D were preferred 
equally (t(1, 93) = .865, p = .4). Door A and C were chosen below chance level (F(1, 93) = 
144.9, p < .001; F(1, 93) = 10.8, p < .005, respectively), and door A was chosen less often com-
pared to door C (t(1, 93) = –3.4, p < .005).

These results show that adolescents, on average, sample most from doors characterized 
by infrequent loss (B & D) and do not demonstrate a preference for the high reward doors 
(A & B). Therefore, these results support the notion that adolescents generally focus more on 
avoiding frequent loss than on obtaining high gains. Further, an Age group (13, 14–15-year-
olds) × Gender × Educational level (low, high) ANOVA showed that these factors did not 
significantly influence choice behavior in the HDT (all p’s > .1). Last, Raven scores were not 
correlated with choice performance on the HDT (all p’s > .1). 

Individual Differences on HDT
To obtain insight into the variability in our adolescent sample on the HDT, we performed 
a model-based cluster analysis on the amount of A, B, C, and D choices in the last 60 trials. 
Results from this analysis revealed three groups in our adolescent sample, named group 1, 2, 
and 3. Group 1 (n = 23) refers to a guessing group, as the means for the different doors are 
all close to chance (means: A(15), B(16), C(13), D(16)). Group 2 (n = 7) refers to a correct-
rule group, as the means reveal a preference for doors C and D, which are the advantageous 
doors (means: A(4), B(7), C(28), D(21)). Group 3 (n = 64) refers to a group that opts for the 
infrequent loss doors B and D (means: A(7), B(23), C(11), D(19)). Furthermore, χ²-analyses 

Figure 1. Mean number of choices for the two disadvantageous doors A (frequent loss) and B (infrequent loss), and 
for the two advantageous doors C (frequent loss), and D (infrequent loss) in the Hungry Donkey Task for each rule 
group defined in the Gambling Machine Task. Errors bars indicate +/– 1 standard error around the mean. The hori-
zontal line represents chance performance, when each door would be chosen equally often (mean = 15).
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indicated that Age group (p = .22), Gender (p = .39), and Educational level (p = .25) did not 
significantly differ between these three groups.

In sum, the results from this analysis show that in the HDT most adolescents (68%) 
seemed to apply a one-dimensional choice strategy and focused on the options with low-
frequent loss. The second largest group (24%) displayed a guessing choice strategy, choosing 
each door equally often. Only a small subset of our sample (7%) displayed an advantageous 
choice-strategy by choosing both advantageous doors.

Cognitive Decision-Making Task: GMT 
Consistency analysis 
First we determined whether the probability of correct responses across the four blocks of 
the GMT was consistent for each of the item types. The values for Cronbach’s alpha of each 
item type was high (all α’s > .72), thereby meeting the criterion of consistency (Reese, 1989) 
and homogeneity (Jansen & Van der Maas, 1997). Hence, sum scores (scores added across the 
four blocks) were used in subsequent analyses.

Descriptives
The mean percentage of ‘correct’ choices on the GMT, across all item types, was 73% (SD = 
14, MIN = 39%, MAX = 100%). The percentages correct differed significantly per item type 
(F(6, 97) = 35.22, p < .001). For the simple item types, mean percentages correct choices were 
[fl]: 94%; [al]: 92%; [cg]: 66%. Mean percentage correct for the complex item types were: 
[al_cg]: 83%, [fl_cg]: 88%, [fl_al]: 41%, and [fl_al,cg]: 44%.

Individual differences on GMT
Latent class analysis indicated that a model of seven groups described the GMT data opti-
mally. Group size, expected and estimated response patterns per item type are shown for 
each group in Table 1. The final column indicates the best fitting hypothesized decision rule. 
Participants in the first group (n = 6) showed a response pattern that corresponded most 
to the use of a one-dimensional decision rule: CG. Participants in the second group (n = 6) 
showed a response pattern that corresponded most to the use of a two-dimensional decision 
rule: AL,CG. The third (n = 13) and fourth (n = 18) group showed high similarity in their 
response patterns and were both matched to the same two-dimensional decision rule: FL,AL. 
The fifth group (n = 6) showed a response pattern that corresponded most to the use of a 
two-dimensional integration rule: FL*AL. The sixth group (n = 27) showed a response pattern 
that corresponded most to the use of the three-dimensional rule: FL,AL,CG. Participants in 
the final group (n = 27) showed a response pattern that corresponded most to the use of the 
correct integration rule: CG-(FL*AL).

These results showed that a slight majority (52%) of adolescents demonstrated use of a 
three-dimensional decision rule. The first half of this group used a sequential decision rule 
considering all choice dimensions (26%, rule: FL,AL,CG). The other half showed full prob-
ability understanding, by using the correct integration rule (26%, rule: CG-(FL*AL)). Further-
more, a slight minority (42%) of adolescents demonstrated two-dimensional decision rules, 
whereas only a small subgroup used a one-dimensional rule (6%, rule: CG). Overall, these 
results indicate that adolescents predominantly use two- or three-dimensional decision rules 
in the cognitive task. These results also support adolescents’ primary focus on FL, as it is 
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the choice dimension considered first in most decision rules. Only a small subgroup focused 
more specifically (and solely) on gain (6%, rule: CG) or on amount of loss and gain (6%, rule: 
AL,CG). 

We further examined effects of age, gender, and educational level on choice behavior. 
There was a significant relation between Gender and Rule group (χ²(6) = 14.5, p < .05). Boys 
tended to use the three-dimensional decision rule FL,AL,CG more than girls (18 male; 7 fe-
male). Age group (p = .7), Educational level (p = .56) and Raven Scores (p = .26) did not differ 
across GMT rule groups.

GMT and HDT: Comparison of Cognitive and Affective Decision-Making
A repeated measures ANOVA with HDT door choice as a within subjects variable and GMT 
rule group as a between subjects variable indicated that the profile of HDT responses did not 
differ between GMT rule groups (F(14.8, 204.7) = .88, p = .59). A post-hoc analysis of HDT 
choice profiles per GMT subgroup, however, showed subtle differences (see Figure 1). First, 
the small (6%) one-dimensional rule group “CG” avoided the low-gain door C (F(1, 5) = 6.6, 
p = .05), and showed a trend to predominantly opt for the high-gain door B (F(1, 5) = 5.6, p 
= .06). Second, the small (6%) two-dimensional rule group: “AL,CG”, most strongly avoided 
the frequent loss door A (F(1, 4) = 10.8, p < .001) . Furthermore, the rule groups “AL,CG” 
and “FL,AL1” showed no distinct preference for B, C, or D (all p’s >.1). All other rule groups 
followed the average pattern, by generally avoiding door A, and opting predominantly for the 
infrequent loss doors B and D. Additionally, we analyzed whether the rule groups on the GMT 
were related to choice strategy on the HDT (guessing, opting for infrequent loss, or opting for 
the advantageous doors). A χ²-analysis showed that rule use on the GMT was not associated 
with choice strategy on the HDT (χ²(12) = 8.88, p = .7).

In sum, these results demonstrate that adolescents who used a relatively advanced three-
dimensional rule on the GMT (FL,AL,CG; CG-(FL*AL)) did not necessarily use an advanced 

Table 1: Group size and estimated response patterns across item types for each GMT rule group. In parenthesis the 
response pattern of the matching theoretical decision rule, where 1 is a correct (i.e., highest expected value) and 0 
is an incorrect choice. FL: frequency of loss; AL: amount of loss; CG: constant gain.

Item types
N [fl] [al] [cg] [al_cg] [fl_cg] [fl_al] [fl_al,cg] Smallest Euclidean 

distance to rule
6 .54

(0)
.58
(0)

.83
(1)

.12
(0)

.29
(0)

.92
(1)

.84
(1)

CG

6 .28
(0)

1.00
(1)

.75
(1)

.96
(1)

.21
(0)

.21
(0)

.96
(1)

AL, CG

13 .98
(1)

1.00
(1)

.08
(0)

.96
(1)

.98
(1)

.00
(0)

.39
(0)

FL, AL1

18 .97
(1)

.80
(1)

.38
(0)

.67
(1)

.84
(1)

.39
(0)

.16
(0)

FL, AL2

6 1.00
(1)

1.00
(1)

1.00
(1)

1.00
(1)

.00
(0)

1.00
(1)

.00
(0)

FL*AL

27 .99
(1)

1.00
(1)

.92
(1)

.83
(1)

.98
(1)

.00
(0)

.41
(0)

FL, AL, CG

27 1.00
(1)

.99
(1)

.94
(1)

.96
(1)

.99
(1)

.85
(1)

.64
(1)

CG-(FL*AL)
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decision strategy in the HDT. In the HDT, the majority of adolescents only focused on one-
dimension: FL. These results indicate that reasoning level on a cognitive task such as the GMT 
is not associated with performance on an affective task such as the HDT.

2.4 Discussion

Performance on matched affective (HDT) and cognitive (GMT) tasks was compared to (1) 
determine adolescents’ level of performance on both tasks separately and (2) determine 
whether performance on the affective task was associated with reasoning level in the cogni-
tive task. Adolescents’ decision-making ability was expected to differ between these contexts 
with relatively suboptimal choice behavior in an affective compared to a cognitive decision-
making context. Theoretically, these differences were expected based on the different de-
velopmental trajectories of the prefrontal cortex and limbic brain regions. These different 
developmental trajectories would lead to an emotional overshoot during adolescence, which, 
especially in affective situations, would result in suboptimal decision behavior (Casey et al., 
2008). 

Results for the affective task (HDT) showed that adolescents in general used a one-dimen-
sional decision rule in which they chose options characterized by infrequent loss. The focus 
on avoiding frequent loss is consistent with a reactive response style in which adolescents 
focus on immediate, in this case negative, outcomes (cf. Mitchell et al., 2008). A focus on 
frequency of loss is also consistent with the finding that frequency of information is coded 
implicitly and automatically and, therefore, often is a dominant aspect of information process-
ing (Hasher & Zacks, 1984).

Additional analyses on performance variation in our adolescent sample showed that only 
a small subset of the adolescent sample was able to choose advantageously (7%; opting for C 
and D) in the affective HDT. Future research should focus on characteristics that distinguish 
these adolescents from those that do not choose advantageously. Advantageous choice perfor-
mance in the affective task might, for example, be related to a more mature balance between 
affective and control processes.

In the cognitive task (GMT), adolescents predominantly used two- and three-dimensional 
decision rules. These results are consistent with previous research demonstrating that young 
adolescents are generally able to apply two-dimensional decision rules (Falk & Wilkening, 
1998) and extend previous research by demonstrating that only about half of our adolescent 
sample applied a three-dimensional decision rule. Therefore, more complex reasoning-capac-
ities (three-dimensional reasoning) may still improve into adulthood. 

The results from the GMT suggest that participants differed with respect to the complex-
ity of the rule they applied (the number of dimensions considered), with respect to their pri-
mary focus (dimension considered first), and also to the kind of decision strategy they used. 
About a quarter of our adolescent sample used a decision strategy in which they integrated 
dimensions and seemed to calculate expected values. However, the majority of participants 
applied sequential rules to reach a decision in the GMT. In decision theory, these kinds of 
sequential decision strategies are called lexicographic decision heuristics (Luce, 1956). Ac-
cording to decision theory (Luce, 1956), people do not often calculate their most profitable 
outcome, but rather base their decision on the most important choice characteristic. Fur-
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ther research should address the developmental trajectories of integrated versus sequential 
(heuristic) decision strategies in relation to (dis)advantageous decision-making. For example, 
fuzzy-trace theory states that as decision-making becomes less computational (integrated) 
and more heuristic (gist-based) across development, risky decision-making should decline 
accordingly (Rivers et al., 2008). 

Our comparison between the HDT and GMT indicates that performance on both tasks 
was not associated. Results for the cognitive task showed that most adolescents used two- or 
three-dimensional decision rules. Dunn et al. (2006) argued that using a two-dimensional 
decision rule (FL,AL or FL*AL) would already lead to advantageous choice performance in 
the HDT (opting for D, or C and D). However, most adolescents did not use an advantageous 
multidimensional decision rule in the affective task and instead focused on only one choice 
dimension (FL). This difference indicates that performance in affective situations may be 
more dependent on the balance between affective and control processes than on immature 
complex reasoning capacities. Alternatively, the need to control affective responses could 
have interfered with adolescents’ reasoning capacity during affective decision-making.

The GMT was designed with two main objectives. The first aim was to construct a specific 
set of items wherein each decision rule results in a unique response pattern across item types, 
thereby allowing for an exact assessment of decision rules. The response patterns of the deci-
sion rules detected in the GMT were closely related to the expected theoretical response pat-
terns. Small deviations between empirical and theoretical response patterns were, however, 
observed. These deviations might be related to the number of participants in the present 
study. A larger sample size could increase the power to detect heterogeneity within the rule 
groups found in the present study. 

Second, the GMT was designed to construct a predominantly cognitive, low-arousal task 
with a task structure comparable to the affective decision-making task (HDT). Although the 
tasks were matched on choice dimensions (reasoning level), other differences remain. Most 
importantly, the different choice properties (frequency of loss, amount of loss, and constant 
gain) are not presented clearly in the HDT, and instead have to be inferred from feedback. To 
limit the influence of learning on our performance comparison, we used the final part of the 
HDT in which performance had stabilized. A second difference between the HDT and GMT 
is that the GMT presents two machines with three response options (machine A, B, or equal), 
whereas the HDT consists of four response options (doors A to D). Choices between four op-
tions might be more difficult than choices between three options and therefore this may have 
induced a more suboptimal decision strategy (Bröder, 2003).

Abstract reasoning skill, as indicated by Raven scores, was not related to HDT perfor-
mance (cf. Crone & Van der Molen, 2004), or to GMT performance. An important individual 
factor that could be related to performance on our cognitive task is mathematical ability, as 
our choice options use numerical values, and responses depend on a comparison of these (nu-
merical) values. Future research on GMT performance might include multiple measurements 
of cognitive skills, including an assessment of mathematical ability.

Adolescence is often characterized as a period of heightened risk-taking and disadvanta-
geous choice-behavior. This study shows that the quality of adolescent decision-making may 
depend on whether the task has a strong affective component. More specifically, our find-
ings suggest that deficits in adolescents’ decision-making in affective (arousing) situations 
are not primarily due to immature cognitive skills, but rather are more likely to result from an 
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imbalance between affective and affective control processes. Future imaging studies will be 
important to verify the influence of limbic and control brain-regions in affective versus cog-
nitive decision-making situations. Combining imaging and behavioral results could provide 
additional insights into the nature of adolescents’ limitations in decision-making in affective 
situations, as well as potential mechanisms for improving such skills.
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Abstract

Advantageous decision making progressively develops into early adulthood, most specifically in complex 

and motivationally salient decision situations in which direct feedback on gains and losses is provided. 

However, the factors that underlie this developmental improvement in decision making are still not well 

understood. The current study therefore investigates two potential factors, long-term memory and work-

ing memory, by assigning a large developmental sample (7–29 years of age) to a condition with either 

high or low demands on long-term and working memory. The first condition featured an age-adapted 

version of the Iowa Gambling Task (IGT; i.e., a noninformed situation), whereas the second condition 

provided an external store with explicit information on gains, losses, and probabilities per choice option 

presented (i.e., an informed situation). Consistent with previous developmental IGT studies, children 

up to age 12 did not learn to prefer advantageous options in the noninformed condition. In contrast, 

all age groups learned to prefer the advantageous options in the informed conditions, although a slight 

developmental increase in advantageous decision making remained. These results indicate that lowering 

dependence on long-term and working memory improves children’s advantageous decision making. The 

results additionally suggest that other factors, like inhibitory control processes, may play an additional 

role in the development of advantageous decision making.
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3.1 Introduction

Deciding successfully between competing courses of actions is a complex process: Potential 
costs and benefits need to be balanced, previous decision outcomes need to be maintained in 
memory, and decision strategies need to be successfully updated on the basis of these out-
comes. Not surprisingly, research has demonstrated large developmental changes in the realm 
of decision making (Cauffman et al., 2010; Crone & Van der Molen, 2004; 2007; Hooper et al., 
2004; Overman et al., 2004). However, the origin of these developmental changes is not well 
understood. The main aim of this study is therefore to investigate potential factors that may 
underlie the developmental changes in risky decision making. 

Developmental changes in decision making are commonly thought to be most pronounced 
in tasks in which a relatively strong motivational component is present when rewards and/
or losses are tied to one’s choices (Carlson et al., 2009; Figner et al., 2009; Hongwanishkul et 
al., 2005; Kerr & Zelazo, 2004; Prencipe et al., 2011; Seguin et al., 2007). A commonly used 
decision task that includes motivationally salient outcomes is the Iowa Gambling task (IGT; 
Bechara et al., 1994), which is thought to mimic “real-life” decision making. In this task, par-
ticipants need to maximize profit by selecting cards from four different decks, in which the 
properties of the decks, that is, gains, losses and loss probability, have to be learned from ex-
perienced feedback. Two of these decks are advantageous (low constant gains, low occasional 
losses), and two are disadvantageous (high constant gains, high occasional losses). 

The original version of this task was designed to assess decision-making competence in a 
patient population with lesions to the ventromedial prefrontal cortex (VMPFC). In contrast 
to healthy adults, this patient population tended not to learn to select the advantageous decks 
but continued to opt for the disadvantageous options (Bechara et al., 1994). The IGT has sub-
sequently been used to demonstrate impaired decision making in a wide range of neurological 
and psychopathological conditions (see Dunn et al., 2006, for an extensive overview). A child-
friendly version of the IGT, the Hungry Donkey Task (HDT), was developed more recently 
(see Table 1 for detailed properties). Children (ages 6–12) were shown to perform poorly on 
this task, and advantageous decision making generally continued to improve into early adult-
hood (Crone & Van der Molen, 2004; Huizenga et al., 2007). 

Since the IGT is a complex task, there are many processes that potentially affect choice be-
havior across development (Dunn et al., 2006). First, to solve a task like the IGT, adequate un-
derstanding of the concept of probability and outcomes (gains, losses) is needed. Moreover, 
choice properties need to be learned from feedback, which requires continuous updating of 
choice properties in working memory and storage of these properties in long-term memory. 
Finally, once a stable representation of choice options has been formed, participants need to 
be able to inhibit a lose-shift response to occasional losses with the advantageous decks. That 
is, they need to inhibit their reactive responding to occasional losses. Thus, similar to many 
decision tasks, performance on the IGT depends on understanding probability and outcome 
values, on the ability to update this knowledge and hold it in memory, and on the ability to 
inhibit responses to occasional feedback.

At first, delayed development of the understanding of probabilities was thought to be 
a primary cause for children’s disadvantageous decision making (Baird & Fugelsang, 2004; 
Piaget & Inhelder, 1975; Siegler, 1996). However, numerous studies concluded that the basic 
understanding of probability and outcomes, as well as the combination of this information 
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(expected value sensitivity) develops already in early childhood (4–5-year-olds). This seems 
most apparent in judgment paradigms (Acredolo et al., 1989; Reyna & Brainerd, 1994; Schlott-
mann, 2001; Schlottmann & Wilkening, 2010) but also in choice paradigms, in which children 
are shown to be able to use probability information and information on risky outcomes (Har-
baugh et al., 2002; Levin & Hart, 2003; Levin et al., 2007; Reyna & Ellis, 1994; Van Leijenhorst 
et al., 2008). Thus, the understanding of probability seems to emerge at an early age (see also 
Reyna & Brainerd, 1994) and the inability to understand probability and outcomes is not con-
sidered a primary cause for children’s and adolescents’ immature decision abilities.

Developmental changes in decision making may be more crucially dependent on the de-
velopment of working and long-term memory. Adult studies (Maia & McClelland, 2004) find 
accumulating evidence for the involvement of long-term memory and working memory in 
advantageous decision making in complex tasks such as the IGT. For example, dual task para-
digms have shown that IGT performance in adults decreased under high working-memory 
load compared with low working-memory load (Dretsch & Tipples, 2008; Hinson et al., 2002; 
Pecchinenda et al., 2006; but see Turnbull et al., 2005). In addition, imaging and lesion studies 
have shown that long-term memory systems such as the hippocampus (Gupta et al., 2009), 
and working memory regions such as the dorsolateral prefrontal cortex (DLPFC) are critically 
involved in IGT performance (Bechara & Martin, 2004; Ernst et al., 2002; Manes et al., 2002).

However, there is no convincing evidence for the role of working memory in the devel-
opment of advantageous decision making. Developmental results generally have not shown 
correlations between IGT performance and working memory as measured with the backward 
digit-span (Crone & Van der Molen, 2004; Hooper et al., 2004). Also, experimental manipula-
tions of working memory load have not affected IGT performance across development (Crone 
et al., 2005; Crone & Van der Molen, 2004). Thus, it remains unclear to what extent maturing 
memory systems influence the development of advantageous decision making. 

Finally, the inability to execute inhibitory control may underlie risky decision making 
in childhood and adolescence. Inhibitory control also shows profound maturation into late 
adolescence (Bunge & Wright, 2007). Correlations between IGT performance and inhibitory 
control tasks have been, however, largely absent in developmental studies (Crone, Vendel et 
al., 2003; Hooper et al., 2004), although adult studies have shown that disinhibited individuals 
are more likely to fail the IGT (Bechara et al., 2000). Immature inhibitory control has been 
linked to a heightened sensitivity to losses and gains across development (Hare et al., 2008; 
Somerville et al., 2010). Children and adolescents have shown high loss sensitivity in the 
IGT (Carlson et al., 2009; Huizenga et al., 2007; Van Duijvenvoorde et al., 2010). Specifically 
adolescents also have shown heightened gain sensitivity in other decision contexts (Ernst et 
al., 2005; Galvan et al., 2006; Somerville et al., 2011; Van Leijenhorst et al., 2010). Immature 
inhibitory control may lead to a preference for the high-gain, disadvantageous choice options 
in the IGT (sensitivity to high gains) or lead to a reactive response pattern in which children 
continuously switch responses after receiving negative feedback (sensitivity to occasional 
losses). 

Overall, these findings suggest that the development of memory and inhibitory control 
may be important factors in decision making and could parsimoniously account for develop-
mental improvement in advantageous decision making. Yet convincing empirical evidence in 
developmental samples is lacking. 
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The current study therefore focuses on one of these factors, memory, by using a task ma-
nipulation in which an external store of explicit choice information is provided. In a different 
context (Brainerd, 1981; Brainerd & Kingma, 1985), it was suggested that the use of an exter-
nal store may lead to pronounced improvements in decision situations in which immediate 
performance feedback is present. In the current study, we therefore compared decision mak-
ing between a standard, noninformed condition (i.e., similar to the IGT) and a new, informed 
condition, in which explicit information on the choice properties was presented. Our ma-
nipulation minimized the necessity to store and retrieve choice information from long-term 
memory. Additionally, this manipulation lowered the demands on working memory since 
choice properties did not need to be updated, given trial-to-trial feedback.

The Current Study
We aimed to investigate whether the unburdening of working and long-term memory could 
improve advantageous decision making across development. We expected that providing ex-
plicit information would improve decision making, specifically for children and young ad-
olescents, since their memory systems are still immature (Crone, Wendelken et al., 2006; 
Donohue et al., 2005). Confirmation of this hypothesis would indicate that memory is an 
important factor underlying the development of advantageous decision making. If develop-
mental changes are still found when explicit information is provided, then processes like the 
ability to inhibit reactive responses to outcome feedback may play an additional role in the 
development of decision making. 

To answer this question we administered two versions of the children’s IGT paradigm to 
a large developmental sample ranging from 7-year-olds to young adults. The first version was 
similar to the IGT, in which no information is given regarding the choice properties (non-
informed condition). The other version was comparable, except that the gains, losses, and 
probabilities of all options were explicitly presented (informed condition). Note that before 
learning occurs, these two conditions resemble the differences between ambiguous and risky 
decision making, for example, situations in which choice properties are, respectively, largely 
unknown (noninformed) or known (informed; Brand et al., 2006; Brand et al., 2007; Krain et 
al., 2006). 

Besides determining whether explicit presentation improves decision making, we aimed 
to characterize in which way decision making in the IGT is improved. Initially we did this by 
analyzing performance separately across task blocks and in the final part of the task (in which 
choice preferences have stabilized). In addition, we compared choices for the individual op-
tions (A, B, C, and D) and determined response switches after losses to characterize perfor-
mance differences between conditions in more detail.

3.2 Method

Participants
Three hundred and four children, adolescents, and young adults participated in this study. 
Children were recruited from three different primary schools, adolescents from two second-
ary schools, and young adults from first-year psychology programs. For children and adoles-
cents, primary caretakers were informed about the experiment and were provided with an 
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opportunity to exempt their child from participating. Young adults gave written informed 
consent for the study. All participants were informed beforehand that, dependent on perfor-
mance, they could win a small prize, which eventually all participants received. Young adults 
were additionally given course credits for their participation. Procedures were approved by 
the local ethics committee. 

Participants were recruited from six different grade levels. Eleven participants failed to 
finish the entire test set, leaving 293 participants for further analysis. At the primary school 
level, children were recruited from three grade levels, ages 7–9 (n = 45, 21 girls, Mean Age = 
8.15 years, SD = 0.47), ages 9–11 (n = 48, 26 girls, Mean Age = 10.2 years, SD = 0.44), and ages 
11–13 (n = 47, 21 girls, Mean Age = 12.3 years, SD = 0.47). At the secondary school level, ado-
lescents were recruited from two grade levels, ages 12–14 (n = 51, 27 girls, Mean Age = 13.7 
years, SD = 0.50), and 14–17 (n = 49, 29 girls, Mean Age = 15.7 years, SD = 0.75). Young adults 
were first-year university students, ages 18–29 (n = 53, 37 female participants, Mean Age = 
20.3 years, SD = 2.53). The proportion of female participants differed slightly between age 
groups. Specifically the oldest age group consisted of significantly more female participants 
than male participants, χ²(1) = 8.3, p < .005. In order for us to account for possible confound-
ing effects of sex, it was included as a discrete covariate in all analyses.

In order to account for possible differences in intelligence between age groups, we admin-
istered the Standard Raven’s Progressive Matrices (SPM) test (Raven et al., 1985). A speeded 
version of the task was used in which participants were given 20 min to answer as many 
problems as possible (Hamel & Schmittmann, 2006). We transformed Raven SPM scores to 
within-age group norm scores. The norm scores differed significantly between age groups, 
F(5, 287) = 9.6, p < .001; the 8–9-year-olds and the young adults had higher scores than the 
11–13 and 12–14-year-olds. To account for possible confounding effects of intelligence, Ra-
ven norm score was included as a continuous covariate in all analyses. 

Additionally, a speeded math test was administered that included automated performance 
of addition, subtraction, multiplication, and division operations (De Vos, 1992). Math scores 
were standardized per age class. In order to rule out alternative explanations in terms of math 
proficiency, we tested effects of math in additional control analyses (see Math Performance 
in Results section).

The Gambling Game
The Gambling Game was based on the computerized version of the children’s IGT, the Hun-
gry Donkey Task (Crone & Van der Molen, 2004). The children’s IGT is an age-adapted ver-

Table 1. Properties of Options A, B, C, and D in the Gambling Game (Based on the Children’s Iowa Gambling Task). 
Gain = constant gain; % loss = percentage of trials in which loss is delivered; Am loss = amount of losses; Net = net 
result over 10 trials; Net loss = net loss over 10 trials.

Option Gain % Loss Am Loss Net Net Loss

A 4 50% -10 -10 -50

B 4 10% -50 -10 -50

C 2 50% -2 10 -10

D 2 10% -10 10 -10
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A

Kast 1+ 4
-10 -10 -10-10-10

B

Kast 2+ 4
-50

C

Kast 3  + 2 
-2 -2 -2-2-2

D

Kast 4+ 2
-10
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0
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-10 -10 -10-10-10

Start+ 4
-10

   + 4 
-10 -10 -10-10

-10

-10

-10

+ 4Start Start
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-10

-10 -10 -10

-10
-10

Figure 1. Panel A: The Gambling Game as displayed on screen for the informed condition (upper part) and nonin-
formed condition (lower part). The score bar underneath was updated (total score) each time a machine was clicked 
upon. Here, the letters A, B, C, and D indicate the different machines. These letters were not presented to the par-
ticipants in the task. Panel B: Sequential illustration of the workings of a machine. After a machine was started with 
a mouse click, the balls were shuffled. Semi randomly one ball was drawn from the machine. If a red ball was drawn, 
gain feedback (coins) was delivered simultaneously with loss feedback (red coins). If a green ball was drawn, only 
gain feedback was delivered. Feedback presentation was similar in the noninformed condition.
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sion of the original IGT, and it maintains the original complexity of the task by presenting four 
doors to collect as many apples as possible for the Hungry Donkey. In the Gambling Game, 
participants repeatedly chose one of the four machines displayed on screen (A, B, C, or D) in 
order to collect as many points as possible (see Figure 1A). The four choice options differed 
systematically in amount of gain, amount of loss, and frequency of loss (see Table 1), compa-
rable to the options in the children’s IGT. 

In the Gambling Game, choice options were thus characterized by a difference in overall 
net gain (as in the children’s and original IGT). Two machines were advantageous (C and D: 
low gains, low occasional losses) and two machines were disadvantageous (A and B: high 
gains, high occasional losses). The (dis)advantageousness of the machines is crossed with the 
frequency of loss. That is, one of the (dis)advantageous machines returned frequent losses (A 
and C; in 50% of the cases), and one returned infrequent losses (B and D; in 10% of the cases). 

Each machine was characterized by a gain that was won every time this machine was 
chose, and each machine contained 10 balls that were either green or red. Red balls were pro-
vided with a number signifying the amount of loss. The number of red balls in the machine 
coded the frequency of loss. Upon the participant’s choosing one of the machines, the balls 
were shuffled, and one ball was drawn (semi randomly) from the machine, with frequency 
of loss was controlled for within 20 trial blocks. If the machine drew a red ball, the gain was 
obtained, and the amount displayed on the red ball was lost. If the machine, however, drew a 
green ball, the gain was obtained, and no points were lost. The outcomes (gains and losses) of 
each choice were displayed in both visual and numerical formats, below the chosen machine 
(see Figure 1B). The total number of points won or lost was represented by a horizontal bar, 
which was updated every time a machine was chosen, as indicated by a number and color 
change. Participants started with zero points.

Participants were randomly assigned to one of two conditions: the informed or the non-
informed condition. In the informed condition, machines in the game were “open”, and the 
amount of gain was displayed numerically on the machine (see Figure 1A, upper panel). 
Therefore, the amount of gain, loss, and frequency of loss per choice option were presented 
directly to the participants. In the noninformed condition, the machines in the game were 
“closed” (see Figure 1A, lower panel). The amount of gain was not displayed on the machines, 
and participants could not see the amount of red or green balls in the machines. In both condi-
tions immediate feedback (gain/loss) after each choice was provided. However, participants 
in the noninformed condition had to use this feedback to learn the contingencies of the differ-
ent options, whereas this was not the case for participants in the informed condition.

The Gambling Game was administered individually on 15-inch laptops. The task consisted 
of 200 trials, although duration of the game was not known beforehand. The sequence of 
machine presentation (A, B, C, D) on screen was fully randomized. Participants were first 
explained the workings of the machines and were instructed to collect as many points as pos-
sible by opting for the best machine(s). It was explicitly stated that they could switch as often 
as they wanted. Generally, participants needed approximately 20 min to complete the game. 
The speeded Raven and the math test were administered in class on a different date than the 
Gambling Game.
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3.3 Results

Analyses on the informed and noninformed Gambling Game were fourfold. First, we inves-
tigated differences in performance by a net score, subtracting the amount of choices for the 
disadvantageous options (A + B) from the amount of choices for the advantageous options 
(C + D). Higher net scores thus indicate better task performance, in which participants fa-
vored advantageous over disadvantageous options. This was done first across task blocks and, 
second, for the final 60 trials in which performance stabilized. Third, we determined choice 
frequency per option (A, B, C, D), to determine whether preference was toward high gain 
options (A and B) or infrequent loss options (B and D). Fourth, we analyzed the percentage 
of switches after loss and gain to determine reactive responses after performance feedback.

Net Score Across Task Blocks
Net score (C + D) - (A + B) was determined across task blocks (grouped into ten 20-trial 
blocks). The results are depicted in Figure 2. 

A Task Block (10) × Age Group (6) × Condition (2) repeated measures analysis of variance 
(ANOVA) was performed in which Raven score and sex were included as continuous and dis-
crete covariates1. Since sphericity was violated, multivariate test results (Wilks’ Lambda) are 
reported. Results indicated an increase in advantageous choice behavior across task blocks, 
main effect of Task Block: F(9, 271) = 11.4, p < .001, ƞ2

p
 = .27. Performance also increased 

with age, main effect of Age Group2: F(5, 279) = 11.9, p < .001, ƞ2
p
 = .18, and was higher in the 

informed compared with the noninformed condition, main effect of Condition: F(1, 279) = 
34.9, p < .001, ƞ2

p
 = .11. Moreover, results showed an interaction between Task Block and Age 

Group, F(45, 1215.4) = 1.4, p < .05, ƞ2
p
 = .05, indicating that older age groups, compared with 

younger age groups, chose significantly earlier in the task for the advantageous machines. 

1 There was no significant main effect of sex. There was a significant main effect of Raven score,  
F(1, 279) = 6, p < .02, in which higher Raven scores were associated with more advantageous choice per-
formance. There was no significant interaction effect between Task Block and Raven score.
2 The main effect of age was present in all task blocks except for the first task block for both conditions 
(see Figure 2).

Figure 2. Mean net scores as a function of trial block for each age group, displayed separately for the noninformed 
and informed condition. Error bars indicate +/- 1 standard error around the mean.
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There was no Age × Condition interaction (p = .8), nor a Condition × Task Block interaction 
(p = .1). Finally, results revealed a three-way interaction between Task Block × Age Group × 
Condition, F(45, 1215.4) = 1.42, p < .05, ƞ2

p
 = .05.

Follow-up analyses in the noninformed condition indicated that learning rates across 
blocks differed between age groups, Task Block × Age Group interaction: F(45, 580.2) = 1.8, p 
< .005, ƞ2

p
 = .11. That is, performance of the youngest age groups (7–9, 9-11, and 11–13-year-

olds) did not change significantly across task blocks (all p’s > .05), whereas the older age 
groups showed a linear increase in performance across task blocks: 13–15 years, F(1, 21) = 
14.2, p < .005, ƞ2

p
 = .4; 15–17 years, F(1, 22) = 10.7, p < .005, ƞ2

p
 = .33; young adults, F(1, 23) = 

29, p < .001, ƞ2
p
 = .56. In contrast, a similar analysis in the informed condition showed no inter-

action between Task Block and Age Group (p = .6), indicating that in the informed condition, 
learning rates did not differ significantly between age groups. That is, all age groups showed a 
linear increase in performance across task blocks (all p’s < .05; see Figure 2). 

To summarize, the effect of age on performance across task blocks differed between the 
noninformed and informed conditions. In the noninformed condition, older participants 
learned to exploit the advantageous options, whereas this was not the case for the young-
est age groups (until age 12). In the informed condition, however, all age groups learned to 
choose advantageously to a certain extent.

Net Score in Last 60 Trials
Next, our focus was on the final task blocks, in which choice behavior stabilized. On the basis 
of previous research, the last 60 trials of the task were selected and the summed net score 
was calculated (Crone & Van der Molen, 2004; Huizenga et al., 2007). In order to ascertain 
stabilization of choice performance, we performed a Block (3) × Age Group (6) × Condition 
(2) ANOVA on these final three task blocks. Results showed no significant main effect of task 
block (p = .1) or any interactions with task block (all p’s > .08).

Figure 3. Mean net scores summed in the last 60 trials for each age group. Separate lines indicate the noninformed 
and informed condition. Asterisks indicate a significant difference between conditions at p < .05. Error bars indicate 
+/- 1 standard error around the mean.



43

3

Deciding in Inform
ed and N

oninform
ed Situations

An Age Group × Condition (2) ANOVA was performed with Raven score and sex included 
as continuous and discrete covariates3. Results showed that performance improved with age, 
main effect of Age Group: F(1, 287) = 52.6, p < .001, ƞ2

p
 = .16, and was more advantageous 

in the informed than in the noninformed condition, main effect of Condition: F(1, 287) = 
20.6, p < .001, ƞ2

p
 = .07. The condition effect tended to be most pronounced for the youngest 

age groups, F(1, 287) = 3.3, p = .069, ƞ2
p
 = .01, linear contrast for Age, see Figure 3. Since our 

hypotheses were specifically aimed toward the youngest age groups, we performed follow-
up analyses per age group. Results showed that performance improved significantly between 
informed and noninformed conditions for the 7–8-year-olds, F(1, 41) = 7.5, p < .01, ƞ2

p
 = 

.15, and for the 9–11-year-olds, F(1, 44) = 4.9, p < .05, ƞ2
p
 = .09, but not for other age groups 

(all p’s > .1). These findings indicate that especially performance of the youngest age groups 
(7–11-year-olds) improved in the informed compared with the noninformed condition. 

Additionally, an ANOVA per condition showed a significant age effect, both in the nonin-
formed, F(5, 137) = 8, p < .001, and in the informed condition, F(5, 140) = 3.5, p < .01. This 
result indicates that even in the informed condition, performance increases with age. 

Finally, one-sample t tests were used to test whether net scores differed from zero, that is, 
whether participants sampled more from advantageous than from disadvantageous options. 
In the noninformed condition, only participants from 12–14 years of age onward sampled 
more from advantageous than from disadvantageous options, 12–14-year-olds: t(23) = 4.3, p < 
.001, SE = 6.14; 14–17-year-olds, t(24) = 3.4, p < .005, SE = 7; young adults, t(25) = 9, p < .001, 
SE = 5.12. In the informed condition, all age groups sampled more from the advantageous than 
from the disadvantageous options (all p’s < .05).

Summary
Together, the results on performance in the Gambling Game show two main findings. First, 
the results from the noninformed condition are similar to those of previous studies. That is, 
children until age 12 do not exploit advantageous options and continue to sample from ad-
vantageous and disadvantageous options. Second, we extended previous findings by showing 
that in the informed condition, decision making improved significantly, specifically for the 
youngest age groups. That is, even children under the age of 12 learned to choose more from 
the advantageous options, and this improvement seemed to continue into adolescence. Note, 
however, that there still remained an effect of age in the informed condition, although much 
smaller than in the noninformed condition.

Choice Frequency Per Option
Analyses per choice option provide a more detailed insight into differences between the non-
informed and informed condition. Therefore, we also compared the number of choices for the 
individual machines A, B, C, and D in the final 60 trials of the task (see Figure 4). We applied 
a deviation contrast to test whether choice preference for each machine deviated from chance 
level responding per age class (60/4 = 15) and Raven score and sex were included as continu-
ous and discrete covariates4. These results are displayed in Figure 4. 

3  Sex did not have a significant main effect. Raven score did show a significant main effect, F(1, 287) = 
7.1, p < .01, with higher Raven scores were associated with more advantageous choice behavior.
4  Within each age group, sex and Raven score were not significant covariates.
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Machine A was generally avoided, that is, selected at below chance level, in all age groups 
and in both conditions. In the noninformed condition, Machine B was chosen at above chance 
level by the 7–9-year-olds and avoided only by the young adults. In the informed condition, 
however, this machine was not preferred by the youngest age group and avoided already by 
those of ages 12–14. Machine C was preferred only in the older age groups (from ages 12–14) 
in both conditions, although for the older age groups this preference was more pronounced 
in the noninformed condition. Finally, Machine D was preferred specifically in the informed 
condition, although a significant preference was found only in some age groups. 

Thus, providing explicit information decreased preference for the disadvantageous Op-
tion B in the youngest age groups and increased preference for the advantageous Option D 
and to a lesser extent Option C. This latter option was preferred in both conditions from ages 
12–14. Finally, note that the disadvantageous Option A was generally avoided in both condi-
tions. In sum, in the informed condition, children’s focus shifted away from high gains with 
infrequent high losses (Option B), toward low gains with infrequent low losses (Option D), 
and to a lesser extent toward low gains with frequent losses (Option C).

Switches After Losses
A reactive response pattern was defined as the proportion of switches after losses in the final 
part of the task. This proportion of switches after losses thus represented to what extent par-

Figure 4. Mean number of choices for options A, B, C, and D as a function of Age Group, for the noninformed and in-
formed conditions. The horizontal line represents chance performance, when each option would be chosen equally 
often (Mean = 15). Asterisks indicate a significant difference from chance at p < .05. Error bars indicate +/- 1 standard 
error around the mean.
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ticipants are able to inhibit a lose-shift response when responses should be stabilized. In order 
to correct for an overall tendency to switch, we compared switches after losses to switches 
after gains. That is, we compared the percentage of response switches after receiving a loss 
(switch after loss/total amount of losses) to switches after a gain (switch after gain/total 
amount of gains) in the last 60 trials. Thus, a larger percentage of switching after loss than 
after gain could be interpreted as a more reactive response tendency. 

A Loss–Gain (2) × Age Group (6) × Condition (2) ANOVA was performed with Raven 
score and sex as continuous and discrete covariates (see Figure 5). First, results showed that 
the amount of switches, irrespective of whether this switch occurred after a loss or a gain, de-
creased into early adulthood, main effect of Age: F(5, 279) = 10.7, p < .001, ƞ2

p
 = .16, and that 

participants switched less in the informed compared with the noninformed condition, main 
effect of Condition5: F(1, 279) = 12, p < .005, ƞ2

p
 = .04. 

Furthermore, results revealed that participants switched more after loss than after gain, 
main effect of Loss–Gain: F(1, 279) = 37, p < .001, ƞ2

p
 = .12. This effect was more pronounced 

in the younger age groups compared with the older ones, Interaction Loss–Gain × Age Group: 
F(5, 279) = 4.6, p < .01, ƞ2

p
 = .08, and was more pronounced in the noninformed compared 

with the informed condition, Interaction Loss–Gain × Condition: F(1, 279) = 8.6, p < .005, 
ƞ2

p
 = .03. Finally, results showed a three-way interaction between Loss–Gain × Age Group × 

Condition, F(5, 279) = 2.3, p < .05, ƞ2
p
 = .04, indicating that the age-related decrease in reac-

tive responding to losses was most pronounced in the noninformed condition (see Figure 5). 
These findings illustrate that children and adolescents in the noninformed condition seemed 

5  Female participants generally switched more often than did male participants, main effect Sex: F(1, 
279) = 7.3, p < .01, and additionally female participants switched more often after loss than after gain 
compared with male participants, interaction Loss–Gain × Sex: F(1, 279) = 12.1, p < .01. Raven score was 
not a significant covariate.

Figure 5. Mean percentage of switches after loss and switches after gain in the final 60 trials of the Gambling Game, 
as a function of Age Group, displayed separately for the noninformed and informed condition. Asterisks indicate a 
significant difference between switches after loss and gain at p < .05. Error bars indicate +/- 1 standard error around 
the mean.
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to employ a reactive response pattern, in which they continued to switch after they experi-
enced losses.

Sex Differences
Sex was factored out in all above-mentioned analyses. For Gambling Game performance, no 
significant effects of sex were found. These findings indicate that males and females did not 
perform differently in the present tasks. However, sex differences were found on the amount 
of switches; female participants switched more after losses than gains compared with male 
participants, which was generally apparent in all age groups (see Footnote 5). This indicates 
that in female participants there was a heightened sensitivity to negative feedback (e.g., loss-
es).

Math Performance
The transparency of the informed compared with the noninformed condition may have led 
to an unburdening of calculation operations. To investigate possible influences of math skill, 
we repeated all analyses with standardized math score as an additional independent variable 
and determined main and interaction effects with task condition. Math score did not yield a 
main effect or an interaction effect with condition in any analysis. In addition, the effects of 
all other independent variables did not change when math score was included.

3.4 Discussion

The current study aimed to investigate whether immature long-term and working memory 
may account for pronounced developmental differences in decision making. Therefore, we 
compared performance on a noninformed and an informed Gambling Game. The nonin-
formed condition resembled the children’s IGT. The informed condition, however, provided a 
transparent display of choice properties, thereby lowering dependence on long-term memory 
(storage of choice information) and on working memory load (updating of choice informa-
tion). We expected that if maturation of memory systems was related to development of deci-
sion making, this manipulation would improve decision making, and most profoundly in the 
youngest age groups. If other processes, as the ability to inhibit reactive responding, play an 
additional role, decision making would still improve in the informed decision situation. 

Results from the noninformed choice condition were consistent with previous research 
in demonstrating that children did not exploit the advantageous choice options until age 12 
and that performance on the task continued to improve into late adolescence (Crone & Van 
der Molen, 2004; Huizenga et al., 2007). More important, our results demonstrated that in the 
informed compared with the noninformed condition, children’s decision making improved 
significantly. That is, even children under the age of 12 learned to choose more from the 
advantageous than from the disadvantageous options. This finding indicates that long-term 
memory and working memory processes are important factors underlying the development 
of advantageous decision making. This is consistent with recent adult and lesion studies show-
ing involvement of both long-term memory regions as the hippocampus and working-memo-
ry structures as the DLPFC in IGT performance (Bechara & Martin, 2004; Gupta et al., 2009; 
Pecchinenda et al., 2006). In the informed condition, there was, however, still a developmen-
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tal increase in advantageous decision making, even though the demands on long-term and 
working memory were relatively low. This suggests that other processes, such as inhibitory 
control, play an additional role in advantageous decision making.

Detailed analyses on response switches supported this general conclusion. Response 
switches after losses were most frequent in the younger age groups, especially in the nonin-
formed condition. This developmental pattern was also present, although to a lesser extent, 
in the informed condition. This suggests that children and adolescents in the noninformed 
condition displayed a continued reactive response pattern (lose-switch), which can be largely, 
although not fully, remedied by providing explicit information on choice options.

The analyses per choice option additionally indicated that young children already avoided 
the disadvantageous Option A in both conditions, thereby showing a different response pat-
tern than that seen in adult VMPFC patients (Bechara et al., 1994). Moreover, these analyses 
indicated that in the informed condition, children’s decision making improved due to a de-
creased preference for the disadvantageous, infrequent loss, Option B in favor of a preference 
for the advantageous, infrequent loss, Option D (and to a lesser extent the advantageous, 
frequent loss Option C). Thus, these results tentatively indicated a shift within the infrequent 
loss options, in which explicit choice information changed a focus on high gains toward a 
focus on low losses. Previous findings also indicated that children preferred options with in-
frequent losses in the children’s IGT (Carlson et al., 2009; Crone et al., 2005; Huizenga et al., 
2007). This may relate to a tendency to underweight the occurrence of low-probability events 
in decisions involving feedback (Harbaugh et al., 2002), which would make infrequent loss 
options more attractive.

Together, the current findings implicate that lowering demands on long-term and working 
memory highly influences children’s, and to a certain extent adolescents’, ability to decide 
advantageously. The difference in task performance between these two conditions suggests 
that either immature long-term memory or immature working memory largely explains poor 
decision making in children and adolescents. Additionally, results suggest that immature deci-
sion making is also dependent on the ability to execute ample inhibitory control. This can be 
linked to the reactive route to risk taking, in which risky decisions are thought to stem from 
a maturational lack of inhibition (Reyna & Farley, 2006) and to children’s and adolescents’ 
heightened sensitivity to losses (Carlson et al., 2009; Crone et al., 2005; Huizenga et al., 2007; 
Mitchell et. al.,, 2008; Van Duijvenvoorde et al., 2010). 

Our results further suggest sex differences in sensitivity to negative feedback: Female par-
ticipants compared with male participants switched more after losses. Typically, women are 
reported to be more risk averse than men (Weber et al., 2002) and more focused on avoiding 
losses (Figner & Weber, 2011; Weller et al., 2010). Heightened sensitivity for negative emo-
tional information is also supported by imaging studies showing that women, compared to 
men, have higher emotional responses and recruit emotional regulation networks to a lesser 
extent (Domes et al., 2010). Together, these findings highlight that women may be specifi-
cally prone to react to negative emotional information. Note in addition that the current study 
indicated that this sex difference in loss sensitivity did not change across development. 

A possible limitation of the current experimental study is that demands on long-term 
memory cannot be reduced without lowering demands on working memory. Therefore, the 
effects of working memory and long-term memory cannot be dissociated. Since previous ex-
perimental and correlational studies indicated that the development of decision making is 
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not related with working memory (Crone & Van der Molen, 2004; Hooper et al., 2004), it 
is tempting to conclude that the present results should merely be attributed to lowering de-
pendence on long-term memory. However, several studies do show an influence of working-
memory load on IGT performance (Dretsch & Tipples, 2008; Hinson et al., 2002; Pecchinenda 
et al., 2006), and noninformed decision making has been related to DLPFC activation (Krain 
et al., 2006), which is strongly implicated in working-memory processes (Bunge & Wright, 
2007; Crone, Wendelken et al., 2006). Future imaging studies will be important to verify the 
underlying (neural) mechanisms involved in different decision situations (informed and non-
informed) across development and may add to disentangling the involvement of long-term 
and working memory in advantageous decision making. 

One alternative explanation to consider may be that, besides memory load, conditions 
may also differ in level of arousal. Arousal is thought to lead to more risky and less favorable 
decisions (Figner et al., 2009; Steinberg, 2005; Van Duijvenvoorde et al., 2010) Note, how-
ever, that in the current study performance feedback, which is a prime factor influencing 
arousal (Loewenstein et al., 2001), was given in both noninformed and informed conditions. 
Nonetheless, there are indications from imaging studies that noninformed (so-called ambigu-
ous) and informed (so-called risky) decision making rely on different neural networks. That 
is, noninformed decision making relies on lateral prefrontal activation, whereas informed de-
cision making relies on parietal and striatal regions (Hsu et al., 2005; Huettel et al., 2006). 
These results may indicate an increased necessity to execute inhibitory control over arousing 
noninformed decision situations. Future studies into the differences between informed and 
noninformed decision making may include arousal, for example measured by skin conduct-
ance, as a moderating factor. 

Additionally, it might be argued that the current noninformed condition was not function-
ally equivalent to the IGT or the children’s version of the IGT. This concern is not supported 
by results of the current noninformed condition, which match those of previous develop-
mental IGT studies (Crone & Van der Molen, 2004; 2007). However, there were some slight 
differences between the IGT and the noninformed version of the current Gambling Game. 
First, visualization of the different choice options in gambling machines differs from a pres-
entation such as doors or decks. Second, our high frequent-loss options (A and C) did not 
include a variation in amount of loss, as is common in the IGT. Therefore, a net loss never 
occurred in Option C. This may have led to a higher preference of the advantageous Option C 
than in previous studies. Note, for example, that in the noninformed condition adults highly 
preferred the advantageous, frequent-loss Option C over the infrequent-loss Option D, which 
was reversed in the informed condition. This may implicate that specifically in noninformed 
situations adults prefer to never receive a net loss. Thus, although developmental effects on 
the current noninformed task are equivalent to effects on the IGT, there might be some subtle 
differences in specific choice behavior. 

The present results suggest a linear developmental increase in advantageous decision 
making. Current neurobiological theories, however, suggest that risk taking shows a curvilin-
ear pattern in which risk-taking peaks during adolescence (Casey, et al., 2008). This would be 
due to protracted development of cognitive control systems compared with systems that pro-
cess rewards. Although the peak in risky decision making in adolescence has been observed 
in some decision tasks (Figner et al., 2009; Steinberg, 2008), it was not observed in others, 
including the IGT (Crone & Van der Molen, 2004; Levin et al., 2007; Weller et al., 2010; but 
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see Cauffman et al., 2010). In the current study we also did not observe increased risk taking 
and reward sensitivity in adolescents, as high-gain options were not specifically favored by 
adolescents. Future research is therefore required to determine the circumstances in which 
the adolescent peak in risk taking can be observed. 

Furthermore, the informed and noninformed conditions seem to resemble the distinction 
between descriptive and experiential decision making, which are known to lead to differ-
ences in risky decision making, such as the underweighting of rare events and recency effects 
(Hertwig & Erev, 2009). However, descriptive choice paradigms, in contrast to experiential 
paradigms, generally don’t include performance feedback, which is a key factor influencing 
risky decision making and decision strategy (Jessup et al., 2008; Reyna & Brainerd, 1994). 
The current research included feedback in both the informed and the noninformed condition. 
Therefore, the so-called descriptive experience gap in decision making cannot account for the 
observed differences in decision performance. 

To conclude, the current study shows that lowering the dependency on long-term and 
working memory positively influences children’s and adolescents’ risky decision making. 
This developmental improvement is shown in a decision situation having a relatively strong 
motivational component (i.e., feedback), in which decision making is normally subject to 
long-lasting developmental changes. Specifically, when we lowered long-term and working 
memory load in the informed condition, children performed more advantageously and dem-
onstrated diminished reactive responses toward occasional losses. These results are, to our 
knowledge, the first to describe not only an improvement of decision making on the IGT 
(Carlson et al., 2009) but actual advantageous decision making in children as young as 7 years 
of age. These findings importantly highlight that providing explicit information on pros and 
cons of choice options can lead to advantageous decision making in children and adolescents, 
even in complex and relatively high-motivational decision situations.
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Abstract

Learning on the basis of outcome feedback shows pronounced developmental changes, however, much is 

still unknown about its underlying processes. In the current study, we aimed at decomposing how value 

updating, feedback monitoring and executing behavioral control contribute to children’s probabilistic 

feedback learning. Children (ages 8-9), young adolescents (ages 11-13) and young adults (ages 18-24), 

performed two probabilistic feedback tasks: one required building a value representation on the basis 

of feedback (noninformed task), while in the other value representations were explicitly presented (in-

formed task). Heart-rate was recorded to augment performance measures of feedback processing. We 

observed substantial developmental differences in heart-rate responses toward feedback in the nonin-

formed task. Adult’s heart-rate slowed more to negative compared to positive feedback relative to the 

children and young adolescents. In contrast, in the informed task all age groups showed larger heart-rate 

slowing toward negative compared to positive feedback. These results indicate that children are not im-

paired in monitoring probabilistic feedback per se, but have a specific deficit in building a task-appropri-

ate value representation on the basis of probabilistic feedback.
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4.1 Introduction 

Learning based on performance feedback is a hallmark of adaptive behavior. To optimize 
behavior (i.e., learn effectively), one needs to be able to compare feedback from the environ-
ment toward an expected outcome of the intended action. A discrepancy between the actual 
and the expected outcome would result in a prediction error: one that is either positive, if 
outcomes are better than expected, or negative, if outcomes are worse than expected. Such 
expectancy violations have been linked to the Anterior Cingulate Cortex (ACC) (Holroyd et 
al., 2004; Ridderinkhof et al., 2004). The ACC is shown to be important for generating nega-
tive prediction errors (error processing) that are thought to be modulated by activity in dopa-
minergic midbrain neurons (Holroyd & Coles, 2002; Holroyd et al., 2009). Prediction errors 
would advance learning by signaling a modification of ongoing behavior, either by executing 
behavioral control or through changes in attention. A primary site for this would be the lateral 
prefrontal cortex (PFC), which is implicated in executing control to regulate actions and at-
tention in accordance with internal goals (Kerns et al., 2004; Miller & Cohen, 2001).

Substantial structural and functional changes in regions of the ACC and (lateral) PFC have 
been reported across childhood and into adolescence (Giedd, 2008; Gogtay et al., 2004; Shaw 
et al., 2008). Developmental studies accordingly found shallower learning curves and lower 
performance levels in children’s feedback learning in both deterministic and probabilistic 
feedback tasks (Crone et al., 2004; Eppinger et al., 2009; Hämmerer et al., 2011). In contrast 
to deterministic feedback, probabilistic feedback is only partly informative. For example, a 
correct response is rewarded with positive feedback in only 70% of the cases. Recently it 
has been suggested that learning from probabilistic feedback poses specific difficulties for 
children and youths (Eppinger et al., 2009; Van den Bos et al., 2009), which may be due to 
interference of partly informative feedback with processes of feedback learning. 

Learning on the basis of feedback is a complex skill and can be decomposed into a set 
of sub-processes. In order to make an accurate comparison between expected and observed 
feedback, a correct value representation needs to be built (and maintained), and ongoing out-
come feedback needs to be monitored accurately. Furthermore, behavior should be adjusted 
adaptively in accordance with internal goals. Developmental changes in feedback learning 
may thus be attributed to several of these underlying processes. It has been suggested that 
children’s deficit in feedback learning is not due to an inability to construct prediction errors 
(Hämmerer & Eppinger, 2012), but may arise either from an impaired monitoring of feedback 
from the environment, from impairments in updating a task-appropriate value representa-
tion, from immature behavioral control, or from a combination of these processes. These 
sub-processes of feedback learning bear high resemblance to executive functions as working 
memory and inhibition. Working memory implies the maintenance and updating of informa-
tion, whereas inhibition primarily implies the ability to inhibit prepotent responses (Garon 
et al., 2008; Huizinga et al., 2006; Miyake et al., 2000). Working memory is shown to improve 
into early adulthood, whereas inhibitory control is shown to mature somewhat earlier into 
adolescence (Huizinga et al., 2006). Both working memory and inhibitory control over prepo-
tent response tendencies may represent component processes that are required for successful 
feedback learning. 

Most feedback learning tasks are not designed to distinguish sub-processes of feedback 
learning. In probabilistic and deterministic feedback tasks, for example, indices of feedback 
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monitoring and value updating are usually assessed intertwined. The primary focus of this 
study is therefore to decompose the different processes of probabilistic feedback learning 
across development, in which we specifically aim to disentangle whether children show im-
pairments in feedback monitoring or impairments in updating a value representation in a 
probabilistic feedback environment. Secondly, we investigate whether immature behavioral 
control is related to feedback learning deficits in younger children. Finally, we include meas-
ures of working memory and inhibition to investigate their relation with feedback learning 
across development. To these ends, we used two versions of a probabilistic feedback task in 
combination with evoked heart-rate measurements. Psychophysiological measurements such 
as evoked heart rate can provide insight into feedback processing that cannot be obtained by 
using performance measures alone. 

Several studies have successfully used heart rate as an informative index to study feedback 
processing (Jennings & Van der Molen, 2002; Somsen et al., 2000). Regions within the ACC 
that are sensitive to evaluating feedback and are implicated in the signaling of prediction er-
rors, are also involved in the control of autonomic functioning (Critchley, 2005; Critchley et 
al., 2000; 2003; Hajcak et al., 2003). This link is evidenced in studies showing that feedback 
processing is reflected in changes in heart rate (Crone, Van der Veen et al., 2003; Groen et al., 
2007; Mies et al., 2011; Van der Veen et al., 2004), in which heart rate is shown to decelerate 
in anticipation of upcoming sensory information or actions. Negative feedback elicits a pro-
longed heart-rate deceleration (i.e., a heart-rate slowing), whereas positive feedback immedi-
ately elicits an acceleratory recovery (Jennings & Van der Molen, 2002). 

In deterministic learning tasks, heart rate is shown to slow down to negative feedback in-
formative to performance, such as to negative feedback that unexpectedly signals a behavioral 
rule change (Crone, Zanolie et al., 2006; Somsen et al., 2000). Heart rate does not slow when 
negative feedback is unrelated to performance, for example when feedback is presented ran-
domly (Crone, Van der Veen et al., 2003; Crone et al., 2004; Groen et al., 2007). Also, when 
a correct response is learned, heart-rate slowing after an incorrect response starts before the 
onset of feedback, indicating a shift from dependency on external feedback signals, toward 
internal error detection (Groen et al., 2007). The amount of heart-rate slowing after nega-
tive feedback has been related to corrective behavior. That is, a positive correlation has been 
reported between heart-rate slowing after negative feedback and accuracy on task (Crone et 
al., 2004; Crone, Zanolie et al., 2006). Taken together, these findings indicate that heart-rate 
slowing after negative feedback signals an expectancy violation that subsequently guides re-
medial actions. 

Developmental studies indicated that heart-rate slowing after deterministic negative feed-
back is smaller for 8–10-year-olds compared to 12 year-olds and young adults (Crone et al., 
2004; Crone, Zanolie et al., 2006). Also, when feedback is presented randomly, 8–10-year-
olds, in contrast to 12-year-olds and young adults, show additional heart rate slowing to nega-
tive feedback (Crone et al., 2004). The latter result has been taken to suggest that children 
are overly sensitive to negative feedback, and monitor irrelevant feedback for subsequent be-
havioral adjustments (Crone & Van der Molen, 2008). Also, psychophysiological studies using 
event related potentials (ERPs) to investigate external/internal error processing, indicated a 
heightened feedback-related negativity (FRN) in children (Eppinger et al., 2009), but also less 
differentiation between positive and negative feedback (Hämmerer et al., 2011). Moreover, 
in contrast to adults, children showed a smaller error-related negativity (ERN) specifically in 
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probabilistic feedback situations (Eppinger et al., 2009). These latter results were thought to 
indicate that children experience difficulty with building a task-appropriate value representa-
tion under conditions of probabilistic feedback. 

Continuing on these findings, the current study aims to further disentangle the processes 
of feedback monitoring, value updating and behavioral control. Therefore we assess behav-
ioral performance and heart-rate slowing in two probabilistic feedback tasks: one in which 
a representation of the correct response had to be learned (noninformed task) and another 
with the correct response explicitly presented (informed task) (Van Duijvenvoorde et al., 
2012). Both tasks present a two-choice situation, in which feedback is given after each choice. 
In the noninformed task, participants need to build a task-appropriate representation of the 
correct response by using trial-to-trial feedback. In contrast, in the informed condition, feed-
back is not necessary for building a value representation. By comparing heart rate indices 
after feedback presentation, we investigate expectancy violations when this feedback is neces-
sary for value updating (noninformed task) and when this feedback is not necessary for up-
dating a value representation of the correct response (informed task). Thus, in contrast to the 
noninformed task, the informed task isolates feedback monitoring. We argue that although 
feedback is not necessary for learning in the informed task, it will still be monitored as it has 
motivational relevance, i.e., it indexes whether points were gained or lost. In addition to heart 
rate responses, we investigated task performance – task accuracy and response switches after 
feedback – to determine the extent of successful behavioral control in both conditions. 

In the current study, we investigated a group of children (8-9-year-olds), young adoles-
cents (11-13-year-olds) and young adults (18-24-year-olds). These age ranges were chosen 
based on previous studies that indicated pronounced changes in feedback-based learning be-
tween ages 8 and 13 (Van den Bos et al., 2009; Van Duijvenvoorde et al., 2008). Our main 
focus is on the effects of feedback, condition and age group on heart-rate responses, task ac-
curacy, and response switches. First, if children are specifically impaired in updating a value 
representation of the correct response, we would expect no developmental differences in 
heart-rate slowing after negative feedback in the informed condition, but large developmental 
differences in heart-rate slowing in the noninformed condition. However, if feedback moni-
toring is problematic for children, we would expect large developmental differences in heart-
rate slowing after negative feedback in both conditions. Second, we combine insights of heart 
rate and behavioral indices. Developmental changes in accuracy and response switches in the 
informed condition, without developmental changes in heart-rate slowing, would indicate a 
specific deficit in implementing behavioral control for younger age groups. 

Finally, we expected working memory to be associated with updating a task-appropriate 
value representation (Bunge & Wright, 2007; Van Duijvenvoorde et al., 2012), which would 
be specifically related to performance in the noninformed task. In addition, we expected in-
hibitory control to be important for regulating behavioral responses, which would be related 
to performance in both the informed and the noninformed task. 
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4.2 Methods

Participants 
Participants were 35 8-9 year-olds (Mean Age = 8.6 years, SD = 0.40, 19 females), 35 11-13-year-
olds (Mean Age = 11.8 years, SD = 0.50, 14 females) and 32 18-24-year-olds (Mean Age = 20.7 
years, SD = 1.8, 16 females). Children were recruited from two different primary schools. 
Young adults were students on vocational tracks or university education and were given pay-
ment or course credits for their participation. All participants provided written informed con-
sent for the study (parental consent for children and young adolescents). Procedures were 
approved by the local ethics committee. All participants were informed beforehand that de-
pendent on performance, they could win a prize, which eventually all participants received. 

Because of technical artifacts, noise or an inability to complete the task, four 8-9-year-olds 
(two females) and five 11–13-year-olds (two females) were excluded from further analyses. 
Thus, our final sample consisted of 31 8-9-year-olds (Mean Age = 8.2 years, SD = 0.42, 17 
females), 30 11-13-year-olds (Mean Age = 11.3 years, SD = 0.53, 12 females) and 32 young 
adults (Mean Age = 20.3 years, SD = 1.9, 16 females). The proportion of males did not differ 
significantly across age groups, χ²(2) = 1.4, p = .5. 

Materials and procedure 
Raven’s Standard Progressive Matrices (SPM) test (Raven et al., 1985) was administered to 
account for possible differences in intelligence between age groups. A speeded version of 
the task was used in which participants were given 20 min to answer as many problems as 
possible (Hamel & Schmittmann, 2006). An ANCOVA indicated no differences in raw Raven 
scores between age groups, when age was entered as a covariate (p = .1). 

The Erikson Flanker task (Huizinga et al., 2006) and the Chessboard Task (Dovis et al., 
2012) were administered to test influences of inhibition and working memory on feedback 
learning. In the Erikson Flankers task participants respond to a left or right pointing arrow 
presented in the center. The arrow can be flanked by four arrows pointing in the same direc-
tion (congruent condition) or by four arrows pointing in the opposite direction (incongruent 
condition), in which case these flanking arrows should be ignored or inhibited. Fifty practice 
trials and 50 experimental trials were administered. The two dependent variables used to as-
sess inhibitory capacity were reaction time and accuracy differences between congruent and 
incongruent trials.

The Chessboard Task is a newly developed working-memory measure based on the Cor-
si Block Tapping Test and the subtest Letter–Number sequencing from the Wechsler Adult 
Intelligence Scales (WAIS). The task assesses the ability to maintain and manipulate visuo-
spatial information (see for an extensive description Dovis et al., 2012). Participants are pre-
sented with a checkerboard of four by four blue and green squares and are asked to reproduce 
a mixed sequence of highlighted blue and green squares. Participants were instructed to first 
reproduce the sequence of green squares and then the sequence of blue squares, both in the 
same order as they were presented. The difficulty level of the task was adaptive. After two 
consecutive correct reproductions, the sequence was increased by one stimulus and after 
two consecutive incorrect reproductions; the sequence was shortened by one stimulus. The 
starting (minimum) sequence length consisted of two stimuli and there was no maximum 
sequence length. Participants were given visual and auditory feedback on accuracy of the re-
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produced sequence. Forty experimental trials were administered. The main measure of inter-
est was the average length of correctly reproduced sequences from trial 15 onwards. Earlier 
trials were omitted to eliminate initial adjustments toward this adaptive procedure (Dovis et 
al., 2012). 

Probabilistic feedback tasks 
Participants were presented repeatedly with a pair of choice options displayed in the form of 
gambling machines (see Figure 1). Each gambling machine contained 10 balls, which were 
either green (winning balls) or red (losing balls). Upon choosing one of the machines, the 
balls were shuffled and one ball was drawn (semi-randomly) from the machine, with loss-
probability controlled for within 10 trial blocks. Drawing a red ball resulted in a loss of one 
point, whereas a green ball led to a gain of one point. The outcome (gain or loss) of each 
choice was displayed in a winning or losing coin and was accompanied by a brief sound indi-
cating a gain or loss. 

Within a pair, the machines differed in profitability. That is, one machine contained three 
red balls out of ten balls (30% chance of negative feedback), whereas the other machine con-

Figure 1. Trial structure in the informed and the noninformed probabilistic feedback task. During inter-trial intervals 
a fixation cross was presented for 1500 ms.
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tained seven red balls out of ten balls (70% chance of negative feedback). Both machines 
had a start button in the shape of a common attribute (banana, shoe, sun etc.). Two pairs of 
machines (A–B; C–D) were presented in each task block. Choosing machine A and C led to 
negative feedback on 30% of AB and CD trials, whereas choosing machine B or D led to nega-
tive feedback on 70% of these trials. Note that the pairs of machines were signaled by the dif-
ferent pairs of starting buttons, for example: banana (A)—sun (B); bike (C)—flower (D). Pairs 
of machines were randomly presented on the right and left sides to prevent response biases. 

Participants played two conditions of the probabilistic feedback task: the informed and the 
noninformed condition. In the informed condition, machines in the game were ‘open’ (see 
Figure 1). Therefore, the amounts of green and red balls were known to the participants. In 
the noninformed condition, the machines in the game were ‘closed’, so participants could not 
see the amount of red and green balls in the machines. In both conditions, immediate feed-
back (gain/loss) was provided after each choice. The participants in the noninformed condi-
tion thus had to use this feedback to learn the contingencies of the different options, whereas 
this was not necessary for participants in the informed condition.

A schematic outline of the trial structure is presented in Figure 1. On each trial, a pair of 
gambling machines was presented. There was a delay of 500 ms before participants could 
make a response, which was signaled by a change of color of the machines. The response initi-
ated a delay period in which the pair of gambling machines was closed (500 ms) after which 
a fixation cross was shown (500, 1500 or 2000 ms, equiprobable). Subsequently a feedback 
screen (1500 ms) indicated a winning (positive feedback) or losing (negative feedback) coin. 
The inter-trial interval presented a fixation cross for 1500 ms. Participants were required to 
respond within 1 s by pressing the “A” or the “L” key on the computer keyboard, associated 
with left and right machine respectively. If participants did not respond before the deadline, 
a feedback screen appeared, showing that they had lost two points. The average proportion of 
missed responses in the informed condition was .06 (8-9-year-olds), .05 (11-13-year-olds), 
and .04 (18-23-year-olds). In the noninformed condition the average proportion was .08 
(8–9-year-olds), .06 (11–13-year-olds), and .03 (18-23-year-olds). A Condition (2) × Age 
Group (3) repeated measures ANOVA on the proportion missed responses showed a main 
effect of Age Group, F(1, 90) = 6.8, p < .01, in which the two youngest age groups had more 
missed responses than the young adults (p < .05), but did not differ from each other (p = .3). 
Moreover, there was a trend toward a main effect for Condition, F(1, 90) = 3.4, p = .05, which 
was qualified by a Condition × Age Group interaction, F(2, 90) = 5.7, p < .01. This interaction 
indicated that only the youngest age group had more missed responses in the noninformed 
compared to the informed condition. Trials with missed responses were deleted from further 
analyses. 

Experimental design 
The experimental task was administered in three blocks, consisting of 40 trials per block (120 
trials total) in the informed condition and 60 trials per block (180 trials total) in the nonin-
formed condition. Blocks of informed and noninformed conditions were alternated and the 
first block was counterbalanced: Half of the participants started with the informed, and the 
other half with the noninformed condition. On each block, two new pairs of machines (A—B; 
C—D) were presented. An initial repeated measures ANOVA was performed to check whether 
accuracy across age groups was affected by block and the order in which conditions were pre-
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sented. In the noninformed condition, no significant main effects of Order and Block or any 
significant interactions with Age Group were found (all p’s > .05). For the informed condition 
no significant main effect of Order or any interaction between Order, Block and Age Group 
were found (all p’s > .05). However, Block showed a significant main effect, F(1.4, 119.1) = 
18.8, p < .001, which was qualified by a Block × Age Group interaction, F(2.7, 119.1) = 3.6, p < 
.05. Follow-up tests indicated that only the 8–9-year-olds showed a change in accuracy across 
blocks, F(1.6, 47.1) = 9.3, p < .002, in which accuracy was slightly lower in the first compared 
to the latter two blocks (Mean block 1 = 75%; Mean block 2 = 82%; Mean block 3 = 86%). Since 
performance changes were relatively minor, we decided to average across blocks for all age 
groups and conditions for further analyses. 

Procedure 
The feedback task was administered individually, in a quiet laboratory or room in the partici-
pants’ schools. Each session began with a verbal instruction on the feedback task, after which 
participants were familiarized with both task conditions for a total of 20 practice trials. Before 
starting the experimental tasks, a 5 min rest-period was included for measures of heart-rate 
variability1. Generally, participants needed approximately 45 min to complete the task. Total 
score was displayed on screen at the end of each block. Participants were encouraged to win 
as many points as possible by choosing the best machine. 

The speeded Raven SPM, the Flanker task, and the Chessboard Task were administered on 
a different day than the feedback tasks for the youngest age groups. For children and young 
adolescents the Raven SPM was administered in class and took 20 min to complete. The Flank-
er task and the Chessboard Task were administered in small groups of children. Order of the 
latter tasks was counterbalanced. Completion of these tasks took approximately 20 min. 

Data recording and analysis 
During the probabilistic feedback task, the electrocardiogram (ECG) was recorded from three 
Ag–AgCl electrodes that were placed at the right side of the thorax between the collarbone 
and the sternum and at the left side between the two lower ribs. The ECG was recorded with a 
sampling rate of 600 Hz. R-peaks were detected with VSRRP 98 v7.0 (developed by Technical 
Support Group UvA Psychology). The interbeat intervals (IBIs) were all visually inspected. 
Sequential inter-beat intervals (IBIs) were extracted around the feedback stimulus in accor-
dance with Crone et al. (2004), Groen et al. (2007) and Somsen et al. (2000). The interval 
during which feedback was presented was labeled IBI0, which was followed by two successive 
intervals: IBI1 and IBI2. The other two intervals were those preceding the feedback stimu-
lus: IBI-2 and IBI-1. An initial analysis on IBI-2 showed no differences between positive and 
negative feedback or any interactions with age group and condition (all p’s > .3). To obtain 
a sensitive index of heart rate change, IBI difference scores were referenced to IBI-2. The 
focus of the present study was on feedback processing, therefore our IBIs of interest in subse-
quent analyses were IBI0, IBI1 and IBI2 (all referenced to IBI-2). Heart-rate responses were 
evaluated statistically using repeated measures ANOVA’s with sequential IBI difference scores 
(IBI0 to IBI2). Greenhouse–Geisser corrections for violations of the assumptions of spheric-

1 Heart-rate variability is not included as a variable in the current study and is reported in a separate 
paper. 
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ity were used when necessary. Follow-up tests between task bins (see below) and age groups 
were Bonferroni corrected. 

4.3 Results 

Accuracy 
In each condition, we averaged accuracy in four separate bins, with an equal number of trials. 
First, we expected greater accuracy changes across task bins in the noninformed as compared 
to the informed condition (Bin × Condition). Second, we expected this effect to differ across 
age groups, that is, we expected bin-related accuracy changes to be more prominent in the 
older age groups (Bin × Condition × Age Group). 

We performed a Bin (4) × Condition (2) × Age Group (3) repeated measures ANOVA on 
accuracy scores. Results showed the expected interaction between Bin × Condition, F(2.53, 
228.01) = 34.01, p < .001, ƞ2

p
 = .27. Moreover, results also indicated an interaction between 

Condition × Age Group, F(2, 90) = 5.8, p < .005, ƞ2
p
 = .11, and the expected three-way interac-

tion between Bin × Condition × Age Group, F(5.1, 228.01) = 7.3, p < .001, , ƞ2
p
 = .14 (see Figure 

2). To further investigate these interactions we performed follow-up tests per condition2.
In the noninformed condition, a Bin (4) × Age Group (3) ANOVA revealed a main effect 

of Bin, F(2.4, 212.9) = 69, p < .001, ƞ2
p
 = .43. Follow-up tests showed that performance in Bin 

1 and Bin 2 was lower compared to all other bins (all p’s < .02), whereas performance did not 
increase from Bin 3 to Bin 4. There was a main effect of Age Group, F(2, 90) = 37.2, p < .001, 

2 We repeated the follow-up analyses with the number of encountered timeouts as a covariate to control 
for a possible effect of the increased number of timeouts in the younger age groups. All reported results 
in both conditions remained the same. This excludes confounding effects of opportunity to learn from 
feedback and/or potential frustration about opportunity costs.

Figure 2. Mean proportion of accuracy as a function of Bin, Age Group, and Condition. Error bars indicate +1/-1 
standard error around the mean.
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ƞ2
p
 = .45, with the 8–9-year-olds performing worse than the 11-13-year-olds and young adults. 

The 11-13-year-olds also performed worse than the young adults (all p’s < .01). Performance 
changes across bins differed between age groups (Bin × Age Group interaction, F(4.7, 212.9) = 
8.9, p < .001, ƞ2

p
 = .17), in which young adults showed steeper improvement between the first 

bins than the younger age groups. 
In the informed condition a similar ANOVA also showed a main effect of Bin, F(2.4, 218.9) 

= 4, p < .05, ƞ2
p
 = .04, in which performance in Bin 1 was lower than in Bin 4 (p < .05), whereas 

all other bins did not differ significantly. Performance also increased with age (main effect 
Age Group, F(2, 90) = 14.7, p < .001, ƞ2

p
 = .25), in which the 8–9-year-olds performed worse 

than the 11–13-year-olds and young adults (p < .05). However, the 11–13-year-olds and the 
young adults did not differ significantly (p = .11). Crucially, performance change across bins 
did not differ between age groups (Bin × Age Group interaction: p = .5). 

These results show two main findings: First, accuracy changes across bins are more promi-
nent in the noninformed than in the informed condition, which is consistent with a greater 

Figure 3. Mean proportion of response switches as a function of Bin, Age Group, and Condition. Error bars indicate 
+1/-1 standard error around the mean.
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need for updating. Second, performance in the noninformed condition continues to improve 
into early adulthood, whereas in the informed condition developmental differences are only 
observed between ages 8 and 12. Thus, developmental changes in task performance are large-
ly, but not fully, annihilated if no updating is required. 

Response switches 
We further tested whether effects on accuracy were paralleled by effects on response switch-
es. Percentage of response switches was defined as the percentage of trials in which response 
on a stimulus pair was switched as compared to the previous occurrence of that pair. We 
computed this percentage separately for trials in which the previous pair received positive or 
negative feedback (factor Valence). An omnibus repeated measures ANOVA with Bin (4) × 
Valence (2) × Condition (2) × Age Group (3) showed a three-way interaction between Bin × 
Valence × Condition, F(3, 270) = 3.2, p < .05, ƞ2

p
 = .04, and a trend toward a three-way interac-

tion between Valence × Condition × Age Group, F(2, 90) = 2.7, p = .07, ƞ2
p
 = .06 (see Figure 3). 

To further investigate these interactions we performed follow-up tests per condition. 
In the noninformed condition, a Bin (4) × Valence (2) × Age Group (3) ANOVA showed 

a main effect of Valence, F(1, 90) = 233.3, p < .001, ƞ2
p
 = .71, indicating more switches after 

negative compared to positive feedback; a main effect of Bin, F(2.7, 242.7) = 22.7, p < .001, 
ƞ2

p
 = .2, indicating a decrease in switches across bins; and a main effect of Age Group, F(2, 

90) = 40.8, p < .001, ƞ2
p
 = .48, indicating more switches in the 8-9-year-olds compared to the 

11-13-year-olds and young adults, and more switches in the 11-13-year-olds compared to the 
young adults (all p’s < .05). Two-way interactions between Bin × Age Group, F(5.4, 242.7) = 
2.3, p < .05, ƞ2

p
 = .05, and Bin × Valence, F(3, 270) = 13.5, p < .001, ƞ2

p
 = .13, were qualified 

by a three-way interaction between Bin × Valence × Age Group, F(5.8, 260.5) = 2.9, p < .02, 
ƞ2

p
 = .06. Follow-up tests indicated that young adults, compared to the younger age groups, 

switched more after negative compared to positive feedback specifically in the first bin of the 
task. 

In the informed condition, a Bin (4) × Valence (2) × Age Group (3) ANOVA showed simi-
lar main effects of Valence, F(1, 90) = 46.2, p < .001, ƞ2

p
 = .34; Bin, F(3, 270) = 3.6, p < .02, ƞ2

p
 

= .04; and Age Group, F(2, 90) = 15.3, p < .001, ƞ2
p
 = .25. Additionally, results showed a trend 

toward a two-way interaction between Valence × Age Group, F(2, 90) = 2.6, p = .077, ƞ2
p
 = .06, 

suggesting that switches after negative compared to positive feedback were more prominent 
in the younger age groups compared to young adults. There were no further interactions with 
Bin (all p’s > .1). 

Together, response switch results show that if updating is not required (i.e., informed 
task) children and young adolescents tend to switch more, specifically after occasional nega-
tive feedback. However, these results also show that if feedback is necessary for learning (i.e., 
noninformed task), young adults switch relatively more after negative, compared to positive, 
feedback in the first part of the task. This is consistent with a greater need for updating in the 
noninformed task, in which adults seem to use negative feedback to a larger extent for suc-
cessful behavioral adjustments. 

Inter-beat-intervals 
The IBIs of interest range from IBI0 to IBI2, representing the IBI in which the feedback was 
presented (IBI0), up to two consecutive IBIs after feedback presentation (see Figure 4). We 
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expected a main effect of valence, with heart-rate slowing being larger after negative than 
after positive feedback in both conditions. Our developmental hypotheses were twofold: We 
expected either a similar IBI × Valence × Age Group interaction in both conditions if children 
show a general deficit in feedback-monitoring. However, if children show a specific deficit in 
updating a value representation, we would expect a four way-interaction between Condition 
× IBI × Valence × Age Group, indicating larger developmental changes in heart rate slowing 
after feedback in the noninformed compared to the informed condition. 

An omnibus repeated measures ANOVA showed that the crucial four-way interaction was 
present, F(3.6, 162.8) = 3.3, p < .02, ƞ2

p
 = .07. In order to describe this interaction, we per-

formed an IBI (3) × Valence (2) × Age Group (3) for each condition separately. We specifi-
cally report the main and interaction effects with valence, since our interest was in the dif-
ferential sensitivity to negative as compared to positive feedback. 

In the noninformed condition the repeated measures ANOVA showed a main effect of 
Valence, F(1, 90) = 10.4, p < .005, ƞ2

p
 = .1, in which negative feedback resulted in more heart-

rate slowing than positive feedback. Moreover, there was an IBI × Valence interaction, F(1.4, 
125.6) = 24.5, p < .001, ƞ2

p
 = .21, indicating that positive and negative feedback differentiation 

Figure 4. Heart-rate responses per age group to positive and negative feedback in the informed and noninformed con-
ditions using IBI-2 as baseline. IBI0 represents the onset of feedback presentation. Error bars indicate +1/-1 standard 
error around the mean.
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was larger in later IBIs. Results also revealed a Valence × Age Group interaction, F(2, 90) = 4, 
p < .05, ƞ2

p
 = .08, with the differentiation between positive and negative feedback being larger 

in the oldest age group. Crucially, there was a three-way interaction between IBI × Valence × 
Age Group, F(2.8, 125.6) = 4, p < .02, ƞ2

p
 = .08. 

In order to describe this three way interaction, we performed a follow-up analysis per IBI. 
A Valence (2) × Age Group (3) repeated measures ANOVA for IBI0 showed no main effect 
of Valence (p = .4), but did reveal a Valence × Age Group interaction, F(2, 90) = 5.4, p < .01, 
ƞ2

p
 = .11, in which only the 11–13-year-olds showed more heart-rate slowing after positive 

compared to negative feedback. A similar analysis on IBI1 revealed a main effect of Valence, 
F(1, 90) = 29, p < .001, ƞ2

p
 = .25, in which negative feedback led to more heart-rate slowing 

than positive feedback. This effect did not differ significantly across age groups (p = .1). Im-
portantly, the analysis on IBI2 revealed a similar main effect of Valence, F(1, 90) = 15.4, p < 
.001, ƞ2

p
 = .15. Moreover, there was a Valence × Age Group interaction, F(2, 90) = 4, p < .05, 

ƞ2
p
 = .08, in which only the young adults showed heart-rate slowing after negative compared 

to positive feedback, F(1, 31) = 20.4, p < .001, ƞ2
p
 = .4. 

The repeated measures ANOVA in the informed condition showed a main effect of Va-
lence, F(1, 90) = 22, p < .001, ƞ2

p
 = .2, in which negative feedback resulted in more heart-rate 

slowing than positive feedback. Moreover, results revealed an IBI × Valence interaction, F(1.8, 
169) = 20, p < .001, ƞ2

p
 = .18, in which the valence effect was larger in later IBIs. No signifi-

cant interactions were found between Valence × Age Group (p = .28) and crucially, an IBI × 
Valence × Age Group interaction was absent (p = .21)3. This indicated that in the informed 
condition, all age groups showed a similar heart-rate slowing after negative compared to posi-
tive feedback. 

First, these results showed the expected effect of valence, in which heart rate slowed more 
after negative compared to positive feedback in both the informed and the noninformed con-
dition. Second, these results showed considerable developmental differences in the nonin-
formed condition, in which heart-rate slowing after negative compared to positive feedback 
was mostly absent for the youngest age groups (8-13-year-olds). In the informed condition 
we observed, however, no developmental differences: Heart-rate slowing after negative com-
pared to positive feedback was present for all age groups on all IBIs. Together, these results 
are consistent with the hypothesis that children up to age 12 are not impaired in feedback 
monitoring but that they are specifically impaired in updating a value representation on the 
basis of probabilistic feedback. 

Heart-rate and behavior 
To test whether task performance was related to heart-rate slowing, we performed a linear 
regression with the difference score of heart-rate slowing after negative versus positive feed-
back as an independent variable and task accuracy as a dependent variable. In the nonin-
formed condition, at IBI1, heart-rate slowing after negative compared to positive feedback, 
was not significantly related to task performance (p = .17). In contrast, at IBI2, greater slowing 
after negative compared to positive feedback was positively related to task performance (B = 
.21, p < .05). However, when age was included as an additional independent variable, heart-
rate slowing at both IBIs was not significantly related to task performance (all p’s > .1). 

3 All significant main and interaction effects as described here were maintained when only negative and 
positive feedback after correct responses were included.
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In the informed condition, greater heart-rate slowing after negative compared to positive 
feedback tended to be positively related to task performance at IBI1 (B = .19, p = .067), which 
was not the case at IBI2 (p = .7). When age was included, however, heart-rate slowing at both 
IBIs was not significantly related to performance on task (all p’s > .1). 

Working memory and inhibition 
Finally, for each task, we performed a linear regression (backward selection) to investigate 
whether indices of working memory and inhibitory control were, over and above age, related 
to task accuracy. The independent variables were age, working memory score, flanker accu-
racy difference and flanker response time difference. 

In the noninformed condition, the final model consisted of working memory score, B = .35, 
t(89) = 3.2, p < .005, and age, B = .38, t(89) = 3.6, p < .005, but no indices of inhibition (p’s > 
.1). In the informed condition, the final model consisted of working memory score, B = .26, 
t(88) = 2.1, p < .05, flanker accuracy difference, B = −.23, t(88) = −2.3, p < .05, and an effect of 
age, B = .28, t(88) = 2, p < .05. These results thus show that over and above age, higher working 
memory scores were associated with better performance in both conditions. Moreover, only 
in the informed condition higher accuracy in the flanker task (incongruent-congruent trials) 
was associated with better task performance.

4.4 Discussion 

Successful feedback learning requires that feedback from the environment is accurately moni-
tored, that a task-appropriate value representation is updated correctly, and that subsequent 
behavioral control is implemented successfully. In the current study we aimed at disentan-
gling these processes by behavioral and heart-rate measures in an informed and noninformed 
probabilistic feedback task. If children are specifically impaired in updating a value represen-
tation on the basis of probabilistic feedback, we would expect no developmental differences 
in heart-rate slowing after negative feedback in the informed task, but large developmental 
differences in heart rate slowing in the noninformed task. However, if feedback monitoring in 
itself is impaired in children, we would expect developmental differences in heart-rate slow-
ing after negative feedback in both tasks. 

In the noninformed task, heart-rate slowing after negative feedback showed pronounced 
developmental differences. That is, children and young adolescents showed limited heart-
rate slowing after negative compared to positive feedback, whereas adults demonstrated pro-
nounced heart-rate slowing. In contrast, in the informed task all age groups showed larger 
heart-rate slowing after negative compared to positive feedback. These results therefore indi-
cate that children up to age 12 are specifically impaired in constructing a value representation 
on the basis of probabilistic feedback and do not experience difficulty in monitoring proba-
bilistic negative feedback per se. 

Furthermore, we reasoned that developmental changes in accuracy and response switches 
in the informed condition, without developmental changes in heart-rate slowing, would in-
dicate a specific deficit in implementing behavioral control for younger age groups. In the 
informed task, older age groups consistently chose the better option, whereas the youngest 
age group leveled out on an accuracy rate of approximately 80%. These age-related changes in 
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accuracy were paralleled by age-related changes in response switches. That is, the youngest 
age groups, as compared to the young adults, tended to show more reactive responding in the 
informed task, i.e., switched more often, after occasional negative feedback. Combining heart 
rate and behavioral measurements thus suggests that children up to 12 years are not impaired 
in monitoring negative feedback but have a specific deficit in implementing behavioral con-
trol. 

Finally, we expected that in the noninformed task, performance would be associated with 
working memory and inhibition, whereas in the informed task, performance would specifical-
ly be associated with inhibition. This hypothesis was partially supported since performance in 
the noninformed task was associated with working memory only, whereas performance in the 
informed task was associated both with working memory and inhibition. Working memory 
may already explain most of the variation in performance in the noninformed task, leading 
to the absence of an effect of response inhibition. Additionally, working memory may repre-
sent some control component that also affects performance in the informed task. Executive 
functions such as working memory and inhibition thus seem to influence successful feedback 
learning across age groups, although further clarification of their relation with different com-
ponents of feedback learning is needed (see also Schmittmann et al., 2012). 

In addition to these main findings, several other findings are worth mentioning. First, al-
though in the informed task, feedback was not required for updating the value representation 
of the chosen action or for subsequent remedial actions, we observed pronounced heart-rate 
slowing after negative as compared to positive feedback. This suggests that in the current 
task participants do monitor this feedback, as it carries motivational relevance. Second, this 
slowing was observed in all age groups, indicating mature monitoring of probabilistic negative 
feedback from age 8. This is consistent with the finding that an attention-grabbing effect of 
negative feedback is present from early childhood (Somsen, 2007). Third, when controlled 
for age, heart-rate slowing after negative, compared to positive, feedback was not related to 
performance in the noninformed or informed task. Clarifying the relation between behavio-
ral and heart-rate responses may require larger samples to delineate age versus performance 
differences.

Adaptive feedback learning in probabilistic feedback tasks relies on a balance between 
adjusting versus continuing actions after performance feedback. This requires the ability to, 
respectively, overcome the tendency to continue ongoing behavior and the ability to control 
the impulsive tendency to change behavior after negative feedback. Tasks as the Wisconsin 
Card Sorting Task assess the ability to flexibly adjusting behavior after negative feedback and 
depend on the ability to inhibit responding to a sorting rule that is no longer correct. Perse-
verative errors in such tasks are also shown to decrease into early adolescence (Crone, Zanolie 
et al., 2006; Huizinga et al., 2006; Somsen, 2007). As evidenced by response switch analyses in 
the current task, it seems that the younger age groups have difficulty in adjusting ongoing be-
havior on the basis of negative feedback (as in the noninformed task), but also in controlling 
impulsive responses toward negative feedback (as in the informed task) (Van Duijvenvoorde 
et al., 2012). Future studies may be able to determine whether these two inhibitory control 
processes, inhibiting rules that were previously correct and inhibiting response switches to 
uninformative negative feedback, are related to the same or different (developing) underlying 
mechanisms. 



67

4

Decom
posing Feedback Learning across Developm

ent

The current study focused primarily on the processing of probabilistic negative feedback. 
A current debate in the literature is whether sensitivity toward negative versus positive feed-
back changes across development. Some neural studies indicated children and young ado-
lescents to be more responsive to positive feedback (Van den Bos et al., 2009; Van Duijven-
voorde et al., 2008), whereas others indicated a heightened sensitivity in children toward 
negative feedback (Crone et al., 2004; Hämmerer et al., 2011; Van Leijenhorst et al., 2006). 
Heart-rate indices in the current study do not support a developmental difference in negative 
feedback sensitivity. We did find that, unexpectedly, adolescents showed a short-lived larger 
heart-rate slowing toward positive compared to negative feedback. This effect was, however, 
small and only seen in the noninformed task. Further studies could test feedback biases more 
thoroughly by using saliency manipulations of positive and negative feedback (Eppinger & 
Kray, 2011; Herbert et al., 2011). 

The results that emerged from the current study are consistent with recent views that at-
tribute developmental differences in probabilistic feedback learning primarily to regional and 
connectivity changes of the prefrontal cortex (Hämmerer & Eppinger, 2012). Although this 
study does not include direct tests of underlying neural mechanisms, prefrontal regions are 
shown to be specifically important for updating value representations and maintaining these 
representations in working and long term memory (Crone, Wendelken et al., 2006; Donohue 
et al., 2005; Geier et al., 2009), and in executing behavioral control (Bunge et al., 2002; Casey 
et al., 2005; Crone, 2009). Our results indicate that specifically these two processes are imma-
ture in children and young adolescents, consistent with neurobiological changes in prefrontal 
regions and their connections. 

The current study adds to the growing body of literature on children’s probabilistic feed-
back learning. Our results indicate that children’s performance in probabilistic feedback con-
texts is not constrained by a deficit in monitoring feedback, but by deficits in updating value 
representations and executing behavioral control. These findings support recent views that 
the development of feedback learning is related to underlying neural developments of the 
prefrontal cortex.
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Chapter 5

What is and What Could have Been: 
Experiencing Regret and Relief across 
Childhood

This chapter is based on:

Van Duijvenvoorde, A.C.K., Jansen, B.R.J., & Huizenga, H.M. What is and What Could have 
Been: Experiencing Regret and Relief across Childhood. In revision.
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Abstract

Counterfactual emotions, such as regret and relief, are considered important in daily-life choice behav-

ior, learning and emotion regulation. A prominent question is from which age counterfactual emotions 

develop. In this study we compared a more ‘traditional’ analysis with a latent-class approach that allows 

the study of individual differences and a more detailed assessment of counterfactual emotions. Five- to 

13-year-olds and a group of young adults performed a choice task in which they encountered a Regret 

situation (chosen option was worse than alternative), a Relief situation (chosen option was better than 

alternative) and a Baseline situation (chosen option was equal to alternative). Traditional analyses in-

dicated regret and relief to be present from ages 7-8. In contrast, the latent-class analysis indicated that 

a subgroup of 5-6-year-olds already reported regret and relief. Consistent with traditional analysis, this 

group became larger with increasing age. We conclude that an individual difference approach can ad-

vance insights in emotional development.
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5.1 Introduction

Regret and relief are counterfactual emotions that rely on the comparison between a reality 
that is, and an alternative reality that ‘could have been’. Counterfactual emotions are thought 
to be powerful motivators of choice behavior, in which we aim to minimize regret, and rely 
on counterfactual information to make better decisions (Zeelenberg & Pieters, 2007). Besides 
important to decision making and learning, counterfactual emotions may also be beneficial 
because of an emotional regulatory function (Roese, 1997). Reflecting on what could have 
been is thus an adaptive, but complex skill, and the development of regret and relief may 
therefore deviate from that of more basic emotions such as happiness, sadness, anger or fear. 
The current study aims to add to this emerging field by investigating the experience of regret 
and relief across development with a novel statistical approach that characterizes individual 
differences within age groups.

The ability to think counterfactually (understand an alternative reality) is shown to de-
velop early in childhood, from at least 5 years or even earlier (Beck & Guthrie, 2011; Beck, 
et al., 2006). However, several studies indicated a delayed developmental onset of counter-
factual emotions, such as regret and relief. The relatively late development of counterfactual 
emotions has been explained by the executive demands of holding in mind and comparing 
two representations of reality; that is what could have happened (counterfactual reality) and 
what actually happened (actual reality). Some studies showed that counterfactual emotions 
arise at approximately age 5 (Weisberg & Beck, 2010; 2012), others indicated that they only 
can be observed from age 7 or even from age 9 (Ferrell et al., 2009; Guttentag & Ferrell, 
2004; O’Connor et al., 2012; Rafetseder & Perner, 2012). Some of these studies have found 
that regret develops before relief (Guttentag & Ferrell, 2004; Weisberg & Beck, 2010); others 
observed no lag (Weisberg & Beck, 2012) or focused only on regret (O’Connor, et al., 2012; 
Rafetseder & Perner, 2012). These mixed findings in the development of regret and relief 
may be related to substantial individual variability in children’s experience of counterfactual 
emotions.

Experience of counterfactual emotions is often assessed by presenting a choice between 
two options. In one trial the outcome of the non-chosen option is better than the chosen op-
tion (Regret situation), whereas in another trial the non-chosen outcome is worse (Relief sit-
uation). Children are asked to rate happiness with their choice before and after the alternative 
outcome is known. The change in ratings between this first and second occasion is taken as an 
index of regret (negative change) and relief (positive change) (but see Ferrell et al., 2009 and 
Guttentag & Ferrell, 2004 for verbal protocols). Traditionally, these ratings are tested for the 
proportion of children per age group showing a regret and/or relief response (discrete scale) 
or for age-related differences in mean ratings (continuous scale) in the regret/relief trial. 

An alternative type of analysis is latent-class analysis (LCA) (Jansen & Van der Maas, 
2002; Jansen et al., 2012; Van Duijvenvoorde et al., 2010). LCA allows for the study of individ-
ual differences in counterfactual emotions and therefore may add to the understanding of the 
mixed findings in this field. In the current study we compare this novel, latent-class approach 
to a more traditional analysis of counterfactual emotions. We used a choice paradigm with 
scale ratings comparable to previous studies on counterfactual emotions (Weisberg & Beck, 
2010; 2012), and included a large sample size (N = 249) across a wide age range (5-6-year-
olds, 7-8-year-olds, 9-10-year-olds, 11-13-year-olds, and young adults). 
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The use of scale ratings to study regret and relief presents some challenges in developmen-
tal samples. That is, children may tend to opt for positive scale-extremes at the first occasion 
(Weisberg & Beck, 2010; 2012; O’Connor et al., 2012), leaving no possibility to report in-
creased happiness on the second occasion, and resulting in an under report of relief. Second, 
the order of trials may influence the saliency of the counterfactual outcome (O’Connor et al., 
2012), changing the report of regret and relief across trials. Third, children may have a higher 
tendency to change ratings (Rafetseder & Perner, 2012), that would lead to an over report of 
regret and relief. To account for these possible confounds, we first used an expandable scale, 
in which there was always a possibility of reporting an increase or a decrease in happiness 
after seeing the counterfactual outcome. Second, we randomized the order of trials to mini-
mize effects of trial order and included control analyses on the effect of trial order. Third, 
we included a Baseline trial (in which choice outcomes were equal) to account for younger 
children’s tendency to change ratings. An additional advantage of LCA is that allows for a 
principled way to analyze this Baseline trial. More specifically, the LCA assigns participants to 
subgroups based on participants’ multivariate response pattern to Relief, Regret and Baseline 
trials. For instance, a subgroup that also changes responses on Baseline trials—in addition to 
showing a regret and/or relief response—may be interpreted as a group that does not experi-
ence counterfactual emotions but has a higher tendency to change ratings. In this way, LCA 
allows for a more precise delineation of counterfactual emotions. 

Taken together, we investigated the development of both regret and relief across child-
hood, early adolescence, and young adulthood. We compare results from a relatively tradi-
tional approach and those from a novel latent-class approach, the latter allows the study of 
individual differences and allows for a more precise delineation of counterfactual emotions.

5.2 Method

Participants
Participants were 52 5-6 year-olds (Mean Age = 5.9 years, SD = .42, 23 females), 74 7-8-year-
olds (Mean Age = 7.9 years, SD = .35, 37 females), 58 9-10-year-olds (Mean Age = 10.1 years, 
SD = .40, 35 females), 47 11-13-year-olds (Mean Age = 12 years, SD = .56, 26 females) and 18 
young adults (ages 18-26; Mean Age = 22 years, SD = 2.2, 13 females). Children were recruited 
from four different primary schools. Young adults were psychology students and were given 
payment or course credits for participation. For children and young adolescents, primary 
caretakers were informed about the experiment and were provided with an opportunity to 
exempt their child from participating. Young adults gave written informed consent for the 
study. Procedures were approved by the local ethics committee. The proportion of females 
did not differ significantly across age groups, χ²(4) = 5.8, p = .2.

Apparatus
In a computerized task children were presented with two boxes in three trials (a Regret, a 
Relief, and a Baseline trial), each box had a distinct color and print, and in each trial differ-
ent boxes were used. In each trial, children were asked to open one box by clicking on it. 
The chosen box contained 4, 5 or 6 coins (randomly distributed across the three trials). The 
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non-chosen box contained 3 points more (Regret trial); 3 points less (Relief trial) or the same 
amount of points (Baseline trial).

A 3-point scale was used to rate participants’ initial happiness with the chosen box before 
disclosure of the non-chosen box. The 3-point scale displayed a sad, a neutral, and a happy 
face. The 7-point scale displayed a range of emotional expressions starting with very sad on 
the left-hand side and ending with very happy on the right-hand side. It was used twice after 
the non-chosen box was disclosed: Once to rate the non-chosen box (counterfactual ques-
tion) and once to re-rate the chosen box (final question). The initial response (sad, neutral or 
happy) on the 3-point scale was underlined when participants provided ratings on the 7-point 
scale.

As previous studies have related the development of counterfactual emotions to the de-
velopment of cognitive abilities (Burns et al., 2012), we included a non-verbal measure of 
general cognitive reasoning: The subscale ‘Analogies’ of the SON-R (Snijders et al., 1989). The 
SON-R was administered to all age groups except the young adults. Raw scores were used in 
further analyses. 

Procedure
Tasks were administered individually, in a quiet room in participants’ schools or university. 
First, the subscale Analogies was administered to the children and took 5-10 minutes to com-
plete. Next, participants were explained that they were going to play a computer game in 
which different amounts of play-coins were hidden in two boxes. All participants were en-
couraged to gain as many coins as possible. To enhance motivation and importance of these 
coins, participants were instructed that if they gathered enough coins it would allow them to 
pick a present (children) or candy bar (adults) from a grab bag. Eventually, all participants 
received a small present or candy bar for their participation. The task started with an example 
trial illustrated by a cartoon character that opened a box first, and then saw the contents of 
the non-chosen box. In this trial the non-chosen box contained as many coins as the chosen 
box. Note that the instruction box included differently shaped and colored boxes than in the 
experimental trials. Accordingly, children were explained the faces on the happiness scales. 
In the experimental trials, participants were first asked to open one of the boxes and rate 
their initial happiness on the 3-point-scale (Initial question). Subsequently, the other box was 
opened and participants were presented with the 7-point scale, with their initial response 
underlined. They were asked: ‘you were this happy with your own box, how happy would you 
have been if you would have chosen the other box?’ (Counterfactual question). Finally, they 
were again presented with the 7-point scale with their initial response underlined. Now they 
were asked: ‘you were this happy with your own box, now that you have seen what’s in the 
other box, how happy are you now with your own box?’ (Final question). The order of the 
three trials (Regret, Relief, and Baseline) was presented random across participants. Partici-
pants needed 10-15 minutes to complete the task. 

Analyses
Responses on the Final versus the Initial question were subtracted and recoded into the 
scores: happier (all positive shifts), less happy (all negative shifts) or equal (no change) 
scores. Similarly, responses on the Counterfactual versus the Initial question were subtracted 
and recoded. The former (Final Response) thus reflects the change in emotional rating with 
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a chosen option before and after the alternative outcome is known, whereas the latter (Coun-
terfactual Response) reflects the difference in emotional rating for the alternative versus the 
chosen option.

First, we performed a control analysis on the Counterfactual response, to test whether all 
age groups showed understanding of the counterfactual outcome, i.e., were able to relate to 
what could have happened. A logistic regression with the Counterfactual response as a de-
pendent and Age Group (continuous) as an independent variable showed no differences be-
tween Age Groups: A majority in each age groups reported a negative shift in happiness when 
they would have chosen the alternative option (ranging from 83% - 95%). A similar logistic 
regression on the Regret trial also showed no differences between Age Groups: A majority in 
each age group reported a positive shift in happiness when they would have chosen the alter-
native option (88% - 94%). Finally, a similar analysis on the Baseline trial showed no effect of 
Age Group and the majority in each age group reported no change in happiness (72% - 88%). 
These results are consistent with previous research in showing that most children from ages 
5-6 are able to understand the counterfactual outcome. Moreover, this indicated that partici-
pants in all age groups were able to understand the switch from a 3-point scale to the 7-point 
scale, and to use the 7-point scale appropriately. 

Our main focus in this study was the Final Response on the Regret, Relief and Baseline 
trial. We first report ‘traditional’ analysis on age-related differences in the proportion of hap-
pier, sadder or no-change Final Responses per trial. Second, we analyzed the same data with 
a LCA that distinguishes subgroups of participants based on their response patterns across 
the Regret, Relief and Baseline trial. Subsequently, we investigated whether subgroup mem-
bership differed across age groups. Finally, we included control analyses on the effect of trial 
order for both the traditional and the latent-class approach.

5.3 Results

Traditional analysis 
First, a hierarchical logistic regression on the Relief trial with Final response (happier, less 
happy or no change) as a dependent and Age Group (continuous) as an independent variable 
indicated that there were no Age Group differences between a positive and negative shift in 
happiness (p > .1). However, across Age Groups the probability increased to report a posi-
tive shift in happiness compared to reporting no change in happiness, expB (1) = 1.7, p < .05. 
Follow-up chi-square tests per Age Group showed that the majority in all age groups became 
happier with their choice after seeing the alternative outcome, compared to a negative shift 
and no change in happiness (all p’s < .05, see Figure 1A).

Second, a similar logistic regression on the Regret trial indicated that the probability to 
report a negative as compared to a positive shift in happiness increased across Age Groups, 
expB (1) = 2.3, p < .001. Also the probability to report no change in happiness as compared to 
a positive shift increased across Age Groups, expB (1) = 2.5, p < .001. Probability to report a 
negative shift versus no change in happiness did not differ across Age Groups (p > .1). Follow-
up chi-square tests per Age Group showed that from ages 7-8 the most common response was 
to become less happy with their choice after seeing the alternative outcome (all p’s < .05). 
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However, 11-13-year-olds and young adults were as likely to become less happy or to stay 
equally happy in the Regret trial (see Figure 1A). 

Finally, a similar logistic regression on the Baseline trial indicated that the probability to 
report no change in happiness as compared to a positive shift increased across Age Groups, 
expB (1) = 1.5, p < .002. Follow-up tests showed that only the 5-6-year-olds became happier 
with their choice after seeing the alternative outcome, as compared to a negative shift and no 
change in happiness (p’s < .05). Participants in the other age groups were as likely to become 
happier or to stay equally happy in the Baseline trial (see Figure 1A).

Additionally, we performed separate logistic regressions for the Regret, the Relief and the 
Baseline trial in which the Final response was predicted by Age (continuous) and raw SON-R 
score. Results showed that in addition to Age, SON-R score did not predict participant’s emo-
tional responses on any of these trials.

In sum, these analyses show that relief, indicated by an increase in happiness with a cho-
sen option after the alternative outcome is known, seems to be present from ages 5-6, whereas 
regret, indicated by a decrease in happiness with a chosen option after the alternative out-
come is known, is only observed from ages 7-8. However, specifically the 5-6-year-olds also 
report an increase in happiness with the chosen outcome on the Baseline trial, which may in-
dicate a tendency to switch responses to choose positive scale extremes. Therefore it is likely 
that both counterfactual emotions are only present from ages 7-8. As indicated earlier, and 
LCA allows for a more principled way to account for these Baseline responses.

Figure 1. Panel A: The proportion of Final responses (happier, less happy, no change) per age group and for each trial. 
Panel B: Subgroup membership (in proportion) as a function of age group. 
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Latent Class Analysis
We analyzed the data with a latent-class model to find groups in our data that show a similar 
response pattern across trials. We fitted models with one up to four subgroups, using the 
Depmix S4 package in R (Visser & Speekenbrink, 2010). Solutions for these models were 
compared by means of the Akaike Information Criterion (AIC). Each participant was assigned 
to its most likely subgroup by using posterior probabilities. The AIC indicated that a model of 
two subgroups described the data best. Subgroup sizes and response patterns are reported in 
Table 1, subgroup membership as a function of age group is shown in Figure 1B.

As indicated in Table 1, the first subgroup consisted of 130 participants (52%), who be-
came happier in the Relief trial, less happy in the Regret trial and indicated no change in 
happiness in the Baseline trial. Note that some of these participants did not indicate a large 
decrease in happiness in the Regret trial, but stayed equally happy. We interpreted this pattern 
of responses as indicative of experiencing both relief and regret. Figure 1B illustrates that this 
subgroup was even present in the youngest age groups.

The second subgroup consisted of 119 participants (48% of the participants), who in the 
Relief trial became happier with the chosen option after seeing the alternative outcome. How-
ever, in the Regret trial, these participants were randomly distributed across any of the re-
sponses. In the Baseline trial these participants reported an increase in happiness with their 
chosen option after seeing the alternative outcome. Together, this pattern of responses sug-
gests that participants in this group show a non-specific tendency to become happier (in both 
Relief and Baseline trials), without a clear indication of regret (in the Regret trial). Therefore, 
we argue these participants experience minimal relief and minimal regret. Figure 1B illus-
trates that even some participants from the oldest age groups belonged to this subgroup.

A binary logistic regression with Group membership as a dependent and Age Group (con-
tinuous) as an independent variable, indicated that the probability to belong to the ‘regret and 
relief’ group increased across Age Groups compared to the ‘minimal-regret, minimal-relief’ 
group, expB (1) = 1.45, p < .002. Additionally, we re-ran the logistic regression with Age as a 
continuous score and raw SON-R score added to the model. Results showed that, above Age, 
SON-R score tended to predict group membership, in which higher SON-R scores increased 
the probability to be in the ‘regret, relief’ group, expB (1) = 1.05, p = .066.

In sum, these analyses support previous conclusions in showing that the experience of 
counterfactual emotions increases with age. In addition, they extend previous analyses by 
illustrating individual differences within age groups. That is, even within the 5-6-year-olds 
there was already a subgroup reporting regret and relief, and higher general reasoning scores 

Two-Class Model

Name N Relief Regret Baseline
< = > < = > < = >

Relief and Regret 130 .00 .12 .88 .60 .35 .05 .05 .82 .13
Minimal Relief, Minimal 
Regret

119 .03 .00 .97 .46 .27 .28 .00 .00 1.0

Table 1. Latent class model for responses to Relief, Regret, and Baseline trial. Responses on each trial are scored as 
less happy (<), no change (=) or happier (>). The displayed response patterns are the estimated chance of a partici-
pants’ response in that subgroup. Predominant responses are in bold-face.
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tended to increase the probability to experience both relief and regret. Note, that these results 
also indicate individual variability in older age-groups, in which there was still a subgroup 
reporting minimal regret and relief. 

Order
To investigate whether the order of trials influenced participants’ Final Responses, we repeat-
ed the aforementioned analyses with Order included as an additional factor. That is, we listed 
whether a participant received the Relief, the Regret or the Baseline trial as the first trial in 
the task (Order). We performed a hierarchical logistic regression with participants’ Final Re-
sponse (happier, sadder or no change) per trial as a dependent variable and Age Group (con-
tinuous) and Order (discrete) as independent variables. Results showed no effects of Order 
for Relief and Baseline trials (all p’s > .05). However, for the Regret trial there was an effect of 
Order: if the Regret trial was encountered first, participants were less likely to report a nega-
tive shift in happiness, compared to reporting no change in happiness, expB (1) = .26, p = .001. 

Second, a binary logistic regression with Group membership from the LCA as a depend-
ent, and Age Group and Order as independent variables, showed no effects of Order on the 
probability to belong to the ‘regret, relief’ or ‘minimal-regret, minimal-relief’ subgroup. 

5.4 Discussion

We studied the development of counterfactual emotions as relief and regret, with a specific 
interest in individual differences within age groups. To this end, we compared a more tradi-
tional analysis method with a novel latent-class approach. The latter method not only allows 
for characterizing individual differences in the experience of counterfactual emotions, it is 
also able to provide a more detailed assessment of counterfactual emotions.

Results from the traditional analysis showed that from ages 5-6, children report an in-
creased happiness in the Relief trial, whereas only from ages 7-8, children report a decreased 
happiness in the Regret trial. However, 5-6-year-olds also reported an increased happiness in 
the Baseline trial. These results may indicate a tendency in younger ages to switch responses, 
that would result in an over report of relief. Therefore, the traditional analysis may indicate 
regret and relief to be reported from ages 7-8. This finding illustrates the need to incorporate 
an individual’s baseline response to the experience of regret and/or relief, as is done in LCA. 

LCA supported and complemented the insights from traditional analysis. The first sub-
group obtained from the LCA was interpreted as experiencing regret and relief. Results 
showed that, consistent with the traditional analysis, this subgroup increased with age. Note-
worthy, some of the younger children already belonged to this subgroup. The second sub-
group from the LCA was interpreted as a group that minimally experienced relief and regret. 
This group was largest in the 5-6-year-olds and decreased with age. 

Moreover, our results showed that above age, higher reasoning scores tended to increase 
the probability to belong to the ‘regret and relief’ group. Previous studies already indicated 
that the experience of counterfactual emotions was positively related to executive functions 
as verbal ability and working memory (Ferrell et al., 2009), inhibitory control (Beck et al., 
2009) and task switching (Burns et al., 2012). Future studies may benefit from the combina-
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tion of an individual difference approach as LCA with a broader range of individual difference 
measures for predicting the developmental onset of regret and relief.

Noteworthy, some participants in the older age group belonged to the minimal relief, mini-
mal regret subgroup. This suggests that future studies should distinguish between individu-
als who are not yet able to experience regret and relief (as may be the case in the younger 
age groups) versus individuals who do not report regret and relief because of motivation, 
importance of outcomes, and/or coping strategies (as may be the case in older age groups). 
Including additional measures of regret and relief, such as exit-interviews may further ad-
vance insights in the development of being able to experience counterfactual emotions versus 
developmental changes in the tendency to report such emotions.

Finally, it has been reported that regret was more marked from ages 4-5 if children re-
ceived a Baseline trial first (O’Connor et al., 2012). Our results show that encountering the 
Regret trial later in the task (i.e., not as the first trial) also increases a regret response (i.e., a 
decrease in happiness) compared to reporting no change in happiness. The build-up of expec-
tations across trials may explain the increase in experienced regret across trials and are worth 
taking into account in future studies of regret.

In sum, we used a novel statistical latent class approach to analyze the development of 
relief and regret. Advantages of this approach are that it allows for the assessment of indi-
vidual differences and for a more detailed assessment of counterfactual emotions in which 
individuals are grouped, based on responses across trials. A key finding from this analysis is 
that with age, experience of regret and relief increases, although a subgroup of children indi-
cated a remarkably early experience of regret and relief from ages 5-6. This study highlights 
the advantages of using a novel statistical approach for studying individual differences in the 
experience of counterfactual emotions across development.
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Neural Correlates of Expected Risks 
and Returns in Risky Choice across 
Development
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Abstract

Adolescence is often described as a period of increased risk taking relative to both childhood and adult-

hood. This inflection in risky behavior and choices has been attributed to a neurobiological imbalance 

between earlier developing motivational systems and later developing top-down control regions. Yet few 

studies have specifically tested constructs underlying risky choices nor have tracked their differential 

developmental trajectory. The current study uses a ‘risk-return decomposition’, to more precisely as-

sess the development of constructs underlying risky choice and to link them more directly to specific 

neural circuitry. This decomposition specifies the influence of changing risks (outcome variability) and 

changing returns (expected value) on children, adolescents’, and adults’ choice in a dynamic risky choice 

task, the “hot” Columbia Card Task. The behavioral results indicated an increase in risk-sensitivity in 

adolescence that was paralleled by increased activation in the anterior insula and dorsal medial prefrontal 

cortex (dmPFC). Return-sensitivity, on the other hand, increased monotonically across age groups and 

was associated with monotonically increased activation in the ventral medial prefrontal cortex (vmPFC) 

and ventral striatum. These results indicate adolescence as a developmental phase with a sensitivity to 

processing risk as compared to both children and adults. Importantly, this work shows that using a be-

haviorally-validated decision-making framework allows a precise operationalization of key constructs 

underlying risky behavior that inform the interpretation of results.
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6.1 Introduction

Adolescence is a period of changing cognitive, social, sexual and physical demands with sig-
nificant changes in brain circuitry. That is, during adolescence there are ongoing increases 
in myelination and a gradual decrease in synaptic density (Giedd et. al., 1999; Gogtay et al., 
2004; Huttenlocher et al., 1990; 1997), in which prefrontal regions, implicated in top-down 
control processes, develop later than subcortical regions, implicated in affective-motivational 
processes. These different maturational trajectories are linked to a potential imbalance during 
adolescence (Casey et al., 2008) that has been hypothesized to result in heightened emotional 
responding, poor choice, and an increased propensity to engage in risky behaviors that peak 
during adolescence, such as substance abuse, unprotected sex, and risky driving (Somerville 
et al., 2010; Gladwin et al., 2011).

However, to date, few studies focused on the constructs underlying risky choices across 
development. That is, most developmental imaging studies focused on adolescents’ neural re-
sponses to rewards and losses. Of these studies, some show hypersensitive striatal responses 
to reward in adolescents (Galvan et al., 2006; Van Leijenhorst et al., 2010) while others show 
hyposensitivity (Bjork et al., 2004; Bjork et al., 2010), or minimal developmental changes 
(Paulsen et al., 2011). These conflicting results may be explained partly by methodological 
differences (Galvan, 2010), with some studies confounding reward and risk and most studies 
not studying actual risky choices. In the current study we therefore use a model-based ap-
proach to operationalize central constructs of risky choice.

In the behavioral decision sciences as well as in neuroeconomics, risky choices are typical-
ly modeled and analyzed within formal frameworks. A specific class of models—risk-return 
models (Weber, 2010)—decomposes risky choice into a return component (i.e., the mean 
or expected value of a decision’s outcome) and a risk component (typically the variance or 
standard deviation of the distribution of possible outcomes). Compared to utility-based mod-
els, such as prospect theory (Kahnemann & Tversky, 1979), risk-return models explicitly 
model a component of risk in choice behavior. Adult neuroimaging studies using a risk-return 
framework show greater returns to be associated with increased striatal and vmPFC activation 
(Tobler et al., 2009; Mohr, Biele, Krugel et al., 2010) and greater risks, i.e., increased outcome 
variability, to be associated with increased activations in dmPFC, thalamus, and the anterior 
insula. Acitvation in the insula, in particular, has been interpreted as an increase in negative 
emotions when processing risk (Mohr, Biele, & Heekeren, 2010).

To investigate the processes that underlie and drive risky choices across development, we 
applied a risk-return model to children’s, adolescents’, and adults’ dynamic risky choice in a 
modified, fMRI-compatible, version of the “hot” Columbia Card Task (CCT). The hot CCT is 
a dynamic risky choice task that is sensitive to individual and developmental differences in 
risk-taking (Figner et al., 2009; Figner & Weber, 2011). Using parametric fMRI analyses, we 
identified brain regions that were modulated by expected risks, expected returns, and/or the 
outcomes of participants’ choices (i.e., experienced gains and losses). Specifically we were 
interested how these responses changed across age groups. Therefore, we examined both lin-
ear effects (reflecting monotonic developmental differences) and quadratic effects (reflecting 
adolescent-specific developmental differences) across age groups. 
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6.2 Method

Participants
Eighty-five participants between ages 8 and 35 years were scanned for this study. Data from 
five participants were excluded due to their inability to complete the task and/or technical 
problems; data from eight participants were excluded due to excessive head motion (more 
than 3 mm in any direction in more than 5% of the volumes of a run). For some participants, 
movement or technical problems led to the exclusion of 1 run (n = 4; 2 adolescents, 2 chil-
dren) or 2 runs (n = 2; 2 children) out of the total of 4 runs, leaving, however, enough trials 
to estimate effects. For occasionally occurring head motions (less than 5% of the volumes of 
a run, less than 6 mm), volumes with motion were not included in regressors of interest and 
modeled by nuisance regressors. 

Our final sample consisted of 23 children (8-11 years, Mean Age = 10, SD = 1.25, 14 fe-
males), 25 adolescents (16-19 years, Mean Age = 17.9, SD = 1.49, 14 females), and 24 adults 
(25-34 years, Mean Age = 28.3, SD = 2.5, 12 females). We included children, mid-to late ado-
lescents and mid to late young adults to be able to study developmental changes in and out 
of adolescence. Participants were paid volunteers, recruited through local advertisements. 
All participants were right-handed, reported normal or corrected-to-normal vision, and an 
absence of neurological or psychiatric impairments. Estimated intelligence scores were ob-
tained using the Wechsler Abbreviated Scale of Intelligence (WASI; Wechsler, 1999). Esti-
mated mean IQs were 116.3 for children, 115.2 for adolescents, 118.0 for adults and did not 
differ between age groups (p = .7). All participants provided written informed consent for the 
study (parental consent and participant assent for children and adolescents). All procedures 
were IRB approved. 

Task
In this study, we developed and administered an fMRI-adjusted version of the hot CCT (re-
ferred to as the fMRI-CCT; see Figure 1). The original behavioral version has been frequently 
used to assess risk taking in an affective-motivational context (Baumann & De Steno, 2012; 
Figner et al., 2009; Figner & Weber, 2011; Panno et al., 2013; Penolazzi et al., 2012).

The fMRI-CCT consists of several game rounds, each of which starts with a specified num-
ber of cards shown face down (ranging from 6 to 16). Explicit information is given about 
the total number of cards, the number of loss cards hidden among them, the gain amount 
for each turned over gain card, and the loss amount if a loss card is turned over. In addition, 
a running total of the points accumulated in the current game round is shown and updated 
with each turned over card. Each new game round starts with a score of 0. Within each game 
round participants make a series of binary decisions whether to turn over a(nother) card 
or to stop turning over cards. A game round continues, with points accumulating, until the 
participant decides to stop turning over cards or until he/she turns over a loss card, which 
leads to the subtraction of the stated loss amount from the running score and ends the current 
game round.

The fMRI-CCT had the following structure: First, the start of a new game round was indi-
cated by a fixation cross displayed on the screen for 2 to 8 sec (jittered in steps of 2 sec). Then, 
the game round information (total number of cards, number of loss cards, gain amount, loss 
amount) was presented for 2.5 sec. This information, along with the running score, continued 



83

6

N
eural Correlates of Risks and Returns

to be displayed at the top of the screen during the game round. After these 2.5 sec, the cards 
(face down) and the 2 response buttons (take card/stop taking cards) were presented. After 
0.5 to 1.5 sec (jittered) the buttons were “activated” (a change in color from pale to bright 
gray) indicating to the participants that they now could choose whether to take a card or stop 
taking cards. Placement of the take card/stop buttons (and respective finger responses of in-
dex versus middle finger) was counterbalanced across participants. Participants were allowed 
a maximum of 10 sec to respond; if they did not respond, a screen was presented indicating 
a missed response (after which a new game round would start). After the participant made 
a decision (take card/stop), the pressed button changed color to blue for 0.5 – 1.5 sec (jit-
tered), then one card (randomly chosen by the computer among the remaining face-down 
cards) was turned over by the computer. This outcome display stayed on the screen for 1 sec. 
If the turned over card was a gain card, the game round continued after a 0.5 – 2 sec black 
screen (jittered). The game round ended either if the participants turned over a loss card or if 
the participant decided to stop taking cards. In both cases the feedback (loss card) or choice 
(highlighted stop taking cards button) stayed on screen for 1 second before a new game round 
started.

To be able to estimate the effects of the predictors of main interest (risk, return, experi-
enced gain), we aimed to choose the task characteristics (total number of number of cards, 
number of loss cards, gain amount, loss amount) in a way that minimized potential collin-
earity between, and maximized variances within, these predictors. To achieve this goal, we 
used a formal design optimization approach to determine the required characteristics of game 
rounds. In brief, first, a space of possible game rounds was specified (6 to 16 cards; 1 to 8 loss 
cards; gain amount 1 to 30; loss amount -5 to -100), from which we first eliminated impos-

Figure 1. Example of a game-round in the fMRI-CCT. We modeled within each game round the decision and the 
feedback phase.
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sible combinations and further eliminated combinations that we expected to lead to uniform 
behavior across participants (e.g., if the gain amount was larger than the loss amount). We 
optimized D-optimality by the Fedorov exchange algorithm (Atkinson & Donev, 1992) to gen-
erate a total of 90 game rounds. Game rounds were presented across four fMRI runs of fixed 
duration (7.5 min each). Depending on whether a participant generally turned over more or 
less cards and/or had slower/faster response times, participants differed in how many game 
rounds they completed, with a minimum of 15 and a maximum of 23 game rounds per run.

Procedure
Data were collected at the Sackler Institute of Weill Cornell Medical College after participants 
were consented. Participants came in for two separate sessions. On the first visit, participants 
were familiarized with the scanning environment using a mock scanner. In addition, partici-
pants were given information about the CCT and played a behavioral version of the fMRI-CCT 
(it contained fewer game rounds and jittered time intervals were removed; data not presented 
in this paper). In addition, the WASI was administered (before the CCT), as well as several 
unrelated experimental tasks and questionnaires, which are not of interest for the current 
paper.

On their second visit, participants performed the fMRI-CCT inside the scanner. Game 
rounds were divided into four functional MRI runs, each lasting 7.5 minutes. Additionally 
a high-resolution T1 scan (anatomical) and diffusion tensor imaging (DTI) scan (structural 
connectivity) were collected. Scanning duration was approximately 50 minutes in total. After 
scanning, participants were given a short questionnaire asking about their decision strategies 
and understanding of the game.

Participant compensation consisted of a flat rate and a variable payment depending on the 
incentive-compatible CCT decisions: Participants knew they could gain or lose money based 
on the outcomes of three game rounds, randomly drawn at the end of the task (with 1 point 
worth 1 cent).

Imaging Acquisition 
fMRI data were acquired with a standard whole-head coil using a 3-Tesla Siemens Magnetom 
scanner. T2*-weighted echoplanar images (EPIs) were obtained during 4 functional runs, of 
which the first two volumes were discarded to allow for equilibration of T1 saturation effects. 
Volumes covered the whole brain (33 slices; 4 mm slice thickness; 220² mm FOV; interleaved 
acquisition) and were acquired every 2000 ms (TE = 30 ms). A high-resolution T1-weighted 
anatomical scan (160 slices; 1.20 mm slice thickness; 256² mm FOV; TR = 2170 ms, TE = 4.33 
ms) was obtained from each participant before the functional runs. A DTI scan was obtained 
from each participant after the functional runs.

fMRI analysis was performed using FEAT (FMRI Expert Analysis Tool) Version 5.98, part 
of FSL (FMRIB’s Software Library, www.fmrib.ox.ac.uk/fsl). The data were high-pass filtered 
with a cutoff frequency of 90 sec to remove baseline drift in the signal. Functional volumes 
were spatially smoothed with a 6 mm FWHM isotropic Gaussian kernel, motion-corrected 
(Jenkinson et al., 2002), and slice-time corrected. Finally, the functional data were pre-whit-
ened using FSL. All functional data sets were registered into 3D space using the participant’s 
individual high-resolution anatomical images. The individual 3D image was then used to nor-
malize the functional data into Montreal Neurological Institute (MNI) standard space. Regis-
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tration to high resolution structural and standard space images was carried out using FLIRT 
(Jenkinson et al., 2001; 2002). Registration from high resolution structural to standard space 
was further refined using FNIRT nonlinear registration (Andersson et al., 2007a; 2007b). 

fMRI Analyses
Statistical analyses were performed using the general linear model (GLM). The design matrix 
of the GLM was convolved with a double gamma hemodynamic response function and its 
first derivative. In the GLM, we included an intercept decision-level regressor, decision-level 
parametric regressors of return and risk, and decision-level discrete regressors for gain and 
loss outcome; see also Figure 1. The decision intercept regressor was orthogonalized with 
respect to the parametric return and risk regressors. The onset of the intercept, the return, 
and the risk regressor was modeled at the moment participants could make a decision (activa-
tion of choice buttons); their duration was modeled by the respective response time of that 
choice. The onset of the gain and loss regressors was modeled at the start of the feedback 
presentation screen, with a zero-duration. Additionally, we included a parametric regressor 
of no interest coding which decision within a game round it was (1st, 2nd, etc.) to account 
for changes in the likelihood to take a card within a game round independent of return and 
risk. Finally, motion regressors, occasional volumes with high motion, and too slow responses 
(which happened rarely; on average ~1% of the game rounds) were included as regressors of 
no-interest. 

Higher-level analyses were performed using FLAME (FMRIB’s Local Analysis of Mixed 
Effects) stage 1 with automatic outlier detection and included linear and quadratic effects of 
age group. Linear age effects were modeled as follows: Children, adolescents, adults: [-1 0 1] 
for age-increasing effects, and [1 0 -1] for age-decreasing effects. Quadratic age effects were 
modeled as follows: Children, adolescents, adults: [-1 2 -1] for an adolescent-specific increase 
of activation, and [1 -2 1] for an adolescent-specific decrease of activation. For whole-brain 
analyses, Z statistic images were thresholded with Gaussian Random Field Theory cluster-
wise correction, Z > 2.3 and Family Wise Error (FWE) corrected with p < 0.05. To visualize 
whole-brain effects, we extracted the mean percentage of signal change from clusters of acti-
vation. If a whole-brain cluster spanned several anatomical regions we extracted the overlap 
of the functional activation with an anatomical constraint from the Harvard-Oxford atlas im-
plemented in FSL. 

Behavioral Risk-Return Decomposition
The risk-return decomposition of the CCT estimated the effect of return (operationalized as 
the expected value, EV) and the effect of risk (operationalized as the standard deviation, SD) 
on the likelihood to take a card versus to stop taking cards. Return (EV) was computed as:

gain probability x gain amount + loss probability x loss amount (1)

Risk (SD) was computed as:

√(gain probability x (gain amount - EV)2 + loss probability x (loss amount - EV)2) (2)
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As the SD for stopping is zero, a risk-value greater than zero indicates greater risk for taking 
compared to not taking a card. Similarly, as the EV of stopping is zero, a positive return-value 
indicates greater return for taking compared to not taking a card, while a negative return-val-
ue indicates the opposite. These two variables, risk and return, served as the key independent 
variables in our behavioral analysis, with the binary choices to take a card/stop taking cards 
as a dependent variable.

To assess the effects of risk and return on choice, and to assess whether these effects dif-
fered between age groups, the behavioral data from the fMRI session were analyzed with a 
generalized linear mixed-model approach using the lme4 package in R (Bates et al., 2011). 
Risk and return variables were centered. P values were determined using Likelihood Ratio 
Tests as implemented in the anova() function. 

The unit of analysis was the binary decision level (take card/stop taking cards). The mod-
el included a fixed intercept (modeling the overall tendency to take a card versus to stop), a 
main effect of Age Group (polynomial linear and quadratic contrast), main effects of risk and 
return, as well as interactions of Age Group (linear and quadratic) with risk and with return. 
As in the fMRI analysis, we included as predictor of no interest a variable indicating which 
decision within a game round it was (1st, 2nd, etc.) to account for changes in the likelihood to 
take a card within a game round independent of return and risk. 

The repeated-measure nature of the data was modeled by a random participant-specific 
intercept adjustment to the fixed intercept (Baayen et al., 2008). This random effect reflects 
each participant’s general tendency to take a card controlling for risk and return. Further, 
participant-specific random slopes for risk and for return were included to capture individual 
differences in sensitivity to risks and returns, respectively. Participants’ risk-sensitivity coef-
ficients indicate whether a participant was sensitive to changing levels of risk (positive coef-
ficient: increased likelihood to take a card with increasing risk; negative coefficient: decreased 
likelihood to take a card with increasing risk). Participants’ return-sensitivity coefficients 
indicate similarly whether a participant was sensitive to changing levels of return. 

6.3 Results

Behavior 
Our mixed-model analysis showed a main effect of risk and a main effect of return. A higher 
risk led to a decreased likelihood to take a card (i.e., participants on average disliked risks, p 
< .02), while a higher return led to an increased likelihood to take a card (i.e., participants on 
average liked returns, p < .001). Results did not show a main linear or quadratic effect of Age 
Group, indicating that all age groups had a similar tendency to take a card when controlling for 
risk and return, both p’s = .9. Risk showed a marginally significant interaction with Age Group 
(linear), p = .078, indicating that the effect of risk on choice tended to increase with age, see 
Figure 2A. There was a significant Age Group (linear) × Return interaction, p < .001, indicat-
ing that the effect of return on choice increased with age. All interactions with quadratic age 
terms were not significant, all p’s > .2. 

Follow-up tests per Age Group showed that risk did not significantly influence the ten-
dency to take a card in children, p = .3. In contrast, in adolescents, increased risk led to a de-
creased tendency to take a card, p < .05. Adults also showed a negative effect of risk on choice, 
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p < .01. In contrast, increasing return significantly increased the tendency to take a card in 
children, p < .02, in adolescents, p < .001, and in adults, p < .001. Extracted individual differ-
ences (participant-specific tendency to take a card (intercepts) and participant specific sen-
sitivities to risk and return (slopes); see Figure 2B) showed substantial individual differences. 
While on average, age groups did not differ in the typical tendency to take a card, adolescents 
and children show larger individual differences in tendency to take a card compared to adults. 
It is further noteworthy that returns are liked in all age groups (although through different 
extents), whereas risks are generally disliked by adults. In the adolescent age group individu-
als seemed to differ substantially, some liking risks (increased tendency to take a card with in-
creasing risk), and some disliking risk (decrease tendency to take a card with increasing risk).

To summarize, the behavioral results indicate that risk sensitivity was virtually absent in 
children, but present in both adolescents and adults. Return sensitivity was already present in 
children, but further increased monotonically across development. 

Whole Brain Results 
Risk
First, we tested age-related changes in neural activation associated with risk. A whole-brain 
analysis showed that the quadratic age-contrast—testing for an adolescent peak in neural acti-
vation—showed a cluster of heightened adolescent activation encompassing the right anterior 
insula and dmPFC; see Figure 3A and Table S1 for a complete list. No significant results were 
found for the reversed quadratic or the linear age contrasts. Thus, neural activations associ-

Figure 2. A: Behavioral effects of return sensitivity (expected value; EV) and risk sensitivity (standard deviation; SD) 
per age group. B: Participant-specific random effects (fixed effect plus participant-specific random adjustment); each 
dot is one participant; x-axis shows age in years. Left panel: The tendency to take a card (intercept); middle panel: 
Return-sensitivity (EV slope); right panel: Risk-sensitivity (SD slope).
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Figure 3. A: Whole-brain maps for the risk regressor, showing regions with peak-activation in adolescents [-1 2 -1]. 
Displays thresholded at Z > 2.3, p < .05 (FWE cluster-corrected). Barplots display extracted percentage signal change 
per age group for the risk-related activation in dmPFC and the anterior insula. B: Scatterplots showing the correla-
tions between adolescents’ behavioral and neural risk-sensitivity.
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ated with risk peaked in adolescents in regions that have been implicated as key regions in 
risk processing (Preuschoff et al., 2008; Mohr, Biele, & Heekeren, 2010; Mohr, Biele, Krugel 
et al., 2010).

To investigate whether some brain regions uniformly track risk pooled over all age groups 
(which our age-differences analysis did not test for), we also did a whole brain analysis 
searching for voxels that increased activation with increasing risk; see Figure 4 and Table S1. 
This analysis showed risk-related activation in, among others, thalamus, caudate, and premo-
tor cortex. Similarly, we tested which regions decreased activation with increasing risk. This 
analysis revealed a relatively large lateral-parietal network; see Figure 4 and Table S1.

To investigate the correspondence between behavioral and neural risk sensitivity, we cor-
related individuals’ behavioral risk-sensitivity (the fixed effect plus participant specific ran-
dom adjustment) with activation in the dmPFC and the right anterior insula, two regions that 
were identified in our age-differences analysis and that have been previously implicated in 
risk processing. Results showed no significant correlations when pooling participants across 
all age groups (both p’s > .4). Follow-up tests per age group, however, showed that adolescents’ 
behavioral risk-sensitivity (see Figure 3B) was significantly related to neural risk-sensitivity 
in both regions: Smaller values of the random slope for risk correlated with greater dmPFC 
activation, r = -.61, p < .001 (i.e., individuals’ that more strongly dislike risks show greater 
neural activation in response to risk). A similar correlation, again only in adolescents, was 
observed for the right anterior insula, r = -.41, p < .05. The respective correlations for children 
and adults were all non-significant, all p’s > .2.

Return
Next, we tested age-related changes in neural activations associated with return; see Figure 5A 
and Table S2 for a complete list. A whole-brain analysis showed that return related activation 
in the vmPFC, ventral striatum, and posterior cingulate cortex increased linearly with age. 
The contrast testing for an adolescent peak in return-related neural activation resulted in a 

Figure 4. Whole-brain maps for the risk regressor showing regions that activated positively [1 1 1] (in red) and nega-
tively [-1 -1 -1] (in blue) with risk. Displays thresholded at Z > 2.3, p < .05 (FWE cluster-corrected).
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cluster in the visual and right superior parietal cortex. No significant results were found for 
the reversed linear and quadratic contrast.

As for risk, we also tested which regions increased in activity with increasing return. This 
analysis showed no additional neural activation compared to the neural regions sensitive to 
age-related changes. Finally, we observed no regions that decreased activation with increasing 
return. 

Figure 5. A: Whole-brain maps for the Return regressor, showing regions with significant activation for a linear [-1 
0 1] and quadratic [-1 2 -1] age-contrast. Displays thresholded at Z > 2.3, p < .05 (FWE cluster-corrected). Barplots 
display extracted percentage signal change per age group for the return-related activation in vmPFC, ventral striatum 
(VS), and right superior parietal cortex. B: Scatterplots showing the correlations between individuals’ behavioral and 
neural return-sensitivity.
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Thus, consistent with behavioral effects, neural activation to return increased linearly 
across age groups. This age-related linear increase was predominantly observed in the vmPFC, 
ventral striatum, and posterior cingulate cortex, key regions implicated in processing of (ex-
pected and subjective) value. However, we also observed an adolescent peak in return-related 
neural activation in the bilateral visual cortex and right superior parietal cortex.

Correlations showed that neural return activity was related to individuals’ behavioral 
return-sensitivity, see Figure 5B: Pooled across age groups, activation in vmPFC, r = .26, p < 
.05, posterior cingulate cortex, r = .24, p < .05, and parietal cortex, r = .33, p < .01 correlated 
positively with behavioral return-sensitivity.

Figure 6. Whole-brain maps displayed in different color-coding per age group (red = adults, blue = adolescents, 
yellow = children) for the contrasts [top panel: Gain > Baseline] and [bottom panel: Loss > Baseline]. Displays thresh-
olded at Z > 2.3, p < .05 (FWE cluster-corrected). Note: Orange indicates overlapping regions for children and adults; 
Purple indicates overlapping regions for adolescents and adults; Turquoise indicates overlapping regions for all three 
age groups.
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Third, we tested age-related changes in neural activations related to gain and loss outcomes. 
Figure 6 displays activation maps per age group for the gain > baseline and the loss > baseline 
contrasts. As shown, neural activations in all three age groups widely overlap across a large 
network including cortical (frontal-parietal, insula) and subcortical (thalamus, striatal, brain-
stem) regions.

The [gain > baseline] and [loss > baseline] contrasts were subjected to similar whole-brain 
analyses as the decision regressors. Gain-related activations did not show any linear or quad-
ratic age-changes, suggesting uniform processing of gains throughout our studied age range. 
In contrast, loss-related activation showed linear developmental increases in the superior pa-
rietal cortex, inferior parietal cortex, thalamus, and caudate; see Figure 7 and Table S3 for a 
complete list. The quadratic age-contrast testing for an adolescent peak identified clusters in 
parts of the inferior and superior parietal cortex (partly overlapping with the clusters identi-
fied in the linear age contrast). An additional cluster of heightened adolescent activation in 
response to losses was found in the superior frontal gyrus. The reversed linear and quadratic 
contrasts showed no significant effects.

6.4 Discussion

We used a model-based framework to study age-related changes in behavioral and neural 
processes related to risk- and return-sensitivity in risky choice. This risk-return approach has 

Figure 7. Whole-brain maps for the contrast Loss > Baseline, showing regions with significant activation for a linear 
[-1 0 1] and quadratic [-1 2 -1] age-contrast. Displays thresholded at Z > 2.3, p < .05 (FWE cluster-corrected).
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been applied and validated across many behavioral (e.g., Weber, 2010) and neuroeconomic 
studies in adults (e.g., Preuschoff et al., 2008; Mohr, Biele, & Heekeren, 2010; Mohr, Biele, 
Krugel, et al., 2010; Tobler et al., 2007; Rudorf et al., 2012), but is new to developmental 
neuroimaging studies. The advantage of this framework is that it allows for a decomposition 
of overt risk-taking levels into key components underlying and driving risky choice, namely 
risks and returns. By applying a risk-return decomposition we were able to study the develop-
ment of behavior and underlying brain processes in a dynamic risky choice task such as the 
hot Columbia Card Task, and additionally differentiate decision-processes (i.e., risk and re-
turn processing) versus outcome-processes (i.e., gain and loss processing). Using behavioral 
and parametric fMRI analyses, we specifically focused on examining monotonic developmen-
tal differences (linear effects) and adolescent-specific developmental differences (quadratic 
effects) in these processes. 

Risk (i.e., outcome variability) has been linked to neural activation in the thalamus, ante-
rior insula, the dmPFC, and the lateral PFC (Mohr, Biele, & Heekeren, 2010). Accordingly, the 
current study identified these regions as responsive to changes in risk and, more importantly 
in the context of the current paper, observed that anterior insula and dmPFC exhibited quad-
ratic age-related differences. Adolescents activated both regions to a larger extent than chil-
dren and adults in response to increasing risk, and activation in these regions increased with 
a larger negative risk-sensitivity in adolescents. Previous studies have linked the insula and 
dmPFC to an emotional and a cognitive component of risk, respectively (Mohr, Biele, & Heek-
eren, 2010). In this view, the insula-related processes would reflect the potential of a risky 
stimulus to result in an unwanted outcome (i.e., a loss), whereas the dmPFC would reflect a 
more cognitive computational process of risk. Others have implicated the dmPFC in response 
conflict, error monitoring, and decision control (Ridderinkhof et al., 2004; Venkatraman et 
al., 2009), which converges with the view of a more cognitive risk-tracking process. Following 
these lines of reasoning, our results indicate that adolescents may have a heightened emotion-
al response to risks relative to children and adults and, thus, engage more cognitive-regulatory 
processes in response to risk.

We additionally observed risk-related thalamic activity. Until recently the thalamus was 
often not explicitly discussed in decision neuroscience studies. Currently however, it’s receiv-
ing increasing attention, given its wide-spread connections to many cortical and subcortical 
(e.g., striatal) regions (Alexander et al., 1990; Casey et al., 2002; Haber & Knutson, 2010). Rel-
evant to our study, the thalamus has recently been implicated in risk-coding (Mohr, Biele, & 
Heekeren, 2010) and in the more general control of behavior related to action selection (Cho 
et al., 2013). In our own results, we identified the thalamus as a risk-tracking region, though 
without strong evidence for developmental changes. 

In adults, the lateral PFC has been particularly implicated in self-control processes in risky 
choice (Knoch et al., 2006), intertemporal choice (Figner et al., 2010), and in integrating 
choice information to arrive at a decision (Mohr, Biele, & Heekeren, 2010). In our study, ac-
tivation in this region (as part of a large cluster also encompassing substantial parts of frontal 
pole and inferior frontal gyrus) decreased with increasing risk across all age groups. The same 
pattern was also observed in the parietal cortex. This result may seem contradictory to ac-
counts of executing self-control during decision-making. However, it is important to consider 
these findings in context. For instance, in our study, risk varied independently of return, 
and participants were already more likely to stop taking cards in decisions with increased 
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risk. While purely speculative, the observed negative correlation between risk and lateral PFC 
activation in our task might have arisen because in high-risk decisions little self-control was 
required to implement these decisions. 

There is wide agreement in the literature about a value-coding network that includes the 
vmPFC, ventral striatum, and the posterior cingulate cortex, and which responds positively 
to increasing returns (e.g., Knutson et al., 2005; Tobler et al., 2009; Levy et al., 2010; McKell 
Carter et al., 2010; Mohr et al., 2010b; Levy & Glimcher, 2012). In our study, return-related 
activations in these regions increased linearly across age groups and correlated positively with 
behavioral return-sensitivity across age groups. Unexpectedly, we also identified a cluster in 
the parietal cortex that exhibited an adolescent peak in return-related activations. Besides 
other functions, the parietal cortex has been implicated in the coding and calculation of re-
turn (i.e., expected value; see Kable & Glimcher, 2009; Louie & Glimcher, 2012). Exactly 
how vmPFC and the parietal cortex make different contributions to return-sensitivity across 
development remains to be determined. 

Together, these results highlight the different developmental trajectories of sensitivity to 
risk and return in children’s, adolescents’, and adults’ risky choice: Overall, children were in-
sensitive to changing levels of risk, but showed significant sensitivity to changing levels of re-
turn. In contrast, both adolescents and adults showed significant sensitivity to risk and return, 
overall seeming to dislike increasing risk and to like increasing return. However, adolescents’ 
(and children’s) individual differences in risk sensitivity were clearly more pronounced than 
those of adults. Only adolescents’ individual differences in behavioral risk-sensitivity were 
correlated with their individual differences in neural responses to risk, in which a negative 
risk sensitivity was associated with heightened anterior insula and dmPFC activation. Note 
that the current paradigm, however, cannot distinguish whether this neural association is re-
lated to the neural coding of individuals’ risk-sensitivity (defined by objective risk-values) or 
whether it relates to differences in perceived riskiness. A latter interpretation would indicate 
that adolescents may perceive risks as larger than the other age groups. Ratings of perceived 
risks and perceived returns may further disentangle these interpretations in future studies. 

Although we observed developmental differences in behavioral risk- and return- sensi-
tivity the tendency to take a card, controlled for risk and return (i.e., an overall index of 
“risk-taking”), did not differ significantly between age-groups. This result contributes to the 
diverse range of reported age-related changes in risk taking. That is, only few laboratory risk 
tasks find a peak in early or late adolescent risk taking (Figner et al., 2009; Burnett et al., 
2010), while others observe a common developmental pattern of decreasing risk-taking levels 
from childhood to adulthood (Harbaugh et al., 2002; Levin & Hart, 2003; Levin et al., 2007). 
Also, the general tendency to take a card was found to differ substantially between individu-
als, particularly in children and adolescents. We therefore believe that this approach is highly 
informative for future studies that aim to understand who takes risks, when and why (Figner 
& Weber, 2011).

Gain and Loss 
The current paradigm allowed us to not only study decision-related processes (risks and re-
turns), but also outcome-related processes such as age-related changes in gain and loss pro-
cessing. Many neuroimaging studies of adolescent risk-taking focus primarily on adolescents’ 
neural responses to rewards rather than to decision-related processes. Whereas some studies 
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observe a peak in adolescents’ neural response to monetary gains (Galvan et al., 2006; Van 
Leijenhorst et al., 2010), others observed adolescent striatal hypoactivity during the antici-
pation of reward compared to adults (Bjork et al., 2004; 2010) or found little developmental 
differences in neural responses to gains (Paulsen et al., 2011; Bjork et al., 2004; 2010). Con-
sistent with the latter studies we did not observe significant developmental changes in neural 
processing of obtained gains. Note that a range of recent reviews specified several design and 
task-related factors (e.g., anticipation versus experience of gains, contrast-specification, mag-
nitude of gains, involvement of choice) that could contribute to the apparent differences in 
developmental reward responses (Galvan et al., 2006; Geier & Luna, 2009; Jarcho et al., 2012; 
Spear, 2011). 

The age-group analyses on loss-processing, showed robust linear increases in thalamic 
and striatal activity, and in cortical activity within the inferior and superior parietal cortex. 
Loss (or negative feedback) has been indicated as a signal that behavior should be controlled 
or adjusted. Consistent with this view, loss processing is typically related to a prefrontal-
parietal network involved in the maturing ability to execute control and update behavior 
in accordance with internal goals (Miller & Cohen, 2001; Crone, Zanolie et al., 2008; Van  
Duijvenvoorde et al., 2008). In addition to these linear age changes, however, we also found 
that adolescents had the strongest loss-related activation in parietal and superior frontal cor-
tex, compared to children and adults. Tentatively, these results may indicate a heightened 
adolescent tendency to execute control in response to losses, to guide further choice behavior. 
Alternatively, this may be linked to a regulation of emotional responding via indirect neural 
connections. To date, however, most studies have not focused on adolescent sensitivities in 
loss-processing (but see Somerville et al., 2010) and the reliability and impact of these results 
thus remains to be determined.

Conclusions
In conclusion, the current study highlights the potential of a model-based approach combined 
with an algorithmically optimized task design to decompose overt risk-taking levels into the 
underlying psychological and neural mechanisms related to the processing of risk and return 
in children’s, adolescent’s, and adults’ risky choice. The risk-return framework has the advan-
tage over other, utility-based models such as prospect theory (Kahneman & Tversky, 1979) of 
including an explicit component of risk. Response to the risk component showed pronounced 
adolescent-specific changes (i.e., non-monotonic, quadratic age effects). Return-sensitivity, 
on the other hand, showed predominantly monotonic age-related changes in behavior and 
underlying neural activations. Taken together, this novel approach provides important targets 
for future studies into the development of risky decision-making.
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6.5 Supplementary Materials

Region MNI coordinates
(mm)

x y z Vox. Max. Z

Quadratic Risk [-1 2 -1]
R Insula / R Inferior Frontal Gyrus 38 32 6 963 3.57
R Medial Frontal Gyrus 16 38 24 3.25

Risk [1 1 1]
R/L Thalamus 0 -24 10 3345 3.78
L Medial Frontal Gyrus / pre-SMA -10 -2 60 3.73
R Superior Frontal Gryus 24 -2 70 1266 3.86
R Precentral Gyrus 18 -16 64 3.39

Risk [-1 -1 -1]
L Medial Temporal Gyrus -54 -56 -6 5386 4.75
R Medial Temporal Gyrus 56 -48 -6 3.73
L Occipital Pole -8 -106 -10 4.42
R Occipital Pole 8 -98 2 3.61
L Precuneus -30 -76 52 3.7
L Frontal Pole -46 42 2 2114 4.93
L Frontal Pole -38 46 -14 3.73
L Inferior Frontal Gyrus -42 8 22 3.72
R Precuneus 42 -66 38 1092 3.54
R Lateral Occipital Cortex 34 -78 18 3.15
L Superior Frontal Gyrus -18 34 56 1009 3.81

Region MNI coordinates
(mm)

x y z Vox. Max. Z

Linear Return [-1 0 1]
L VS / Subcallosal cortex -10 26 -12 2494 3.59
R VS / Subcallosal cortex 14 28 -10 3.56
R vmPFC / Frontal Pole 10 60 12 3.49
R vmPFC 14 38 -16 3.45
L Inferior Temporal Gyrus -48 -48 -14 1746 4.11
R Inferior Temporal Gyrus 58 -20 -22 1734 3.67

Table S1: Clusters showing age-related differences in risk coding. In the case of large clusters, local peaks in encom-
passing regions are reported.

Table S2: Clusters showing age-related differences in return coding. In the case of large clusters, local peaks in en-
compassing regions are reported.



97

6

N
eural Correlates of Risks and Returns

R Temporal Pole 44 2 -18 3.54
R Posterior Cingulate Cortex 8 -42 6 3.23
L Parahippocampal gyrus -12 -40 -2 3.08
R Parahippocampual gyrus 18 -28 -6 3.05
L Brainstem / Midbrain -10 -24 -20 1535 3.78
R Brainstem / Midbrain 12 -28 -10 3.42
R Precuneus 28 -78 34 859 3.27
R Occipital Cortex 52 -64 18 3.79

Quadratic Return [-1 2-1]

L Occipital Cortex / 
L Superior Parietal Lobe

-48 -66 -6 8893 4.05

Region MNI coordinates
(mm)

x y z Vox. Max. Z

Linear Loss [-1 0 1]

R/L Thalamus -2 -22 10 1121 3.88

L Inferior Parietal Lobe -38 -36 32 1284 4.47

R Inferior Parietal Lobe 46 -36 32 7811 4.5

R Superior Parietal Lobe 16 -66 64 4.4

L Occipital Pole -8 -96 -12 4.72

Quadratic Loss [-1 2-1]

R Posterior Cingulate 14 -68 14 978 4.17

Middle Frontal Gyrus 40 4 44 823 3.51

Superior Frontal Gyrus 30 2 70 3.39

Medial Frontal Gyrus 40 4 50 3.35

Inferior Parietal Lobe 40 -42 54 647 3.42

Superior Parietal Lobe 10 -62 60 3.28

Table S3: Clusters showing age-related differences in loss coding. In the case of large clusters, local peaks in encom-
passing regions are reported.

Table S2 continued





Chapter 7

Mechanisms underlying 
Compensatory and Non-
compensatory Strategies during Risky 
Choice

This chapter is based on:

Van Duijvenvoorde, A.C.K., Figner, B., Weeda, W.D., Van der Molen, M.W., Jansen, B.R.J., & 
Huizenga, H.M. Mechanisms underlying Compensatory and Non-compensatory Strategies 
during Risky Choice. Submitted.



100

7

Co
m

pe
ns

at
or

y 
an

d 
N

on
-c

om
pe

ns
at

or
y 

St
ra

te
gi

es

Abstract

Decision neuroscience strongly focuses on compensatory (i.e., integrative) risky-choice strategies, 

whereas behavioral decision science has highlighted the prominent role of various non-compensatory 

(i.e., non-integrative) strategies. This study’s main focus was therefore to investigate neural mechanisms 

underlying compensatory versus non-compensatory strategies in risky choice. A binomial mixture analy-

sis of behavioral results showed pronounced differences between compensatory and non-compensatory 

decision makers, which were paralleled by neural results. We hypothesized and found that only compen-

satory decision makers coded expected-value differences between options: In non-dominated items, this 

was reflected in activations in parietal-occipital regions, in dominated items in activations in the ventral-

medial PFC and posterior cingulate cortex. Further, we expected non-compensatory decision makers 

to experience increased conflict specifically in non-dominated items. Accordingly they showed greater 

dorsal-medial PFC activation compared to the compensatory group in these items. These pronounced 

behavioral and neural differences indicate the need for decision neuroscience to broaden its scope to 

non-compensatory risky-choice strategies.
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7.1 Introduction

An important goal of decision neuroscience is to identify the neural mechanisms underlying 
individuals’ choices (Sanfey, 2004, 2007; Smith & Huettel, 2010). The dominant view in this 
field (Trepel et al., 2005; Vlaev et al., 2011) is that of compensatory decision strategies (e.g., 
Kahneman & Tversky, 1979; Von Neumann & Morgenstern, 1944). In these strategies, the 
decision maker integrates attributes of options, namely gains, losses and their probabilities, 
into an overall index of value and chooses the option with the highest integrated value. These 
decision strategies are compensatory, since weaknesses on one attribute can be compensated 
by strengths on others. Behavioral decision research, however, has highlighted the role of in-

dividual differences in decision strategies and has shown that people may resort to a variety 
of non-compensatory strategies to simplify the decision-process (Bröder & Gaissmaier, 2007; 
Gigerenzer & Goldstein, 1996; Kool et al., 2010; Luce, 1978; Payne et al., 1988; Riedl et al., 
2008; Russo & Dosher, 1983; Tversky & Kahneman, 1974). In a non-compensatory decision 
strategy, the decision maker does not compare options on their integrated value, but makes 
attribute-wise comparisons on a limited set of attributes (Bröder & Schiffer, 2006; Payne et 
al., 1988; Tversky & Slovic, 1988). These strategies are non-compensatory, since they do not 
allow weaknesses on one attribute to be compensated by strengths on others. Individuals may 
differ systematically in the propensity to use compensatory versus non-compensatory deci-
sion strategies (Bruhin et al., 2010; Jansen et al., 2012; Huizenga et al., 2007; Scheibehenne 
et al., 2013). These individual differences in decision strategies have critical implications for 
decision neuroscience and are therefore the main focus of the current study.

As decision neuroscience has focused on compensatory decision making, it has focused 
on identifying neural substrates reflecting an integrated value signal. Representations of such 
integrated value signals in risky choice, either objective expected value (EV) or subjective 
expected utility (EU), have been found in cortical and subcortical brain regions including 
regions innervated by mesolimbic dopamine projections, such as the ventral striatum (VStr) 
(Knutson et al., 2005; Rolls et al., 2008), and the ventral medial prefrontal cortex (vmPFC), 
but also in regions such as the posterior cingulate cortex (PCC) (Blair et al., 2006; Kable & 
Glimcher, 2007; McKell Carter et al., 2010; Tom et al., 2007). Additionally, the lateral prefron-
tal and the parietal cortex have been implicated in value coding in macaques (Platt & Glim-
cher, 1999; Sugrue et al., 2004) and in value comparisons in humans (Hunt et al., 2012). We 
expect that a value-signal is coded in these brain regions in individuals using a compensatory, 
but not in individuals using a non-compensatory strategy, since the latter do not engage in the 
compensatory process of weighting and summing.

Non-compensatory strategies can be expected to trigger other neural processes. During 
the evaluation of options, the decision maker may notice that some attributes make one option 
more attractive while other attributes make the other option more attractive; thus, the differ-
ent attributes may provide conflicting information (De Neys et al., 2008; Rao et al., 2011). 
The dorsomedial prefrontal cortex (dmPFC) is one of the key regions that has been related to 
conflict detection (Badre & Wagner, 2004; Liston et al., 2006; Pochon et al., 2008; Venkatra-
man and Huettel, 2012) and to the selection of mutually incompatible responses (Botvinick 
et al., 2001; Carter et al., 1998). Since non-compensatory decision-makers are expected to 
experience greater conflict due to their attribute-based comparisons, we expect them to show 
enhanced dmPFC activation as compared to individuals using compensatory strategies. 
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To identify and investigate individuals’ decision strategies, we used the Gambling Machine 
Task (GMT; Jansen et al., 2012; Van Duijvenvoorde et al., 2010). In the GMT, participants 
have to choose between two options, each characterized by a sure gain amount, a loss amount, 
and a loss-probability. An advantage of the GMT is that its carefully selected set of items—in 
combination with a binomial mixture analysis of the choice data—allows identification of par-
ticipants’ decision strategies (Bröder & Schiffer, 2003; Jansen et al., 2012; Van Duijvenvoorde 
et al., 2010).

We investigated strategies located at quite opposite ends of the possible range of compen-
satory versus non-compensatory risky choice strategies: a compensatory strategy that maxi-
mizes expected value (EV-maximizing) versus a non-compensatory that minimizes loss Loss-
minimizing). In EV-maximizing, decision makers weigh the amount of gains and losses with 
their respective probabilities, sum the weighted outcomes within an option, and choose the 
option with the higher expected value. In Loss-minimizing, decision makers compare the two 
options on each attribute (gain amount, loss amount, loss probability) separately. If one op-
tion is dominating the other, i.e., is superior or equal on each attribute, the dominating option 
is chosen, if not, the option with the smallest loss amount is chosen (Tversky & Slovic, 1988). 

The GMT consists of two types of choice items: In the first type, the two choice options 
differ only on one attribute, making one option clearly superior (dominated items). In the 
second type, options differ on more than one attribute such that one option is superior on at 
least one attribute and the alternative is superior on at least one other attribute (non-domi-
nated items). Decision makers may adapt their strategies depending on the requirements and 
choices at hand, e.g., use a simpler non-compensatory strategy if this suffices in a certain con-
text (Payne et al., 1988; Tversky & Kahneman, 1974; Scheibehenne et al., 2013). Therefore, 
we expect the participants to use their respective strategies only in non-dominated, but not 
in dominated, items.

In sum, we expect no group differences in behavior or neural activations on dominated 
items. In contrast, in non-dominated items, we expect that the compensatory, but not the 
non-compensatory group, shows EV-coding in a network involving the VStr, vmPFC, PCC 
and parietal cortex. In addition, we expect that the non-compensatory, compared to the com-
pensatory group, shows increased conflict-related dmPFC activation in non-dominated items.

7.2 Method

fMRI-GMT
We used a risky choice task (the fMRI-GMT) in which participants chose between two gam-
bling machines, each characterized by a gain amount, a loss probability, and a loss amount (see 
Figure 1). The gain amount was depicted on the frame of the machine and was not probabi-
listic. Each machine contained 10 balls, some red and some green. The proportion of red balls 
represented the loss probability. The number written on the red balls represented the loss 
amount; within a machine all loss amounts were the same. Participants were explained that 
upon choosing a machine, one ball is drawn, and that they should choose the best machine to 
play with. Drawing a green ball would result in the stated gain, while drawing a red ball would 
result in the stated gain and loss. The fMRI-GMT is a static task, in which participants do not 
receive feedback about the outcomes of their choices. 
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The fMRI-GMT included six different items, three dominated and three non-dominated 
items (see Table 1). In one dominated item, only gain amounts differed between options 
(dominated: gain); in another, only loss amounts differed (dominated: loss); and in the third, 
only loss probabilities differed (dominated: probability). The three other items were non-
dominated items. In one non-dominated item, one option had a lower loss and the other had 
a higher gain, whereas the loss probability was equal in both options. The option with the 
lowest loss was the EV-maximizing choice (non-dominated: loss/gain). Another non-domi-
nated item presented a similar choice, yet now the option with the highest gain was the EV-
maximizing choice (non-dominated: gain/loss). In the third non-dominated item, all three 
attributes differed between options, and the option with the lowest loss, the highest gain and 
the highest loss probability was the EV-maximizing choice (non-dominated: all). 

The fMRI-GMT consisted of three blocks that each presented eight repetitions of all items. 
To reduce memory effects and keep participants engaged, the numeric values of gains, losses, 
and probabilities were varied somewhat across repetitions of the same item: Gain amounts 
were +2, +4, and +8, loss amounts were -2, -10, and -50, and loss-probabilities were .1, .3 and 
.5. The two options within a choice pair never had the same EV (see Table 1 for item types, 
variation in attributes, and the EV-maximizing solution). 

To control for activations triggered by processes unrelated to decision making, e.g., per-
ceptual or motor processes, the fMRI-GMT included “control” items that had a similar struc-
ture as the choice items, except that participants were not presented with an actual choice. In 
these control items, two identical options were shown. After an interval, a grey bar appeared 

Figure 1. Task design: Each dominated and non-dominated item started with a fixation cross (1000-2500 ms; jittered 
in steps of 500 ms), followed by the presentation of a choice item, which was response terminated (max 16 sec). By 
means of a button press participants indicated their choice after which a gray bar appeared below the chosen op-
tion. This display stayed on screen for 1-4 seconds (jittered in steps of 1 sec), after which the next trial started. Con-
trol items had a similar trial structure, except that the duration of the stimulus was based on participants’ response 
time (RT) in preceding items. This resulted in control items based on RT in non-dominated and control items based 
on RT in dominated items. In the control items, a gray bar appeared in one of the options signaling the participants 
to press the corresponding button. Dominated, non-dominated and control items were presented randomly and 
in 25% of the cases separated by longer inter-trial intervals of 2-8 sec, in which a central fixation cross was shown.
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in one of the options, and participants were instructed to choose the option indexed by the 
gray bar. The interval between the onset of the stimulus and the appearance of the grey bar 
was modeled based on each individual’s response time on a preceding trial, separately for 
dominated and non-dominated items. Matching of response times was applied to account for 
neural differences that might be due to an Item Type (dominated, non-dominated) x Strategy 
Group (EV-maximizing, Loss-minimizing) interaction in decision duration. Each block con-
sisted of 48 choice items and 27 control items. Control and choice items were presented in 
pseudorandom order.

Trials in the fMRI-GMT had the following structure (see Figure 1): First, a fixation cross 
was displayed on the screen for 1 to 2.5 sec (jittered in steps of 500 ms). Then, the two choice 
options were presented and participants could indicate their choice by pressing one of two 
buttons with their left hand: A button press with the middle finger indicated a choice for the 
left option and a button press with the index finger indicated a choice for the right option. 
After a decision was made, a grey bar appeared in the chosen option for 1 to 4 sec (jittered 
in steps of 1 sec). Thereafter, a fixation cross appeared, indicating the start of a new trial. 
Participants had a maximum time allowance of 16 seconds to make their decision, which was 
sufficient in all cases. In approximately 25% of the trials, additional inter-trial intervals were 
included that presented a fixation cross and were jittered exponentially to improve signal 
detection (2, 4, 6 and 8 sec, with 2 sec as the most frequent and 8 sec as the least frequent 
interval).

Pre-studies
To recruit participants for the fMRI-study, we ran a pre-study with a total of 70 participants, 
who were recruited through a university recruitment system. In this pre-study we adminis-
tered the fMRI-GMT, but included a third answer category, indicating that the machines were 
equally profitable. This third category has been used to better differentiate between strategies 
that, however, were not of interest in the current fMRI study (see Jansen et al., 2012; Van 
Duijvenvoorde et al., 2010). 

The pre-study GMT choice data were analyzed with a binomial mixture analysis (Bruhin 
et al., 2010; Conte et al., 2011; Leisch, 2004) to classify participants in subgroups character-
ized by homogeneous choice patterns, from which decision strategy was inferred. For this 
purpose, and to be able to check for consistency of choice, each item was repeated four times. 

Loss Probability Loss Amount Gain Expected Value

Item type A B A B A B A B

Dominated: Probability .1 .5 -10 -10 +2 +2 1 -3
Dominated: Loss .1 .1 -10 -50 +4 +4 3 -1
Dominated: Gain .3 .3 -2 -2 +4 +8 3.4 7.4
NonDominated: loss/gain .3 .3 -2 -10 +2 +4 1.4 1
NonDominated: gain/loss .3 .3 -2 -10 +4 +8 3.4 5
NonDominated: all .5 .1 -2 -10 +8 +4 7 3

Table 1. Item characteristics of the fMRI-GMT. One example of each item is included. In each block of the fMRI-GMT 
eight repetitions of each item were included. Between repetitions of the same item the numeric values of gains, 
losses, and probabilities were varied somewhat (cf. main text).
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For the mixture analysis, choices were converted to binary “EV-maximizing” and “non EV-
maximizing” responses, and summed over repetitions. This generates a multivariate choice 
pattern for each participant. Choice patterns of all participants were then analyzed with the 
binomial mixture analysis. 

The mixture-analysis involved three steps. First, the analysis fitted a model with varying 
numbers (1-17) of subgroups. For each model, the estimation algorithm was run 100 times 
with different starting values, to reduce the risk of local minima. Second, the solutions for 
the models with different subgroups were compared by means of the Bayesian Information 
Criterion (BIC; Leisch, 2004) and the best fitting model, the model with the lowest BIC, was 
selected. Third, we calculated each participant’s probability that (s)he belonged to a particular 
subgroup (the a-posteriori probability) and subsequently assigned each participant to his or 
her most likely group.

A mixture analysis on the pre-study data indicated that a model with three groups de-
scribed the GMT data best. One group’s choice pattern was indicative of a compensatory 
strategy (n = 33; 48%): These participants chose the option with the highest expected value 
in both dominated and non-dominated items. The two other groups’ choice patterns were 
indicative of non-compensatory strategies: In all dominated items, these participants chose 
the superior option, but they did not do so in all non-dominated items. More specifically, 
the second group’s choice pattern indicated that they chose the option with the smallest loss 
amount (n = 29; 41%). The third group’s choice pattern indicated that these participants chose 
the option with the lowest loss probability if loss probability differed between options, if not, 
they chose the option with the lowest loss amount (n = 8; 11%). The percentage of partici-
pants using compensatory and non-compensatory strategies was roughly comparable to that 
of a previous large-scale (N = 466) GMT study among first-year psychology students in which 
we used an extended version of the pre-study GMT. A mixture analysis on this large-scale 
dataset also indicated a compensatory EV-maximizing strategy (24%) and non-compensatory 
loss (-probability) minimizing strategies (40%) to be the most common. 

fMRI Study Participants
From the 70 participants in the pre-study we selected 45 participants for the fMRI study 
(28 female, Mean Age = 22.5 years, SD = 3.2, Min = 18 years, Max = 29 years). All included 
participants were right-handed, reported normal or corrected-to-normal vision and an ab-
sence of neurological or psychiatric conditions. Participants gave written informed consent 
and procedures were approved by the local ethics committee. Data of three participants had 
to be removed due to technical problems and two participants did not complete the fMRI-
session. Thus, a total of 40 participants (24 female) were included in the fMRI analyses. In the 
pre-study, twenty of these participants used a compensatory, EV-maximizing strategy, and 
20 participants a non-compensatory strategy. In the non-compensatory group, we grouped 
17 participants that used a loss minimizing strategy and three participants that used a loss-
probability minimizing strategy in the pre-study.

Before entering the scanner, task explanations were briefly repeated. All participants were 
paid a flat-rate for their participation plus, to increase task motivation, an additional vari-
able amount between Euro 0 and Euro 8 purportedly related to their decisions: Participants 
were informed that, dependent on their choices, they would afterwards play with a similar 
set of machines, in which loss and gain outcomes would be experienced. From these trials, a 
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randomly selected trial would be paid out as an additional amount (0 for a loss trial, Euro +2, 
+4 or +8 for different gain trials). Eventually, all participants were presented with the same 
machines after the fMRI-GMT task. 

Imaging
fMRI data were acquired with a standard whole-head coil using a 3-Tesla Philips Achieva scan-
ner. T2*-weighted echoplanar images (EPIs) were obtained during 3 functional runs of which 
the first 2 volumes were discarded to allow for equilibration of T1 saturation effects. Volumes 
covered the whole brain (34 slices; 3 mm slice thickness; 0.3 mm slice spacing; 220² mm FOV; 
ascending orientation) and were acquired every 2000 msec (TE = 28 ms). A high-resolution 
T1-weighted anatomical scan was obtained from each participant after the functional runs. 

fMRI analysis was performed using FEAT (FMRI Expert Analysis Tool) Version 5.98, part 
of FSL (FMRIB’s Software Library, www.fmrib.ox.ac.uk/fsl). The data were high-pass filtered 
with a cutoff frequency of 90 sec to remove baseline drift in the signal. Functional volumes 
were spatially smoothed with a 5 mm FWHM isotropic Gaussian kernel motion-corrected 
(Jenkinson et al., 2002) and slice-time corrected. Finally, the functional data were pre-whit-
ened using FSL. All functional data sets were registered into 3D space using the participant’s 
individual high-resolution anatomical images. The individual 3D image was then used to nor-
malize the functional data into Montreal Neurological Institute (MNI) standard space. Regis-
tration to high resolution structural and standard space images was carried out using FLIRT 
(Jenkinson et al., 2001; 2002). Registration from high resolution structural to standard space 
was further refined using FNIRT nonlinear registration (Andersson et al., 2007a; 2007b). The 
statistical analysis was performed using the general linear model. The design matrix of the 
general linear model was convolved with a double gamma hemodynamic response function 
and its first derivative.

For all analyses, only trials were included in which participants chose in accordance to 
their strategy. Occasional deviating responses were included in a regressor of no-interest. 
This happened rarely (see Figure 2): In the compensatory group this occurred in 0.7% (domi-
nated) and 4.8% (non-dominated) of the trials. In the non-compensatory group this occurred 
in 1.6% (dominated) and 12% (non-dominated) of the trials. We included discrete regressors 
separately for each dominated and non-dominated item. Additionally, we included two re-
gressors for the control items: The first included control items based on response time from 
the dominated items and the second included control items based on response time from 
the non-dominated items. Finally, we included two parametric regressors, dominated EV and 
non-dominated EV, which coded the difference in expected value between the two choice 
options for dominated and non-dominated items separately. The duration of each event in 
all regressors was modeled by the respective response time. Finally, motion regressors were 
included as regressors of no-interest.

Higher-level analysis was performed using FLAME (FMRIB’s Local Analysis of Mixed Ef-
fects) stage 1 with automatic outlier detection. For the whole-brain analysis, Z statistic images 
were thresholded with Gaussian Random Field Theory cluster-wise correction, Z > 2.3 and 
Family Wise Error (FWE) corrected with p < 0.05 (unless indicated otherwise).

To test our first hypothesis, that only the compensatory group would code EV differences, 
we tested the Group × EV effects, for non-dominated and dominated items separately. To test 
our second hypothesis, that specifically the non-compensatory group would show conflict-
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related activations in non-dominated items, we tested the Group × (non-dominated > control) 
effects and the Group × (dominated > control) effects. Note that the first contrast used the 
control-item regressor with response times based on the non-dominated items, and the sec-
ond contrast used the control-item regressor with response times based on the dominated 
items.

7.3 Results

In order to confirm stability of choice strategies, we first compared behavioral choices be-
tween the fMRI-GMT and the pre-study. Nearly all participants showed the same choice strat-

Figure 2. Behavioral task performance: In the upper panel, the proportion of EV-maximizing choices for each domi-
nated and non-dominated item are shown for the compensatory and non-compensatory group. In the lower panel, 
response times for each dominated and non-dominated item are shown for compensatory and non-compensatory 
group. Error bars indicate +/- 1 standard error around the mean.
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egy in the two sessions. Only two participants switched from a compensatory EV-maximizing 
strategy in the pre-study to a non-compensatory Loss-minimizing strategy in the fMRI ses-
sion. Also, two of the three loss-probability minimizing participants from the pre-study chose 
primarily the loss-minimizing options in the fMRI study. All four participants were included 
in the non-compensatory group for the fMRI analysis, leading to a compensatory group of n = 
18 (9 female) and a non-compensatory group of n = 22 (15 female). 

Figure 2 (upper panel) depicts the proportion of EV-maximizing choices as a function of 
item (three dominated, three non-dominated items) and strategy group. As expected, an Item 
Type (dominated vs. non-dominated) × Group (compensatory vs. non-compensatory) re-
peated-measures ANOVA on the proportion of EV-maximizing choices indicated a significant 
interaction between Item Type and Group, F(1, 38) = 305.3, p < .001, ƞ2

p
 = .89. As expected, in 

non-dominated items, the compensatory group showed a larger proportion of EV-maximizing 
choices than the non-compensatory group, F(1, 38) = 335.5, p < .001 ƞ2

p
 = .9. Note that in 

two non-dominated items, EV-maximizing and Loss-minimizing strategies, yielded similar 
choices. These items are of particular interest, because behavioral response time differences 
or neural differences cannot be attributed to choosing a different option, but are due to the 
difference in decision strategy. As expected there were no group differences in the dominated 
items (p = .165): All groups chose the option that dominated the other (and thus had the larg-
est EV). 

Figure 2 (lower panel) depicts response times (RT) as a function of Item Type and Group, 
and suggests that the EV-maximizing, as compared to the Loss-minimizing group, was slower 
to make decisions, yet only on non-dominated items. This was supported by an Item Type 
(dominated vs. non-dominated) × Group (compensatory vs. non-compensatory) repeated-
measures ANOVA on RTs that yielded a significant interaction between Item Type × Group, 
F(1, 38) = 12.4, p < .005, ƞ2

p
 = .25. For non-dominated items, the compensatory group was 

generally slower than the non-compensatory group, F(1, 38) = 11.8, p < .005 ƞ2
p
 = .24. Note 

that response times were slower in the compensatory group for all non-dominated items, 
providing further evidence that these groups used different strategies even when arriving at 
the same decisions. Finally, there were no group differences on dominated items (p = .461).

These behavioral differences were paralleled by neural differences. First we tested the 
hypothesis concerning parametric coding of EV differences. As expected, in non-dominated 
items, the Group × EV effect showed significantly stronger EV-coding in the compensatory 
than in the non-compensatory group, these differences were found in the parietal and occipi-
tal cortex (see Figure 3 and Table S1). Follow-up tests for each group separately showed an 
effect of EV in the EV-maximizing group in similar regions as those identified in the Group 
× EV effect, whereas the non-compensatory group did not show any activations tracking EV 
differences. Even at more lenient thresholds (p = .1; p = .25), no clusters of EV-related acti-
vations were observed in the non-compensatory group (see Supplementary Material). In an 
exploratory manner, we also checked whether any regions showed stronger EV-coding in the 
non-compensatory than the compensatory group, which was not the case.

Surprisingly, compensatory decision makers also showed evidence of EV-coding in domi-
nated items. In these items, the compensatory, compared to the non-compensatory group, 
showed significantly stronger EV-coding in parietal cortex, vmPFC and PCC (see Figure 3 and 
Table S1). Follow-up tests for each group separately showed EV-coding in the compensatory 
group in similar regions as those identified in the Group × EV effect, whereas even at more 
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lenient thresholds the non-compensatory group did not show any evidence for neural EV-
coding (see Supplementary Material). Again, no regions showed stronger EV-coding in the 
non-compensatory than in the compensatory group.

In these previous analyses, we thus find no evidence for a neural representation of an inte-
grated value signal in the non-compensatory group. It might be argued, however, that the non-
compensatory group does not code the difference in EV between options, but instead codes 
differences in loss amounts, consistent with the notion that this is their main choice criterion. 
In order to check this, we ran a similar whole-brain analysis to identify regions that code dif-
ferences in the amount of loss between options. That is, instead of two EV regressors, we now 
incorporated two parametric Loss regressors, one for dominated and one for non-dominated 
items. These analyses indicated no group differences in loss coding, neither in dominated or 
in non-dominated items. Analyses in both groups separately also did not show any evidence 
for loss coding, even at more lenient thresholds (see Supplementary Material). Thus, we did 
not observe any evidence that the Loss-minimizing group (nor the EV-maximizing group) 
parametrically coded the difference in loss between options. 

Figure 3. EV coding by the compensatory group in dominated (a) and non-dominated (b) items. The non-compen-
satory group did not show any EV-related activity. The figure displays cluster-corrected results (Z > 2.3, p < .05, FWE 
corrected); coordinates are reported in Table S1; see also Supplementary Material for further analyses.
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With respect to our second hypothesis, the Group × (non-dominated > control) effect, 
showed, as expected, increased dmPFC activity in the non-compensatory as compared to the 
compensatory group. Additionally, we observed greater activity in the posterior insular cor-
tex in the non-compensatory compared to the compensatory group (see Figure 4 and Ta-
ble S2). Follow-up tests on each non-dominated item separately indicated that this increased 
dmPFC activation in the non-compensatory group was present in each of the items, whereas 
insula activation was only present in one item (non-dominated: loss/gain). In addition, these 
follow-up tests showed increased activity in parietal cortex for the non-compensatory group 
in all non-dominated items (see Supplementary Material and Table S4, S5 and S6 for details). 

In an exploratory manner we also tested whether the compensatory group showed 
stronger neural activations than the non-compensatory group in non-dominated items, which 
proved to be the case in the bilateral VStr (see Figure 4 and Table S2). Follow-up tests on each 
of the non-dominated items separately showed consistency of these results, and indicated 
in addition increased activity in the lateral prefrontal cortex, occipital cortex and precentral 
cortex in the non-dominated: gain/loss item (see Supplementary Material and Table S4, S5 
and S6 for further details). In dominated items, we did not observe any group differences in 
neural activations (see Table S3). Finally, the main effects of the whole-brain analysis on the 
non-dominated > control and dominated > control contrasts are further reported in the Sup-
plementary Materials (see Table S2, S3 and Figure S1).

In sum, we observed pronounced behavioral and neural differences between decision 
makers using compensatory versus non-compensatory strategies. The compensatory as com-
pared to the non-compensatory group is characterized by more EV-maximizing choices and 
longer response times, specifically in non-dominated items. Imaging results indicate, as ex-
pected, that the compensatory, but not the non-compensatory, group codes the difference in 
expected value: In non-dominated items they do so in occipital and parietal cortex, in domi-
nated items in the vmPFC, PCC and parietal cortex. Related to our hypothesis of conflict 

Figure 4. Whole-brain clusters in which the non-compensatory group showed more activation than the compensa-
tory group in non-dominated > control items (right panel), and in which the compensatory group showed more 
activation than the non-compensatory group in non-dominated > control items (left panel). Below each whole-brain 
cluster the average extracted values are plotted per strategy group. The figure displays cluster corrected results (Z > 
2.3, p < .05 FWE corrected); coordinates are reported in Table S2 and S3.
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detection, the non-compensatory group activated, as expected, the dmPFC more strongly, 
specifically in non-dominated items. In these items they also showed enhanced activation 
in the posterior insula, and the parietal cortex. An exploratory analysis indicated that the 
compensatory as compared to the non-compensatory group showed enhanced bilateral VStr 
activations in non-dominated items.

7.4 Discussion

In this study we investigated the neural mechanisms underlying compensatory (EV-max-
imizing) and non-compensatory (Loss-minimizing) decision strategies. In order to do so, we 
compared individuals using EV-maximizing and Loss-minimizing strategies on two types of 
items: dominated and non-dominated items. Non-dominated items were expected to trigger 
an individual’s typical strategy, resulting in behavioral and neural differences, which were 
not expected in dominated items. We inferred strategy use on the basis of a binomial mixture 
analysis that indicated that non-compensatory decision makers generally used a loss-mini-
mizing strategy and compensatory decision-makers used an EV-maximizing strategy.

In non-dominated items, we expected that the compensatory, but not the non-compensa-
tory, group would show neural activations in relation to a value-signal that reflected the differ-
ence in EV between items; we expected this value signal in regions as the VStr, vmPFC, PCC, 
lateral prefrontal cortex and parietal cortex (Blair et al., 2006; Kable & Glimcher, 2007; Mc-
Kell Carter et al., 2010; Tom et al., 2007). Indeed, we observed that the compensatory group 
showed EV-coding, in the parietal and occipital cortex, whereas the non-compensatory group 
showed no evidence for such a parametric EV-signal. Additional analyses were performed to 
check whether the non-compensatory group coded instead a parametric loss signal, reflecting 
the differences in amount of loss between choice options, which proved not to be the case. 
Generally, these results indicate that individuals using a non-compensatory Loss-minimizing 
strategy do not code parametric EV differences or parametric differences in loss. Note that a 
strategy such as Loss-minimization indeed does not require a parametric coding of loss differ-
ences, as a discrete detection of attribute differences between options is sufficient to arrive at 
a decision (Minati et al., 2012).

Since we assumed that decision makers would adopt a simple strategy if that sufficed, 
we expected no group differences in EV coding in the dominated items. Surprisingly, we did 
observe such group differences: In dominated items the compensatory, but not the non-com-
pensatory, group showed evidence of EV coding in the vmPFC, PCC, and parietal cortex. Note 
that in the non-dominated items we observed EV coding only in the parietal and occipital 
cortex. A speculative account of this differential EV-coding is that in non-dominated items, 
the compensatory group uses a deliberative mathematical strategy to compute EV differences, 
resulting in activity in the parietal cortex, which has been implicated in mental calculations 
(Dehaene et al., 2003; Dehaene et al., 1999). This deliberation interpretation is consistent 
with the increased response times of the EV-maximizing group on non-dominated items. 
Dominated items, on the other hand, may lead to a more automatic coding of EV resulting in 
enhanced activations in regions such as the vmPFC and PCC.

In sum, individuals using a compensatory decision strategy showed clear neural responses 
to differences in EV in both dominated and non-dominated items, albeit in different brain 
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regions. In contrast, individuals using a non-compensatory strategy do not seem to represent 
an integrated EV signal. 

Second, we expected that non-compensatory decision makers would experience conflict 
in non-dominated items, as some attributes favor one and other attributes the other option. 
As the dmPFC has been implicated as playing a key-role in the detection of decision conflict 
(De Neys et al., 2008; Rao et al., 2011) we expected, and confirmed, enhanced dmPFC activa-
tion in the non-compensatory as compared to the compensatory group. Consistent with our 
hypothesis, this only occurred in non-dominated items, in which attributes provided conflict-
ing information.

In addition to these main findings, some other observations are worth mentioning. First, 
we observed that the non-compensatory as compared to the compensatory group was not 
only characterized by enhanced dmPFC activation, but also by increased activations in the 
posterior insula and the parietal cortex. This seems to be consistent with the hypothesized 
role of the dmPFC in allocating other, control-related brain regions to resolve experienced 
conflict (Kerns et al., 2004; Venkatraman & Huettel, 2012; Venkatraman et al., 2009). For ex-
ample, a study of Venkatraman et al. (2009) showed increased connectivity between dmPFC 
and parietal cortex in simplifying (non-compensatory) choices, and increased connectivity 
between the dmPFC and insula in loss-minimizing choices. 

Second, in non-dominated items we observed larger VStr activity in the compensatory as 
compared to the non-compensatory group. A plausible interpretation of this finding is related 
to the reward-system, which has been shown to be a key function of this dopaminergically 
innervated region (Knutson et al., 2008; Schultz, 2001; Tobler et al., 2005). More specifically, 
as compensatory, but not non-compensatory decision makers take gains into account in their 
decisions, they may be characterized by enhanced striatal activity. Interestingly, an EV-signal 
was not observed in the striatum, which may indicate that this region is less involved in com-
puting overall value, but more in gain processing (see Liu et al., 2011). Follow-up tests per 
non-dominated item also showed increased activation in the lateral prefrontal cortex for the 
compensatory group. These results may be consistent with the role of the lateral prefrontal 
cortex in executing control to arrive at normative decision making (De Neys et al., 2008).

This study highlights the importance of studying individual differences in decision strate-
gies by including experimental paradigms and analysis methods that allow for strategy as-
sessment. These individual differences in decision strategies may go unnoticed if data are 
averaged across participants and consequently may obscure results. For example, value cod-
ing would have been less pronounced if we would have neglected individual differences in 
strategy use and just averaged across all participants. Therefore, such paradigms and analysis 
techniques that allow the analysis of strategy differences may be highly beneficial to decision 
neuroscience. 

Note, however, that the current study is not without limitations. First, we only focused on 
a situation in which participants did not experience outcomes of their decisions after each 
choice was made. It can be expected that in a more dynamic choice environment, as when 
decision outcomes are experienced, individuals are more prone to adjust their strategies. Sec-
ond, although the current study included decision strategies that commonly occur in risky 
choice tasks, it is limited in the way that only one type of non-compensatory and one type 
of compensatory strategy was considered, of which many are known to exist (Riedl et al., 
2008). For example, in the current study compensatory decision makers maximized objective 
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expected value. Compensatory decision-makers may, however, also base their decisions on 
subjective expected utility (Kahneman & Tversky, 1979; Trepel et al., 2005), which may trig-
ger different neural mechanisms. 

To conclude, compensatory and non-compensatory decision makers do not only differ 
in behavior, but also in underlying neural mechanisms. That is, compensatory, but not non-
compensatory decision makers, code the difference in value between options, specifically in 
vmPFC and PCC (dominated items), and in occipital-parietal regions (non-dominated items). 
Non-compensatory decision makers, on the other hand, show evidence of conflict-detection 
between attributes, as evidenced by increased dmPFC, insular and parietal activity. These 
results indicate the need for decision neuroscience to expand its scope by focusing not only 
on compensatory, but also on non-compensatory decision strategies.
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7.5 Supplementary Materials

Tests for EV representations at lenient thresholds
First, the EV-difference regressor in the non-compensatory group (main effect) was inspect-
ed at more lenient thresholds: i) cluster corrected, Z > 2.3, p < .1; ii) cluster corrected, Z > 
2.3, p < .25. For both the dominated and non-dominated items no clusters of activations were 
observed even at these lenient thresholds. 

Tests for Loss representations at lenient thresholds
The loss-difference regressor in the non-compensatory group (main effect) was inspected at 
equally lenient thresholds: i) cluster corrected, Z > 2.3, p < .1; ii) cluster corrected, Z > 2.3, p 
< .25. For both the dominated and non-dominated items no clusters of activations were ob-
served even at these lenient thresholds.

Tests for main effects (dominated and non-dominated items)
To illustrate which regions were generally activated during choice in dominated and non-
dominated items when contrasted with control items, the main effect of non-dominated > 
control and dominated > control are presented in Tables S2, S3, and Figure S1. Results show 
that both dominated and non-dominated items activated a wide-spread network with activa-
tions in the lateral PFC, parietal cortex, inferior frontal gyrus, hippocampus, and dmPFC. 
Non-dominated items in addition activated the bilateral striatum and insular cortex.

Separate tests for each non-dominated item
To test whether group differences were comparable for each of the non-dominated items, we 
investigated group differences for each non-dominated item separately (non-dominated: loss/
gain > control; non-dominated: gain/loss > control; non-dominated: all > control (see Tables 
S4, S5 and S6). These results showed that for each non-dominated item the non-compensa-
tory group, compared to the non-compensatory group showed greater dmPFC and parietal 
cortex activation, whereas greater insula activation was only observed in one of the items in 
which loss might have been more salient (non-dominated: loss/gain). 

A reversed contrast (compensatory > non-compensatory) on each of the non-dominated 
items showed that ventral striatal activation was stronger in the compensatory group, both 
in items in which groups chose the same option (non-dominated: loss/gain) and in items in 
which the groups chose different options (non-dominated: gain/loss) (see Tables S4, S5 and 
S6). Additional activation was observed in lateral PFC, precentral gyrus and occipital cortex 
in each of the non-dominated items.
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Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Expected Value: Non-dominated items
Mean activity compensatory group

R Occipital Pole 3678 16 -98 -4 4.44

L Lateral Occipital Cortex 1942 -32 -86 12 4.18

R Inferior Parietal Lobe 335 58 -22 40 3.08

Compensatory > Non-Compensatory

L Posterior Cingulate / Parietal Lobe/ 
Occipital Cortex

6598 -30 -90 15 3.96

Non-Compensatory > Compensatory No Activated Regions

Expected Value: Dominated items
Mean activity compensatory group

R Posterior Cingulate 2318 2 -70 24 4.05

L Inferior Frontal Gyrus 3907 -50 24 4 4.0

L Angular Gyrus 1016 -36 -70 36 3.66

R Angular Gyrus / Temporal Gyrus 568 42 -66 24 3.61

Compensatory > Non-Compensatory

L Medial PFC / SFG 6492 -22 26 44 3.71

R Posterior Cingulate Gyrus 3222 6 -54 12 3.66

R Lateral PFC 641 44 28 22 3.26

R Postcentral 1186 12 -46 74 3.62

L Angular Gyrus 1724 -36 -70 38 3.9

R Angular Gyrus / Temporal Gyrus 406 42 -66 24 3.21

Non-Compensatory > Compensatory No Activated Regions

Table S1: Coordinates for the brain regions showing parametric EV-difference coding. Main effects per strategy 
group and group differences are reported. 
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Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated > Control
Mean activity Z > 3.6
L Precuneus 10977 -24 -68 30 7.16
L Lateral PFC / Frontal pole 3616 -38 42 4 6.96
R Lateral PFC / Frontal pole 1449 30 40 14 6.5
R/L dmPFC 2135 2 26 42 6.51
R Frontal Pole / Orbital Frontal 121 18 46 -24 6.08
R Frontal Pole / Orbital Frontal 65 -20 48 -20 5.12
L Insula 235 -30 22 -4 5.82
R Insula 111 34 22 -4 5.22
R Middle Frontal Gyrus (BA6) 541 28 8 52 6.14
R Striatum 459 14 14 0 5.48
R/L Midbrain / Cerebellum 2813 2 -62 -28 5.64
R Hippocampus 147 24 -30 -8 4.32
R Occipital Pole 3304 34 -98 -14 6.33
L Lingual Gyrus (BA18) 169 -14 -84 0 5.64
R Lingual Gyrus (BA19) 83 14 -66 2 4.06

Compensatory > Non-Compensatory
L Striatum 656 -16 4 -4 3.71
R Striatum 527 18 2 -2 3.58
R Superior Frontal Gyrus 350 14 -2 66 5.1
R Middle Temporal Gyrus 360 62 -30 -6 5.55

Non-Compensatory > Compensatory 
L dmPFC 1289 -8 32 36 6.45
L Posterior Insula 356 -40 12 -20 3.35

Anatomical Area MNI coordinates
(mm)

Cluster 
Size

x y z Z-max 
value

Dominated > Control
Mean activity Z > 3.6
L Precuneus / Occipital Cortex 5207 -22 -94 -8 5.95
R Precuneus 2526 26 -64 46 6.03

Table S3: Coordinates for the brain regions showing activations for the dominated > control contrast. Main effects 
per strategy group and group differences are reported. 

Table S2: Coordinates for the brain regions showing activations for the non-dominated > control contrast. Main ef-
fects per strategy group and group differences are reported. 
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L Lateral PFC 970 -46 30 24 5.23
R Lateral PFC 620 48 38 16 5.63
L Inferior Frontal Gyrus 489 -48 2 22 5.38
R/L dmPFC 802 4 28 36 5.31
R Frontal Pole / Orbital Frontal 79 46 54 -16 4.35
L Hippocampus 42 -22 -30 -10 4.29
R Occipital Pole / Occipital Gyrus 1957 34 -90 -8 6.15
R Cerebellum 76 8 -58 -16 4.25

Compensatory > Non-Compensatory No Activated Regions

Non-Compensatory > Compensatory No Activated Regions

Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated: Loss/Gain > Control
Mean activity Z > 3.6
R Precuneus / Occipital Cortex / SMG 3164 36 -70 36 6.5
L Precuneus / Occipital Cortex / SMG 2523 -28 -68 38 6.85
L Lateral PFC 2952 -52 6 32 6.37
R Lateral PFC 1192 42 40 16 6.13
R/L dmPFC 1433 -2 20 42 6.05
R Frontal Pole / Orbital Frontal 94 22 46 -18 4.68
L Insula 168 -32 22 -4 4.9
R Insula 103 32 22 -2 5.0
R Middle Frontal Gyrus / SFG 275 30 14 48 6.21
L Middle Frontal Gyrus / SFG 105 -28 4 54 4.62
L Striatum 155 -12 6 -4 4.72
R Striatum 95 14 12 -2 4.49
L Thalamus 45 -8 -16 6 4.4
L Hippocampus 70 -24 -28 -12 4.57
R Occipital Pole 7436 32 -92 -2 6.44
L Lingual Gyrus 330 -8 -72 6 4.77
R/L Cerebellum 513 0 -62 -26 5.13
R Brainstem 52 4 -16 -20 4.2

Compensatory > Non-compensatory
L Ventral Striatum/ Putamen 386 -18 4 8 3.55

Table S4: Coordinates for the brain regions showing activations for the non-dominated: Loss/Gain > control con-
trasts. Main effects per strategy group and group differences are reported. 

Table S3 continued
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Non-compensatory > Compensatory
R/L dmPFC (SFG) 1005 -14 30 42 4.06
L Insula (posterior) 661 -38 -20 0 3.84
R Insula (posterior) / Planum Temporale 555 50 -32 16 4.03
L Angular Gyrus 387 -46 -62 34 3.87

Anatomical Area MNI coordinates
(mm)

Cluster 
size

x y z Z-max 
value

Non-Dominated: Gain/Loss > Control
Mean activity Z > 3.6
R Precuneus / Occipital Cortex / SMG 3224 34 -62 42 6.42
L Precuneus / Occipital Cortex / SMG 2648 -30 -62 40 6.83
L Lateral PFC 3278 -46 46 4 6.77
R Lateral PFC 1234 46 52 -6 6.04
R/L dmPFC 1488 4 26 40 6.29
R Frontal Pole / Orbital Frontal 70 22 46 -20 4.56
L Insula 145 -30 22 -4 5.13
L Middle Frontal Gyrus / SFG 190 -26 6 50 4.85
L Caudate (Striatum) 496 -12 16 4 5.3
R Caudate (Striatum) 290 14 14 0 5.4
L Lateral Occipital Cortex 2713 -34 -86 -18 6.15
R Lateral Occipital Cortex 1339 30 -94 -14 6.19
R Inferior Temporal Gyrus 545 62 -56 -20 4.97
R Cerebellum 163 2 -62 -28 4.99
R Cerebellum 70 22 46 -20 4.56
R Brainstem 122 2 -18 -22 4.85

Compensatory > Non-compensatory 
L Lateral PFC 410 -42 38 22 4.34
L Ventral Striatum (Putamen) 634 -22 10 -10 3.83
R Ventral Striatum (Putamen) 571 20 10 -2 3.63
R Superior Frontal Gyrus 912 16 2 68 4.48
L Precentral Gyrus 675 -52 -10 52 3.64
L Lateral Occipital Cortex 697 -32 -78 0 3.55

Non-compensatory > Compensatory 
L dmPFC / SFG 693 -22 38 40 3.97
L Angular Gyrus 427 -60 -66 24 4.02

Table S5: Coordinates for the brain regions showing activations for the non-dominated: Gain/Loss > control con-
trasts. Main effects per strategy group and group differences are reported.

Table S4 continued
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Anatomical Area MNI coordinates
(mm)

Cluster 
Size

x y z Z-max 
value

Non-Dominated: All > Control
Mean activity Z > 3.6
R Precuneus 15831 32 -64 40 7.08
L Lateral PFC (BA 46) 3591 -44 44 0 7.2
R dmPFC 2189 2 22 42 6.14
L Striatum 1768 -10 14 -4 5.59
R Lateral PFC (BA 46) 1748 48 36 22 6.55
R Medial Frontal Gyrus / SFG 649 32 22 48 5.78
L Insula 221 -30 22 -4 5.3
R Frontal Pole / Orbital Frontal 95 20 44 -18 4.56
R Insula 74 34 26 -6 4.7
L Hippocampus 73 -16 -34 -10 4.63
L Lingual Gyrus 51 -12 -76 8 4.21
R Lingual Gyrus 51 14 -66 6 4.81

Compensatory > Non-compensatory 
R Lateral Occipital Cortex/ Precuneus 1305 8 -82 50 5.33

Non-compensatory > Compensatory 
R/L dmPFC / SFG 1166 -6 48 42 4.17
L Angular Gyrus 364 -46 -56 36 3.79

Table S6: Coordinates for the brain regions showing activations for the non-dominated: All > control contrasts. Main 
effects per strategy group and group differences are reported. 
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Figure S1. Whole-brain results across groups showing which brain regions were activated for the contrasts domi-
nated > control items (left panel) and non-dominated > control items (right panel). Figure displays cluster-corrected 
results (Z > 3.6, p < .05, FWE corrected); coordinates are reported in Tables S2 and S3.



Chapter 8

Summary and General Discussion



122

8

Su
m

m
ar

y 
an

d 
Di

sc
us

sio
n



123

8

Sum
m

ary and Discussion

The primary goals of this thesis were to gain insight into the developmental changes and 
individual differences in decision-making under risk. The ‘art of choosing’ was studied in 
six empirical chapters that included individuals from 5 to 35 years of age and implemented a 
multi-disciplinary theoretical and methodological approach. That is, this thesis combined the-
oretical insights from economics (EU and risk-return models), psychology (decision heuristics, 
counterfactual emotions), and developmental psychology (studying the development of affect 
and control, counterfactual emotions, and decision strategies). The data-analytic techniques 
included traditional statistical methods, as well as latent-class analysis, and the estimation of 
formal decision models. Finally, the measures used in this thesis included not only observa-
tions of overt behavior, but also physiological measures such as heart rate and brain activation.

8.1 Summary of main findings

Chapters 2-4 of this thesis present studies that vary the level of affective-motivational en-
gagement (by varying the absence or presence of immediate outcomes), and vary the load 
on cognitive control processes such as memory (by varying whether explicit information is 
given). The main goals of Chapter 2 were (1) to determine adolescents’ level of advantageous 
decision making in an affective and a low-affective, task, and (2) to determine whether the 
complexity of decision strategies used in the low-affective task was associated with complex-
ity of decision strategies used in the affective task. The results indicated that adolescents were 
able to use relatively complex and advantageous (i.e., integrative and multi-attribute non-
integrative) strategies in the low-affective task. However, they used a less advantageous strat-
egy in the affective task. Thus, although most adolescents were able to understand and reason 
about choices in low-affective contexts, they showed poor choice behavior in high-affective 
contexts. A limitation of this study was, however, that the tasks differed in the presence of 
immediate feedback (affective-motivational component) as well as in the explicit presenta-
tion of choice attributes. These results therefore do not allow a strict distinction between the 
effects of affect and control on choice behavior.

The next chapters therefore specifically manipulated cognitive control demands in chil-
dren’s and adolescents’ affective decision-making, by varying the reliance on (working) 
memory. In Chapter 3 performance was compared between an informed and a noninformed 
Gambling Game; with both tasks presenting immediate choice outcomes. The noninformed 
condition resembled the affective task in Chapter 2 in which repeated sampling was neces-
sary to learn choice attributes. The informed condition presented a similar task, but with 
an explicit display of choice attributes. Results demonstrated that in the noninformed task, 
decision making improved monotonically with age, and continued to improve into late ado-
lescence (see also Crone & Van der Molen, 2004; Huizenga et al., 2007). In the informed task, 
however, children chose advantageously, although decision making still improved across age 
groups. Detailed analysis of response patterns indicated that in the noninformed task, chil-
dren continuously switched choices after an occasional loss, which was not observed in older 
adolescents and young adults. This pattern was also observed in the informed task, but to a 
much smaller extent. This indicates that the ability to control choice behavior was influenced 
by (working) memory load. Together, these results indicate that children and adolescents are 
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fairly capable of choosing advantageously in a risky decision-task, provided that choice op-
tions are presented explicitly. 

The third empirical study in Chapter 4 further examined responses to gains and losses 
across development. In Chapter 3 we found that young children experienced difficulty with 
controlling their reactive responding towards occasional losses, specifically in situations that 
put a high demand on control processes (i.e., noninformed contexts). Here, we used behav-
ioral and heart-rate measures in an informed and noninformed decision task to further study 
loss processing. Heart-rate slowing after a loss is thought to indicate a ‘worse than expected’ 
signal that would guide further behavioral adjustments. In the noninformed task, children 
and young adolescents showed limited heart-rate slowing after loss compared to gain, where-
as heart-rate slowing was clearly present in adults. In contrast, in the informed task, all age 
groups showed larger heart-rate slowing after loss compared to gain. These results, in com-
bination with task performance, indicated that outcome-monitoring was present in all age 
groups (in the informed task), but children and young adolescents were less able to update 
an expectation of outcomes, which is necessary to learn which option is best (in the non-
informed task). Together with Chapter 3, these results suggest a monotonic developmental 
increase in control processes that steer advantageous decision making and advance learning.

In the fourth empirical study, Chapter 5, we investigated the developmental onset and 
trajectory of counterfactual emotions. Counterfactual emotions—or the anticipation of coun-
terfactual emotions—may be powerful motivators for choice behavior. A latent class analy-
sis was used to investigate individual differences in the experience of regret and relief in a 
large developmental sample. Results showed that the experience of regret and relief increased 
across age groups, but also that a subgroup of 5-year-olds already experienced these counter-
factual emotions. 

The fifth empirical study, Chapter 6, investigated the neurodevelopmental trajectory of 
risky choice in children, adolescents, and adults. With a risk-return model we studied the 
developmental changes in risk- and return-sensitivity, and responses to experienced gain and 
loss outcomes. Risk (i.e., outcome variability) sensitivity tended to increase across age groups, 
being absent in children, but present in adolescents and adults. Neural activation in response 
to risk peaked in adolescents, in which higher risk led to heightened anterior insula and me-
dial prefrontal cortex activation. Moreover, in adolescents these neural risk-responses were 
related to behavioral risk-sensitivity, with greater negative risk-attitude related to larger neu-
ral activation. Return (i.e., expected value) sensitivity increased linearly across age groups. 
Accordingly, we observed a linear age-related increase in activation in the ventral striatum, 
posterior cingulate cortex, and the ventral medial PFC. These neural return-related respons-
es were positively related to behavioral return-sensitivity. Furthermore, little evidence was 
found for a specific adolescent increase in neural activation to obtained gains. Similar to previ-
ous studies, however, we did observe a primarily monotonic age-related increase in loss-relat-
ed activity in the parietal cortex and subcortical structures as the thalamus. We also observed 
an adolescent peak in loss-related activity in parietal and frontal cortex. Taken together, this 
study highlights the advantage of decomposing observed behavior into components of risky 
choice, which is not yet common in developmental (imaging) studies.

The sixth empirical chapter, Chapter 7, focused on the neural mechanisms underlying in-
tegrative, EV maximizing, and non-integrative, loss-minimizing decision-strategies in adults. 
In the integrative group we expected neural activation in relation to the EV-difference be-
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tween choice options, whereas in the non-integrative group we expected greater uncertainty 
and conflict during choice. That is, during the evaluation of options, a non-integrative decision 
maker may notice that attributes provide conflicting information on which choice option is 
best. Accordingly, we observed that integrative decision makers showed neural activation pro-
portional to the EV-difference in parietal cortex, occipital cortex, and ventral medial, whereas 
the non-integrative group showed no neural activation related to this parametric EV-signal. 
The non-integrative group showed larger dorsal medial prefrontal cortex activation, which 
has been linked to decision conflict and uncertainty. These results highlight the prominent 
role of individual differences in risky decision-strategies in an adult population and foster 
knowledge of their underlying neural mechanisms. 

The implications of these results for developmental theories will be further discussed in 
the following section.

8.2 Conclusions and future directions

Neurobiological Model – Affect and Control
The relative impact of affect and control in decision making is subject to large developmental 
changes. That is, adolescence has been associated with an intensification of affective pro-
cesses, combined with yet immature—or selectively recruited—cognitive control processes, 
which is thought to explain an adolescent increase in risk-taking and reward-seeking behavior 
(Casey et al., 2008; Crone & Dahl, 2012). It has been suggested, however, that large individual 
differences exist and that an imbalance between affective and control processes may also lead 
to increased sensitivity to negative stimuli (Somerville et al., 2010). The studies in this thesis 
have several implications for theory on the developmental role of affect and control.

First, research on decision-strategies indicated that most adolescents are fairly capable 
of using an advantageous decision strategy in a complex, but ‘low-affective’ risky choice task 
(GMT; Chapter 2). In general, adolescents are thus not insensitive to risk or incapable of 
understanding risk. They may, however, not always apply this knowledge. For instance, in 
affective choice-contexts most adolescents resorted to simpler, disadvantageous strategies 
(Chapter 2). This result provides further support for the dual role of affect and control in 
decision making.

Studies including multiple age groups showed that advantageous affective decision-mak-
ing improved monotonically across childhood and into adolescence (Chapter 3; Chapter 4). 
Detailed analyses of behavioral response patterns indicated an age-related decline in reactive 
responses (impulsive response-switches) toward occasional losses. Such impulsive response 
switches lead to overall poorer choice, since options with the highest expected value (but 
with occasional losses) are not continuously chosen. Heart-rate analysis indicated an age-
related increase in the ability to update an expectation of outcomes on the basis of losses 
and adjust behavior accordingly. Together, these findings are consistent with a monotonic 
increase in control processes that guide behavior in risky decision-making and in learning, 
but find little support for a heightened imbalance in adolescence. In addition, whereas the 
neurobiological model primarily focuses on the role of positive outcomes, the current results 
further stress that developmental changes are also prominent in the processing of negative 
outcomes (Chapter 6; see also Huizenga et al., 2007; Somerville et al., 2010; Spear, 2011).
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Moreover, these developmental differences in affective decision-making are smaller when 
demands on memory are reduced (Chapter 3, 4). That is, children already preferred advanta-
geous choice options in informed contexts and reactive responses toward occasional losses 
were diminished. This further highlights the importance of maturing control processes in 
decisions under risk and the potential to improve decision making by lowering memory de-
mands. 

Finally, although these results show little evidence for a heightened response to reward in 
adolescents, imaging results indicated a heightened sensitivity to risk in adolescents or even 
a heightened sensitivity to loss in adolescence. For example, adolescents showed increased 
activation in emotional regulation areas such as the medial prefrontal cortex and anterior 
insula in response to increasing risk (Chapter 6). Results from formal risk-return models also 
indicated that risk-taking tendency, and sensitivity to risk were subject to large individual dif-
ferences in adolescents (and children) compared to adults. These results indicate that adoles-
cence is still a period of large reorganization that leads to high variability between individuals. 

In sum, these results are in accordance with a maturing increase in control that guides 
choice behavior. However they extend current models by illustrating that the role of affect 
and control in decision making is largely dependent on choice contexts and individuals’ sen-
sitivities. More specifically, they highlight a sensitivity to risk in adolescence and claim an 
important role for reactivity to negative outcomes across childhood and adolescence. 

Counterfactual emotions
This thesis presented one empirical study on the development of counterfactual emotions 
(Chapter 5). These emotions may be expected to mature relatively late in childhood, given that 
the experience of counterfactual emotions depends on the ability to compare a reality ‘that is’ 
to an alternative reality that ‘could have been’. The results in this thesis, however, show that 
these emotions are present from a young age, although individual differences are pronounced. 

What is not studied here, is how these counterfactual emotions actually shape risky choice 
(see also Burnett et al., 2010). That is, experienced counterfactual emotions may influence 
future choice behavior, and anticipated counterfactual emotions may drive choice toward 
avoiding regret. These emotions have the potential to increase ‘bad’ decision-making, (think 
about the anticipated regret of not joining a party), but also the potential to increase ‘good’ 
decision-making (think about the anticipated regret of a bad grade). Studying how these emo-
tions guide children’s and adolescents’ decision making may be a promising target for future 
research. 

Decision Strategies
Finally, developmental psychologists formulated influential theories on the development 
of problem solving strategies (Siegler 1976; 1981). These problem solving strategies have 
a strong correspondence to the non-integrative, lexicographic heuristics in decision theory. 
That is, decision theories state that choices can be made on the basis of an integrative strategy 
(value × probability), but also on the basis of non-integrative, attribute-based, comparisons 
of choice options. In accordance with Piagetian theory the complexity of decision strategies 
may increase with age (Jansen et al., 2012; Huizenga et al., 2007, but see Reyna & Farley 2006; 
Rivers et al., 2008), which may be an important factor driving developmental differences in 
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risky choice. The research in this thesis primarily highlighted the large individual differences 
that exist in the tendency to prefer one or the other strategy (Chapter 2, Chapter 7).

Accordingly, it was observed that in an adult (and adolescent, Chapter 2) population, 
both integrative and non-integrative strategies were used in a risky-decision task (Chapter 
7). Moreover, fMRI results indicated that these strategies were linked to different underlying 
neural mechanisms. Importantly, overt choice behavior did not always differ between strate-
gies (i.e., sometimes different strategies resort in the same choice), but patterns of neural ac-
tivation (and response times) consistently indicated the different processes underlying these 
strategies. These findings indicate that a sole focus on group averages is not optimal, and high-
light the added value of studying components of choice (and not only overt choice behavior).

What is yet unknown, and not studied in this thesis, is how these decision strategies relate 
across contexts. We observed that strategies did not correspond between low-affective and a 
more affective choice task (Chapter 2). Future studies may further focus on how individuals’ 
decision strategies vary between such contexts. 

Conclusion
To conclude, in this thesis children’s, adolescents’, and adults’ risky choice was studied by us-
ing a multidisciplinary theoretical and methodological approach. Across these studies, some 
general conclusions emerge. First, individual differences are key. Although adolescence may 
generally be a phase of heightened emotionality, not all adolescents are risk takers and the 
methods in this thesis (latent class analysis and formal modeling) are useful tools to char-
acterize individual differences. Second, context matters. That is, in this thesis contexts were 
studied that varied in the immediacy of outcomes and the explicitness of choice informa-
tion. Understanding in which contexts risk-taking occurs, and how that is predictive for other 
contexts, is a promising target for future research. Finally, decomposition is essential. That is, 
decomposition may indicate which components of the decision process drive observed be-
havior. A challenge for future studies will be to further construct tasks that allow decomposi-
tion of the decision process, trigger affective engagement, and predict daily-life risky choice 
(Schönberg et al., 2011).

Advancing the understanding of developmental changes in risky decision-making is im-
portant before starting ambitious next steps such as finding tools to optimize children’s and 
adolescents’ decisions. As is apparent from the mixture of theories and methods in this thesis, 
this is both an exciting and a challenging field. But who said decision making (or decision 
making research) was ever easy?
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Keuzes zijn continu aanwezig in ons leven. Denk aan een reguliere dag waarop je geconfron-
teerd wordt met een constante stroom van keuzes over wat je aantrekt, hoe je naar je werk 
reist, of je die nieuwe functie moet accepteren of niet, of je je geld uitgeeft of spaart, etcetera. 
Veel keuzes bevatten een bepaalde mate van ‘onzekerheid’ over de uitkomst. Denk bijvoor-
beeld aan het accepteren van die nieuwe baan; dit kan leiden tot (meer) succes, maar er is 
ook een bepaalde kans op tegenvallende uitkomsten. In onderzoek worden zulke keuzes ook 
wel ‘risicovol’ genoemd. Het feit dat risicovolle keuzes veel voorkomen, en best lastig kunnen 
zijn, maakt het een interessant onderwerp voor onderzoek. Het doel van dit proefschrift is 
tweeledig: het eerste doel is om meer inzicht te verkrijgen in de ontwikkeling van risicovol 
keuzegedrag in de kindertijd en adolescentie. Het tweede doel is het classificeren van indivi-
duele verschillen in keuzegedrag. 

Het is belangrijk om keuzegedrag al te onderzoeken bij kinderen en adolescenten omdat 
in ontwikkelingsstudies, in tegenstelling tot volwassenstudies, de vorming van een vaardig-
heid kan worden onderzocht. Bovendien worden ook kinderen en adolescenten al geconfron-
teerd met vele keuzes, variërend van alledaagse beslissingen (wat trek ik aan?), tot keuzes 
met mogelijk belangrijke consequenties voor de verdere levensloop (naar welke school ga 
ik? Zal ik studeren of uitgaan?). Vooral de adolescentie is een periode van toenemend risi-
covol keuzegedrag, zoals middelengebruik (alcohol en drugs), spijbelen en risicovol sexueel 
gedrag. Een beter begrip van hoe kinderen en adolescenten keuzes maken en omgaan met ri-
sico’s is daarom ook maatschappelijk relevant. Tenslotte is het belangrijk om keuzegedrag van 
kinderen en adolescenten te onderzoeken, omdat keuzegedrag sterk gerelateerd is aan leren. 
Gevolgen van keuzes moeten immers verwerkt en gebruikt worden voor het aanpassen van 
toekomstig gedrag. Kennis over het keuzegedrag van kinderen en adolescenten kan dus ook 
onze kennis over leren verbeteren. 

In dit proefschrift wordt keuzegedrag bestudeerd binnen een aantal experimentele pa-
radigma’s. Deze paradigma’s zijn keuzetaken die vaak zijn gebaseerd op meer economische 
keuzetaken. Een deelnemer kiest bijvoorbeeld tussen twee of meer opties die verschillen in 
kans op verlies en/of kans op winst, potentiële winst en potentieel verlies. In deze keuze-
taken kunnen een aantal aspecten variëren. Ten eerste kan de mate van informatie die wordt 
gepresenteerd over kans, winst en verlies variëren. In sommige taken wordt deze informatie 
expliciet gegeven, in andere taken moeten deelnemers deze informatie leren op basis van 
vorige uitkomsten. We veronderstellen dat die laatste situatie leidt tot een grotere belasting 
van zogeheten ‘cognitieve-controle’ processen, zoals het werkgeheugen. Ten tweede kunnen 
taken verschillende motivationele processen uitlokken door wel of niet direct de uitkomsten 
van keuzes te presenteren (hoeveel er is gewonnen of verloren). Wanneer de uitkomsten 
van keuzes niet te zien zijn wordt de keuzeomgeving ook wel ‘koud’ genoemd. Een koude 
keuzeomgeving stimuleert minder motivationele processen en lokt meer doordacht, cognitief 
keuzegedrag uit. Wanneer de uitkomsten van keuzes wel direct te zien zijn, wordt er gespro-
ken over een keuzeomgeving die ‘warm’ is. Een warme keuzeomgeving stimuleert meer moti-
vationele processen en lokt impulsiever en affectief keuzegedrag uit. 

Samengevat is het doel van dit proefschrift om inzicht te verschaffen in de ontwikkeling 
(developmental changes) en in de individuele verschillen (individual differences) in keuze-
gedrag (decision making) en dan met name keuzegedrag in situaties waar uitkomsten onzeker 
zijn (under risk). In zes empirische hoofdstukken wordt keuzegedrag van deelnemers van 
verschillende leeftijden, variërend van 5 tot 35 jaar oud, bestudeerd. De data-analyses in dit 
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proefschrift zijn gericht op het vinden van verschillen in de ontwikkeling (over leeftijd) en 
individuele verschillen (latente-klasse-analyse; economische keuzemodellen) in keuzegedrag. 
Daarnaast worden fysiologische maten zoals hartslag en hersenactiviteit geanalyseerd. Hart-
slag is gelinkt aan het autonome zenuwstelsel en is gevoelig voor saillante gebeurtenissen in 
onze omgeving, zoals het verwerken van de uitkomst van een keuze. Hersenactiviteit wordt 
gemeten met functional magnetic reasonance imaging (fMRI). Hierbij wordt gekeken naar 
de locatie van zuurstofrijk bloed in het brein tijdens het uitvoeren van een keuzetaak. Deze 
methodes bieden de mogelijkheid om de mechanismen die ten grondslag liggen aan keuze-
gedrag te onderzoeken.

Focus en Theorieën 
Aan de basis van dit proefschrift staan enkele invloedrijke psychologische theorieën. In één 
van deze theorieën staat het principe van een duaal systeem centraal, waar gedrag gezien 
wordt als het resultaat van enerzijds motivationele-affectieve processen die gericht zijn op 
het verkrijgen van beloning en anderzijds controlerende processen die gedrag reguleren 
en richten op lange-termijn doelen. Kort door de bocht, wordt het eerste systeem ook wel 
het affectieve systeem genoemd en het tweede systeem het cognitieve-controle systeem. De 
twee systemen zijn in de neurowetenschappen gekoppeld aan verschillende hersengebieden. 
Limbische, subcorticale, evolutionair oudere structuren van het brein worden voornamelijk 
geassocieerd met het motivationeel-affectieve systeem (zoals het striatum), terwijl relatief re-
cent ontwikkelde, corticale hersengebieden voornamelijk geassocieerd worden met regulatie 
en controle (zoals de prefrontale cortex). 

Een aantal van de subcorticale gebieden, gerelateerd aan het affectieve systeem, blijken 
gemiddeld eerder ‘uitgegroeid’ te zijn dan prefrontale gebieden, die doorrijpen tot in de vol-
wassenheid (Giedd et al., 1999; Gogtay et al., 2004; Sowell et al., 2002; 2003). Er wordt ver-
ondersteld dat deze verschillende ontwikkelingstrajecten kunnen leiden tot een disbalans tus-
sen affect en controle (Casey et al., 2010; Steinberg et al., 2007). Deze disbalans zou met name 
optreden gedurende de adolescentie, waardoor affectieve impulsen gemakkelijk de overhand 
zouden kunnen krijgen over controleprocessen. Deze disbalans in affectieve versus controle 
processen zou een verklaring zijn voor het verhoogde risicogedrag in de adolescentie. Echter 
niet alle adolescenten laten een piek zien in risicogedrag en er zijn grote individuele ver-
schillen tussen adolescenten in mate van risicogedrag. Een aantal studies in dit proefschrift 
onderzoekt daarom de invloed van affectieve en cognitieve-controle processen op keuzege-
drag van kinderen en adolescenten. Ook worden ontwikkelingsverschillen in hersenactiviteit 
onderzocht in hersengebieden die betrokken zijn bij keuzegedrag (hoofdstukken  2 tot 4 en 
hoofdstuk 6). 

Een andere focus van dit proefschrift is de ontwikkeling van ‘counterfactuele’ emoties. 
Counterfactuele emoties zijn emoties die zijn geassocieerd met ‘wat had kunnen zijn’ (Roese 
et al., 1997). ‘Spijt’ is een counterfactuele emotie die kan voorkomen als een niet-gekozen 
optie beter is dan de eigen keuze, terwijl ‘opluchting’ kan voorkomen als een niet-gekozen op-
tie slechter is dan de eigen keuze. Het kunnen inleven in en het ervaren van counterfactuele 
emoties is een complexe vaardigheid, omdat de werkelijkheid die ‘is’ vergeleken moet worden 
met een alternatieve werkelijkheid die ‘had kunnen zijn’. Spijt en opluchting zijn belangrijke 
emoties in keuzegedrag en leren, maar over het ontwikkelingsverloop van deze counterfac-
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tuele emoties is nog maar weinig bekend. Eén van de studies in dit proefschrift onderzoekt 
daarom de ontwikkeling van de emoties spijt en opluchting over de kindertijd (hoofdstuk 5).

Een laatste focus in dit proefschrift is op keuzestrategieën. Mensen kunnen verschillen in 
de manier waarop ze een keuze maken (Russo & Dosher 1983; Vlaev et al., 2011). Een opti-
male keuzestrategie zou zijn om alle aspecten van een optie om te rekenen tot een bepaalde 
integratieve ‘waarde’ (vergelijkbaar met verwachte waarde in de economie). Een optimale 
keuze is om te kiezen voor de optie met de hoogste waarde. Een andere keuzestrategie is 
het toepassen van een vuistregel, een zogeheten heuristiek. Een voorbeeld van een heuris-
tiek is een strategie waarin alle aspecten van een optie worden gesorteerd op belangrijkheid 
(bijvoorbeeld eerst winst, dan verlies, dan kans). Per aspect kunnen vervolgens de opties 
vergeleken worden. Wanneer de keuzeopties voldoende verschillen op een belangrijk aspect, 
dan is dat doorslaggevend voor de keuze. Deze vuistregels zijn misschien niet altijd ‘optimaal’, 
maar worden wel gedefinieerd als snel en doelmatig (Gigerenzer & Goldstein, 1996). 

Voor ontwikkelingspsychologen klinken deze verschillen in keuzestrategieën wellicht 
vergelijkbaar met Piagetiaanse ideeën over de ontwikkeling van het kind. Gedurende de 
ontwikkeling zouden een aantal fases worden doorlopen, waarbij kinderen beginnen met het 
vormen van simpele regels om de wereld te begrijpen. In de kindertijd vormen we meer com-
plexere regels die rekening houden met steeds meer aspecten van een probleem, voordat men 
een correcte integratie kan maken van al deze aspecten (Siegler et al., 1996). Een concreet 
voorbeeld is een balansschaal, waar zowel afstand als gewicht een rol spelen in welke arm naar 
beneden gaat. Een correcte integratie van afstand en gewicht zal uiteindelijk altijd de juiste 
beweging van de balans voorspellen, maar kinderen gebruiken aanvankelijk een simpele regel 
die alleen let op het aantal gewichten. In dit proefschrift onderzoeken we hoe taakaspecten 
(bijvoorbeeld ‘warme’ versus ‘koude’ keuzetaken) keuzestrategieën beïnvloeden en in welke 
mate individuele verschillen in keuzestrategieën voorkomen. Daarnaast wordt onderzocht 
welke hersengebieden actief worden bij het gebruik van verschillende keuzestrategieën.

Resultaten Affect en Controle
Hoofdstukken 2-4 beschrijven studies met keuzetaken die variëren in motivationeel-affec-
tieve processen (door het presenteren van onmiddellijke uitkomsten) en cognitieve-controle 
processen (door het geven van expliciete keuze informatie). Hoofdstuk 2 laat zien dat ado-
lescenten over het algemeen vrij complexe en gunstige strategieën kunnen gebruiken in een 
‘koude’ keuzetaak, maar dat in de ‘warme’ keuzetaak minder gunstige strategieën worden ge-
bruikt. Dus ook al zijn adolescenten in staat een risicovolle keuzetaak goed te begrijpen, in 
een affectievere situatie kunnen ze opeens vrij ongunstige keuzes maken. In hoofdstuk 3 
is keuzegedrag van kinderen, adolescenten en volwassenen vergeleken tussen een expliciete 
(informed) en niet-expliciete (noninformed) keuzetaak. In de niet-expliciete taak (waar je 
de winst, verlies en kansen moet leren) verbetert keuzegedrag tot in de jong-volwassenheid. 
In de expliciete taak (waar winst, verlies en kansen expliciet gepresenteerd worden) kiezen 
kinderen echter al de gunstigste opties (hoogste totale winst). Wel is er nog enige verbete-
ring van keuzegedrag te zien over leeftijd. Verdere analyses laten zien dat in de niet-expliciete 
taak, kinderen, in tegenstelling tot adolescenten en volwassenen, vaker wisselen van keuze 
na het ervaren van een verlies. Dit patroon was ook aanwezig in de expliciete taak, maar in 
mindere mate. Meer belasting van cognitieve-controle processen, zoals werkgeheugen, leidt 
dus tot een minder voordelige strategie op de lange termijn (een vrij impulsieve ‘lose-shift’ 
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strategie) bij kinderen. Deze resultaten tonen dus aan dat kinderen en adolescenten goed om 
kunnen gaan met een risicovolle (warme) keuzetaak, als cognitieve-controle processen, zoals 
werkgeheugen, maar niet te zwaar belast worden.

In hoofdstuk 4 is verder onderzocht hoe kinderen, jong-adolescenten en volwassenen 
reageren op verlies. Hartslag is daarvoor een uitstekende maat, omdat deze maat een gevoe-
lige indicatie is voor de verwerking van uitkomsten. Hartslag vertraagt enigszins wanneer 
iemand een uitkomst ervaart die ‘erger is dan verwacht’ (zoals een verlies), wat gezien wordt 
als een leersignaal voor het aanpassen van gedrag. In een niet-expliciete keuzetaak vertraagde 
de hartslag van kinderen en jong-adolescenten niet tot nauwelijks na een verlies, in tegenstel-
ling tot die van volwassenen. Dit geeft aan dat de jongere deelnemers minder goed kunnen 
leren welke uitkomsten te verwachten. In de expliciete taak lieten echter alle leeftijdsgroepen 
een vertraging zien van hartslag na een verlies. Dit geeft aan dat alle leeftijdsgroepen uitkom-
sten goed kunnen verwerken, maar dat het leren van de juiste keuze op basis van verlies en 
winst moeilijk is voor de kinderen en jong-adolescenten.

De periode van de adolescentie wordt vaak geassocieerd met een verhoogde gevoelig-
heid voor beloning en risico. In hoofdstuk 6 is hersenactiviteit bestudeerd in een risicovolle 
(expliciete) keuzetaak die kinderen, adolescenten en volwassenen hebben uitgevoerd in een 
MRI-scanner. Zo is onderzocht welke hersengebieden actief worden tijdens het maken van 
een keuze (risicovol of niet) en tijdens het zien van een keuze uitkomst (winst of verlies). 
Door het toepassen van een ‘risk-return’ model is er getracht de gevoeligheid voor ‘return’ 
(verwachte waarde = gemiddelde waarde van een keuze) te scheiden van de gevoeligheid voor 
‘risico’ (= variabiliteit in mogelijke uitkomsten). De resultaten lieten zien dat naarmate je ou-
der wordt keuzegedrag meer beïnvloed werd door de waarde van een keuze (return). Dit ging 
gepaard met een toename in hersenactiviteit in hersengebieden die geassocieerd zijn met het 
coderen van waarde en beloning, zoals de ventrale medial prefrontale cortex en het striatum. 
Ook de gevoeligheid voor risico nam toe met leeftijd: het keuzegedrag van kinderen werd 
weinig beïnvloed door risico. Adolescenten en volwassenen daarentegen vonden meer risico 
over het algemeen niet aantrekkelijk (maar individuele verschillen waren vooral aanwezig 
bij de adolescenten). Hersenactiviteit geassocieerd met risico liet een piek zien in de adoles-
centie, waar adolescenten in vergelijking met kinderen en volwassenen de meeste hersen-
activiteit lieten zien in hersengebieden belangrijk voor de integratie tussen affect en controle 
(insula en dorsale mediale prefrontale cortex). Verdere bevindingen waren dat adolescenten 
niet méér hersenactiviteit lieten zien na winst, in vergelijking met kinderen en volwassenen. 
Daarentegen vonden we wel dat hersenactiviteit geassocieerd met verlies toenam met leeftijd, 
en dat een aantal corticale hersengebieden het sterkst reageerden op verlies bij adolescenten, 
in vergelijking met kinderen en volwassenen.

Resultaten Spijt
In hoofdstuk 5 is de ontwikkeling van de counterfactuele emoties spijt en opluchting onder-
zocht bij kinderen en jong-adolescenten. Een latente-klasse analyse (een analyse die deelne-
mers groepeert op basis van hun respons-patroon) gaf twee groepen aan in de data: een groep 
die spijt en opluchting liet zien en een groep die weinig spijt en opluchting liet zien in de 
keuzetaak. Oudere kinderen zaten vaker in de ‘spijt en opluchting’ groep. Een aantal 5-jarigen 
behoorde echter al tot deze groep. Daarnaast bleek redeneervermogen positief gerelateerd 
aan het ervaren van counterfactuele emoties. Deze resultaten geven aan dat vanaf een jonge 
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leeftijd counterfactuele emoties kunnen worden ervaren, maar dat er individuele verschillen 
zijn binnen leeftijdsgroepen in de ontwikkeling van deze emoties. Deze verschillen kunnen 
deels worden verklaard door verschillen in ‘cognitieve’ vaardigheden, zoals redeneervermo-
gen.

Resultaten Keuzestrategieën
In hoofdstuk 7 werd onderzocht of individuele verschillen in keuzestrategie gerelateerd zijn 
aan verschillen in hersenactiviteit. Twee groepen volwassenen maakten een keuzetaak in de 
MRI-scanner: één groep gebruikte een meer integratieve (‘waarde’) strategie, terwijl de an-
dere groep een ‘vuistregel’ gebruikte, een strategie die niet gebaseerd was op integratie van 
aspecten. De resultaten gaven aan dat deelnemers die een integratieve strategie gebruikten, 
hersenactiviteit lieten zien in gebieden die waarde coderen en belangrijk zijn voor calculaties 
(zoals de ventrale mediale prefrontale cortex en de pariëtale cortex). Deelnemers die niet-
integratieve strategieën gebruikten, lieten daarentegen voornamelijk hersenactiviteit zien in 
gebieden die gerelateerd zijn aan conflict-detectie en onzekerheid. Een interessant gegeven is 
dat een simpelere, niet-integratieve strategie soms leidt tot dezelfde keuze als een integratieve 
strategie. Zelfs op items waar de keuze niet verschilde tussen de verschillende strategieën, liet 
hersenactiviteit wel verschillen zien. Dit geeft dus aan dat hersenactiviteit gerelateerd was aan 
de strategie die deelnemers gebruikten en niet alleen aan de keuze die ze uiteindelijk maakten.

Conclusies
De bevindingen van deze studies geven aan dat kinderen en adolescenten zeker in staat zijn 
om goede keuzes te maken in risicovolle situaties, maar vooral in ‘koude’ situaties (zonder 
directe uitkomsten) en in situaties waar alle opties expliciet worden weergegeven. In deze 
gedragsresultaten vinden we weinig ondersteuning voor de veronderstelling dat specifiek 
adolescenten ongunstige of risicovolle keuzes maakten. In de gebruikte keuzetaken lijken ado-
lescenten eerder gevoelig voor risico en verlies. Deze resultaten geven dus een genuanceerd 
beeld van het typisch verwachte adolescentengedrag. Hoe deze resultaten gerelateerd zijn aan 
het dagelijkse (risico)gedrag van deze jongeren is een belangrijke stap voor vervolganalyses. 
Daarnaast blijkt uit deze set van studies dat er grote individuele verschillen zijn binnen leef- 
tijdsgroepen, zowel in keuzestrategie, als in de ontwikkeling van ‘counterfactuele’ emoties. 
Een verdere karakterisatie van individuele verschillen is een uitdaging voor vervolgonder-
zoek. 

Samengevat laten deze studies zien dat individuele verschillen en verschillen in context 
belangrijk zijn voor het begrijpen van veranderingen in (risicovol) keuzegedrag over leeftijd. 
Uiteindelijk zijn deze resultaten een begin van toekomstige stappen, zoals het ontwikkelen 
van programma’s om gunstig keuzegedrag te stimuleren en ongunstig, risicovol, keuzegedrag 
te beperken.
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