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Chapter 6

Neural Correlates of Expected Risks 
and Returns in Risky Choice across 
Development

This chapter is based on:

Van Duijvenvoorde, A.C.K, Huizenga, H.M., Somerville, L.H., Delgado, M., Powers, A., 
Weeda, W.D., Casey, B.J., Weber, E.U., & Figner, B. Neural Correlates of Expected Risks 
and Returns in Risky Choice across Development. In preparation.



80

6

N
eu

ra
l C

or
re

la
te

s 
of

 R
isk

s 
an

d 
Re

tu
rn

s

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 
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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.



92

6

N
eu

ra
l C

or
re

la
te

s 
of

 R
isk

s 
an

d 
Re

tu
rn

s Obtained Gains and Losses
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.
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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




