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a b s t r a c t
Advice taking helps one to quickly acquire knowledge and make
decisions. This age-comparative study (in children [8- to 10-yearolds], adolescents [13- to 15-year-olds], and adults [18- to 22year-olds]) investigated developmental differences in how advice,
experience, and exploration influence learning. The results showed
that adolescents were initially easily swayed to follow peer advice
but also switched more rapidly to exploring alternatives like children. Whereas adults stayed with the advice over the task, adolescents put more weight on their own experience compared with
adults. A social learning model showed that although social influence most strongly affects adolescents’ initial expectations (i.e.,
their priors), adolescents showed higher exploration and discovered
the other good option in the current task. Thus, our model resolved
the apparently conflicting findings of adolescents being more and
less sensitive to peer influence and provides novel insights into
the dynamic interaction between social and individual learning.
Ó 2018 Elsevier Inc. All rights reserved.

Introduction
Advice taking can foster learning and decision making, particularly if decisions are complex and the
given information is incomplete (Biele, Rieskamp, Krugel, & Heekeren, 2011). For instance, when you
⇑ Corresponding author at: Department of Education and Psychology, Freie Universität Berlin, 14195 Berlin, Germany.
E-mail address: buritica@zedat.fu-berlin.de (J.M. Rodriguez Buritica).
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0022-0965/Ó 2018 Elsevier Inc. All rights reserved.
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arrive in a new city and must pick a restaurant for dinner, to make a more informed decision, you ask
others who have previously visited this city for advice. After following the initial advice, you might
also start gathering firsthand experience. For instance, after visiting the recommended restaurant a
few times, you might learn that you do not like it that much and start exploring other options.
Taking advice is a common form of social learning1 and influences one’s own subsequent learning
experiences (Biele et al., 2011; Biele, Rieskamp, & Gonzalez, 2009; Goodyear et al., 2016). However,
the degree to which social information and one’s own experience are used in learning varies significantly
across development (Rodriguez, Heekeren, Li, & Eppinger, 2018). Adolescents in particular show a specific susceptibility to social influence, particularly to that of their own peers (Albert, Chein, & Steinberg,
2013; Rodman, Powers, & Somerville, 2017; Sebastian, Viding, Williams, & Blakemore, 2010). In this
study, we aimed to better understand how this adolescent-specific susceptibility to peer influence
shapes adolescents’ subsequent learning behavior and decision making.
Developmental differences in susceptibility to social influence
Recent experimental studies have started to outline developmental differences in how susceptibility to social influence shapes behavior (Lourenco et al., 2015; Monahan, Steinberg, & Cauffman, 2009;
Steinberg & Monahan, 2007; Steinberg, 2008; Sumter, Bokhorst, Steinberg, & Westenberg, 2009). Consistent with conventional wisdom, these studies show that social information becomes increasingly
influential on behavior during adolescence, particularly when it comes from peers (Albert et al.,
2013; Blakemore & Mills, 2014; Jones et al., 2014). More specifically, the tendency to rely on social
information is particularly prominent during early adolescence (lasting until approximately 15 years
of age; see also Blakemore & Mills, 2014; Gardner & Steinberg, 2005; Gunther Moor, van Leijenhorst,
Rombouts, Crone, & Van der Molen, 2010; Sebastian et al., 2010). Many of these experimental studies
compared behavior in the presence or absence of a passively observing peer (Cascio et al., 2015; Chein,
Albert, O’Brien, Uckert, & Steinberg, 2011; Gardner & Steinberg, 2005; Powers et al., 2018; Somerville
et al., 2018). However, adolescents often make important decisions in the absence of peers, which
raises an important question—how, and for how long, does social information influence learning
and decision making when peers are no longer present?
Developmental differences in instruction- and experience-based learning
To date, little is known about how or for how long social information from peers affects adolescents’
learning and decision making. To our knowledge, only one study partly addressed this question. In this
study, Decker et al. showed that in a learning task adolescents relied less on intentionally false instructions compared with adults (Decker, Lourenco, Doll, & Hartley, 2015). Instead, adolescents relied more
on their own experience than on the feedback presented during the learning episode of the task. The
authors suggested that instruction biases learning through the top-down influence of the prefrontal
cortex and that, due to decreased striatal–prefrontal connectivity (Imperati et al., 2011; Liston
et al., 2006), adolescents are less influenced by instructions.2 However, developmental differences during instruction-based learning could also have led to behavioral differences in this study. For instance,
developmental differences in explorative behavior during learning can contribute to a reduced instruction bias in children and adolescents. Previous research has shown that children and adolescents explore
more options than adults (Christakou et al., 2013). Thus, adolescents might have learned earlier that the
instructions were false and that better options were available, which raises another important issue. If
1
Previous studies have shown that advice and social information via observation, written advice, or spoken advice can influence
participants’ choices and that their influence does not necessarily depend on direct personal interaction (Biele et al., 2009, 2011;
McElreath et al., 2008). Moreover, use of good advice (i.e., if the advice is reliable) does not even depend on whether the advice is
received from a machine or a human agent (see Goodyear et al., 2016).
2
In contrast to task instructions that contain necessary information that participants should use for doing an experimental task,
advice (from another human) contains social information that is more optional information that participants could use for doing a
specific task. Bonaccio and Dalal (2006) defined advice as ‘‘recommendation, from the advisor, favoring a particular option” (p.
128). Furthermore, the authors noted that ‘‘the person who receives the advice . . . must decide what to do with it” and is
‘‘responsible for making the final decision” (p. 128).
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we want to understand how social information affects adolescents in the absence of peers, we must
understand how it interacts with their own experience, particularly given the well-established findings
on developmental differences in learning from experience (Crone, Richard, & Van der Molen, 2004;
Crone, Somsen, Zanolie, & Van der Molen, 2006; Eppinger, Mock, & Kray, 2009; Ferdinand & Kray,
2014; Hämmerer, Li, Müller, & Lindenberger, 2010; van den Bos, Cohen, Kahnt, & Crone, 2012; van
Duijvenvoorde, Zanolie, Rombouts, Raijmakers, & Crone, 2008). One consistent result from these studies
is that performance increases across adolescence. In addition, these studies show that children have
greater difficulty in using negative feedback for learning (Crone et al., 2004; Eppinger et al., 2009;
Hämmerer et al., 2010; van den Bos et al., 2012; van Duijvenvoorde et al., 2008). Thus, to understand
the unique and lasting effect of social information on adolescent behavior, we also must consider developmental differences in experience-based learning.
The current study
To resolve these outstanding issues, we used a specifically designed social reinforcement learning
(RL) task in combination with computational modeling. The task involves both social information- and
experience-based learning (modified Iowa Gambling Task after Biele et al., 2011). Computational models have the advantage that they can be used to test different theories about the latent processes that
underlie social influence and learning (van den Bos, Bruckner, Nassar, Mata, & Eppinger, 2018).
In the current task, participants (children, adolescents and adults) needed to choose one of four card
decks that were associated with gains and losses (see Fig. 1A). Unbeknownst to the participants, two of
the four decks were associated with higher expected positive values (‘‘good decks”) than the other two

A
Advised
Deck:
B

max. 4 s

B
C

A
D

1s

53

C

A

1s

D
+

B

Mean (payoff)

Good Decks
Bad Decks

Fig. 1. Experimental design. (A) Participants received advice before they were asked to play a four-armed bandit task. Each trial
started with the presentation of four card decks, one of which needed to be selected within a maximum of 4 s. Thereafter, the
associated feedback was presented. Before a new trial started, a fixation cross was displayed for 1 s. (B) Payoff distribution (i.e.,
different payoff values on the  axis displayed per frequency on the y axis) and average payoff for the bad decks (in red) and the
good decks (in blue). Error bars represent standard errors of the mean. (For interpretation of the references to color in this figure
legend, the reader is referred to the Web version of this article.)

42

J.M. Rodriguez Buritica et al. / Journal of Experimental Child Psychology 180 (2019) 39–54

(‘‘bad decks”) (see Fig. 1B). At the beginning of the experiment, participants received good advice (i.e.,
for one of the good decks) from a same-aged peer. After the advice was given, the participants were free
to draw from each of the decks as often as they liked. Both good decks were equally good (equal payoff
distributions); thus, if the participants explored the other decks, they could over time learn that there
was another equally good deck. Furthermore, if the initial advice was completely ignored, participants
were expected to draw equally often from each of the good decks. However, Biele et al. (2011) showed
that, using the exact same task, adults keep preferring the advised good deck. Thus, the task was
designed such that the extent to which the other good deck is selected captures the influence of the
advice. In that sense, the other good (nonrecommended) deck served as a ‘‘nonsocial” condition. Finally,
we used computational modeling to separate the effects of advice, experience (positive and negative),
and exploration on learning behavior (for more details on models, see Method). As noted above, each of
these aspects could contribute to developmental differences in following advice.
Based on previous studies, we expected the susceptibility to peer influence to peak in adolescents
(Steinberg & Monahan, 2007) compared with children and adults. Furthermore, we expected that
influence would be particularly strong at the beginning of the task before learning by experience took
over (Decker et al., 2015). In addition, we expected that throughout learning, children and adolescents
would show more exploration than adults (Christakou et al., 2013; Decker et al., 2015). Thus, the two
younger groups should be faster in discovering that there is another (equally) good deck in the experiment. Finally, children were expected to show less optimal performance overall due to their difficulty
in using negative feedback for learning (van Duijvenvoorde et al., 2008). We have developed several
computational RL models to capture the interaction among these different elements (social influence,
exploration, and experience; see Method for detailed model predictions).

Method
Participants
The effective sample of the study consisted of 25 adults aged 18–22 years (13 female; mean
age = 20.32 years, SD = 1.15), 24 adolescents aged 13–15 years (12 female; mean age = 13.71 years,
SD = 0.75), and 24 children aged 8–10 years (10 female; mean age = 9.08 years, SD = 0.83) (see online
supplementary material for a justification of age group selection). Our sample size estimation was
based on a study by van den Bos et al. (2012) that used a feedback-based learning task, similar RL
models to analyze the data (except that there was no advice), and comparable age ranges (see supplementary material for further details). In our analyses, we treated the groups as homogeneous developmental stages and used the contrast or group values shown in the linear (1, 0, 1), quadratic (1, 2,
1), and emergent (2, 1, 1) regression models. (Here, we follow standard practice in developmental
studies; see, e.g., van den Bos, van Dijk, Westenberg, Rombouts, & Crone, 2011.)
The data of 1 adult were excluded due to technical problems during data collection, and the data of
1 adolescent were excluded from further analyses due to many missing responses (2 standard deviations from the group mean). All participants had normal or corrected-to-normal vision, had no neurological or psychological disorders, and were native German speakers. Participants received
compensation of 15 Euros. Prior to the experiment, we obtained informed consent from the participants and their parents (in the case of children and adolescents). The study was approved by the ethics
committee of the Max Planck Institute for Human Development.
Participants took part in one behavioral session where we assessed psychometric covariate measures and performance in the advice task. Participants in each age group were tested with a small
group of strangers in the same room to make the social aspect of the task more salient. To control
for potential performance effects of viewing one another (Chein et al., 2011; Weigard, Chein, Albert,
Smith, & Steinberg, 2014), however, each participant was tested in a separate booth; participants
could neither see nor interact with the other participants in the study.
To ensure the age representativeness of our sample, general cognitive abilities of the sample were
described using (a) the numbers task (Gold, Carpenter, Randolph, Goldberg, & Weinberger, 1997) as an
indicator of working memory (WM) and (b) a short version of the CFT (Culture Fair Test; Weiß, 2006)
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as an indicator of fluid intelligence. The numbers task involved an auditory presentation of a mixed
series of alternating numbers that needed to be repeated in the correct or reversed order. The series
starts with a sequence of two numbers and on each step increases with one additional number. The
short version of the CFT involved completing a matrix of patterns in which one item is missing. As with
the Raven’s Progressive Matrices (Raven & Court, 1998), the difficulty of the patterns increases. Children had lower WM scores compared with adolescents and adults (children: M = 7.52, SD = 1.71; adolescents: M = 10.23, SD = 1.71; adults: M = 10.66, SD = 2.18), F(2, 70) = 19.77, p < .001, g2p = .36, whereas
adolescents and adults did not differ in their WM scores, t(48) = 0.87, p = .39. Fluid intelligence scores
increased with age (children: M = 9.56, SD = 2.68; adolescents: M = 12.29, SD = 2.25; adults: M = 13.48,
SD = 1.48), F(2, 70) = 20.57, p < .001, g2p = .37. These age differences are consistent with findings from
larger population-based lifespan samples (Li et al., 2004).
Experimental design
In the learning task (Biele et al., 2011; Peirce, 2007), participants were asked to choose one of four
card decks (see Fig. 1A) (according to Biele et al., 2011). The goal of the task was to maximize cumulative rewards. Participants could select one card deck within a maximal response time window of 4 s
and received feedback (displayed for 1 s) thereafter. After a short fixation cross was displayed for 1 s, a
new trial of a total of 210 trials started.
Unbeknownst to the participants, the four decks consisted of two more beneficial ‘‘good” decks and
two less beneficial ‘‘bad” decks (see Fig. 1B). Participants received one recommendation for one of the
good decks (counterbalanced across participants) at the beginning of the task. Thus, a preference for
the recommended deck over the other good deck would be a clear indicator of advice taking. Participants were told that another peer (who participated in a previous session) gave a recommendation
after they played the task. Unbeknownst to the participants, the advice was controlled by the experimenter and was always a good recommendation. Participants were verbally (and in writing)
debriefed about the fact that the social information was controlled by the experimenter. Although participants were not explicitly asked, no participants indicated that they did not believe the information
was from a previous participant.
Furthermore, to investigate the effect of advice following positive and negative feedback, each of the
four card decks (the two good ones and the two bad ones) was associated with 50% losses and 50% gains
(see frequency distribution of payoffs in Fig. 1B). The bad decks were associated with higher losses on
average, but also with slightly higher gains, than the good decks (see payoff distribution in Fig. 1B). The
resulting average payoff for the good decks was 10 points, whereas the payoff for the bad decks averaged 2.5 points (see Fig. 1B). Thus, selecting either of the two good decks would result in equal payoffs.
Data analysis
For the statistical analyses, we excluded trials that exceeded the response deadline (4 s) from further analyses (children: M = 7.42 trials, SD = 8.05; adolescents: M = 6.83 trials, SD = 7.56; adults:
M = 4.24 trials, SD = 5.09). Importantly, the three age groups did not differ from one another in terms
of missing responses, F(2, 70) = 1.439, p = .24, g2p = .04.
The preference for the recommended good deck (coded as 1) over the other good deck (coded as 0)
was analyzed with a mixed-effects logistic regression using the lme4 package in R (Bates, Mächler,
Bolker, & Walker, 2015) with independent predictors of age group (adults, adolescents, or children),
trial (1–210, z-transformed), and their interactions. We included per-participant and trial adjustments
to the intercept (random intercepts).3 To compare the outcomes of the different learning strategies, we
calculated expected payoff by multiplying the percentage of choices per deck times the average payoff of
that deck for 210 trials. To correct for multiple comparisons using multiple t tests, a Bonferroni correction was applied.
3
This logistic regression model fit the data best (BIC = 10,179) compared with (a) including only per-trial adjustments to the
intercept (BIC = 10,283) or (b) not including random intercepts (BIC = 11,347). All models revealed the same fixed effects and
interactions as reported in the article.
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General cognitive abilities were analyzed using univariate analysis of variance (ANOVA) and
independent-samples t tests. Effect sizes (g2p) are reported. Age differences in parameter estimates
of the best fitting model (i.e., ‘‘prior + bonus dual RL” model) were compared using multiple regression
analyses with the different age trends as a predictor (van den Bos, Rodriguez, Schweitzer, & McClure,
2015).
Modeling social influence
RL models have previously been used to capture the interaction among the different mechanisms
(advice, experience, and exploration) during social learning in adults (Behrens, Hunt, & Rushworth,
2009; Biele et al., 2009). To further separate the effects of advice, experience (positive and negative),
and exploration on behavior in the four-armed bandit task, we fit nine different RL models to the
behavioral data.
RL model
The basic RL model uses the prediction error to update the beliefs associated with each choice
option (e.g., Deck A, B, C, or D). The prediction error (dt) compares the current outcome (rt) with the
expected outcome (wt):

dt ¼ r t  wðiÞt
where w(i)t is the expectation associated with the chosen option i. Whenever feedback is better
(worse) than expected, the model will generate a positive (negative) prediction error, which is used
to increase (decrease) the predicted value for the chosen option w(i)t+1. The effect of the prediction
error on forming new beliefs is scaled by the learning rate (0 < a < 1):

wðiÞtþ1 ¼ wðiÞt þ a  dt
A high learning rate indicates that new information has a much stronger effect on future behavior
than less recent information (i.e., effect on advice).
To model trial-by-trial choices, we used the soft-max choice rule to compute the probability (P) of
choosing one of the decks (i.e., i) based on one’s own predictions about the outcomes of all decks j on
trial t (Montague, Hyman, & Cohen, 2004):

eðhwðiÞt Þ
PðiÞt ¼ PN
ðhwðjÞt Þ
j¼1 e
where h is a free parameter that indicates the sensitivity of the participant to the differences in decision weights. The lower the h parameter, the more exploratory the choices appear. Therefore, it was
our expectation that children and adolescents would show lower estimated values of the h parameter.
To test various models of social influence on these basic learning processes, we tested and compared
several learning models.
Bonus model
To investigate the influence of advice on learning, we compared models that implemented different
mechanisms in which advice influences behavior. First, previous studies in adults have suggested that
the recommended option is associated with a constant bonus (2011; Biele et al., 2009). Due to this
bonus, the recommended option remains attractive throughout the experiment. Thus, this model differs from the basic RL model by assuming that there is a constant bonus associated with choosing the
recommended option. Accordingly, the reward function was modified such that

r t ¼ rt þ ðkðiÞ  b  lÞ
where k(iÞ is an indicator function that takes the value 1 if optioni is recommended and the value 0 if
option i is not recommended. The b parameter captures the extent to which social influence (i.e.,
across all trials) leads to an outcome bonus (0 < b < 1), and l is the expected payoff from choosing
randomly among all options (i.e., 6.25 on average).
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Bonus + decay model
Next, we extended the simple bonus models with the assumption that the outcome bonus associated with the recommended option would decline over time, for instance, due to forgetting (bonus
+ decay RL). To model this waning influence of advice over time, we modulated the bonus parameter
as follows:

b¼ ðb  lÞ 

 p
1
t

where p is the free parameter that captures how quickly the effect of influence decays, with smaller
values indicating less decline (0 < p < 1). If forgetting played a role in social influence, we would
expect this effect to be the strongest for the youngest age groups.
Prior model
The prior RL assumes that the recommendation sets an initial strong positive expectation (prior) for
the recommended deck but has no further influence on choices. The initial reward expectation in the
prior model is defined as

wðrecommendedÞ0 ¼ q  l
where q captures the social influence on the prior expectations before sampling (on t = 0) and l is the
expected payoff from choosing randomly among all options (i.e., 6.25).
Given that we expected that adolescents were specifically most sensitive to the peer advice at the
beginning of the task, we predicted that they would have the highest estimated prior (qÞ but that all
age groups would show a similar effect of the advice bonus (bÞ.
Dual learning rate models
Based on previous developmental studies, we expected that gains and losses would be asymmetrically updated (Kahnt et al., 2009; van den Bos et al., 2012); thus, we extended all of the social influence models with two independent learning rates for positive feedback (apos) and negative feedback
(aneg). Here, we particularly expected to see higher negative learning rates for children compared with
the older age groups (van den Bos et al., 2012).
Mixed models
Finally, given that the bonus and prior mechanisms are not mutually exclusive, we tested mixed
prior + bonus models that assume people have an increased prior q for the recommended deck and
the recommendation is also associated with a constant bonus b. In total, this process resulted in a
model space of nine models that can capture different interactions among exploration (h), experience
(as), and social influence (b and q).
Note that for all models except the models with a prior, the decision weight (w) for each option was
always set to 0 at the beginning of the experiment. This approach reflects the assumption that the participants had the same expectation of rewards for each option at the beginning. In addition, following
Biele et al. (2009, 2011), all models assumed that participants who received advice would always
choose the recommended option in their first trial. This assumption was implemented by setting
the probability of choosing the recommended deck at 100% for the first trial.
Model fitting procedure
The free parameters of the models were individually estimated by fitting the model predictions to
the participants’ decisions (see supplementary material for further details on the model fitting procedure). For model selection purposes, we computed the Bayesian information criterion (BIC) across all
participants for the different models, where lower BIC values indicate better fit.4
4
We followed the standard practice of computing the total amount of evidence for each model and comparing it (Farrell &
Lewandowsky, 2018). In other words, all of the models fit on the individual level, but we transformed the summed log likelihood,
or model fit, of all participants together and then computed the model BIC.
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Results
Choice behavior
In a first step, we checked to what extent each deck was selected above chance level (i.e., 25%) averaged across all trials (i.e., 210) using one-tailed t tests. As seen in Fig. 2A, the adults and adolescents
selected the recommended deck above chance (ts > 2.60, ps  .01), but the children did not,
t(23) = 1.53, p = .14. The adolescents chose bad decks below chance (ts > 2.73, ps  .01), whereas
the adults and children did not (ts > 2.00, ps  .006) (see Fig. 2A). As expected, most individuals
selected the advised deck on the first trial (children: 85%; adolescents: 100%; adults: 86%).
In a second step, we compared how likely the recommended deck was to be selected over the other
good deck per trial using mixed-effects logistic regression. As seen in Fig. 2B, the recommended deck
was less likely to be selected over the other good deck by the children and adolescents compared with
the adults (b = 0.55) (see Table 1). With more sampling time, the recommended deck was less likely
to be chosen over the other good deck by the adolescents; that is, with each trial, the recommended
deck, rather than the other good deck, was selected less often by b = 0.16 (see Table 1 and Fig. 2B).
Finally, a post hoc test revealed that both adults and adolescents profited similarly equally by selecting
the good decks more frequently, showing no significant difference in expected payoff (p = .70) (see
Fig. 2C). Thus, only adolescents, but not adults, had a higher expected payoff compared with children
(p = .06 and p = .20, Bonferroni corrected, respectively).
Modeling social influence
The model comparisons yielded several important findings. First, as expected, the model comparisons showed that all social models were better than the baseline RL model (see Fig. 3A). Second,

Fig. 2. (A) Percentage chosen per deck and age group averaged over all 210 trials. Error bars represent standard errors of the
mean. (B) Percentage chosen of the recommended deck (in red) and the other good deck (in blue), presented by bin (of 5 trials
each) separately for each age group. Shaded areas represent standard errors of the mean. (C) Total payoff per age group. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Table 1
Summary of mixed-effects logistic regression.
95% CI for odds ratio

Intercept
Age.f2
Age.f3
Trial
Age.f2 * Trial
Age.f3 * Trial

B (SE)

Lower

Odds ratio

Upper

0.80***
(0.19)
0.45
(0.27)
0.55*
(0.27)
0.06
(0.05)
0.16**
(0.06)
0.05
(0.06)

1.54

2.23

3.25

0.38

0.64

1.07

0.34

0.58

0.98

0.86

0.94

1.03

0.76

0.86

0.96

0.93

1.05

1.19

Note. Here, the reference group is adults. Age.f2 compares adolescents with adults, and Age.f3 compares children with adults.
R2 = .143 (Tjur’s D). CI, confidence interval.
*
p < .05.
**
p < .01.
***
p < .001.

Fig. 3. Modeling social influence. (A) BICs for model comparison. The relative difference in BIC values for each model compared
with the model with the lowest overall BIC value is shown. The Bayes factor for comparing the best model (lowest BIC) and
second-best model is 6494, which indicates that the best fitting model is very strongly favored over all other models tested.
Note that this model is also the winning model if we performed these comparisons separately at the level of age groups. (B)
Parameter estimates for the prior + bonus dual RL model. Median estimates presented separately for the three age groups and
the two learning rates (again and aloss), exploration (h), prior (q), and bonus (b) are shown. Error bars represent standard errors of
the mean. Recovery analyses further confirmed these parameter estimates (see online supplementary material and Fig. S2). (C)
Age differences in the parameter estimates of the prior + bonus dual RL model. Age represents the linear trend, Age2 the
adolescent peak, and Age3 the adolescent emerging trend. *p < .05; **p < .01.
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consistent with previous findings (van den Bos et al., 2012), the dual learning rate models were generally better at capturing behavior than the single learning rate models (see Fig. 3A). Finally, social
influence was described by two separate processes: (a) an increased prior expectation (q) and (b) a
constant bonus (b) for the recommended option. Note that the parameter values were uncorrelated
(rPearson = .01, p = .99), suggesting that these processes can indeed be dissociated.
For further quality control, we simulated the behavior of the ‘‘prior + bonus dual RL” model (see
supplementary material and Fig. S1). For each age group, we simulated 100 agents using the medians
of the parameter fits for that group. The results of these simulations indicate that the model is adequately able to capture the qualitative difference in learning behavior observed in each age group
(e.g., the initial peak in adolescence; see supplementary material and Fig. S1).
To further explore the validity of the RL models and the model selection procedure, we performed
model recovery analyses (see supplementary material and Table S1). In these analyses, we check
whether data generated by one specific model will also result in the best model fit for that same
model. If that possibility is true, the model is ‘‘recoverable.” These analyses indicated that the different
computational models we compared indeed made distinguishable predictions about behavior and,
thus, that the model comparison is feasible.

Parameter estimates of the winning model
To better understand the processes that underlie age differences in behavior, we further investigated age differences in the parameter estimates (see Fig. 3C and supplementary material for further
details) reflecting the effect of advice, experience (positive and negative), and exploration.
Kolmogorov–Smirnov tests indicated that the distributions of model parameters deviated significantly
from a normal distribution (all ps < .001). For subsequent age analyses, all parameters were initially
transformed to approximate normality via the Box–Cox transformation.

Social influence
For all age groups, the bonus parameter (b) was significantly greater than zero (all ps < .001), indicating a consistent preference for the advised deck over the other good deck. Similarly, all age groups
showed a significantly large effect of the advice on setting higher prior expectations (q > 0) (all
ps < .001). However, only the prior, not the bonus, showed age-related differences. More specifically,
the adolescents’ increase in prior expectations based on advice was significantly greater than that of
both the children and adults (bquadratic = .14, t = 2.30, p = .025). This finding suggests that social influence most strongly affects adolescents’ initial expectations compared with children and adults (i.e.,
quadratic age pattern in priors) (see Fig. 3B). Thus, our findings support the view that adolescence
can be a developmental period with a particularly high susceptibility to social influence (Blakemore
& Mills, 2014; Jones et al., 2014; van Hoorn, van Dijk, Meuwese, Rieffe, & Crone, 2016).

Exploration
As expected, there was a significant linear increase in the choice sensitivity parameter (h)
(blinear = .05, t = 3.03, p = .003), indicating that the older participants showed less exploratory behavior
than the younger participants.

Experience
As seen in Fig. 3B, we found no significant age trend for the learning rate associated with gains
(awin); however, consistent with previous studies (van den Bos et al., 2012), we found that the children
had a higher learning rate for negative outcomes compared with the adolescents and adults
(aloss : bemerging = .28, t = 2.08, p = .041), indicating that they were more sensitive to negative feedback
than the other age groups. A high learning rate indicated that new experiences have a much stronger
effect on future behavior than less recent experiences (i.e., effect of advice on experiences).
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Model simulations
Next, we explored how these group-level strategies would fare in different environments, extrapolating based on our modeling results. More specifically, we simulated participant behavior, based on
our parameter estimates, in an environment where there was another deck that was better than the
recommended deck and in an environment where the other deck was worse. Given that the adolescents appeared to be the only participants who learned that there was another good deck in the original experiment, we expected their strategy to be particularly advantageous when simulating their
behavior in an environment that included a better alternative. Indeed, as expected, the simulations
indicated that the adolescents would be quicker at switching from the recommended deck to the optimal deck (see Fig. 4A). However, this behavior would not occur when the alternative was worse (see
Fig. 4B). In that case, the exploratory behavior of the children and adolescents would be costly (see
Fig. 4B).

Discussion
In this developmental study, we used a four-armed bandit task that included peer advice in children (8–10 years old), adolescents (13–15 years old), and young adults (18–22 years old). As expected,
all age groups followed the advice at the beginning of the task; however, after a few trials, the behavior of the different age groups started to diverge. The most salient developmental differences suggest

Fig. 4. Model simulations. Simulated data using the best-fitting model and the median parameter values for each group are
shown. The simulations are the result of 210 trials and 100 iterations. Shaded areas represent standard errors. (A) Simulation:
Better alternative. Simulations in an environment where the other good deck was better than the recommended deck are
shown. That is the expected value (EV) was slightly higher for the other good deck (EVadvised = 10 and EValternative = 12.5). The
blue line represents choices from the recommended deck, and the red line represents the better alternative. Total payoff per age
group for the better alternative is shown. Payoff is calculated by multiplying the percentage of choices per deck times the
expected value (times number of trials [n = 210]). When there was a better alternative, the adolescents had a slight advantage
over the adults. (B) Simulation: Worse alternative. Simulations in which the recommended deck was better than all other decks
are shown. Again, the blue line is the recommended deck (EVadvised = 10) and the red line is the worse alternative
(EValternative = 7.5). Total payoff per age group for the worse alternative is shown. Payoff is calculated by multiplying the
percentage of choices per deck times the expected value (times number of trials [n = 210]). (For interpretation of the references
to color in this figure legend, the reader is referred to the Web version of this article.)
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that (a) adolescents are initially the most sensitive to advice, (b) adults most consistently follow
advice, (c) younger participants’ behavior is more exploratory, and (d) children have more difficulty
in handling negative feedback during learning. Finally, these developmental differences were best
described by a specific computational social influence model. This model provides more detailed
insight into developmental differences underlying advice taking, learning from experience (positive
and negative), and exploration. In addition, the model made the interesting prediction that adolescents’ behavior can be optimal in certain environments. These novel findings are discussed in more
detail below.
Developmental differences in susceptibility to social influence
Participants of all ages benefited from receiving good advice; however, consistent with previous
developmental findings, the adolescents showed the highest susceptibility to peer influence (Chein
et al., 2011; van Hoorn et al., 2016). More specifically, our analyses suggest that social influence most
strongly affects adolescents’ initial expectations compared with children and adults. That is, we found
a quadratic age pattern in the prior parameter q (see Fig. 3B). Thus, our findings support the view that
adolescence can be a developmental period with a particularly high susceptibility to social influence
(Blakemore & Mills, 2014; Jones et al., 2014; van Hoorn et al., 2016). However, a recent study by
Decker et al. (2015) also showed that for adolescents social influences might not have a longlasting effect. Indeed, when we examine the behavior at the end of the task, we no longer observe adolescents choosing the advised option more often than the other good deck. Conversely, the adults
showed a more consistent influence of advice over time. However, the modeling results show that
for all age groups the advice had a similar long-lasting effect on choices (bonus parameter b did not
show any age trends). Our modeling results suggest that further developmental differences in the
effects of advice are due to differences in exploration- and experience-based learning.
Developmental differences in exploration
Consistent with previous developmental studies (Christakou et al., 2013; Decker et al., 2015), the
children and adolescents showed more exploratory behavior compared with the adults (i.e., linear
age pattern in sensitivity parameter h) (see Fig. 3B). Higher exploration rates are assumed to be linked
to the protracted maturation of prefrontal cognitive control functions (Decker et al., 2015; ThompsonSchill, Ramscar, & Chrysikou, 2009). Exploratory behavior in itself has many positive aspects, particularly in dynamic and unknown environments, and has been suggested to be an important adaptation
in human development (Spear, 2000; Thompson-Schill et al., 2009) because this type of exploration
aids in the learning of behavior relevant for adult functioning (Spear, 2000).
Indeed, in the current task, the exploratory behavior of the adolescents might have resulted in a
benefit. That is, the adolescents increasingly selected the other good deck with learning and chose
the bad decks below chance level (which was not true for the other two age groups) (see Fig. 2A). This
observation suggests that their exploration might have led them to learn more about the expected
value of each of the decks. Thus, adolescents ultimately used a strategy that led to an increased likelihood that both good decks, not only the recommended deck, were chosen more often than the bad
decks (see Fig. 2B). Our simulations further supported this hypothesis (see Fig. 4A). That is, if the other
good deck was associated with even higher expected values than the recommended deck, the adolescents’ higher exploratory behavior would lead to higher learning rates compared with the adults’
behavior and to higher total payoffs within the task (see Fig. 4A).
These findings highlight the importance of considering (a) the structure of the environment and (b)
the age of the learner when making normative statements about certain types of behavior. This idea is
consistent with findings showing that more goal-directed model-based learning strategies, as opposed
to more reward-directed model-free learning strategies, apply differently in certain types of environments (Kool, Cushman, & Gershman, 2016; Kool, Gershman, & Cushman, 2017) and develop across
adolescence (Decker, Otto, Daw, & Hartley, 2016; Potter, Bryce, & Hartley, 2017). Future studies that
use different learning environments are needed to further explore the possible harms and benefits
of adolescent versus adult learning strategies.
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Developmental differences in experience-based learning
Finally, although the children also showed increased exploratory behavior, this change did not
result in their choosing the other good deck more often (see Fig. 2). This finding might be the result
of children’s difficulties with using negative feedback for learning compared with adolescents and
adults (Crone et al., 2004; van den Bos et al., 2012; van Duijvenvoorde et al., 2008). Our modeling
results support this view by showing higher learning rates for losses in the children compared with
the other two age groups (i.e., emerging age pattern in negative learning rate aloss) (see Fig. 3B). Children’s stronger reactivity to negative feedback has been linked to increased shifting behavior
(Christakou et al., 2013), to a reduced capability to differentiate between response-dependent and
uninformative negative feedback (Crone et al., 2004), to larger electrophysiological responses with
respect to negative feedback (i.e., reflected in an enhanced feedback-related negativity compared with
older age groups; Eppinger et al., 2009; Hämmerer et al., 2010), and higher negative learning rates in
older age groups (Kahnt et al., 2009; van den Bos et al., 2009), indicating their difficulty in efficiently
adapting their behavior to negative feedback signals. Thus, children might be less able to assess the
information value of negative feedback and, therefore, less able to use these experiences to form accurate beliefs about future outcomes (van Duijvenvoorde et al., 2008). Our modeling results support this
view by showing higher learning rates for losses (aloss) in the children compared with the other two
age groups (see Fig. 3B). Previous studies suggested that children’s performance decreases as the probability of negative feedback increases (Eppinger et al., 2009).
In summary, although the children weighted (negative) experience more heavily than weight
advice, they were not able to benefit from their experience to the same degree as the adolescents
in this learning environment. In contrast, a combination of higher exploration rates and negative
learning rates might have contributed to their overall lower performance. Future studies are needed
to tease apart how much of children’s learning deficit is driven by exploration and how much is driven
by developmental differences in using negative feedback.
Limitations and future directions
Our findings provide unique insights into developmental differences underlying learning from
advice and experience. However, in our experiments, social information was given once from an
anonymous peer within each age group, and the recommendation was always good and controlled
by the experimenter. This reliability might have affected the perception of the quality of advice. In
addition, we did not include a measure about the belief of our participants in others’ advice. Future
studies should follow up on this potential variation by assessing more details about participants’
beliefs in advice. Such an exploration might, for instance, further explain differences between how
much peer manipulations affect behavior across development.
Furthermore, it would be interesting to examine whether adolescents’ early sensitivity to good
advice is specific to the identity of the source and to examine developmental differences in how advice
taking depends on the expertise and quality of the advice. For instance, would the effect of advice be
different or similar when it comes from peers versus adults or from an anonymous other (or even from
a computer)? This investigation could be particularly important for school settings in which children
and adolescents must learn from recommendations of teachers and peers. In school, peers also differ
in popularity status, something that becomes extremely salient for the adolescents (Cillessen & Rose,
2005). Future studies would benefit from exploring how effects of advice on adolescent learning
depend on the status of peers. One could speculate that the prior might be higher for high-status peers
that could also influence the exploration of alternatives differently, whereas the reverse pattern might
be observable for the advice of low-status peers.
Finally, we compare adolescents with prepubertal children and adults. However, adolescence is a
very dynamic period that is marked by great changes in pubertal hormone levels, including an
increase in the secretion of adrenal androgens and gonadal steroids. Recently, it has been suggested
that these hormones might play an important role in how adolescents process social information
(Blakemore, Burnett, & Dahl, 2010; Forbes & Dahl, 2010). Therefore, it might be of specific interest
to study the effect of these hormones on social influence parameters.
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When transferring the current findings to an applied context, one tempting interpretation of our
results is that educational intervention programs should be aware of developmental differences in
using instruction and experienced feedback for learning. Thus, different educational interventions
might be more or less appropriate depending on the age of the learner. For instance, children show
difficulty in using negative feedback for learning, and adolescents can rely too much on personal experiences versus teacher instruction. This point is specifically of interest for (guided) discovery-based
learning, in which the success of the method depends on the right balance between exploratory learning and guided instruction (Mayer, 2004). It will be of great interest to pursue future studies to investigate the interaction between advice/instruction- and experience-based learning in classroom
settings.
Conclusion
Taken together, our findings show that peer advice guides learning from one’s own experience and
that adolescents show the highest initial susceptibility to peer advice. Crucially, higher exploration
rates enable adolescents to discover other opportunities. Thus, our results extend previous findings
by showing that adolescents’ more exploratory behavior could be—depending on the environmental
structure—even more beneficial than less exploratory learning strategies. Taken together, these findings suggest a more nuanced view of developmental differences in advice taking because adolescence
might be a unique period associated not only with higher peer influence on behavior but also with a
healthy reliance on personal experience. These findings raise interesting questions concerning the features of the everyday environment of adolescents that afford such exploratory behavior and highlight
the need to understand the structure of the environment in which development occurs.
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