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Supplemental Text 1: Description of models and parameter-estimation methods   

 

Model 1A: Basic reinforcement-learning model 

On each trial t that the risky option is chosen, this model computes the prediction 

error 𝛿", which is the difference between the reward attained, 𝑅", and the estimated expected 

value of the risky option at the onset of that trial,	𝑄": 

δ" = 𝑅" − 𝑄"         [1.1] 

This prediction error is used to update the estimated expected value of the risky option 

according to a standard reinforcement-learning algorithm (Rescorla & Wagner, 1972):  

𝑄")* = 𝑄" + αδ"         [1.2] 

Learning-rate parameter α determines the impact of each new prediction error on the 

subsequent expectation.  

The initial expected-value estimate of the risky option (on trial 1 of each block), 𝑄*,  

was estimated as a free parameter in all reinforcement-learning models (Model 1A-C) to 

capture participants’ initial preference for the risky option. 

Model 1B: reinforcement-learning model with two learning rates 

This model differs from Model 1A in that it uses two separate learning rates (𝛼) and 

𝛼.) to update expectations following positive and negative prediction errors (Niv et al., 2012; 

van den Bos et al., 2012); hence Equation 1.2 is replaced by: 

Q")* = 0Q1 +	𝛼)𝛿"	if	𝛿" > 0
Q1 +	𝛼.𝛿"	if	𝛿" < 0       [2.1] 

If 𝛼) > 𝛼., positive prediction errors (evoked by €0.20 outcomes from risky choices) result 

in stronger updating of the risky option’s expected value estimate than negative prediction 

errors (evoked by €0 outcomes from risky choices). This will lead to an overestimation of the 

risky option’s expected value, promoting risk seeking. The opposite learning asymmetry will 

have the opposite effect, promoting risk avoidance.  

Model 1C: reinforcement-learning model with nonlinear utility function 

 This model differs from Model 1A in that it incorporates nonlinear subjective utilities, 

U, for different reward magnitudes (Bernoulli, 1954). Our task included three different 
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reward magnitudes: 0, 10 and 20 cents. To allow for a nonlinear subjective utility curve, we 

assumed that U(0) = 0 , U(10) = 10, and U(20) = 𝜅*20 (Niv et al., 2012). Values of 𝜅 (the 

utility parameter) smaller than 1 are thus consistent with a concave subjective utility curve 

(undervaluation of the highest outcome that can be obtained from the risky option, promoting 

risk aversion), and values of 𝜅 larger than 1 are consistent with a convex utility curve 

(overvaluation of the highest outcome that can be obtained from the risky option, promoting 

risk seeking). In this model, the prediction error depends on the subjective utility of the 

reward rather than the actual reward, hence equation 1.1 is replaced by: 

δ" = 𝑈" − 𝑄"           [3.1] 

The update rule is the same as in the first model (equation 1.2). 

Model 2A: Basic Bayesian ideal-observer model 

According to this model, participants assume that the sequence of €0.20 (gain) and €0 

(no gain) payoffs obtained from the risky option is the result of a Bernoulli process with a 

constant probability of gaining €0.20. This probability is represented as a beta distribution 

which is updated following each new observed outcome. Parameters a and b of the beta 

distribution represent evidence for, respectively, gaining and not gaining €0.20. These two 

possible outcomes, O, are coded as 1 and 0, respectively. Thus, following each risky choice, 

the model updates (increases) a after a win outcome, and b after a no-win outcome, with the 

update rate determined by parameter 𝜋:  

𝑎")* = 	𝑎" + 𝜋 ∗ 𝑂"         [4.1] 

𝑏")* = 	𝑏" + 𝜋 ∗ (1 − 𝑂")        [4.2] 

This results in a beta distribution that reflects the expected probability of gaining €0.20; it is 

biased towards 1 and 0 if, respectively, €0.20 and €0 outcomes occur most frequently, and 

becomes more precise as more outcomes are observed (i.e., as a + b increases). As the beta 

distribution becomes more precise (i.e., higher certainty), it will be affected less by each new 

outcome (i.e., a lower effective learning rate).  

We assume that participants’ expected probability of gaining 20 cents reflects the mean of the 

beta distribution on the current trial, 𝜇": 

𝜇" =
BC

BC)DC
          [4.3] 
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Finally, this probability is multiplied by 20 (the amount that can be gained from the risky 

option) to obtain the expected value estimate of the risky option (in cents): 

𝑄" = 𝜇" ∗ 20         [4.4] 

 The initial values of 𝑎 and 𝑏 (𝑎* and 𝑏*), which determine the risky option’s expected 

value estimate on trial 1 of each block, were estimated as free parameters in all Bayesian 

ideal-observer models (Models 2A-D), to capture participants’ initial preference for the risky 

option. To prevent a tradeoff between the update-rate and initial-value parameters we 

constrained 𝑎* and 𝑏* to sum to 2. Thus, values of 𝑎* below and above 1 reflect that the 

initial expected probability of gaining €0.20 is lower and higher than 0.5, respectively. 

Model 2B: Bayesian ideal-observer model with two update rates 

Like Model 1B, this model uses two separate update rates (𝜋) and 𝜋.) to update 

expectations following win and no-win outcomes, hence Equations 4.1 and 4.2 are replaced 

by: 

𝑎")* = 	𝑎" + 𝜋) ∗ 𝑂"         [5.1] 

𝑏")* = 	𝑏" + 𝜋. ∗ (1 − 𝑂")        [5.2] 

Thus, as in Model 1B, asymmetric learning from win and no-win outcomes can account for 

risk-sensitive behavior.  

Model 2C: Bayesian ideal-observer model with nonlinear utility function 

Like Model 1C, this model allows for a nonlinear subjective utility curve by assuming 

that U(0) = 0, U(10)  = 10, and U(20) = 𝜅*20. As in model 1C, values of 𝜅 smaller than 1 

promote risk aversion, and values of 𝜅 larger than 1 promote risk seeking. This model differs 

from Model 2A in that Equation 4.4 is replaced by: 

𝑄" = 𝜇" ∗ 𝑈(20)          [5.1] 

Model 2D: Bayesian ideal-observer model with uncertainty bonus/penalty 

This model allows the value of the risky option to increase or decrease as a function 

of its uncertainty (Daw et al., 2006; Kakade & Dayan, 2002). Specifically, it assumes that the 

uncertainty about the risky option’s win probability is reflected in the variance of the current 

beta distribution, 𝜎": 
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𝜎" =
BC∗DC

(BC)DC)G∗(BC)DC)*)
        [6.1] 

According to this model, the expected value estimate of the risky option not only depends on 

the mean of the beta distribution, but also on its variance; hence equation 4.4 is replaced by:  

𝑄" = 𝜇" ∗ 20 + 𝜑𝜎"        [6.2] 

Parameter 𝜑 controls how uncertainty affects the expected value estimate. Values of 𝜑 > 0 

correspond to an ‘uncertainty bonus’. As the expected value of the risky option is uncertain 

while the expected value of the sure option is not, this will promote risky choices. In contrast, 

values of 𝜑 < 0 correspond to an ‘uncertainty penalty’, discouraging risky choices. Either 

effect will decrease as the risky option is selected more often and uncertainty (𝜎) decreases. 

Note that an uncertainty bonus/penalty cannot be implemented in a reinforcement-learning 

model, as these models do not represent uncertainty.  

Softmax function 

We combined all learning models with a softmax function, which computes the 

probability of choosing the risky stimulus on trial t, 𝑃JKLMN," , as: 

𝑃JKLMN," =
PQRSTUVW,C

PQRSTUVW,C)	PQRUXSY
 = *

*)PZQ(RSTUVW,CZRUXSY)
	     [7.1] 

𝑄JKLMN," refers to the trial-specific expected value of the risky option (derived from the 

learning models described above), and  𝑄L[JP refers to the expected value of the sure option 

(fixed to 10 cents). Inverse-temperature parameter 𝛽 controls the sensitivity of choice 

probabilities to the difference in expected-value estimates between the risky and the sure 

option. If 𝛽 is 0, both options are equally likely to be chosen, irrespective of their expected 

values (reflecting a high degree of choice randomness, or an inability of the model to capture 

participants’ choices). As 𝛽 increases, the probability that the option with the highest 

expected value estimate will be chosen increases.  

Parameter estimation 

We applied all models to participants’ trial-to-trial choice sequences, using a 

hierarchical Bayesian approach. This approach assumes that every participant has a different 

set of model parameters, which are drawn from group-level prior distributions (Gelman, 

2014). The parameters governing the group-level prior distributions (hyperparameters) are 

also assigned prior distributions (hyperpriors). We estimated separate group-level parameters 

for each age group. As we are primarily interested in potential differences between the age 
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groups, our primary variables of interest are the group-level means (i.e., the hyperparameters 

governing the means of the group-level distributions). We denote the group-level mean of 

any parameter x as 𝑀^. 

Prior distributions. Group-level prior distributions for all parameters were assumed to 

be beta distributions (Steingroever et al., 2014). Note that our choice to use beta prior 

distributions was unrelated to the assumption of the Bayesian ideal-observer models that 

outcome probabilities are represented as beta distributions. Beta distributions are typically 

defined by two shape parameters, but we reparametrized these in terms of a group-level mean 

and group-level precision (Smithson & Verkuilen, 2006). The group-level means were 

assigned a uniform hyperprior on the interval [0,1] and the logarithms of the group-level 

precisions were assigned a uniform hyperprior on the interval [log(2), log(600)] 

(Steingroever et al., 2014). Parameters for individual participants were drawn from the 

resulting group-level beta distributions.  

As the beta distributions are restricted to the [0,1] interval, we transformed individual-

level parameters with different ranges using linear transformations. Specifically, we 

transformed the range of 𝑄* in all reinforcement-learning models to [0, 20] and the range of 

𝑎* in all Bayesian ideal-observer models to [0, 2]; hence the initial expected value of the 

risky option could vary between 0 and 20 cents in all models. We transformed the range of 

utility parameter 𝜅 (Models 1C and 2C) to [0.5, 4], such that the subjective utility of a 20-

cent outcome could vary between 10 and 80 cents. We transformed the ranges of update-rate 

parameter 𝜋 (Model 2A, 2C, 2D) and positive and negative update-rate parameters 𝜋) and 𝜋. 

(Model 2B) to [0, 10], such that the degree of updating could vary between no updating and 

strong initial updating. We transformed the range of uncertainty-bonus parameter 𝜑 (Model 

2C) to [-50, 50], such that the effect of uncertainty on expected value could vary between 

highly positive and highly negative. Finally, we transformed the range of inverse-temperature 

parameter 𝛽 to [0, 2], such that the probability of choosing the option with the higher 

expected value could vary from .5 (completely random) to higher than 0.99 (nearly 

deterministic). 

MCMC sampling. We inferred posterior distributions for all model parameters using 

Markov chain Monte Carlo (MCMC) sampling, as implemented in JAGS (Plummer, 2003) 

via the R2jags package (Su & Yajima, 2015). We ran 3 independent MCMC chains and 

collected 40,000 posterior samples per chain. We discarded the first 20,000 iterations of each 

chain as burn-in. In addition, we only used every 5th iteration to remove autocorrelation. 
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Consequently, we obtained 12,000 representative samples per parameter per model. All 

chains showed convergence (R-hat < 1.1) (Gelman & Rubin, 1992). 
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Supplemental Text 2: Latent mixture-model analysis 

 

 Our latent mixture model assumed that each participant’s choice data is best 

explained by one out of several models, such that the total dataset reflects a mixture of these 

models. Specifically, in our mixture analyses we included two learning models, two 

gambler’s fallacy models, and one simple choice model that does not consider the 

experienced outcomes. The two learning models were the models that best explained the 

adults’ and adolescents’ data in the previous analysis: the Bayesian ideal-observer model 

with two update rates and the reinforcement-learning model with nonlinear utility function, 

respectively. The two gambler’s fallacy models were identical to these learning models, 

except that they use negative learning/update rates. Thus, the outcomes gambler’s fallacy 

models assume that the value of the risky option decreases following each win outcome and 

increases following each no-win outcome, reflecting the incorrect belief that that occurred 

more frequent in the past will be less likely in the future. Finally, the last model—which we 

call the 𝜀-risky model—has a fixed probability of choosing the risky option on each trial 

(determined by parameter 𝜀); hence is insensitive to the experienced outcomes. This model 

can thus account for guessing behavior and for general tendencies to seek or avoid risk that 

are insensitive to outcome feedback. 

Our mixture model analysis combines these five models within one “supermodel”. 

Model-index parameter z—which can take five different values corresponding to each of the 

five models—controls which model is assigned to each participant (Lodewyckx et al., 2011). 

The group-level distribution for z was assumed to be a probability distribution defined by a 

vector of five probabilities (which sum to 1), corresponding to the likelihoods for each of the 

five models included in the mixture model. These probabilities were in turn assigned a 

uniform Dirichlet hyperprior, such that each model was equally likely a priori. For each 

individual participant, this resulted in a multinomial posterior distribution for z, reflecting the 

number of iterations on which each model was assumed to account for the choice data. Thus, 

our mixture-model analysis infers which model is most plausible for each participant (the 

posterior mode of z), as well as the certainty of this model assignment (the proportion of 

samples that equal the posterior mode of z). We again estimated all model parameters in a 

hierarchical Bayesian way, using the same MCMC sampling method as in our other modeling 

analysis, and again estimated group-level parameters separately for each age group. 
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Supplemental Text 3: Regression analysis on risky choice behaviour including all 

participants assigned to a learning model by our mixture model analysis 

 

We repeated the regression analysis on risky choice behaviour reported in the main 

text while including all participants who were assigned to a learning model by our mixture 

model analysis (28 adults, 25 mid-late adolescents and 18 early adolescents; Supplemental 

Figure 1). This analysis confimed that participants made more risky choices when the risky 

option had a higher expected value (main effect of block type: z = 7.3, p < .001). However, 

this analysis suggested that this effect emerged over trials in a linear way (block type x trial-

linear interaction, z = 6.7, p < .001), as the block type x trial-quadratic interaction was no 

longer significant (z = 1.2, p = .22). Importantly, this analysis indicated that the speed at 

which participants optimized their choice behavior increased across the three age groups in a 

linear way, as reflected in block type x trial-linear x age group-linear (z = 3.4, p < .001) and 

block type x trial-quadratic x age group-linear (z = 3.3, p = .005) interactions, corroborating 

the results reported in the main text. Finally, the main effect of age group-linear was no 

longer significant (z = 1.7, p = .09), suggesting that the overall number of risky choices did 

not differ across the three age groups.  

 

 

Supplemental Figure 1. Mean proportion of choices for the risky option per trial, block type 

and age group, across all participants assigned to a learning model by our mixture-model 

analysis (compare to Figure 2 in the main text). 
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Supplemental Figure 2. Model fit. The average proportion of risky choices of the 

participants (data; straight lines) and the average predicted proportion of risky choices of 

the winning models (dotted lines) per trial, age group and block type. To obtain the model’s 

predictions, we simulated choice data for each participant using the posterior medians of the 

individual-level parameters, and then plotted the average proportion of risky choices. 
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Supplemental Figure 3. Posterior distributions of the winning models’ group-level mean 
parameters, per age group. Note that constant update rates in a beta binomial model (upper 
middle plot) produce a decrease in effective learning rate over trials, as shown in Fig. 4 in 
the main text. 
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Supplemental Figure 4. Inferred strategy use for each individual participant according to 

our mixture model analysis. The black circles indicate the most plausible model for each 

participant, and the blue circles the less plausible models. The sizes of the circles represent 

the certainty that each participant’s choices were best explained by each of the models 

(larger circles indicate higher certainty). 
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