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Study

Do participants adapt their risk taking behavior to the en-
vironment?
Risk-taking behavior sometimes is seen as stable almost trait
like within an individual. We here challenge that assump-
tion showing — and replicating earlier results (Meder et al.,
2021; Skjold et al., 2024) — that participants adopt their risk-
preferences to the dynamics of the environment.
What drives participants’ behavior?
With some individual variation, participants adopt their risk-
taking behavior to the dynamics. Furthermore, they behave
close to optimally maximizing the growth of their scores over
time (Peters, 2019), by applying the appropriate transforma-
tion to (expected) changes in their scores.
How does the brain respond?
We can show that the brain encodes changes in the partici-
pant’s score. The results indicate, that the encoding is in line
with parameters of the correct transformation, mirroring the
behavioral results.

Task

Participants (final n = 32) performed a consequential decision
task in the scanner on two days. Each day was a different dy-
namic (i.e., additive or multiplicative changes to an endowed
score). First, participants learned the value of nine fractal im-
ages in a learning task and then proceeded with the decision
task.
Learning task: Participants learn the value of the images
and are exposed to the dynamic in a conditioning task.

Decision task: Participants decide between two gambles.
Each decision affects their score immediately afterward (160
trials).

Wealth dynamics: Example trajectories of scores experi-
enced by ten participants during the experiment.
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Rationale

Optimal behavior in this task requires that participants apply
a transformation to their expected wealth (fη(xt+1) − fη(xt))
changes. We can estimate the transformation used by the
participant, by approximating the parameter η of the isoelastic
utility function, that best describes behavior.

fη(x) =

{
x1−η−1
1−η for η ̸= 1

lnx for η = 1.

η = 0 indicates risk neutrality and is the optimal strategy in
the additive setting. η = 1 indicates risk aversion and is the
optimal strategy in the multiplicative setting.

Results

Neuroimaging group results: For the neuroimaging data of the decision task we created for each participant
and session 61 design matrices (DM, right) spanning η values from [−2.0, 1.0] in steps of 0.05, as well as a
null model that did not include a modulated regressor. We used the MACS toolbox (Soch et al., 2016; Soch
and Allefeld, 2018) to calculate the cvLME. Group results were thresholded using BMS comparing a family of
modulated DMs against the null model and display η based on the highest group RFX exceedance probability.
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Parameter estimates - participant level: We applied the same voxel-wise thresholding on the participant
level and estimated the FFX exceedance probability over voxels for each region of interest and session. For
the behavior, data was estimated using aGaussian KDE over the posterior trace samples of a Bayesianmodel
as described in Skjold et al. (2024). For visualization, estimates were applied to a discretized grid. Group
estimates using an FFX approximation are just for visualization and in different units than the individual traces.
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Prefrontal Cortex
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Region-wise shifts η: Pairwise plots of participant level η estimates for
the whole brain, striatum, prefrontal cortex, as well as behavioral estimates.
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Take away

Estimates of risk-preferences independently modeled using neural behavioral data show the same direc-
tional shift: Becoming more risk-averse in the multiplicative session compared to the additive session.

Neural correlates of these estimates have the highest model evidence — compared against a null model —
in regions classically associated with reward (vmPFC and striatum).

Participants learn stable wealth and time invariant representations of the fractals, allowing them to perform
near optimally, maximizing the growth rate of their score over time.
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