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How are people’s choices shaped by the way they explore the en-
vironment? A key question in decisions from experience (DFE) is how
people gather experiences with a set of available options prior to
making a choice between them (e.g., how many times do you
test-drive different cars before deciding which one to purchase?).

The sampling paradigm is a common experimental tool for studying
DFE. Final choices are preceded by a period of exploration during
which people sample experiences with individual options (i.e., out-
comes that are generated according to underlying probability distribu-
tions for each option). Previous research on this task has shown that
sample size (the number of draws prior to a choice) varies depending
on a number of factors, including outcome variability (Lejarraga et al.,
2012) and payoff magnitude (Hau et al., 2008). Although existing
models offer potential explanations for how final choices are related to
sampled experiences, they do not account for such examples of
adaptive exploration.

We present a model—Choice from Accumulated Samples of Experi-
ence (CHASE)—which formalizes DFE as a sequential sampling pro-
cess by which external exploration drives the accumulation of relative
preference between two choice options. In the present study, we
demonstrate that CHASE can account for both choice and sample
size in an experiment based on the sampling paradigm. In addition, we
test three key predictions of the model with respect to how people
adapt their exploration in response to 1) sampling costs, 2) option un-
certainty, and 3) contextual variability.

The sampling paradigm

- On each trial, participants must choose
between two options L and H with
lower and higher expected values, re- L H
spectively. Each option is defined by a
Normal distribution that is used to ran-
domly generate outcomes.

- Each trial begins with an exploration
stage, during which a participant draws
individual outcomes from each option.
Participants are free to sample options
any number of times and in any order.

- When participants are ready to choose
an option, they stop sampling and make
a final choice. A final outcome is then
generated from the chosen option to
determine their score for the trial.

Final choice

Choice: H
Sample size: 5
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CHASE_- Choice from Accumulated Under CHASE, exploration drives the accumulation of relative preference for option

Samples of Experience

comes are sampled from choice options, the preference state evolves according to

probabilities and sample size distributions are derived from a matrix approximation
sampling process (Diederich and Busemeyer, 2003; Markant et al., 2015).
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70 % 70 - Sequential sampling process enables adaptive exploration, such that the amount of information search is adjusted
O based on the costs of exploration and uncertainty about options’ values.

- In contrast to existing models of the sampling paradigm, CHASE provides a framework for unde

rstanding variation

in exploration and choice under different conditions. Moreover, it generates novel predictions for DFE based on
hallmarks of sequential sampling processes in other domains (e.g., effect of starting point variability).



