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Abstract

When deciding between options that do or do not lead to future choices, humans often
choose to choose. We studied choice seeking by asking subjects to first decide between a
choice opportunity or performing a computer-selected action, after which they either chose
freely or performed the forced action. Subjects preferred choice when these options were
equally rewarded, even deterministically, and traded extrinsic rewards for opportunities to
choose. We explained individual variability in choice seeking using reinforcement learning
models incorporating risk sensitivity and overvaluation of rewards obtained through choice.
Model fits revealed that 28% of subjects were sensitive to the worst possible outcome asso-
ciated with free choice, and this pessimism reduced their choice preference with increasing
risk. Moreover, outcome overvaluation was necessary to explain patterns of individual
choice preference across levels of risk. We also manipulated the degree to which subjects
controlled stimulus outcomes. We found that degrading coherence between their actions
and stimulus outcomes diminished choice preference following forced actions, although will-
ingness to repeat selection of choice opportunities remained high. When subjects chose
freely during these repeats, they were sensitive to rewards when actions were controllable
but ignored outcomes—even positive ones—associated with reduced controllability. Our
results show that preference for choice can be modulated by extrinsic reward properties
including reward probability and risk as well as by controllability of the environment.

Author summary

Human decisions can often be explained by the balancing of potential rewards and pun-
ishments. However, some research suggests that humans also prefer opportunities to
choose, even when these have no impact on future rewards or punishments. Thus, oppor-
tunities to choose may be intrinsically motivating, although this has never been experi-
mentally tested against alternative explanations such as cognitive dissonance or
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exploration. We conducted behavioral experiments and used computational modelling to
provide compelling evidence that choice opportunities are indeed intrinsically rewarding.
Moreover, we found that human choice preference can compete with maximizing reward
and can vary according to individual risk attitudes and the controllability of the
environment.

Introduction

Preference for choice has been observed in humans [1-7] as well as other animals including
rats [8], pigeons [9] and monkeys [10,11]. This free-choice premium can be behaviorally mea-
sured by having subjects perform trials in two stages: a decision is first made between the
opportunity to choose from two terminal actions (free) or to perform a mandatory terminal
action (forced) in the second stage [8]. Although food or fluid rewards follow terminal actions
in non-human studies, choice preference in humans can be elicited using hypothetical out-
comes that are never obtained [3,12]. Thus, choice opportunities appear to possess or acquire
value in and of themselves. It may be that choice has value because it represents an opportunity
to exercise control [13], which is itself intrinsically rewarding [1,4,14]. Personal control is cen-
tral in numerous psychological theories, where constructs such as autonomy [15,16], controlla-
bility [17,18], personal causation [19], effectance [20], perceived behavioral control [21] or
self-efficacy [17] are key for motivating behaviors that are not economically rational or easily
explained as satisfying basic drives such as hunger, thirst, sex, or pain avoidance [22].

There are alternative explanations for choice seeking. For example, subjects may prefer
choice because they are curious and seek information [23,24], or they wish to explore potential
outcomes to eventually exploit their options [25], or because they seek variety to perhaps
reduce boredom [26] or keep their options open [3]. By these accounts, however, the expres-
sion of personal control is not itself the ends, but rather a means for achieving an objective that
once satisfied reduces choice preference. For example, choice preference should decline when
there is no further information to discover in the environment, or after uncertainty about
reward contingencies have been satisfactorily resolved.

Choice seeking may also arise due to selection itself altering outcome representations. Con-
texts signaling choice opportunities may acquire distorted value through choice-induced pref-
erence change [27]. By this account, deciding between equally valued terminal actions
generates cognitive dissonance that is resolved by post-choice revaluation favoring the chosen
action [27,28]. This would render the free option more valuable than the forced option since
revaluation only occurs for self-determined actions [29,30]. Alternatively, subjects may
develop distorted outcome representations through a process related to the winner’s or opti-
mizer’s curse [31], whereby optimization-based selection upwardly biases value estimates for
the chosen action. One algorithm subject to this bias is Q-learning [32], where action values
are updated using the maximum value to approximate the maximum expected value. In the
two-stage task described above, the free action value is biased upwards due to considering only
the best of two possible future actions, while the forced action value remains unbiased since
there is only one possible outcome [33]. Again, the expression of personal control is not itself
the ends for these selection-based accounts, and both predict that choice preference should be
reduced when terminal rewards associated with the free option are clearly different.

Data from prior studies does not arbitrate between competing explanations for choice-seek-
ing. Here, we used behavioral manipulations and computational modelling to explore the fac-
tors governing human preference for choice. In the first experiment, we altered the reward
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contingencies associated with terminal actions in order to rule out curiosity, exploration, vari-
ety-seeking, and selection-based accounts as general explanations for choice seeking. In the
second experiment, we assessed the value of choice by progressively increasing the relative
value between trials with and without choice opportunity. We then used reinforcement learn-
ing models to show that optimistic learning (considering the best possible future outcome)
was insufficient to explain individual variability in choice seeking. Rather, subjects adopted
different decision attitudes, the desire to make or avoid decisions independent of the outcomes
[12], which were balanced against differing levels of risk sensitivity. Finally, in the third experi-
ment, we sought to test whether choice preference was modulated by control beliefs. Manipu-
lating the controllability of the task-that is, the objective controllability over stimulus
outcome-did not reduce the high willingness to repeat a free choice. However, subjects were
sensitive to past rewards only in controllable trials, where stimulus outcomes could be attrib-
uted to self-determined choice. In contrast, during uncontrollable trials subjects ignored
rewards and repeated their previous choice. We suggest that choice repetition in the face of
uncontrollability reflects a strategy to compensate for reduced control over the environment,
consistent with the broader psychology of control maintenance. Together, our results show
that human preference for free choice depends on a trade-off between subjects’ decision atti-
tudes (overvaluation of reward outcome), risk attitudes, and the controllability of the
environment.

Results

Subjects performed repeated trials with a two-stage structure (Fig 1). In each trial, subjects
made a 1%'-stage choice between two options defining the 2"%-stage: the opportunity to choose
between two fractal targets (free) or performing an obligatory selection of another fractal target
(forced). Extrinsic rewards (€) were delivered only for terminal (i.e., an—stage) actions. If sub-
jects chose the forced option, the computer always selected the same fractal target for the sub-
jects. If subjects chose the free option, they had to choose between two fractal targets associated
with two different terminal states. We fixed reward contingencies in blocks of trials and used
unique fractal targets for each block. We divided each block into an initial training phase with
the same number of trials in free and forced options (Fig 1B; e.g., 48 trials for both free and
forced trials, see Materials and Methods) followed by a test phase (Fig 1C) to ensure that the
subjects learned the associations between the different fractal targets and extrinsic reward
probabilities. Subjects were not told the actual extrinsic reward probabilities but were
informed that reward contingencies did not change between the train and test phases.

Free choice preference across different extrinsic reward probabilities

In experiment 1 (n = 58 subjects), we varied the overall expected value by varying the probabil-
ity of extrinsic reward delivery (P) across different blocks of trials. These probabilities ranged
from 0.5 to 1 across the blocks (i.e., low to high), and the programmed probabilities in free and
forced 2™%-stage rewards were equal (Fig 2A). For example, in high probability blocks, we set
the probabilities of the forced terminal action and of one of the free terminal actions (al) to 1
and set the probability of the second free terminal action (a2) to 0. Therefore, the maximum
expected value was equal for the free and forced options.

Subjects chose to choose more frequently, selecting the free option in 64% of test trials on
average (Fig 2B). The level of preference did not differ significantly across blocks (low = 65%,
medium = 62%, high = 66%; y* = 4.49, p = 0.106; see Fig A in S1 Text for individual subject
data). We also examined 1*-stage reaction times (RT), which were not significantly different
across different reward probabilities (estimated trend = 0.054, 95% CI = [-0.062, 0.175],
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Fig 1. Two-stage task structure. A. State diagram illustrating the 6 possible states (s), actions (a) and associated extrinsic reward probabilities (e.g., P = 0.5,
0.75 or 1 for blocks 1 to 3, respectively); s2 and s3 were represented by two different 1%-stage targets (e.g., colored squares with or without arrows for free and
forced trials, respectively) and s4 to s6 were associated to three different 2"%-stage targets (fractals). B. Sequence of events during the training phase where the
subjects experienced the free or forced target at the 1 -stage, then learned the contingencies between the fractal targets and their reward probabilities at the 2"
-stage (P) associated with the forced (no choice) and free (choice available) options. When training the reward contingencies associated with the forced option,
subjects’ actions in the 2"-stage had to match the target indicated by a grey V-shape, which always indicated the same fractal (s4). When training the reward
contingencies associated with the free option, no mandatory target is present at the 2"-stage (s5 or s6 can be chosen) but one of the targets is more rewarded
when P > 0.5. C. Sequence of events during the test phase: subjects first decided between the free or forced option and then experienced the associated 2-
stage. Rewards, when delivered, were represented by a large green euro symbol (€). At each stage of the task, a red V-shape appeared to indicate the target
selected by the subjects either in free or forced trials.

https://doi.org/10.1371/journal.pcbi.1010551.g001

p =0.370; Fig B(A) in S1 Text). We found that subjects immediately expressed above chance
preference for the free option (Fig 2C) despite never having actualized 1%-stage choices during
training. Looking within a block, we found that subjects’ preference remained constant across
trials in medium and high reward probability blocks (3> = 0.7, p = 0.215 and y* = 0, p = 0.664
for nonlinear smooth by trial deviating from a flat line, respectively; Fig 2C, middle and right
panels). In low probability blocks, subjects started with a lower choice preference that gradu-
ally increased to match that observed in the medium and high probability blocks (y* = 13.2,

p =0.001 for nonlinear smooth by trial; Fig 2C left panel). The lower reward probability may
have prevented subjects from developing accurate reward representations by the end of the
training phase, which may have led to additional sampling of the three 2™-stage targets (two
in free and one in forced) in the beginning of the test phase.

Second-stage performance following free selection

We investigated participants’ 2"-stage choices following free selection to exclude the possibil-
ity that choice preference arose because reward contingencies had not been learned. During
the training phase, when P>0.5, participants quickly learned to choose the most rewarded
fractal targets (at P = 0.5, all fractal targets were equally rewarded) (Fig 2D). During the test
phase, participants continued to select the same targets (Fig 2E), confirming stable application
of learned contingencies (p > 0.1 for nonlinear smooth by trial deviating from a flat line for all
blocks).

Choice preference was not explained by subjects obtaining more extrinsic rewards follow-
ing selection of free compared to forced options. Obtained reward proportions were not signifi-
cantly different in the low (following selection of free vs. forced, 0.493 vs. 0.509, > = 0.622,

p = 0.430) or medium (0.730 vs. 0.750, * = 1.83, p = 0.176) probability blocks. In contrast, in
high probability blocks, subjects received significantly fewer rewards on average after free
selection than after forced selection (0.989 vs. 1, y* = 9.97, p = 0.002). In this block, reward was
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Fig 2. Choice preference across different average extrinsic reward probabilities. A. Experiment 1 task design where maximal extrinsic reward probabilities
increased equally across free and forced options. B. Subject preference for free option during 1%-stage. Colored points indicate individual subject mean choice
preference per block, plotted against the average obtained rewards. Black diamonds indicate the average of subject means per block. Line indicates the
estimated choice preference from a GAMM, with 95% CI. C. Dynamics of free option preference across test phase blocks for low (left), medium (middle) and
high (right) extrinsic reward probabilities. Each point represents the average free option preference as a function of trial within a block (smoothed with a
2-point moving average). Diamonds: as in B. Lines indicate the estimated choice preference from a GAMM, with 95% CI. D to E. Dynamics of the selection of
the most rewarded 2"°-stage targets in free option for low (left), medium (middle) and high (right) blocks during the training (D) and test (E) phases. Note that
in left panels, the extrinsic reward probability is equal for the two 2"%-stage targets (P = 0.5) and that in the right panel (P = 1), 24 trials were sufficient to train
the subjects (see Materials and Methods). For P > 0.5, choice proportion indicates choice of the fractal associated with the higher reward probability. Triangles
represent the final average selection at the end of the training phases. Lines: as in C.

https://doi.org/10.1371/journal.pchi.1010551.9002

fully deterministic, and forced selection always led to a reward, whereas free selections could
lead to missed rewards if subjects chose the incorrect target. Choice preference in the deter-
ministic condition cannot be explained by post-choice revaluation, which appears to occur
only after choosing between closely valued options [30,34]. In this condition there is no cogni-
tive dissonance to resolve when the choice is between a surely rewarded action and a never
rewarded action.

Trading extrinsic rewards for choice opportunities

Since manipulating the overall expected reward did not alter choice seeking behavior at the
group-level, we investigated the effect of changing the relative expected reward between 1°'-
stage options. In experiment 2, we tested a new group of 36 subjects for whom we decreased
the relative objective value of the free versus forced options. This allowed us to assess the point
at which these options were equally valued and potentially reversed to favor the initially non-
preferred (forced) option (Fig 3A). Thus, we assessed the value of choice opportunity by
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https://doi.org/10.1371/journal.pchi.1010551.9003

increasing the reward probabilities following forced selection (block 1: P,y = 0.75; block 2:
Pforcea = 0.85; block 3: Prypceq = 0.95), while keeping the reward probabilities following free
selection fixed (Pf|al = 0.75, P|a2 = 0.25 for all blocks).

As in experiment 1, we found that subjects preferred choice when the extrinsic reward
probabilities of the free and forced options were equal (block 1: 68% 1*'-stage choice in favor of
free; Fig 3B, dark green). Increasing the reward probability associated with the forced option
significantly reduced choice preference (3 = 11.8, p < 0.001, Fig 3B) to 49% (block 2) and
39% where the preference for free versus forced choice was reversed (block 3; see Fig C(A) in
S1 Text for individual subject data). We estimated the population average preference reversal
point at P,..s = 0.88, indicating that indifference was obtained on average when the value of
the forced option was 17% greater than that of the free. We found that subjects’ preference
remained constant across trials when reward probabilities were equal (p > 0.1 for nonlinear
smooth by trial; Fig 3C, left panel). Although reduced overall, the selection of the free option
also did not vary significantly across trials in blocks 2 and 3 (p > 0.1 for nonlinear smooths by
trial, respectively). Furthermore, as in experiment 1, subjects acquired preference for the most
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rewarded 2"-stage targets during the learning phase (Fig 3D) and continued to express this
preference during the test phase in all three blocks (Fig 3E). Thus, the decrease in choice pref-
erence was not related to failure to learn the reward contingencies during the training phase.
Finally, RTs decreased as a function of Pp,.q increased (estimated trend = -0.367, 95% CI =
[-0.694, -0.024], p = 0.020; Fig B(B) in S1 Text).

Although decreasing the relative value of the free option reduced choice preference, most
subjects did not switch exclusively to the forced option. Even in block 3, where the forced
option was set to be rewarded most frequently (Pfyceq = 0.95 versus Pj., = 0.75), 32/36 subjects
selected the free option in a non-zero proportion of trials. Since exclusive selection of the forced
option would maximize extrinsic reward intake, continued free selection indicates a persistent
appetency for choice opportunities despite their diminished relative extrinsic value.

We also asked subjects in experiment 2 to estimate the extrinsic reward probabilities associ-
ated with each 2"%-stage fractal image. They did so by placing a cursor on a visual scale from 0
to 100 after completing the test phase of each condition. We found that the subjects were rela-
tively accurate at estimating the reward probabilities for fractals in both free and forced trials
(Fig 4A), with mild underestimation (overestimation) at higher (lower) reward probabilities
(estimated trend forced = 0.749, 95% CI = [0.683, 0.816], t = 22.2, p < 0.001; estimated trend
free =0.735,95% CI = [0.640, 0.831], t = 15.2, p < 0.001), which did not differ significantly
between these trial types (estimated trend difference = 0.014, 95% CI = [-0.102, 0.130],

t =0.237, p = 0.812). This suggests that preference for the free option was not due to differential
distortion in estimating the frequency of rewards (Fig 4B). In addition, subjects did not overes-
timate the worst reward probability sufficiently to explain their preference. Note that by design
such an overestimated probability must be greater than or equal to the best outcome reward
probability in order to exceed or equal the expected value of the forced option. Say, for a true
best outcome reward probability P = 0.75, the expected value for the forced option is 0.75 since
the computer always selects the best target, and a subject would have to believe that the worst
outcome probability in the free option is > 0.75. This is not the case, and the average estimate
for the worst rewarded fractal (mean = 0.35) is significantly below the 0.75 needed to match
the expected value of the forced option (t = -20.1, p < 0.001). Finally, we also asked subjects to
estimate the reward probability for the 2"%-stage fractals that were never chosen by the com-
puter in the forced option (Fig 4A, putative programmed reward probabilities = 0.25, 0.15,
0.05). These probability estimations were not based on direct experience, and subjects appear
to have inferred that it was 1-P from their experience in free trials, or alternatively this may be
the consequence of a kind of counterfactual prior belief [35].

Reinforcement-learning model of choice seeking

We next sought to explain individual variability in choice behavior using a value-based deci-
sion-making framework. We first used mixed logistic regression to examine whether rewards
obtained from 2"%-stage actions influenced 1*'-stage choices. We found that obtaining a reward
on the previous trial significantly increased the odds that subjects repeated the 1*'-stage selec-
tion that ultimately led to that reward (odds ratio rewarded/unrewarded on previous trial:
1.72,95% CI = [1.46, 2.03], p < 0.001). This suggest that subjects may continue to update their
extrinsic reward expectations based on experience during the test phase. We therefore lever-
aged temporal-difference reinforcement learning (TDRL) models to characterize choice
preference.

We fitted TDRL models to individual data using two distinct features to capture individual
variability across different extrinsic reward contingencies. The first feature was a free choice
bonus added to self-determined actions as an intrinsic reward. This can lead to overvaluation
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forced option. Py did not vary significantly (estimated trend = -0.019, 95% CI = [-0.331, 0.293], p = 0.902), consistent with the maximal reward probability for
the free option being constant at 0.75. Black lines with shading indicate the estimated trends from a GLMM, with 95% CI.

https://doi.org/10.1371/journal.pchi.1010551.g004

of the free option via standard TD learning. The second feature modifies the form of the future
value estimate used in the TD value iteration, which in common TDRL variants is, or approxi-
mates, the best future action value (Q-learning or SARSA with softmax behavioral policy,
respectively). We treated both Q-learning and SARSA together as optimistic algorithms since
they are not highly discriminable with our data (Figs D-E in S1 Text). We compared this opti-
mism with another TDRL variant that explicitly weights the best and worst future action values
(Gaskett’s S-pessimistic model [36]), which could capture avoidance of choice opportunities
through increased weighting of the worst possible future outcome (pessimistic risk attitude).
For example, risk is maximal in the high reward probability block in experiment 1 since selec-
tion of one 2™%-stage target led to a guaranteed reward (best possible outcome) whereas selec-
tion of the other target led to guaranteed non-reward (worst possible outcome).

We found that TDRL models captured choice preference across subjects and conditions
(Fig 5A; see also Fig E in S1 Text). For 80% (33/41) of subjects in experiment 1 who preferred
the free option on average (>50% across all trials), the best model incorporated overvaluation
of rewards obtained from free actions (Fig 5B, Table A in S1 Text). Therefore, optimistic or
pessimistic targets alone were insufficient to explain individual choice preference across differ-
ent extrinsic reward contingencies. Since some subjects preferred the forced option for one or
more experimental conditions (Fig A in S1 Text), we examined whether individual parameters
from the fitted TDRL models were associated with choice preference. We did not find signifi-
cant correlations of average choice preference with that 2%-stage learning rates (r = 0.140,
t=1.02, p = 0.311), softmax inverse temperatures (r = 0.033, t = 0.245, p = 0.807) or tendencies
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Fig 5. Reinforcement learning models capture individual choice preference. A. Free choice proportions predicted by the winning model plotted against
observed free choice proportions for each condition for each subject in experiment 1. B. Obtained free choice proportion as a function of model error, averaged
over all conditions. For subjects where the selected model did not include a free choice bonus, only one symbol (X) is plotted. For subjects where the best model
included a free choice bonus, two symbols are plotted and connected by a line. Filled symbols represents the fit error with the selected model, and the open
symbols represents the next best model that did not include a free choice bonus. C. Bonus coefficients increase as a function of subjects’ preference for free
options irrespectively of the target policy they used when performing the task. Choice preference from low probability blocks (P = 0.5). Filled symbols indicate
that the best model included a free choice bonus. Open symbols indicate that the best model did not include a free choice bonus, and the bonus value plotted is
taken from the best model fit with an added free choice bonus. Line illustrates a generalized additive model smooth. D. Pessimistic subjects significantly
decreased their free option preference as a function of extrinsic reward probabilities (estimated trend = -4.58, 95% CI = [-7.45, -1.71], p = 0.002). This decrease
was significantly different from optimistic subjects (z = -4.81, p < 0.001), who increased their choice preference (estimated trend = 3.76, 95% CI = [1.94, 5.57],

p < 0.001). Symbol legend from C applies to the small points representing individual means in D. Error bars represent 95% CI from bootstrapped individual
means.

https://doi.org/10.1371/journal.pchi.1010551.g005

to repeat 1%'-stage choices (r = 0.200, t = 1.54, p = 0.128). We did find that the magnitude of the
free choice bonus was significantly associated with increasing choice preference (r = 0.370,
t=2.94, p = 0.005, Fig 5C). We also found a significant correlation with the relative weighting
between the worst and best possible outcomes in the S-pessimistic target (r = 0.340, t = 2.69,

p = 0.009), with increasing weighting of the best outcome (—1, see Material and Methods)
being associated with increasing average choice preference. The pessimistic target best fitted
about 28% (16 of 58) of the subjects in experiment 1, and most pessimistic subjects (14 of 16)
were best fitted with a model including a free choice bonus to balance risk and decision atti-
tudes across reward contingencies. In experiment 1, we introduced risk by varying the differ-
ence in extrinsic reward probability for the best and worst outcome following free selection.
The majority of so-called ‘pessimistic subjects’ preferred choice when extrinsic reward proba-
bilities were low, but their weighting of the worst possible outcome significantly decreased this
preference as risk increased (Fig 5D, pink). Thus, the most pessimistic subjects avoided the
free option despite rarely or never selecting the more poorly rewarded 2"%-stage target during
the test phase.

We also fitted the TDRL variants to individual data from experiment 2 and found that a
free choice bonus was also necessary to explain choice preference across extrinsic reward con-
tingencies in that experiment. Five subjects (of 36) were best fitted using the -pessimistic tar-
get (see Fig F in S1 Text) although this may be a conservative estimate since we did not vary
risk in experiment 2.

An alternative model for choice preference is a 1*'-stage choice bias. While a bias towards
the free option can generate choice preference, a key difference is that a free choice bonus can
lead to altered action-value estimates since the inflated reward enters into subsequent value
updates to modify Q-values. A bias, on the other hand, can generate free choice preference but
will not enter directly into subsequent value updates (hence it will not directly affect action-
value estimates). Our initial decision to implement a free choice outcome bonus was motivated
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by prior experiments showing that cues associated with reward contingencies learned in a free
choice context were overvalued compared to cues associated with the same reward contingen-
cies learned in a forced choice context [5,37]. We found that free choice outcome bonus fits
our data better than a softmax bias (Fig G in S1 Text), suggesting that most subjects may
update action-values following free and forced selections rather than applying a static bias.

Influence of action-outcome coherence on choice seeking

We next asked whether choice preference was related to personal control beliefs. To do so, we
manipulated the coherence between an action and its consequence over the environment. In
experiment 3, we tested the relationship between preference for choice opportunity and the
physical coherence of the terminal action by directly manipulating the controllability of 2"-
stage actions. We modified the two-stage task to introduce a mismatch between the subject’s
selection of the 2"-stage target and the target ultimately displayed on the screen by the com-
puter (Fig 6A and Materials and Methods section). We did this by manipulating the probabil-
ity that a 2"%-stage target selected by a subject would be swapped for the 2"-stage target that
had not been selected. That is, on coherent trials, a subject selecting the fractal on the right side
of the screen would receive visual feedback indicating that the right target had been selected.
On incoherent trials, a subject selecting the fractal on the right side would receive feedback
that the opposite fractal target had been selected (i.e., the left target).

To ensure that all other factors were equalized between the two 1*'-stage choices, we imple-
mented target swaps following both free and forced selections by adding an additional state to
our task (Fig 6A). In one block of trials, the incoherence was set to 0 and every subject action
in the 2"%-stage led to a coherent selection of the second target. In the other blocks, we set inco-
herence to 0.15 or 0.3, resulting in lower controllability between target choice and target selec-
tion (e.g., 85% of the time, pressing the left key will select the left target, and in 15% the right
target). We set all the extrinsic reward probabilities associated with the different fractal targets
to P = 0.75. Since all 2™ -stage actions had the same expected value, the experiment was objec-
tively uncontrollable because the probability of reward was independent of all actions [18].
Moreover, equal reward probabilities ensured that outcome diversity [38,39], outcome entropy
[40], and instrumental divergence [41] did not contribute to choice preference since these
were all equal between the forced and free options.

The same group of participants who performed experiment 2 also performed experiment 3
(n =36). We compared the two similar conditions (block 1 from experiment 3 with full coher-
ence and block 1 from experiment 2 with equal extrinsic rewards), which differed in that
choosing the forced option resulted in the obligatory selection of the same fractal (experiment
2) or one of two fractals randomly selected by the computer (experiment 3). We found that
choice preference was similarly high (mean for experiment 3 = 69%, bootstrapped 95% CI =
[58, 78], and for experiment 2 = 68%, 95% CI = [59, 76]) and did not differ significantly (mean
difference (experiment 2 —experiment 3) = -0.013, bootstrapped 95% CI = [-0.106, 0.082],

p =0.792), indicating that subjects’ choice preference in experiment 2 was not related to lack
of action variability following forced selection per se. Moreover, we found that choice prefer-
ence in these two blocks was significantly correlated (Spearman’s r = 0.538, bootstrapped 95%
CI =[0.186, 0.779], p = 0.003), highlighting a within-subject consistency in choice preference.

Increasing incoherence decreased 1*'-stage choice preference by 2.4 and 5.4 points in blocks
2 and 3 respectively compared to block 1 (full controllability; Fig 6B). This decrease was not
significant (estimated trend = -1.55, 95% CI = [-4.45, 1.36], p = 0.298; see Fig C in S1 Text for
individual subjects). Consistent with experiments 1 and 2, choice preference was expressed
immediately after the training phase and remained constant throughout the different blocks
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Fig 6. Choice proportion across different levels of action-outcome incoherence. A. Experiment 3 task design using seven-state task design where we
manipulated the incoherence. We added an additional state following the forced option in order to manipulate the incoherence in both free and forced options.
Dashed arrows represent potential target swaps on incoherent trials, the probability of which varied from 0 to 0.3 across different blocks. At incoherence = 0,
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selected by the computer (i.e., incoherent trials). Extrinsic reward probabilities for all the 2™-stage targets were set at P = 0.75. B. Subject preference for free
option during 1*-stage. Colored points indicate individual subject mean choice preference per block, plotted against the incoherence level. Black diamonds
indicate the average of subject means per block. Line indicates the estimated choice preference from a GAMM, with 95% CI. C. Dynamics of free option
preference across test phase blocks for incoherence set at 0 (i.e., none, left), 0.15 (i.e., medium, middle) and 0.30 (i.e., high, right). Each point represents the
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https://doi.org/10.1371/journal.pchi.1010551.g006

(Fig 6C-6E). Increasing incoherence speeded 1%-stage RTs for free compared to forced selec-
tion (median difference free—forced = -0.060, 95% CI = [-0.110, -0.016], p = 0.009), with an
additive effect of faster 1*-stage RTs with increasing incoherence (estimated trend = -0.279,
95% CI = [-0.570, 0], p = 0.040, Fig B(C) in S1 Text).

We found that choice preference depended on the choice made on the previous trial (Fig
7A), with a significant main effect of previous 1°-stage choice (y* = 451, p < 0.001) as well as a
significant interaction between the previous 1*'-stage choice (free or forced) and the degree of
incoherence (y* = 11.5, p < 0.001). Specifically, the frequency of free selections after a forced
selection decreased significantly with incoherence (estimated trend = -2.68, 95% CI = [-4.92,
-0.435], z = -2.34, p = 0.019), whereas the frequency of repeating a previous free selection did
not change significantly with incoherence (estimated slope = -0.078, 95% CI = [-2.23, 2.07], z
=-0.071, p = 0.943). Thus, as incoherence increased, subjects tended to stay more with the
forced option, while maintaining a preference to repeat free selections.
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The sustained repetition of free selections across the different levels of incoherence suggests
that subjects may have been acting as if to maintain control over the task through self-deter-
mined 2"%-stage choices. Although the task was objectively uncontrollable since all terminal
action-target sequences were rewarded with the same probability, subjects may have developed
structure beliefs based on local reward history and target swaps, which could be reflected in
2"%_stage patterns of choice. Thus, subjects may have followed a strategy based on reward feed-
back by repeating only actions associated with a previous reward (illusory maximization of
reward intake; Fig 7B, first panel). Alternatively, they could have followed a strategy based on
action-outcome incoherence feedback and thus avoided trials associated with a previous target
swap (illusory minimization of incoherent states; Fig 7B, second panel). However, subjects
may have also employed another classic strategy known as “model-based” where agents use
their (here illusory) understanding of the task structure built from all the information provided
by the environment (Fig 7B, third panel) [42]. Under this strategy, subjects try to integrate
both the reward and target-swap feedback to select the next target in order to maximize
reward. For example, an incoherent but rewarded trial would lead to a behavioral switch if the
subject has integrated the information provided by the environment (i.e., the target swap
induced by the computer), signaling that the other target is actually rewarded (see second bar
on third panel of Fig 7B). Finally, an alternative strategy could rely on maintaining control in

situations where control is threatened by adverse events (e.g., action-outcome incoherence).
Subjects would thus ignore any choice outcome from trials with reduced controllability (inco-
herent trials) and repeat their initial choice selection (Fig 7B, fourth panel).

We found a significant interaction between last reward and last target swap (¢ = 10.9,
p =0.001). Results of the stay behavior during 2"%-stage choice following free selection suggests
that subjects consider the source of reward when choosing between the different fractal targets
(Fig 7C). Indeed, when their action was consistent with the state they were choosing (i.e., the
coherent fractal target feedback), they took the reward outcome into account to adjust their

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010551

August 11, 2023

12/27


https://doi.org/10.1371/journal.pcbi.1010551.g007
https://doi.org/10.1371/journal.pcbi.1010551

PLOS COMPUTATIONAL BIOLOGY The intrinsic value of choice

behavior on the next trial, either by staying on the same target when the trial was rewarded or
by switching more to the other one when no reward was delivered. However, subjects were
insensitive to outcomes from incoherent trials as they maintained the same strategy (staying)
during subsequent trials, regardless of whether they were previously rewarded or not. We sug-
gest this strategy reflects an attempt to maintain a consistent level of control over the environ-
ment at the expense of the task goal of maximizing reward intake. Note that 2"%-stage reaction
times were not significantly modulated by the presence or absence of a target swap, suggesting
that subjects were not confused following incoherent trials (see Fig H in S1 Text).

Discussion

Animals prefer situations that offer more choice to those that offer less. Although this behavior
can be reliably measured using the two-stage task design popularized by Voss and Homzie [8],
their conclusion that choice has intrinsic value is open to debate. To rule out alternative expla-
nations for choice-seeking, we performed three experiments in which we clearly separated
learning of reward contingencies from testing of choice preference. Our experiments indicate
that a sustained preference for choice opportunities associated with subjects’ decision attitudes
(overvaluation of reward outcome) can be modulated by extrinsic reward properties including
reward probability and risk as well as by controllability of the environment.

In the first and second experiments, we varied the reward probabilities associated with ter-
minal actions following free and forced selection. Consistent with previous studies [2,4], sub-
jects preferred the opportunity to make a choice when expected rewards were equal between
terminal actions (P = 0.5). Surprisingly, subjects also preferred choice when we increased the
value difference between terminal actions in the free option, while keeping the maximum
expected reward equal in the free and forced options (P > 0.5). This sustained preference for
choice is potentially economically suboptimal since making a free choice carries the risk of
making an error leading to lowered reward intake. The persistence of this preference for free
choice even when reward delivery was deterministic (P = 1), makes it unlikely that this prefer-
ence was due to an underestimation of forced trials due to poor learning of reward
contingencies.

Subjects appeared to have understood the reward contingencies as evidenced by their con-
sistent preference for the highest-rewarded 2"-stage fractal, which was acquired during the
training phase and expressed during the test phase. This stable 2"-stage fractal selection,
together with the immediate expression and maintenance of 1*'-stage choice preference, ren-
ders unlikely accounts based on curiosity, exploration or variety seeking since varying the
probability of rewards did not decrease choice preference for about two third of the subjects
(i.e., optimistic subjects). Regarding variety seeking as an alternative, we can distinguish poten-
tial from expressed variety. Subjects in the deterministic condition (P = 1) of experiment 1 did
not seek to express variety since most exclusively selected the best rewarded 2"-stage target
during the test phase. However, subjects may prefer the free option in this condition because
there is still potential variety that they rarely or never act on. Thus, in experiments 1 and 2, two
different computational goals (maximizing potential variety versus maximizing control) can
be achieved using the same algorithm (overvaluating free outcomes). However, there is a fea-
ture of our experiment 3 that argues in favor of maximizing control over potential variety per
se. In experiment 3 we modified the state structure of the task so that choosing the forced
option led to the computer randomly selecting a fractal target in the 2"%-stage with equal prob-
ability. Insofar as potential variety can be equated with the variability of possible actions, then
potential variety (and ultimately expressed variety) is maximal for the forced option. Yet sub-
jects continue to prefer the free option, suggesting that, despite more variety following the

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010551 August 11, 2023 13/27


https://doi.org/10.1371/journal.pcbi.1010551

PLOS COMPUTATIONAL BIOLOGY The intrinsic value of choice

forced option, subjects preferred to control 2™-stage selections. That is, subjects preferred to
“keep their options open” rather than simply “keeping all options open”.

Selection-based accounts also have trouble explaining the pattern of results we observed.
The idea that post-choice revaluation specifically inflates expected outcomes after choosing the
free option can explain choice-seeking when all terminal reward probabilities are equal. How-
ever, post-choice revaluation cannot explain choice preference when the terminal reward
probabilities in the free option clearly differ from one another, since revaluation appears to
occur only after choosing between closely valued options [30,34]. That is, there is no cognitive
dissonance to resolve when reward contingencies are easy to discriminate, and no preference
for choice should be observed when the choice is between a surely (i.e., deterministically)
rewarded action and a never rewarded action. The existence of choice preference in the deter-
ministic condition (P = 1) also cannot be explained by an optimistic algorithm such as Q-
learning, since the maximum action value is equal to the maximum expected value, and the
value of the free option is not biased upwards under repeated sampling [33].

Although standard Q-learning could not capture variability across different terminal
reward probabilities, we found that combining two novel modifications to TDRL models was
able to do so. The first feature was a free choice bonus—a fixed value added to all extrinsic
rewards obtained through free actions—that can lead to overvaluation of the free option via
standard TD learning. This bonus implements Beattie and colleagues’ concept of decision atti-
tude, the desire to make or avoid decisions independent of the outcomes [12]. The second fea-
ture modifies the form of the future value estimate in the TD value iteration. Zorowitz and
colleagues [33] showed that replacing the future value estimate in Q-learning with a weighted
mixture of the best and worst future action values [36] can generate behavior ranging from
aversion to preference for choice. The mixing coefficient determines how optimism (maxi-
mum of future action values, total risk indifference) is tempered by pessimism (minimum of
future action values, total risk aversion). In experiment 1, we found that 28% of subjects were
best fitted with a model incorporating pessimism, which captured a downturn in choice pref-
erence with increasing relative value difference between the terminal actions in the free option.
Importantly however, individual variability in the TD future value estimates alone did not
explain the pattern of choice preference across target reward probabilities, and a free choice
bonus was still necessary for most subjects. Thus, the combination of both a free choice bonus
(decision attitude) and pessimism (risk attitude) was key for explaining why some individuals
shift from seeking to avoiding choice. This was unexpected because the average choice prefer-
ence in experiment 1 was not significantly different across reward manipulations, highlighting
the importance of examining behavior at the individual level. Here, we examined risk using
the difference between the best and worst outcomes as well as relative value using probability
(see [43]). It may be the case that variability is also observed in how individuals balance the
intrinsic rewards with other extrinsic reward properties that can influence choice preference,
such as reward magnitude [43].

We provided monetary compensation for subject participation, and they were instructed to
earn as many rewards as possible. We further motivated subjects with extra compensation for
performing the task correctly (see Materials and methods). One limitation of our experiments
is that subjects were not compensated as a direct function of the reward feedback earned in the
task (i.e., each reward symbol did not lead to fixed monetary amount that was accumulated
and paid out exactly at the end of the session). It is plausible that direct monetary feedback
could lead to differences at the group and individual level. For example, increasing the direct
monetary payoff associated with every successful action could be expected to eventually abol-
ish choice preference for most if not all subjects (in the deterministic condition in experiment
1 a subject risks losing a potentially large payoff due to choosing incorrectly at the 2"%-stage).
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Understanding how direct reward feedback influences choice preference will be important for
better understanding the role of intrinsic motivation for choice in real world decision making.
Prior studies have shown that different learning rates for positive and negative prediction
errors can account for overvaluation of cues learned in free choice versus forced selection con-
texts (e.g. [37]). Our decision to use a scalar bonus was motivated by the results from Cham-
bon and colleagues, who showed that a model that directly altered the free choice outcomes
was able to replicate the results of different positive and negative learning rates. This indicates
that these mechanisms mimic each other and are difficult to distinguish in practice, and that
specifically designed tasks are probably necessary for definitive claims about when one or the
other of these mechanisms can be ruled out. Also, to produce choice preference, differential
learning rates would have to be fit for both the free and forced options, which would greatly

increase the number of parameters in our task (to handle 1** and 2™

stages). Finally, the free
choice bonus is conceptually easier to apply for understanding prior studies where choice pref-
erence is demonstrated where there is no obvious learning (e.g., one-shot questionnaires about
fictitious outcomes [3]).

Why are choice opportunities highly valued? It may be that choice opportunities have
acquired intrinsic value because they are particularly advantageous in the context of the natu-
ral environment in which the learning system has evolved. Thus, choice opportunities might
be intrinsically rewarding because they promote the search for states that minimize uncer-
tainty and variability, which could be used by an agent to improve their control over the envi-
ronment and increase extrinsic reward intake in the long run [44,45]. Developments in
reinforcement learning and robotics support the idea that both extrinsic and intrinsic rewards
are important for maximizing an agent’s survival [46-48]. Building intrinsic motivation into
RL agents can promote the search for uncertain states and facilitate the acquisition of skills
that generalize better across different environments, an essential feature for maximizing an
agent’s ability to survive and reproduce over its lifetime, i.e., its evolutionary fitness [46].

The intrinsic reward of choice may be a specific instance of more general motivational con-
structs such as autonomy [15,16], personal causation [19], effectance [20], learned helplessness
[49], perceived behavioral control [21] or self-efficacy [17], which are key for motivating
behaviors that are not easily explained as satisfying basic drives such as hunger, thirst, sex, or
pain avoidance [22]. Common across these theoretical constructs is that control is intrinsically
motivating only when the potential exists for agents to determine their own behavior, which
when realized can give rise to a sense of agency and, in turn, strengthens the belief in the ability
to exercise control over one’s life [50]. Thus, individuals with an internal locus of control tend
to believe that they, as opposed to external factors such as chance or other agents, control the
events that affect their lives. Crucially, the notion of locus of control makes specific predictions
about the relationship between preference for choice—choice being an opportunity to exercise
control—and the environment: individuals should express a weaker preference for choice
when the environment is adverse or unpredictable [51]. This prediction is consistent with
what is known about the influence of environmental adversity on control externalization: indi-
viduals exposed to greater environmental instabilities tend to believe that external and uncon-
trollable forces are the primary causes of events that affect their lives, as opposed to themselves
[52]. In other words, one would expect belief in one’s ability to control events, and thus prefer-
ence for choice, to decline as the environment becomes increasingly unpredictable.

In our third experiment, we sought to test whether it was specifically a belief in personal
control over outcomes that motivated subjects by altering the controllability of the task. To do
so, we introduced a novel change to the two-stage task where in a fraction of trials subjects
experienced random swapping of the terminal states (fractals). Thus, subjects were subjected
to trials where the terminal state was incoherent with their choice, and thus experienced
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alterations in their ability to predict the state of the environment following their action. Inco-
herence occurred with equal probability following free and forced actions to equate for any
value associated with swapping itself.

Manipulating the coherence at the 2"-stage did not decrease the overall preference for free
choice. However, we found a significant reduction in the propensity to switch from forced to
free choice following action-target incoherence, suggesting that reducing the controllability of
the task causes free choice to lose its attractiveness. This reduction in choice preference follow-
ing incoherent trials is reminiscent of a form of locus externalization and is consistent with the
notion that choice preference is driven by a belief in one’s personal control. In this experiment,
we focused on the value of control, and therefore equated other decision variables such as out-
come diversity [38,39], outcome entropy [40], and instrumental divergence [41,53]. Further
experiments are needed to understand how these variables interact with personal control in
the acquisition of potential control over the environment.

Interestingly, when subjects selected the free option, the subsequent choice was sensitive to
the past reward when the terminal state (the selected target) was coherent and the reward
could therefore be attributed to the subject’s action. In contrast, subjects’ choices were insensi-
tive to the previous outcome when the terminal state was incoherent and thus unlikely to be
attributable to their choice. In other words, subjects appeared to ignore information about
action-state-reward contingencies that was externally derived, and instead appeared to double
down by repeating their past choice as if to maintain some control over the task. This behavior
is consistent with observations suggesting that when individuals experience situations that
threaten or reduce their control, they implement compensatory strategies to restore their con-
trol to its baseline level [54,55]. A variety of compensatory strategies for reduced control has
been documented in humans. Thus, individuals experiencing loss of control are more likely to
use placebo buttons—that is, to repeatedly press buttons that have no real effect—or to see
images in noise or to perceive correlations when there are none [53]. We suggest that discount-
ing of choice outcomes in incoherent trials, where personal control is threatened by unpredict-
able target swaps, is an occurrence of such a compensatory strategy. When faced with
uncontrollability, participants would ignore any choice outcome and repeat their initial choice
to compensate for the reduction in control, consistent with the broader psychology of control
maintenance and threat-compensation literature (see 52 for a review).

Repetition of the initial choice following incoherent trials is more than mere perseveration
(i.e., context-independent repetition) because it occurs specifically when the subject performs
a voluntary (free) choice and witnesses an incoherence between that choice and its outcome.
In this sense, it is reminiscent of the "try-and-try again" effect already observed in similar rein-
forcement-learning studies measuring individuals’ sense of agency in sequences alternating
free and forced choice trials [56] or the "choice streaks" exhibited by participants when making
decisions under uncertainty [35]. Thus, when the situation is uncertain, or the feedback from
their action is questionable or contradicts what they believe, participants try again and repeat
the same choice until they have gathered enough evidence to make an informed decision, and
change or not change their mind [57]. Similarly, the repetition of choices in Experiment 3 sug-
gests that participants are reluctant to update their belief about their personal control and
repeat the same action to test it again.

Finally, it should be noted that this strategy of ignoring choice outcomes—positive or nega-
tive—from uncontrollable contexts is at odds with a pure model-based strategy [42], where an
agent could exploit information about action-state-reward contingencies whether it derived
from their own choices (controllable context) or from the environment or another agent
(uncontrollable context). Rather, it is consistent with work showing that choice seeking could
emerge when self-determined actions amplify subsequent positive reward prediction errors
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[5,37], and more generally with the notion that events are processed differently depending on
individuals’ beliefs about their own control abilities. Thus, positive events are amplified only
when they are believed to be within one’s personal control, as opposed to when they are not
[37], or when they come from an uncontrollable environment [58]. A simple strategy consis-
tent with the behavior we observed is one where subjects track rewards from self-determined
actions but ignore rewards following target swaps that are incoherent with their actions. Alter-
natively, subjects may apply a modified model-based strategy where they attribute all positive
outcomes to their credit, although here the high repetition rate would be due to illusory self-
attribution on rewarded incoherent actions and model-based non-attribution on unrewarded
incoherent actions. Key to both strategies, however, is that subjects modify their behavior
based on recognizing when their self-determined actions produce incoherent outcomes.

Together, our results suggest that choice seeking, although influenced by individuals’ atti-
tudes in contexts where choosing involves risk, represents one critical facet of intrinsic motiva-
tion that may be associated with the desire for control. They also suggest that the preference
for choice can compete with maximization of extrinsic reward provided by externally driven
actions. Indeed, subjects favor positive outcomes associated with self-determined actions even
if overall reward rate is lower than that from instructed actions. In general, the perception of
being in control could then account for several aspects of our daily lives such as enjoyment
during games [59] or motivation to perform demanding tasks [60]. Since our results showed
inter-individual differences, it would be nonetheless important in the future to phenotype sub-
ject behaviors during choice-making to investigate how these individual traits can explain atti-
tude differences when facing decisions and their consequences, as exemplified by the variety of
attribution and explanation styles of individuals in the general population [61,62].

Materials and methods
Ethics statement

The local ethics committee (Comité d’Evaluation Ethique de I'Inserm) approved the study
(CEEI/IRB00003888). Participants gave written informed consent during inclusion in the
study, which was carried out in accordance with the declaration of Helsinki (1964; revised
2013).

Participants

Ninety-four healthy individuals (mean age = 30 £SD 7.32 years, 64 females) responded to
posted advertisements and were recruited to participate in this study. Relevant inclusion crite-
ria for all participants were being fluent in French, not treated for neuropsychiatric disorders,
having no color vision deficiency and being aged between 18 and 45 years old. Out of these 94
subjects, 58 participated to experiment 1 and 36 to experiments 2-3. We gave subjects 40
euros for participating but they were informed that their basic compensation would be 30
euros and that an extra compensation of 10 euros would be added if they performed all trials
correctly. We also asked subjects whether they were motivated by this extra-compensation and
less than 12% reported not being motivated by it (11 out of 93 subjects who answered the ques-
tion). The sample size was chosen based on previous reward-guided decision-making studies
using similar two-armed bandit tasks and probabilistic choices [37,63,64].

General procedure

The paradigm was written in Matlab using the Psychophysics Toolbox extensions [65,66]. It
was presented on a 24 inch screen (1920 x 1080 pixels, aspect ratio 16:9). Subjects seat ~57 cm
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from the center of the monitor. Our behavioral task design was designed as a value-based deci-
sion paradigm. All participants received written and oral instructions. They were told that the
goal of the task was to gain the maximum number of rewards (a large green euro). They were
informed about the differences between the different trial types and that the extrinsic reward
contingencies experienced during the training phases remained identical during the test
phases. After instructions, participants received a pre-training session of a dozen trials (pre-
train and pre-test phases) in order to familiarize them with the task design and the keys they
would have to press.

In our experiments, subjects performed repeated trials with a two-stage structure. In the
1*-stage they made an initial decision about what could occur in the 2nd-stage. Selecting the
free option led to a subsequent opportunity to choose and selecting the forced option led to an
obligatory computer-selected action. In the 2"-stage, we presented subjects with two fractal
images, one of them being more rewarded following free selection in experiment 1 (except for
P =0.5) and experiment 2. In experiments 1 and 2, the computer always selected the same frac-
tal target following forced selection. In experiment 3 all fractal targets were equally rewarded
and the computer randomly selected one of the two fractal targets following forced selection
(50%). Following forced selection, the target to select with a key press was indicated by a grey
V-shape above the target. Pressing the other key on this trial type did nothing and the com-
puter waited for the correct key press to proceed further in the trial sequence. Either at the 1°-
or 2"stage, after the subject’s selection of the target, a red V-shape appears immediately after
above the target to indicate the one they had selected (in experiment 3 blocks this red V-shape
remains 250ms on the screen and eventually jumped with the target, see below).

Experimental conditions

In experiment 1, fifty-eight subjects performed trials where the maximal reward probabilities
were matched following free and forced selection. We varied the overall expected value across
different blocks of trials, each of them being associated to different programmed extrinsic
reward probabilities (P). Forty-eight subjects performed a version with 3 blocks (experiment
1a) with different extrinsic reward probabilities ranging from 0.5 to 1 (block 1: Pf,yceq = Ppree =
0.5; block 2: Pyyyeeq = 0.75, Prelal = 0.75, Pjpefa2 = 0.25; block 3: Ppoyeeg = 1, Ppree| al = 1, P
a2 = 0; where al and a2 represent the two possible key presses associated with the fractal tar-
gets). Ten additional subjects performed the same task with 4 different blocks (experiment 1b)
with extrinsic reward probabilities also ranging from 0.5to 1 (P = 0.5 or 0.67 or 0.83 or 1 from
block 1 to 4 respectively.) We used a GLMM to compare subjects who experienced four blocks
(mean choice preference = 66%) to those that experienced three blocks (mean choice prefer-
ence = 64%). There was no main effect for group (y* = 0.093, p > 0.05), nor a significant inter-
action with reward probability (y* = 1.28, p > 0.05). Therefore, we pooled data from these
groups for analyses.

Experiment 2 was like experiment 1 (six states) except programmed extrinsic reward associ-
ated with the forced option were higher than the free option in two out of three blocks (Pfyceq =
0.75, 0.85 or 0.95). Reward probabilities following free selection did not change across the
three blocks (Pf|al = 0.75, Pp[a2 = 0.25)

Experiment 3 consisted of a 7-state version of the two-stage task. Here, we manipulated the
coherence between the subject selection of a 2"%-stage (fractal) target and the target ultimately
displayed on the screen by the computer. Irrespectively of the target finally selected by the
computer or the subjects, the extrinsic reward probability associated to all the 2™*-stage targets
in free and forced trials was set at P = 0.75. Importantly, adding the 7™ state in this last task ver-
sion allowed the computer to swap the fractal 2"-stage targets following both free and forced
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selection. Thus, subjects did not perceive the weak coherence as a feature specific to the free
condition. To prevent incoherent trials to be perceived as an informatic malfunction, preced-
ing experiment 3, subjects received the written information that their computer have been
extensively tested to detect any malfunction during the task and that therefore it was perfectly
functional. We also provide visual feedback to the subjects after their key press to inform them
that they did correctly select one of the keys (e.g., the right keys) but the computer ultimately
swapped the final target displayed on the screen (e.g., the left target). This was to ensure that
target swaps would not be perceived as their own errors of selection.

We associated unique fractal targets with each action in the 2™%-stage, and a new set was
used for each block in all experiments. Colors of the 1*-stage targets were different between
experiments. Positive or negative reward feedback, as well as the side of the 1°'-stage and 2™-
stage target positions, were pseudo-randomly interleaved on the right or left of screen center.
Feedback was represented by the presentation (reward) or not (non-reward) of a large green
euro image.

In experiment 1, when P<1, participants performed a minimum of 48 trials per block in
the training phases (forced and free) and the test phases. For P = 1, participants performed a
minimum of 24 trials for training phases (forced and free) and 48 trials for test phase. Subjects
selected almost exclusively the correct 2"-stage target only after ~12 trials during training (Fig
2D, right panel) and maintained this performance level during testing (Fig 2E, right panel),
thus, shortening the train phase for this deterministic condition did not affect subjects’ behav-
ior and allowed us to reduce the overall duration of the session. The orders of the blocks were
randomly interleaved. In experiments 2 and 3 they performed a minimum of 40 trials for each
block. Here, subjects started by performing experiment 3 followed by experiment 2. This was
to ensure that the value of free trials was not devalued by experiment 2 when performing
experiment 3. In experiment 3, subjects always started by the block with no target swaps (inco-
herence = 0), and in experiment 2 by the block with equal extrinsic reward probability (equiva-
lent to the block P = 0.75 of experiment 1). All the other blocks were randomly interleaved.

Trial structure

During the training phase, for each trial, subjects experienced the 1*'-stage where a fixation
point appeared in the center of the screen for 500ms, followed by one of the first two targets of
the different trial types (forced or free) for an additional 750ms, either to the left or right of the
fixation point (~11° from the center of the screen on the horizontal axis, 3° wide). Immediately
after, the first target was turned off and two fractal targets appeared at the same eccentricity
than the first target to the left and right of the fixation point. The subjects could then choose by
themselves or had to match the target (depending on the trial type) using a key press (left or
right arrow keys for left and right targets, respectively). After their selection, a red V-shape
appeared for about 1000ms above the selected target (trace epoch). Importantly, in experiment
3, the red V-shape that informed the subject about their 2"%- stage target selection was initially
light red and turned on for 250ms above the actual fractal target selected by the subjects. It was
then changed to dark red for 750ms (i.e., same color than experiments 1 and 2). So, if the trial
was incoherent, after 250ms, the light red V-shape jumped and reappeared in dark red simul-
taneously over the other target on the other side of the screen also for 750ms. Finally, the fixa-
tion point was turned off and the outcome was displayed during 750ms before the next trial.
For the test phase, the timing was equivalent except for the decision epoch related to the first
stage where participants could choose their favorite trial type (free and forced targets posi-
tioned randomly, left or right) after 500ms of fixation point presentation. When a selection
was made, the first target remained for 500ms, associated to a red V-shape over the selected
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1*-stage target-indicating their choice. The second stage started with a 500ms epoch where
only the fixation point was presented on the screen, followed by the fractal target presentation.
During the first and second action epochs, no time pressure was imposed on subjects to make
their choice, but if they pressed one of the keys during the first 100ms after target presentation
(‘early press’), a large red cross was displayed in the center of the screen for 500ms and the trial
was repeated.

Computational modelling

We fitted individual subject data with variants of temporal-difference reinforcement learning
(TDRL) models. All models maintained a look-up table of state-action value estimates (Q(s,
a)) for each unique target and each action across all conditions within a particular experiment.
State-action values were updated at each stage (t€{1,2}) within a trial according to the predic-
tion error measuring the discrepancy between obtained and expected outcomes:

(3t =Tyt Z(Stﬂ’ at+1) - Q(St7 at)

where ;,1€{0,1} indicates whether the subject received an extrinsic reward, and Z(s;,1, ds41)
represents the current estimate of the state-action value. The latter could take three possible
forms:
Q(s,41,a,sy) one—step SARSA
20, = mx Qs ) Qlearning

B - max Q(s,,;,a’) + (1 — B) -min Q(s,,,,a’)  B—pessimistic

Although Q-learning and SARSA variants differ in whether they learn off- or on-policy,
respectively, we treated both algorithms as optimistic. Q-learning is strictly optimistic by con-
sidering only the best future state-action value, whereas SARSA can be more or less optimistic
depending on the sensitivity of the mapping from state-action value differences to behavioral
policy. We compared Q-learning and SARSA with a third state-action value estimator that
incorporates risk attitude through a weighted mixture of the best and worst future action val-
ues (Gaskett’s S-pessimistic model [36]). As f—1 the pessimistic estimate of the current state-
action value converges to Q-learning.

The prediction error was then used to update all state-action values according to:

Q(sm at) — Q(St7 at) +o- 5t

where a€[0,1] represents the learning rate.
We tested whether a free choice bonus could explain choice preference by modifying the
obtained reward as follows:

__extrinsic _|_

i1 =T p

where p&(—inf, +inf) is a scalar parameter added to any extrinsic reward following any action
taken following selection of the free option.
Free actions at each stage were generated using a softmax policy as follows:

T[(S al) = eXp (Q(Saal)/‘f)
) e Q) /7) + exp (Qsa)/7)

where increasing the temperature, 7€ [0, +inf), produces a softer probability distribution over
actions. The forced option, on the other hand, always led to the same fixed action. We used a
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softmax behavioral policy for all TDRL variants, and in the context of our task, the Q-learning
and SARSA algorithms were often similar in explaining subject data, so we treated them
together in the main text (Fig D in S1 Text).

We also tested the possibility that subjects exhibited tendencies to alternate or perseverate
on free or forced selections. We implemented this using a stickiness parameter that modified
the policy as follows:

7[(5 al) — €xp [(Q<Sﬂ al) + K- Ct(al))/‘[]
’ exp [(Q(s,a') +x - C(a')) /7] + exp [(Q(s, @*) + - C,(a%)) /7]

where the x€(—inf, +inf) parameter represents the subject’s tendance to perseverate, and Cy(a)
is a binary indicator for when a is a 1*"-stage action and was the same as was chosen on the pre-
vious trial.

We independently combined the free parameters to produce a family of model fits for each
subject. We allowed the learning rate () and softmax temperature (7) to differ for each of the
two stages in a trial. We therefore fitted a total of 48 models (3 estimates of current state-action
value [SARSA, Q, -pessimistic] x presence or absence of free choice bonus [p] x 2- vs 1-learn-
ing rate [f] x 2- vs 1-temperature [7] X presence or absence of stickiness [k]).

Parameter estimation and model comparison

We fitted model parameters using maximum a posteriori (MAP) estimation using the follow-
ing priors:

o ~ beta(shapel = 1.1, shape2 = 1.1)

1/t ~ gamma(shape = 1.2, scale = 5)

f ~ beta(shapel = 1.1, shape2 = 1.1)
p ~ norm(mean = 0, sd = 1)

K ~ norm(mean = 0, sd = 1).

We based hyperparameters for o and 1/7 on Daw and colleagues [42]. We used the same
priors and hyperparameters for all models containing a particular parameter. We used lim-
ited-memory quasi-Newton algorithm (L-BFGS-B) to numerically compute MAP estimates,
with @ and B bounded between 0 and 1 and 1/7 bounded below at 0. For each model, we
selected the best MAP estimate from 10 random parameter initializations.

For each model for each subject, we fitted a single set of parameters to both training and
test data across conditions. Data from the training phase consisted of 2"-stage actions and
rewards, but we also presented subjects, during the 1*'-stage stage, with the free or forced cues
corresponding to the condition being trained. Therefore, we fitted the TDRL models assuming
that the state-action values associated with the 1*-stage fractals also underwent learning during
the training phase, and that these backups continued into the test phase, where subjects actu-
ally made 1%-stage decisions. That is, we initialized the state-action values during the test
phase with the final state-action values during the training phase.

We treated initial state-action values as a hyperparameter. We set all initial Q-values equal
to 0 or 0.5 to capture initial indifference between choice options (this decision rule considers
only Q-value differences). Most subjects were best fit with initial Q-values = 0, although some
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subjects were better fit with initial Q-values = 0.5 (Fig I in S1 Text, Tables A-B in S1 Text). We
therefore selected the best Q-value initialization for each subject.

We used Schwarz weights to compare models, which provides a measure of the strength of
evidence in favor of one model over others and can be interpreted as the probability that a
model is best in the Bayesian Information Criterion (BIC) sense [67]. We calculated weights
for each model as:

l > exp (—A(BIC)/2)

so that Yw;(BIC) = 1. We selected the model with the maximal Schwarz weight for each
subject.

In order to verify that we could discriminate different state-action value estimates and how
accurately we could estimate parameters, we performed model and parameter recovery analy-
ses on simulated datasets (Fig D in S1 Text).

Note that the -pessimist is identical to a Q-learner when f = 1. Since the S-pessimistic
model includes an extra parameter, it is additionally penalized when it produces the same pre-
diction as the Q-learner (i.e., when 8 = 1), and would not be selected unless there was sufficient
evidence for weighting the worst possible outcome.

Statistical analyses

We performed all analyses using R version 4.0.5 [68] and the following open-source R pack-
ages: afex version 1.2-1 [69], brms version 2.18.0 [70], emmeans version 1.8.4-1 [71], Ime4
version 1.1-31 [72], mgcv version 1.8-41 [73], tidyverse version 1.3.2 [74].

We used generalized linear mixed models (GLMM) to examine differences in choice behav-
ior. When the model did not include relative trial-specific information (e.g., reward on the pre-
vious trial), we aggregated data to the block level. Otherwise, we used choice data at the trial
level. We included random effects by subject for all models (random intercepts and random
slopes for the variable manipulated in each experiment; maximal expected value, relative
expected value, or incoherence for experiments 1, 2, and 3, respectively). We performed
GLMM significance testing using likelihood-ratio tests. We used Wald tests for post-hoc com-
parisons, and we corrected for multiple comparisons using Tukey’s method. We used general-
ized additive mixed models (GAMM) to examine choice behavior as a function of trial within
a block. We obtained smooth estimates of choice behavior using penalized regression splines,
with penalization that allowed smooths to be reduced to zero effect [73]. We included separate
smooths by block. We performed GAMM significance testing using approximate Wald-like
tests [75].

We used Bayesian mixed models to analyze reaction time (RT) data because the right-
skewed RT data was best fit by a shifted lognormal distribution, which is difficult to fit with
standard GLMM software. For the RT analyses, we removed trials with RTs < 0.15 seconds
and > 5 seconds (representing ~1% of the data). For each experiment we fit a model sampling
four independent chains with 4000 iterations each for a total of 16000 posterior samples (the
first 1000 samples of each chain discarded as warmup). Chain convergence was assessed using
Gelman-Rubin statistics (R-hat < 1.01; [76]). We estimated 95% credible intervals using the
highest posterior density, and obtained p-values by converting the probability of direction,
which represents the closest statistical equivalent to a frequentist p-value [77].
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