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Abstract

Learning is fundamental to adaptive behavior. In the typical learning task, each action is
associated with only one outcome, which could be immediate or delayed. However, actions often
have multiple consequences that unfold over time. Here, we used behavioral and eye-tracking
experiments to study how people learn when their choices yield both immediate and delayed
reward information. Importantly, the rewards themselves were all delivered at the end of the
study so there was no reason to weight immediate and delayed reward information differently.
Instead, we found that our subjects overweighted immediate reward information. Moreover, this
bias increased over the course of the experiment and was still present when learning from others’
choices. The gaze data reveal mixed evidence that subjects looked more at immediate vs. delayed
feedback, and across subjects, the relative dwell proportion did not predict the behavioral bias.
Our results indicate that people prioritize not just immediate rewards, but immediate reward
information. Unlike temporal discounting, this form of impatience is a clear mistake and leads to

objectively worse outcomes.
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Introduction

Learning 1s fundamental to adaptive behavior [1-3]. To thrive, organisms must learn what things
to pursue and what things to avoid. Reinforcement learning (RL) theory [4] is the dominant
framework for understanding how organisms do this [5]. In the RL framework, learning involves
updating reward expectations based on the difference between experienced rewards and prior
expectations. With enough experience, one’s reward expectation should converge to the true
expected value [6,7].

In the typical RL task, each action is associated with only one reward, which could be
immediate or delayed. However, outside the lab, actions often have multiple consequences that
unfold over time [8]. In such cases it may be difficult for the organism to learn properly. For
instance, credit-assignment is a well-known problem in RL where organisms sometimes
misattribute rewards to the wrong actions [9,10]. This problem can occur when there are more
actions than outcomes or in complex environments where there is ambiguity about which
action(s) led to the reward. What remains unclear is whether people learn appropriately when
there is no such ambiguity but there are more outcomes than actions, i.e., when a single action
leads to both immediate and delayed rewards.

It is well known that organisms often discount the value of delayed rewards, meaning that
they often prefer smaller immediate rewards over larger delayed rewards. This phenomenon 1s
referred to as time discounting or delay discounting and usually thought of as a preference [11—
15]. However, it is possible that at least some part of delay discounting is due to inaccurate
learning. A difference in the processing of delayed relative to immediate feedback could generate

discounting-like behavior that is based on learning frictions rather than preference.
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There are many reasons why immediate and delayed reward feedback might have
different effects on behavior. One reason is limited attention — people may prioritize attending to
one kind of feedback over the other. Biased attention can lead to biased choices [16,17].

A second reason is agency — people learn better from things they choose compared to
things they don’t choose [18-21]. Delayed feedback may feel less agentic than immediate
feedback. If agency-related boosts in reward prediction error only apply to the most recent
choice, then one would expect a preference for options that yield larger immediate rewards.

A third reason is memory accessibility — people may find it easier to retrieve immediate
feedback than delayed feedback at the time of choice, leading to a stronger influence of
immediate vs. delayed feedback on choice. We know that people put more decision weight on
information that is presented earlier [22], considered earlier [23,24], or retrieved from memory
earlier [25,26]. If immediate feedback comes to mind more quickly than delayed feedback, for
instance because of the speed of striatal associations, then this could produce a bias towards
overweighting immediate feedback.

A fourth reason is an asymmetry in reinforcement learning — people may learn from
delayed feedback at a slower rate than from immediate feedback. This possibility arises from
research in neuroscience, indicating that immediate and delayed rewards are processed in distinct
neural systems. The hippocampus has been shown to be selectively sensitive to delayed
feedback, while the ventral striatum has been shown to be selectively sensitive to immediate
feedback [27]. Moreover, amnesic patients with damage near the hippocampus are impaired at
learning from delayed feedback but not immediate feedback, while patients with striatal
dysfunction due to Parkinson’s disease are impaired at learning from immediate feedback but not

delayed feedback [28,29]. We also know that animals are impaired at learning when there are
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longer delays between actions and outcomes [30,31]. Given this evidence that immediate and
delayed rewards are processed independently, it seems plausible that these two types of feedback
might not be properly integrated into a single, unbiased, total value. While we do not employ
brain imaging or patient data in our study, we do explore the implications of two learning
systems for behavior.

To study how people integrate dispersed feedback we use a reinforcement learning task in
which decision-makers receive feedback about part of the total value immediately after their
decision and the second, equally important part, one trial later. Thus, after every decision they
need to learn about the option they just chose as well as the option they chose previously.
Importantly, the rewards themselves were all delivered at the end of the study session so there
was no reason to weight immediate and delayed rewards differently. In some trials, the stimulus
with the larger total reward had a smaller immediate reward. Overweighting immediate rewards
could lead to errors in these cases. We modeled learning in this task using an extension of a
simple RL model [32], embedded in a dynamic choice model [33—-36] testing whether our
subjects learned from immediate rewards at a higher rate than from delayed rewards. Using eye-
tracking, we also tested whether our subjects preferentially gazed at immediate rewards
compared to delayed rewards. We correlated the individual learning rate parameters to the
proportion of dwell time difference spent on either type of reward to test whether attention could
explain any differences in learning rates. We also investigated whether any learning biases were
linked to distorted declarative memories for those stimuli. Finally, we also tested whether any
learning biases were related to working memory or intertemporal preferences.

To preview our results, we find that people are impaired at learning from delayed

feedback, that this immediacy bias is somewhat reflected in aggregate but not individual gaze
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measures, and that this behavioral bias may be linked to temporal discounting over much longer
timescales. Our subjects put roughly twice as much weight on the immediate feedback as the
delayed feedback when making their choices. In the aggregate our subjects tended to look more
at the immediate feedback than the delayed feedback, though this tendency did not correlate with
the behavioral immediacy bias. Interestingly, the behavioral immediacy bias was still present in
a passive learning task where subjects observed others making the first 63 decisions. Finally,
subjects who showed a greater immediacy bias in the learning task were, in one experiment,
more likely to choose a smaller-sooner than larger-later reward in a standard intertemporal
choice task with delays on the order of months. In summary, we find evidence that people do not
optimally integrate immediate and delayed feedback and that the bias to discount delayed

feedback may be linked to a more general tendency to discount the future.

Results

226 subjects learned the values associated with 6 stimuli, represented by colors in Study 1
(Colors Task; N = 102) and patterns in Study 2 (Patterns Task; N = 124; Fig. 1). An additional
114 subjects completed Studies 3—4 (Patterns Task), reported in the supplementary material.
Each stimulus generated a different number of points. Feedback for each choice was not given at
once but split into two components: one shown directly after the choice, and one shown after the
following trial’s choice. Thus, each stimulus had an immediate and a delayed feedback
component. Both were equally important in determining the subject’s earnings at the end of the
study, which were based on the total points earned (SI Methods). Each feedback component had

a baseline value (from 2 to 11 points) to which we randomly added up to 4 points in each trial

(Fig. 1).
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To identify whether subjects would overvalue options with higher immediate than
delayed feedback, some stimuli had descending feedback (high immediate and low delayed)
while others had ascending feedback (low immediate and high delayed). Each study had two
groups of subjects and each group had stimuli that alternated between ascending and descending
as the stimuli increased in total reward (Fig. 1).

There were 105 binary choice trials in each study, separated into blocks of 21 trials with
every combination of stimuli. We excluded subjects whose accuracy on trials with both options
ascending or descending was below 60 percent. We excluded trials in which the two options
were identical as there was no (in)correct answer on such trials. We also excluded the first block
of trials (21 trials) since subjects had very little information about the stimuli during that block.

Finally, we also excluded trials in which subjects did not choose within the time limit (see

Methods).
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Figure 1. Experimental design. (A) For each subject/block there were six unique stimuli, colors
in Study 1 or patterns in Study 2. Each stimulus had a total reward value ranging from 8 to 18, in
steps of 2. For each total reward value there was an ascending version and a descending version
based on whether the immediate feedback was smaller or larger than the delayed feedback,
respectively. The two feedback components were set by dividing the total reward in half, adding 2
for the larger component, and subtracting 2 for the smaller. For each total reward value, Group 1
saw the descending or ascending version and Group 2 saw the opposite. A small random number
was added to each underlying feedback component to make learning more difficult. Assignment
of colors and patterns to total rewards was randomized by subject. (B) Study 1 screenshot. Each
trial, subjects chose between two colored rectangles. Below the current options were the immediate
feedback from the previous choice and the delayed feedback from the choice before that. Subjects
also saw the trial number, the time within the trial, and the total accumulated points. After each
choice, the boxes slid down the screen, feedback was presented, and then new options were shown.
(C) Study 2 timeline. Each trial, subjects chose between two patterned discs. After each choice,
subjects saw the immediate feedback in the center of their chosen disc. Below (or above) that, they

saw the delayed feedback in the center of the chosen disc from the previous trial.
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Behavior

To preview the behavioral results, we find that subjects displayed a learning bias in favor of
immediate feedback. Subjects were more likely to choose a descending option than an ascending
option, were more likely to make an error when the ascending option was the correct choice, and
put more weight on the immediate feedback than the delayed feedback. Moreover, this bias
increased over the course of the experiment.

For the following analyses, we have 87 subjects for Study 1 (43 in Group 1. 44 in Group
2) and 90 subjects for Study 2 (47 in Group 1, 43 in Group 2) after exclusions. We also excluded
1 trial in Study 1 and 61 trials in Study 2 due to subjects missing the time limit.

Looking at subjects’ choices, we found that they put more weight on immediate feedback
compared to delayed feedback. For the same total reward, the option with the higher immediate
feedback was more likely to be chosen than its counterpart with the lower immediate feedback
(Fig. 2A.B). Incongruent trials (worse option descending, better option ascending) had lower
accuracy rates than congruent trials (worse option ascending, better option descending) as
evidenced by a paired t-test on the average accuracy rates at the subject level (Study 1: congruent
M= 0.88, incongruent M = 0.53, #(86) = -9.28, 95%CI = [-0.42,-0.27], p < 10713; Study 2:
congruent M= 0.77, incongruent M= 0.62, #(89) = -4.34, 95%CI =[-0.21,-0.08], p < 107%).

We confirmed these results using regressions of C/oose Left on differences in the average
immediate, delayed, and total rewards between the left and right options, as well as whether the
options were ascending or descending. We used mixed-effects regressions with random
intercepts and slopes at the subject level. All continuous variables were z-scored. For each trial
we calculated the relevant average feedback seen by the subject up to that point in the

experiment. Choosing the left option was more likely when it was descending as opposed to
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ascending (Study 1: p < 10713; Study 2: p < .017; Fig. 2D, Table S1) or when the right option
was ascending rather than descending (Study 1: p < 107#; Study 2: p < 107%; Fig. 2D, Table S1),
controlling for the difference in total reward. Subjects put larger weights on immediate than
delayed feedback. When regressing choice on the immediate and delayed feedback differences,
the weight on immediate was higher than on delayed by a factor of 2.4 in Study 1 and 1.4 in
Study 2. (Study 1: Srumediate = 2.18, 95%CI = [1.97,2.40], fpeiyea= 0.90 [0.71,1.10]; Study 2:
Prmmediate=1.54[1.33,1.75], Ppeiayea= 1.11 [0.91,1.31]; Fig. 2C, Table S2) A Likelihood Ratio Test
comparing the immediate and delayed coefficients revealed significant differences (Study 1: y*(4,
N=1287)=2860.74, p < 1075; Study 2: y(4, N=90) =350.1, p < 107P).

The bias to overweight immediate feedback over delayed did not decrease as the
experiment progressed; instead, it increased (Fig. 3). Building on the previous regression, we
included interaction effects between trial number and the immediate/delayed feedback. The
interaction of trial number and immediate feedback was positive and significant (Study 1:
Brmmediate 7ria = 0.38, 95%CI = [0.28,0.49], p < 107'%; Study 2: Bimmediate-1riai= 0.34, 95%CI =
[0.26,0.43], p < 1071°; Table S2), while the coefficient for the interaction of trial number and
delayed feedback was also significantly positive but smaller (Study 1: fpeiayes Triai= 0.12, 95%CI
=[0.04,0.20], p =.003; Study 2: Bpeiayea-1ia1= 0.19, 95%CI=1[0.11,0.26], p < 1075; Table S2). A
Likelihood Ratio Test comparing the immediate and delayed interaction coefficients revealed
that the increase in the delayed coefficient over time was significantly smaller than the increase
in the immediate coefficient over time (Study 1: y*(4, N=87) = 860.74, p < 10~°; Study 2: (4,
N=90)=350.1, p < 10”P). This indicates that the immediacy bias increased over the course of

the experiment.
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on a mixed-effects logistic regression. Dots represent subject level effects and bars represent
standard errors of the fixed effects. (D) Probability of choosing the left option as a function of
whether the left and right options were descending or ascending. Dots represent subject level

averages and bars represent standard errors across subjects.
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The learning bias was also evident in subjects’ response times (RT). We know from past
work that people make faster choices when there is a larger absolute value difference (|VD|)
between their options or a larger overall (summed) value (OV) of their options (for appealing
options)[37—40]. Since subjects’ choices were more influenced by immediate than delayed
feedback, we expected to analogously see more influence of immediate than delayed feedback on
RT. This was indeed the case. Immediate feedback had a larger effect on RT than delayed for
both [VD| and OV. We regressed log(RT) on [VD| and OV, either in total rewards, or separated
into immediate and delayed feedback. Larger total [VD| and larger total OV decreased RT (Study
1: Bivpj=—0.05[-0.07,—0.04], p < 107 Bor= —0.06 [-0.08,—0.05], p < 107'%; Study 2: Byp =
—0.04 [-0.05,-0.03], p < 1072, Bor=—0.05 [-0.06,—0.04], p < 1071% Figs. 4A,D & S14; Table
S3). However, when we separated reward into immediate and delayed components, we found
that immediate but not delayed |VD]| significantly decreased RT (Study 1: frp nmwmediare = —0.04
[-0.06,—0.03], p < 10™°; BvD_Deiayea= —0.002 [—0.01,0.01], p = .786; Study 2: BvD_tmmediate =
—0.02 [-0.03,—-0.01], p < 107%;8vD petavea= —0.01 [—0.02,0.00], p = .056; Figs. 4B,C & S14,
Table S4). The difference between immediate and delayed effects was significant (Study 1: (6,
N=287)=114.19, p < 1077; Study 2: y*(6, N=90) = 82.67, p < 10~'*). We also found that
immediate OV had a larger effect on RT than delayed OV (Study 1: fov pumediare = —0.07
[-0.09,—0.05], p < 107'%; Bov Delayea= —0.03 [—0.04,—0.01], p < 107*; Study 2: LoV Immediate =
—0.04 [-0.05,-0.03], p < 107%; BovDeiayea= —0.03 [-0.04,—0.02], p < 107°>; Difference: Study 1:
726, N=287)=95.29, p < 1071; Study 2: y%(6, N=90) = 52.07, p < 1078; Figs. 4C,F & S14,

Table S4).
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value (OV) effects on RT for each study. (D) RT decreases with total OV. (E) RT decreases with
immediate OV. (F) RT weakly decreases with delayed OV. Dots and bars represent mean and

standard errors across subjects.

Computational Model

We sought to capture the relative effect of immediate and delayed rewards using a formal
learning model. To do so, we employed an RL model embedded in a drift diffusion model
(DDM), but allowed different learning rates for immediate and delayed rewards. We focus on
this differential-learning model because our post-task data (described below) indicate an
impairment during learning rather than decision-making, but later we also account for possible

biases during choice.
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We modeled 176 subjects, 87 subjects from Study 1 and 89 subjects from Study 2. One
subject was excluded from Study 2’s modeling analyses due to too few valid trials.

We fitted a reinforcement learning drift diffusion model (RLDDM) [33-35]. Given that
each stimulus (s) was associated with two rewards, one immediate and one delayed (), the
total value for a stimulus was the sum of the predicted values for the immediate and delayed
rewards (7). The two values generated two different prediction errors, one for the immediate
reward and one for the delayed reward on each trial (k). The learning rates (a’,a”) controlled how
much the values were updated after each reward. In order to determine if learning occurred at
different rates for the immediate and delayed rewards, we also fitted a restricted model in which
the learning rate was the same for both rewards (¢/= a? = a).

Consistent with the model-free analyses, we found higher learning rates for immediate
rewards than for delayed rewards. This was true for both studies (Study 1: Mpumediare=0.27,
Mpeiayea= 0.14, 1(86) = 6.97, 95%CI = [0.09,0.16], p < 107%; Study 2: Minmediare= 0.23, MDelayed=
0.18, #(88) =2.75, 95%C7=1[0.01,0.09], p =.007; Fig. 5C). According to subject-level WAIC,
the model with differential learning provides a better fit for 48% of our subjects while the model
with the same learning rate for both types of rewards fit 52% of our subjects better. Thus, about
half of our subjects were better described by two different learning rates.

The differential learning model fits the data well in an absolute sense. It reproduces the
learning bias observed in the data; the option with the higher immediate reward was more likely
to be chosen than the option with the higher delayed reward, for the same total reward level (Fig.
S11). The model also shows increased accuracy across trials (Fig. SA). The model does a good
job of predicting accuracy for each type of choice trial (Fig. 5B) and the correlation between

subject-level predicted accuracy and observed accuracy was high (#(174) = .67, p < 10™°; Fig.

14
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S12). The model predicts behavior more accurately on congruent and incongruent trials
compared to when both options were ascending or descending (Fig. 5B).

In addition to the differential learning rates, it is also possible that people weight
immediate and delayed rewards differently at the time of choice. This could occur either due to
unequal attribute weighting [41] or due to discounting delayed feedback, relative to immediate
feedback, during learning; these two mechanisms are mathematically equivalent assuming initial
values are zero. To account for this possibility, we additionally fit models with different weights
on immediate and delayed values, either with or without the different learning rates.

The model with equal learning rates and equal decision weights fit 32% of the
participants best. Of the remaining participants, a majority (41%) were best fit by models that
included different learning rates (best fits: unequal learning rates (14%), unequal decision
weights (28%), or both (27%)). When considering data from all studies (87 for Study 1, 89 for
Study 2, 40 for Study 3, 47 for Study 4), again the model with equal learning rates and equal
decision weights fit 1/3 (33%) of the participants best. Of the remaining participants, a majority
(53%) were best fit by models that included different learning rates (best fits: unequal learning

rates (13%), unequal decision weights (31%), or both (22%)) (Table 1).
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Figure 5. Model parameters and fits. (A,B) Average choice accuracy in the data and in the
model simulations using the mean posterior values across trials and subjects. (A) Experiment

level. (B) Block level for each type of trial. Incongruent choice sets: worse option descending,

better option ascending, Congruent choice sets: worse option ascending, better option descending

(C) Means and standard errors of the posteriors for the immediate and delayed learning rates.

Dots represent subject-level learning rates for each task. (D) Correlation between behavioral bias

and differential learning rate model bias. Behavioral bias is measured as the difference between

the immediate reward coefficient and delayed reward coefficient in the regression of choice on
rewards. Learning parameter difference is measured as the difference in the learning rates

between the immediate and delayed reward.
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N P Mean (WAIC - WAIC Best)  Sum WAIC

Differential Weight Model 82 031 1.24 61100
Differential Learning and Weight Model 59  0.22 1.58 61198
Differential Learning Model 34 013 1.88 61306
Baseline Model 88  0.33 4.79 61715

Table 1. Model comparison results using WAIC. Total sample size from Studies 1-4 was 263
subjects. N and P are the number of subjects and proportion of subjects best fitted by each
model. Mean (WAIC — WAIC Best) is the mean increase in WAIC for all the models that were
not the best model. Sum WAIC is the sum of all WAIC across subjects.

Eye-tracking

As mentioned 1n the introduction, attention is one possible explanation for the differential impact
of immediate and delayed feedback. To address this, we collected eye-tracking data in Study 2
(and Studies 3—4 in the supplementary material) while subjects saw feedback and made their
choices. We sought to test whether subjects allocated more gaze to the immediate or delayed
feedback, and whether the relative fraction of dwell time on the two feedback components
predicted the learning bias. To preview the results, we observed a tendency to dwell longer on
the immediate feedback compared to the delayed feedback, but this gaze bias was not correlated
with the behavioral bias.

For these analyses, we used 75 subjects, after excluding 15 subjects who did not pass at
least three out of four calibration checks throughout the experiment. We did not exclude any
trials.

On the whole, subjects tended to look more at the immediate feedback compared to the
delayed one (Fig. 6C). In a mixed-effects regression of relative dwell proportion on immediate
vs. delayed, there was a marginal bias in favor of the immediate feedback when controlling for
the size and type (ascending vs. descending) of reward (£ = 0.05, 95% CI=1[0.00,0.11], p =.070;

Bayesian model: posterior mean f = 0.05, 95% Cr/[-0.005, 0.11], Pr(# > 0) = .96; Table S6),
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and a significant bias when controlling for the predicted values and prediction errors (f = 0.09,
95%CI=[0.03,0.16], p =.007; Bayesian model: posterior mean £ = 0.09, 95% Cr7[0.02, 0.17],
Pr(f > 0) = .996; Table S7). Using subject-level regressions, we found that 21 out of 75 subjects
had a significant gaze bias towards the immediate feedback and 14 out of 75 had a significant
gaze bias towards the delayed feedback.

Subjects were not more likely to fixate first on the immediate compared to the delayed
feedback. In a mixed-effects logistic regression of first fixation location (immediate vs. delayed)
there was no significant bias towards the immediate feedback, neither when controlling for the
size and type of reward (f = 0.09, 95%CI=[—0.12,0.31], p = .379; Bayesian model: posterior
mean £ =0.10, 95% CrI [-0.11, 0.32], Pr(5 > 0) = .83; Table S6) nor when controlling for the
predicted values and prediction errors (f = 0.21, 95%C7=[—0.07,0.49], p =.138; Bayesian
model: posterior mean f = 0.21, 95% Cr/ [-0.07, 0.49], Pr(f > 0) = .93; Table S7). There was
considerable heterogeneity across subjects in first fixation location. Using subject-level logistic
regressions, we found that 12 out of 75 subjects had a significant first-fixation bias towards the
immediate feedback and 11 out of 75 subjects had a significant first-fixation bias towards the
delayed feedback.

Surprisingly, gaze biases did not positively correlate with choice biases. This was true
both when using the behavioral bias calculated from the regressions (Dwell Proportion:
Spearman’s p(73) = —. 13, p = .27; Bayesian analysis p = -.12, 95% CrI [-0.34, 0.10]; First
Fixation: Spearman’s p(73) = —.25, p =.028; Bayesian analysis p = -.24, 95% Cr/[-0.44, -0.02];
Fig. S10) and when using the learning rates from the RL model (Dwell Proportion: Spearman’s

p(73) = —.24, p = .04; Bayesian analysis p = -.19, 95% CrI [-0.40, 0.03]; First Fixation:
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Spearman’s p(73) = —.23, p =.05; Bayesian analysis p = -.23, 95% CrI [-0.43, -0.01]; Fig.
6A.B). If anything, the correlation was in the opposite direction to what we expected.

However, we did replicate the general finding that options that receive more gaze during
the choice phase are more likely to be chosen [16]. A regression of Choose Left on the dwell-time
difference between left and right options revealed a positive and significant effect controlling for
immediate and delayed feedback differences (8 = 0.43, 95%CI =[0.30,0.56], == 6.36, p < 107°;
Table S8).

Studies 3-4 (Study 3 online, Study 4 in lab) yielded slightly different findings. In these
studies, the correlations between gaze bias to the immediate feedback and choice bias were
positive (rather than negative as in Study 2), but were only significant or marginal in Study 3
when looking at the choice bias from the regressions, and marginal in Study 4 when looking at
the learning rates. There was also no significant overall dwell bias towards the immediate
feedback in either study, though there was a significant first-fixation bias towards the immediate
feedback in Study 4 (Figs. S10, S20-S21). Overall, these additional studies suggest that there
may be a link between gaze during the feedback phase and choice bias, but that it is likely a

weak relationship.
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Figure 6. The link between gaze and behavior in Study 2. (A) The correlation between the
difference in learning rate (immediate vs. delayed) and the proportion of first fixations to the
immediate feedback (Spearman’s p(73) = —.23, p =.05). (B) The correlation between the
difference in learning rate (immediate vs. delayed) and the mean dwell proportion to immediate
feedback across trials (Spearman’s p(73) = —.24, p =.04). (C) The mean dwell proportion to
immediate feedback within a trial for 250 ms time bins across the trial. Black dots represent each
subject within a time bin and red bars are standard errors across subjects. (A,B) Dots represent

each subject. The gray bands represent 95% CI.
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Passive learning task

As described earlier, one possible explanation for the observed immediacy bias is agency.
People learn better from things that they choose than things they don’t choose, and so it is
possible that the immediacy bias is due to an increased sense that immediate vs. delayed
feedback is due to participants’ choices.

To investigate this possibility, we conducted an additional experiment with passive
learning. N=57 participants completed this passive learning experiment, using the color
paradigm from Study 1. Participants first observed 3 blocks of choices from a Study 1
participant. The feedback and timing of the feedback was the same as that of the matched
partner, except that they could not see the foregone choice option on the choice screen. After
observing 63 trials, participants then made 2 blocks (42 trials) of choices on their own.

Participants in the passive learning experiment still exhibited a substantial immediacy
bias in their choices. When regressing choice on the immediate and delayed feedback
differences, the weight on the immediate feedback was substantially higher than the weight on
delayed feedback (Brumediate = 2.62, 95%CI = [2.11, 3.12], p < 105, Bpeiayea = 1.48 [1.07, 1.88], p
< 102, Fig. 7, Table S2). While the immediacy bias was perhaps smaller than in Study 1

(depending on the analysis, see SI), passive learning clearly does not eliminate the effect (Fig. 7).
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Figure 7. Passive learning experiment (a) Error rates and (b) choice probabilities for the
passive learning experiment, compared to Study 1 (active learning matched participants) (a) split
into congruent and incongruent trials, and (b) split into Group 1 and Group 2. Darker colors

denote the active learning data while lighter colors denote the passive learning data.

Declarative Memory

At the end of Study 2 (and Study 4), we asked subjects to rank the stimuli in terms of
total reward, to indicate whether each stimulus was ascending, descending or flat, and to estimate
the average total reward for each stimulus. The results from these extra measures indicate that
the behavioral immediacy bias is at least partly due to inaccurate learning, with biases in memory

generally biased in the same direction as subjects’ choices during the main task.
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425 Being worse at ranking the stimuli was associated with lower overall accuracy (Study 2:
426 B =0.04,95%CI=1[0.03, 0.05], p < 1077/, Study 4: 8 = 0.03, 95%CI =[0.02, 0.05], p < 1077,
427  Table S9). Although ranking accuracy was not significantly associated with the immediacy bias
428  (i.e., the relative size of the choice coefficients on immediate vs. delayed feedback) in Study 2, it
429  was significantly positively associated with the immediacy bias in Study 4 (Study 2: f =-0.05,
430 95%CI=[-0.17, 0.08], p=.473, Study 4: # = 0.19, 95%CI =[0.03, -0.36], p = .02; Table S10).
431  This indicates that correctly ranking the stimuli was associated with a higher, not lower,

432  immediacy bias, at least for the in-lab study.

433 Having worse memory of whether a stimulus’s immediate feedback was larger or smaller
434  than its delayed feedback was associated with higher accuracy for incongruent choice sets (Study
435  2: f=-0.07,95%CI=[-0.12, -0.02], p = .006, Study 4. f = -0.11, 95%CI =[-0.18, -0.04], p =
436  .004; Table S9). Moreover, these memory errors were associated with a lower immediacy bias
437  (Study 2: B =-0.44, 95%CI = [-0.68, -0.21], p < 107, Study 4: f =- 0.28, 95%CI = [-0.56, -
438  0.01], p = .04; Table S10). In other words, better memory for the relative size of the immediate
439  wvs. delayed feedback was associated with a higher, not lower, immediacy bias in both studies.
440 In Study 4 we asked subjects to separately estimate the average for the immediate and
441  delayed feedback components. Subjects made larger errors estimating points for delayed

442  feedback than immediate feedback. The average absolute point error was 1.98 (SD = 0.51) for
443  immediate feedback and 2.68 (SD = 0.73) for feedback rewards. The difference was significant
444 (M =-0.7, #(45)=-4.97, p < 10*). Errors in the estimation of the immediate feedback were

445  associated with a lower immediacy bias (Study 4: f=-0.61, 95%CI = [-1.16, -0.05], p = .03,
446  Table S10), but errors in the estimation of the delayed feedback were not associated with

447  immediacy bias (Study 4: f=0.08,95%C7 = [—0.42,0.59], p =.74). In other words, better
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memory of the immediate feedback components was associated with a higher, not lower,
immediacy bias.

Overall, better memory was associated with a higher, not lower, immediacy bias. This
argues against the notion that subjects exhibited immediacy bias due to inattention to the task.

On the other hand, biases in memory were correlated with biases in behavior.

Working Memory

At the end of Study 1, subjects also completed a working-memory task — an n-back task
using either n=2 or n=3. We regressed the accuracy and d-prime measures for both n-back tasks
on the immediacy bias. For the 2-back task, accuracy was marginally negatively related to the
immediacy bias based on the regression approach, and significantly so based on the RL model
(Regression-based: f=—2.85[—5.98,0.28], p =.074, RL-based: f=—0.55[—1.02,-0.09], p =
.019; Table S11). The d-prime measure was also negatively related to the immediacy bias using
both measures (Regression-based: f = —0.31 [-0.60,—0.03], p =.03, RL-based: f = —0.05
[—0.10,—0.01], p =.012; Table S11). However, the association was not present for the 3-back
task (Regression-based: f = —0.12 [—0.54,0.30], p =.556, RL-based: = —0.02 [-0.09,0.05], p =
.519; Table S11).

In Study 4, subjects instead completed a visual working memory task, namely a change
localization task. There was no relationship between subjects’ performance on that task and their

immediacy bias (see supplementary material).

Discounting Preferences
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At the end of Study 1 (and Study 4), subjects completed a hypothetical survey to assess their
intertemporal preferences. We then regressed the intertemporal indifference point for all three
time-scales on the immediacy bias. The only significant association was for the decisions
between today and one month. The stronger the behavioral bias, the higher the impatience,
significantly for the regression-based analysis (f = 2.04, 95%CI =[0.15,3.92], p =.034; Table
S12) and marginally for the RL-based analysis (= 11.04 [—1.69,23.78], p = .088; Table S12).
However, this was marginal or not significant for the other time-scales: today and 6 months
(Regression-based: f=1.86 [—0.33,4.05], p =.096, RL-based: f=8.03 [-6.79,22.84], p =.284;
Table S12) and 1 month and 6 months (Regression-based: = 1.53 [-0.54,3.59], p =.146, RL-
based: f=3.63 [-10.36,17.632], p =.607; Table S12).

None of these relationships were significant in Study 4 (Table S13). This casts doubt on

the relationship between intertemporal preferences and immediacy bias in our learning task.

Discussion

In this article we found that people sub-optimally overweight immediate reward feedback
relative to delayed reward feedback. In our task, subjects merely had to add together two (small)
numbers to determine the total reward from their choice. And yet, subjects put between 1.4 and
2.4 times as much weight on the immediate feedback compared to the delayed feedback, roughly
equivalent to counting the immediate feedback twice. This resulted in 15 to 35% (Study 1: 35%,
Study 2: 15%, Study 3: 17%, Study 4: 25%) increases in errors when the option with the larger
immediate feedback was the wrong choice. Surprisingly, this immediacy bias only grew stronger
as the experiment progressed. At the same time, we also observed an attentional bias towards

immediate feedback — people spend about 53% of the time looking at the immediate feedback
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(Studies 2 and 3: 52%, Study 4: 54%). However, this gaze bias generally does not correlate with
the choice bias. We also found mixed evidence that this immediacy bias may be linked to
impatience and working memory deficits.

Our analyses, which focused on both choice and RT, consistently revealed a stronger
influence of immediate feedback on subjects’ choices. This behavioral bias favoring immediate
feedback was further evident in RT, with immediate feedback exerting a larger effect on RT via
both value difference and overall value. While RT significantly decreased in both the sum of and
the difference between the immediate feedback components of the two options, it showed
reduced or no such relationship with the delayed feedback, respectively. The relationship
between value-difference, overall value, and RT has been well documented [16,17,34,37-40,42—
48] and so its absence/reduction for delayed feedback lends further credence to the idea that
people prioritize the immediate feedback.

Overall, we find substantial support for an asymmetry in reinforcement learning whereby
people learn more slowly about delayed feedback than immediate feedback. We find mixed
support for other possible mechanisms — limited attention, agency, and memory accessibility. Our
eye-tracking data indicate that limited attention is unlikely to be the whole story. We find only
weak evidence that people fixate more on immediate vs. delayed feedback. Our passive-learning
data indicate that agency is unlikely to be the whole story. We still find a substantial immediacy
bias when participants were yoked through others’ choices, though the bias did decrease
somewhat. Finally, our memory tests at the end of the experiments indicate that unequal
weighting of immediate vs. delayed feedback is unlikely to be the whole story. Our participants
were worse at recalling delayed vs. immediate feedback, and for a majority of them, their

behavior was better fit by a model that incorporated different learning rates. Thus, while
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attention, agency, and memory accessibility might each marginally contribute to an immediacy
bias, we conclude that the bulk of the bias is due to asymmetric learning.

We used an RL model embedded in a DDM to better understand and quantify the
prioritization of immediate feedback. We incorporated distinct learning rates for immediate and
delayed feedback, which provided a better fit for approximately half of the subjects. Immediate
learning rates were significantly higher than delayed learning rates at the group level. While the
two-learning-rate model provided generally good fits to the behavior, it isn’t an entirely
satisfying explanation for the immediacy bias because it predicts that the immediacy bias should
shrink over time, while instead we find that the immediacy bias grows over time. Moreover, it
under-predicts accuracy when both options are ascending or descending (particularly ascending).
Future work will need to investigate other mechanisms by which this immediacy bias might
occur.

Consistent with a bias in learning, during the feedback phase we observed some evidence
for a greater focus on immediate feedback. In Study 2 subjects spent a greater proportion of time
dwelling on immediate vs. delayed feedback, while in Study 4 subjects were more likely to look
at the immediate feedback first. However, these attentional biases showed inconsistent
correlations with the behavioral bias. In Study 2 the correlations were insignificantly negative,
while in Studies 3-4 the correlations were positive but only sometimes significant. The eye-
tracking results from Studies 2-3 do need to be interpreted with some caution as the data were
collected using online webcam-based eye tracking. Collecting eye-tracking data online has many
advantages but it does sacrifice some precision relative to in-lab eye-tracking systems [41,49,50].
Thus, we put more weight on our Study 4 results, which revealed a marginally positive

correlation between dwell proportion on the immediate feedback and the learning rate advantage
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for the immediate feedback. Overall, gaze may play a small role in the immediacy bias but it
doesn’t seem to fully explain the behavior.

Also consistent with a bias in learning, we found that subjects with a stronger immediacy
bias in their choices were also better on the end-of-study memory test where they were asked to
report whether each stimulus was ascending, descending, or flat. Moreover, their memory for the
rankings or points for the stimuli were, if anything, positively correlated with the immediacy
bias. These results indicate that the immediacy bias we observed was not simply due to a lack of
attentiveness. Subjects displaying stronger immediacy bias were better at recalling the immediate
feedback but not the delayed feedback, suggesting that the immediacy bias may be due to
overweighting immediate feedback rather than underweighting delayed feedback.

The act of choosing the alternative that has the higher immediate reward instead of
considering how current choices affect future rewards has been termed melioration [51-53].
Melioration at the expense of maximization has been demonstrated in many animal experiments
[54,55] as well as with human subjects [56]. Previous research has used the Harvard game to
show the tendency of melioration over maximization [57-62]. However, the task puts subjects in
a highly complex learning environment in which any deviation from the optimal choice appears
impatient. Even Bayesian agents with perfect memory often need thousands of trials to avoid
melioration and arrive at the optimal solution. The reason lies in the opacity and complexity of
that task. Our task explicitly addresses this criticism by being much simpler and fully transparent
and allows us to cleanly attribute the observed bias to overweighting of immediate feedback
[63].

Our results are consistent with research in neuroscience that has argued for different

learning systems based on immediate and delayed feedback. The dopamine RL response to
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delayed rewards is similar to rewards that are entirely unpredicted [64,65]. This indicates that the
midbrain-striatal system is not entirely able to learn from delayed rewards [66]. Therefore,
learning of delayed rewards might be supported by a different system [27]. There is also
evidence for distinct involvement of the striatum and hippocampus for different types of
feedback. This research argues that learning from immediate rewards is supported by an implicit
memory system associated with the ventral striatum (VS), while learning from delayed rewards
1s supported by an explicit memory system associated with the hippocampus [27,28,66—68]. Both
neuroimaging and patient data support the dissociation between these two learning systems —
Parkinson’s patients (with VS dysfunction) are impaired at learning from immediate but not
delayed feedback, while amnesic patients (with hippocampal dysfunction) are impaired at
learning from delayed but not immediate feedback [27-29]. There is some debate about whether
such evidence conclusively supports multiple systems [69]. It 1s also unclear whether this multi-
system account can explain our results. Unlike these studies, we re-displayed the chosen stimuli
when showing both immediate and delayed feedback. So, while the second feedback was
delayed relative to the action, it was immediate relative to the stimulus. In any case, future work
will need to examine the neural mechanisms underlying the immediacy bias presented here.

Our study contributes to the understanding of temporal discounting by providing an
alternative explanation for its prevalence and resistance to correction [11]. Unlike traditional
intertemporal choice paradigms, which focus on known options and delays, our research
highlights the role of learning in shaping impulsive behavior. If reinforcement loses efficacy with
delay, immediate consequences would receive undue weight relative to delayed ones. This would
lead to a discounting of delayed rewards, not because people do not like to wait, but because the

delayed rewards are harder to learn. Thus, the learning bias that our study demonstrates may be a
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natural explanation for why impatience is so common, while the opposite, future bias, is so rare.
Our results offer some evidence in this direction by showing a correlation of behavior in the
learning task with typical measures of time discounting. Moreover, if time preferences are
influenced by experience rather than inherent traits, discount rates should vary across domains
within individuals. Empirical findings support this notion [70].

Our study was designed to rule out temporal discounting effects. First, our delays were on
the order of seconds rather than hours or days, as typical in intertemporal choice tasks.
Nonetheless, some studies have shown that temporal discounting can occur even with delays on
the order of seconds [64,71]. More importantly, reward discounting can not explain the bias
because all rewards were delivered at the end of the experiment. One might think that subjects
could have willingly foregone monetary reward in order to receive good feedback a few seconds
earlier. The high losses observed due to the bias make this implausible. In study 1 for example,
subjects on average lost €1.73 in incongruent and €0.64 in congruent trials, meaning that the
willingness to pay for good early feedback must have been at least €1.09 to explain the bias in
this manner (#(86) = -6.75, p < 0.001). Finally, the memory tasks indicate that subjects indeed
misestimated total rewards as reflected in their choices.

Cognitive load is another potential explanation for learning frictions. Our task required
subjects to process feedback from two different choices at the same time, one delayed and one
immediate. This could explain why subjects learn incompletely, but it doesn’t explain why they
favor the immediate feedback — cognitive load should affect the immediate and delayed feedback
equally. Furthermore, once a subject has learned one feedback component (e.g., the immediate
one) they should shift their attention and learn the other, leading to a decrease in bias over time.

This is the opposite of what we observed. One possibility is that people might be holding in mind
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the immediate feedback in order to add it to the delayed one. This might explain why the
immediate feedback seems to be double counted. Cognitive load has been shown to increase
dwell time [72] and this might be one reason why we don’t observe an association between dwell
time and the immediacy bias. In any case, future work could study our task in a less constrained
setting where immediate and delayed feedback are given in isolation [27].

The prevalence of myopic behavior has significant implications across various domains.
In financial decision-making, it can lead to inadequate investments in retirement savings and
education, as well as overspending and debt accumulation. Myopic behavior is also associated
with health-related choices, where immediate gratification often takes precedence over long-term
well-being. Skill development and learning are affected by temporal discounting, as individuals
may prioritize immediate enjoyment over the sustained effort required for skill acquisition. This
can impact academic and professional performance, personal goals, and overall life satisfaction.
This bias could also be relevant in the realm of social media. The focus on immediate rewards,
coupled with algorithmic promotion of viral content, can influence users’ sharing and liking
behaviors, potentially shaping online discourse and content consumption. Addressing and
mitigating the effects of delayed discounting may involve strategies such as enhancing the
visibility of future rewards [22] and emphasizing learning through observation.

In summary, we have shown that people show a bias to learn more from immediate
feedback than even slightly delayed feedback. This has major implications for how we evaluate
people’s choices. As opposed to ascribing impatient behavior to an unwillingness to wait, we
argue that impatience may in part be due to delayed rewards receiving too little weight in
learning, perhaps due to inattention to delayed feedback. This may explain why impatience and

temporal inconsistency are such pervasive problems.
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Materials and Methods
Ethics Statement
Study 1 was ruled as exempt by the joint Ethics Committee of the Faculty of Economics and
Business Administration of Goethe University Frankfurt (GU) and the Gutenberg School of
Management & Economics of the Faculty of Law, Management and Economics of Johannes
Gutenberg University Mainz (JGU). Written informed consent was obtained prior to data
collection.

Studies 2 & 3 were approved by the Behavioral and Social Sciences Institutional Review
Board at the Ohio State University, protocol 2013B0583. Written informed consent was obtained
prior to data collection.

Study 4 was ruled as exempt by the UCLA Office of the Human Research Protection

Program. Written informed consent was obtained prior to data collection.

Experimental Paradigm
In Study 1, subjects had 10 seconds to make their decisions and lost 5 points if they ran out of
time. In Study 2, subjects had 3 seconds and lost 5 points if they ran out of time. In Study 2, the
feedback screen was presented for 2 seconds, and a randomly generated time interval between
two and six seconds was added after each choice and feedback screen.

Study 1 was programmed using oTree [73]. Study 2 was programmed using jsPsych [74]
and utilized webcam-based eye tracking using the Webgazer library [49] integrated in jsPsych

[41].
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At the end of each study, subjects completed a memory survey. We asked subjects to rank
the stimuli in terms of total reward, to indicate whether each stimulus was ascending, descending
or flat, and to estimate the average total reward for each stimulus (SI Methods). We only
analyzed the memory surveys for Study 2, since the memory survey for Study 1 only asked the
questions for a subset of the stimuli presented (SI Methods). For the ranking question we used
Kendall tau distance between the true rank and the recalled rank. This measure counts the
number of pairwise disagreements between two rankings. For the ascending vs. descending
question, we computed the sum of the errors. If the subject answered that the immediate
feedback was equal to the delayed feedback, we counted it as half an error. For the total reward
question, we calculated the average error.

At the end of Study 1, subjects also completed a temporal discounting task and a
working-memory n-back task [75].

In the temporal discounting task, subjects completed a hypothetical survey to assess their
intertemporal preferences. In three series of questions, subjects were asked how they would
decide between 100 euros today or x in one month; 100 euros today or x in six months; 100
euros in one month or X in six months. By increasing or decreasing x from question to question,
we obtained indifference points in the range 100132 euros for each time horizon.

In the n-back task, participants were presented with a sequence of stimuli, in this case
numbers, one at a time. The task required participants to indicate whether the current stimulus
matched the one presented n items back in the sequence. One sequence was a 2-back task and
consisted of 48 stimuli of which 14 were target stimuli and one sequence was a 3-back task and

consisted of 48 stimuli of which 16 were target stimuli.

33



675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

We assessed performance on the n-back task using accuracy and d prime. Accuracy
includes both correctly identified targets and correctly identified non-targets. D prime is a
measure of sensitivity or discriminability used in signal detection theory [76] and is calculated as
the difference in z-scored hit rates and false alarm rates. These measures were corrected to
account for cases in which the hit rate equals 1 or false alarm rate equals 0. In order to correct the
measures, we added 0.5 to the total number of hits and false alarms and added 1 to the total
number of stimuli [77,78].

The 3-back task was not used for some subjects. In total, 87 subjects completed the 2-
back task and 51 subjects completed the 3-back task. 1 subject was excluded from the analyses
because their d prime measure was negative, indicating worse-than-chance behavior.

For Study 2 and 3, we excluded some participants based on their eye-tracking data. A short
validation phase was presented after trials 21, 42, and 84. After 63 trials participants completed a
new calibration and validation. If participants failed all 3 short validations, they were excluded.
Each validation check consisted of 3 dots at different positions on the screen that participants had
to fixate on. A participant failed the validation if they failed to fixate on any of the 3 dots, within

the error margin.

Modeling

Models

For the differential learning model, the values for the immediate and delayed feedback

components were as follows:

Vie1(sk) = Vilse) + al(rie — Vid(se)) (1)
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Vor-1(sx) = Vor(sk) + oP(rpxr — Vo(sz)) (2)

The total value of a stimulus was the sum of the immediate and delayed values.

Vi(sz) = Vi{sk) + Vp(sk) (3)
Each value was initialized to 0 at k= 0.

For the baseline learning model, the learning rates for the immediate and delayed
components were the same (/= o? = a).

For the differential weight model, the learning rates for the immediate and delayed
components were the same but the estimated value of the delayed feedback was weighted less
than the estimated value of the immediate feedback. The total value of a stimulus was the sum of
the immediate and delayed values:

Vi(sx) = Vi(sk) + yVpi(sk) (4)
where 7 1s the discount factor on the estimated value of the delayed component.

For the differential learning and weight model, the learning rates and choice weights for
the immediate and delayed feedback were allowed to be different. This model was a combination
of the differential learning model and the differential weight model.

The decision process itself was described by the DDM [16,79] with one boundary for
correct responses and one boundary for incorrect responses. In each trial, the drift rate was
defined as the difference between the values from the RL. model. When the difference was high,
the drift rate was higher, leading to more accurate and faster responses. On each trial, the drift

rate was defined as:
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v ""d( Vk,correct(sk) - Vk,incowcx(sk)) (5)

To compare models, we used the Widely Applicable Information Criterion (WAIC) [80].
This criterion is especially useful when the posterior distribution is not Normal. We computed
WAIC for each subject and each model.

Model comparison provides only relative performance among models. To check whether
the RL model captured the data well, we conducted a posterior predictive check. For each
subject, we used the mean of the posterior distribution to generate 100 simulated choices and RTs
using their actual sequence of trials. We computed choice accuracy at three levels: (1) at the trial-
level when averaging across all subjects (Fig. 5A, B), (2) at the subject-level when averaging
across all trials (Fig. S12), (3) overall level when averaging across both trials and subjects (Fig.
S13) and response times across both trials and subjects (Fig. S14) [79]. We excluded trials where

the two options were identical.

Priors

We chose weakly informative priors so as to have minimal influence on the posterior [81].

al ~B(1,1),0<al<1 (6)
P ~B(1,1), 0<al<1 (7)
a~N2,1),az0 (8)
t ~ U0, minRT) 9)
d~NO0,2),d=0 (10)
y~B(11),0<y <1 (11)
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Fitting procedure

We used Stan to find the best fitting parameters for each subject separately, using the Monte-
Carlo Markov Chain sampling method. For each subject, four chains were run in parallel. Each
chain consisted of 4,000 samples out of which 2,000 were warm-up samples. We computed R-hat
of all parameters to assess model convergence. This method compares the between- and within-
chain estimates for model parameters. The maximum R-hat was 1.01 indicating model

convergence [81].

Parameter recovery

To test whether parameters of the models could be recovered well, we simulated one dataset for
176 subjects using the mean posterior of the fitted parameter values and the experimental trials
encountered by each subject in the task. We then fit the model on this simulated data. We found
large and significant correlations between the true and fitted parameter values and no significant

bias in the recovery of the model parameters (Fig. S12).

Model recovery

To test whether the differential learning model and the differential weight model could be
distinguished from one another, we examined model recovery. We simulated one dataset for 176
participants using the mean posteriors of the fitted parameter values and the experimental trials
encountered by each participant in the task for each model. We then fit each model on these

simulated datasets and compared the model fits using WAIC to determine whether the model
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used to generate the data was also the best-fitting model. To check whether more trials leads to
better model recovery, we also simulated datasets for each model using double the number of
trials.

The model recovery analyses show that the differential weight model tends to mimic the
differential learning model even when the differential learning model generated the data, but not
the other way around (Simulated: Differential Learning Model, Fitted: 53% Differential Learning
Model, 47% Differential Weight Model; Simulated: Differential Weight Model, Fitted: 72%
Weight Model, 28% Differential Learning Model; Fig. S22). This is true even when using double
the number of trials in the experiment (Simulated: Differential Learning Model, Fitted: 65%
Differential Learning Model, 35% Differential Weight Model; Simulated: Differential Weight

Model, Fitted: 71% Weight Model, 29% Differential Learning Model; Fig. S22).
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Supplementary Methods
Study 1: Colors

Subjects

The experiment was conducted at FLEX (Frankfurt Laboratory for Experimental Economic Research) in February and
June 2018. 159 subjects (102 for the active learning condition and 57 for the passive learning condition) were recruited
using ORSEE (7). All subjects signed a written consent, and the studies received approval from the Joint Ethics
Committee for Economics and Business Administration of Goethe University Frankfurt and Gutenberg University
Mainz.

Design

Subjects’ task in the experiment was to learn the values of 6 abstract stimuli. The stimuli were 6 different colors. These
values were initially unknown, and could be learned by sampling. The experiment consisted of 105 trials. In each trial,
subjects were presented with two stimuli and could choose one. Each stimulus generated a specific number of points.
These points were displayed after each round, allowing subjects to learn throughout the experiment. Payment depended
on total points earned, giving subjects an incentive to learn the relative values as quickly and precisely as possible.

Feedback for each choice was not given at once, but split into two components: one shown directly after the choice,
one shown with one trial delay. Directly after a choice, the immediate reward was displayed with a clear association
with the stimulus chosen. One trial later, the subject would earn the delayed reward for this same choice, again clearly
displayed in association with the stimulus (and alongside the immediate feedback of the current trial’s choice).

A mixed design was used. Subjects were randomly assigned to one of two experimental conditions. Each of the two
groups had to learn a different reward vector associated with the 6 different stimuli. The total values were evenly spaced
from 8 to 18. For one group the following levels for the underlying rewards were used (immediate reward, delayed
reward): (11, 7), (6, 10), (9, 5), (4, 8), (7, 3), (2, 6) while for the second group the following levels were used: (7, 11),
(10, 6), (5, 9), (8, 4), (3,7), (6, 2). These values were split so that, the immediate reward was 4 points higher or lower
than the delayed reward. This arrangement maximized the number of rounds in which subjects had to choose between
options close in value, but with opposite temporal profiles.

A small random reward from a uniform distribution consisting of either 1, 2, 3 or 4 points was added to each underlying
reward to make learning more difficult. Subjects were informed about this in the instructions. However, the variance
was small relative to the value differences between the colors. For options 2 points apart, the chance of the worse option
appearing better was only .14 after a single draw for each, and quickly shrank with additional sampling. For stimuli 4
points apart, this probability was .02, and reversal was impossible for larger value differences.

The sequence of 105 decisions was split Into 5 blocks, each with 21 decisions corresponding to all possible two-stimulus
pairings. In 6 rounds both options were the same. These choice sets were included for several reasons. Most importantly,
they forced subjects to sample each color in regular intervals. This greatly limited the need for deliberate exploration
and ensure that subjects would have to sample each color at least once per block. Consequently, even when choices
were heavily biased, they would still continuously generate ample evidence to correct this bias.

The trade-off between exploration and exploitation was very limited in this task. This was partly because variance was
so small, partly because choice sets rotated in a way which essentially removed any need for deliberate exploration. It
ensured that inferior options would soon be sampled anyway: either when up against an even worse option, or itself.
The causal structure was explicitly revealed to subjects, and values depended only on the stimuli, so that subjects did not
need to infer or memorize states of the world or any rules. Subjects clearly saw which choice had which consequences.
Credit attribution was therefore not an issue here.

Block randomization was used to assign subjects to one of the two groups. A pre-fixed sequence of placeholders for
stimulus presentation was used which ensured that each two-stimulus combination appeared five times. The pre-fixed
sequence was chosen such that if a stimulus was available in round t, it was not available in rounds t + 1 or t + 2. This
ensured that subjects had seen as many realizations of the delayed reward as of the immediate reward whenever a
stimulus was available. The rule further guaranteed that while the stimulus was available, neither the immediate nor the
delayed reward could be on screen. Within each subject, the following aspects of the sequence were randomized: which



stimulus took which place in the sequence, which average reward vector corresponded to which stimulus, left and right
positions of the stimuli per round, and which of two sets of stimuli was used.

To address the question of whether passive as opposed to active learning would reduce the bias, an additional condition
of the experiment allowed subjects to learn from others’ feedback for the first part of the experiment before making their
own choices. The passive treatment kept all rules and mechanics of the main experiment with one change: in the first
63 rounds, subjects did not make any decisions, but could learn passively from feedback shown on their screen. The
feedback shown was based on the decisions of a matched partner from the main experiment. The feedback and timing
of the feedback was the same as that of the matched partner, except that the subject could not see the foregone choice
option on the choice screen. This was both to limit similarity to a choice situation, and to not convey information about
the beliefs of the subject in the active learning condition to the subject in the passive learning condition. Subjects were
not explicitly informed how the data had been generated. Both subjects entered the final 42 rounds with exactly the
same information. The sequence of choice sets in these rounds was again kept identical. Instructions were unchanged,
with an added section explaining the learning phase.

Procedure

The experiment was programmed in oTree (78). An important feature of the experiment was complete transparency of
its causal structure. Only the reward vectors were explicitly not disclosed to subjects; they received no information on
their range, average or similar. All other mechanics of the experiment were clearly explained in the instructions. Before
starting the main task, subjects played an interactive tutorial, which replicated the main task with slight modifications:
Detailed on-screen explanations of all rules could be shown and hidden at any time. Instead of 6 colors, 4 shades of
gray were used; after a few rounds had been played, their respective values (immediate, delayed) were revealed to make
completely transparent how points are generated. The noise terms added to the rewards could be turned on and off at
will during the tutorial.

The subjects then completed the main task. Once new options had appeared, subjects had a time limit of 10 seconds
per decision, represented by a shrinking bar. If time ran out, a choice was made at random, and a penalty of 5 points
deducted. After completing the main task, subjects were asked which of the colors gave the most points, the second
most points, and the least points (both components combined). The same color could not be named twice; the questions
were not incentivized.

At the end of the task, subjects completed an additional memory questionnaire. The first survey asked: “Which of these
images was associated with the highest (second, third, fourth, fifth highest or lowest) number of points?’. This question
was asked only for the best, second best and worst option. The second survey consisted of a Likert scale asking: ‘For
which image was the first reward larger (smaller or equal) than the second reward’. This question was asked only for
the second, third and fourth best options. The third survey asked subjects to estimate the number of points for each
image. This question was asked only for the best and second-best options.

Afterwards, the subjects also completed a task to elicit their intertemporal preferences. This was done using a staircase
estimator; this procedure is validated against incentivized decisions (2). In three series of questions, subjects were asked
how they would decide between 100 euros today or x in one month; 100 euros today or x in six months; 100 euros in
one month or x in six months. By increasing or decreasing x from question to question, effectively performing bisection
search, indifference points in the range 100-132 euros were obtained for each time horizon. By nature of the staircase
procedure, more extreme values are censored.

After the experiment, subjects were paid (.05 euros for each point scored above 1,800 in the task, and nothing if below
that threshold. This created steep incentives in the relevant region: Each of the 75 non-degenerate decisions effectively
had a stake between (.10 euros and .50 euros. Subjects could score between 1,715 — 2,065 points (ignoring penalties
for timeouts), and random behavior was expected to earn 1,890. Subjects were paid an additional 2 euros for completion
of the remaining questionnaire. Sessions lasted around 50 minutes. Subjects earned 10.78 euros on average.

Study 2: Patterns Task
Subjects

A total of 374 subjects were recruited from The Ohio State University between February and July 2021. All subjects
gave written consent, and the study was approved by the OSU Institutional Review Board (2013B0583). Subjects could



participate in the experiment only if they passed a short initial eye-tracking calibration, a control questionnaire and a
second longer eye-tracking calibration. 178 (47%) subjects failed the initial calibration and were paid $2, 49 (13%)
subjects failed the control questionnaire and were paid $3 and 23 (6%) subjects failed the second calibration and were
paid $4.

A total of 124 subjects completed the experiment. Subjects were paid based on their choices in the task. The minimum
payment was $9 for completing the task and the maximum payment was $14. Subjects earned an average of $10.
Subjects were paid 4 cents for each point earned above the 1,505 points threshold and could earn a maximum of 350
points. Subjects also lost 5 points if they did not make a decision within 3 seconds.

Our target sample size was 80 subjects who satisfy our exclusion restrictions, 40 for each group. We determined the
sample size based on a previous pilot study. Our goal was to obtain at least .80 power to detect a significant Likelihood
Ratio Test for whether the immediate reward has a higher coefficient than the delayed reward in a mixed effects logistic
regression in which the outcome variable is the choice of the left stimulus and the predictors were the difference between
the left and right option in the experienced average immediate reward and delayed reward.

Design

The design was similar to the colors task, with a few modifications that allowed for better eye-tracking measures. First
of all, the stimuli were two sets of 6 abstract black and white art images. We choose these images to be similar in
salience. The salience was computed using the Graph-based Visual Saliency toolbox in MATLAB (3). Secondly, we
separated the choice and feedback stages into two separate screens. This was done in order to make it easier to measure
subjects’ attention to the feedback information. A randomly generated time interval between two and six seconds was
added after cach choice and feedback screen. Thirdly, subjects had a maximum of 3 seconds to make their choice,
instead of 10 seconds. If no choice was made within this time, one stimulus was chosen randomly by the computer. The
feedback screen was presented for only 2 seconds. Due to issues with timing on web browsers, the feedback was on
average presented for 2.5 seconds. Lastly, the small random reward from a uniform distribution consisting of either 0, 1,
2 or 3 points was added to each underlying reward instead of either 1, 2, 3 or 4 points.

Gaze position was measured using subjects’ webcams. We recorded the horizontal (x) and vertical (y) gaze position at
each moment in time during the choice and feedback phases of each trial. We defined the Area of Interest (AOI) for the
immediate reward as the top half of the screen and the AOI for the delayed reward as the bottom half of the screen.

Procedure

Potential subjects received a link which they could access to complete the experiment. First, subjects completed a
consent form. Then they answered a few demographic questions and questions about preferred online payment method.
Second, subjects completed a short eye-tracking calibration. Third, they read the instructions and completed a control
questionnaire to check their understanding of the instructions. To advance to the second calibration, they had to answer
4 out of 5 questions correctly. After completing the second calibration, they advanced to the experiment.

A short validation phase was given after 21, 42, and 84 trials. After 63 trials subjects completed another calibration and
validation. This was done to ensure high eye-tracking data quality. If subjects failed all 3 short validations, they were
excluded. Each of the validation checks consisted of showing 3 dots at different positions on the screen that the subjects
had to fixate. A subject failed the validation if none of the 3 dots were considered fixated within a certain radius around
the dot.

At the end of the choice phase, subjects completed 3 short memory surveys. The first survey asked: “Which of these
images was associated with the highest (second, third, fourth, fifth highest or lowest) number of points?’. The second
survey consisted of a Likert scale asking: “For which image was the first payoff larger (smaller or equal) than the second
payoff’. The third survey asked subjects to estimate the number of points for each image.

At the end of the experiment, subjects were shown their final reward and were paid with their preferred online method.
Experiments lasted 37 minutes on average.

The analyses were preregistered at OSF (osf.io/mkgqy).



Study 3: Patterns Task Position Feedback Reversed
Subjects

A total of 169 subjects were recruited from Prolific between February and March 2024. All subjects gave their consent,
and the studies received approval from the OSU Institutional Review Board (2023E1158). Subjects could participate in
the experiment only if they passed a control questionnaire. 112 (66%) subjects failed the control questionnaire. A total
of 57 subjects completed the experiment. Subjects were paid based on their choices in the task. The minimum payment
was $9 for completing the task and the maximum payment was $14. Subjects earned an average of $10. Subjects were
paid 4 cents for each point earned above the 1,505 points threshold and could earn a maximum of 350 points. Subjects
also lost 5 points if they did not make a decision within 3 seconds.

Our target sample size was 40 subjects who satisfy our exclusion restrictions. We determined the sample size based on
Study’s 2 data. Our goal was to obtain at least .80 power to detect a significant Likelihood Ratio Test for whether the
immediate reward has a higher coefficient than the delayed reward in a mixed effects logistic regression in which the
outcome variable is the choice of the left stimulus and the predictors were the difference between the left and right
option in the experienced average immediate and delayed rewards.

Design

The design was the same as the patterns task, except for the position of the feedback on the screen. In Study 1, the
immediate reward was always shown on the top half of the screen while the delayed reward was always shown on the
bottom half of the screen. Here, we reversed these positions such that the immediate reward was always on the bottom
half of the screen while the delayed reward was always on the top half of the screen. This allowed us to test whether the
immediacy bias was instead just a spatial bias.

Procedure

The procedure was the same as for Study 1 except that subjects on Prolific did not have to answer any demographic
questions or select a preferred payment method. We also did not exclude subjects if they failed the eye-tracking
calibration.

The following analyses were preregistered at OSF (osf.io/37ga2).

Study 4: In-lab Eye-tracking Study
Subjects

The experiment was conducted at UCLA (University of California Los Angeles Behavioral Research Lab) in May and
November 2024. 57 subjects were recruited for the study. All subjects gave their consent, and the studies received
approval from the University of California Los Angeles Review Board. 10 subjects were excluded because their
accuracy on the congruent choice sets was below 60%.

Design

The design was the same as the online patterns task (Study 2), except we varied the position of the feedback on the
screen between participants. For half of the participant, the immediate reward was always shown on the top half of
the screen while the delayed reward was always shown on the bottom half of the screen, while for the other half we
reversed these positions such that the immediate reward was always on the bottom half of the screen while the delayed
reward was always on the top half of the screen. This allowed us to test whether the immediacy bias was instead just a
spatial bias.

Procedure

The procedure was the same as the online patterns task (Study 2) except that subjects did the task in the lab. Subjects
also did additional tasks as in Study 1. We replaced the n-back working memory task with a visual memory task, namely
the change localization task (4). We also made a change to the declarative memory task. For the point estimation task,
subjects had to estimate separately the average points for the immediate and delayed reward.

Subjects were eye-tracked while performing the task. Monocular eye tracking data were collected with a remote
EyeLink 1000 Plus system (SR Research Ltd., Mississauga, Ontario, Canada), with a sampling frequency of 500 or



1000 Hz. Before the start of each trial, subjects had to fixate a central fixation cross to ensure that they began each trial
fixating on the same location. We recorded the horizontal and vertical gaze position at each moment in time during the
trial. The AOIs corresponded to the top and bottom part of the screen for the feedback and the left and right part of the
screen for the choice. Similar to Study 2 and 3, subjects had a maximum of 3 seconds to make their choice. If no choice
was made within this time, one stimulus was chosen randomly by the computer. The feedback screen was presented for
only 2 seconds.

The following analyses were preregistered at OSF (osf.io/tuv48).

Supplementary Results

Colors and Patterns Tasks
Response Times

The learning bias in favor of options with higher immediate rewards was also evident in RT-inferred indifference points.
If subjects overweigh immediate rewards, they should be slowest to decide when the descending option is slightly worse
than the ascending option. This would correspond to the subjects’ average indifference point. To test this hypothesis,
we used a mixed-effects quadratic regression with logarithm of RT as the outcome variable. As expected, we found
a negative quadratic coefficient for difference in total reward between descending and ascending options (Study 1:
B 0.002,95%CT = [-0.003, —0.002],p < 10713; Study 2: 0.001[—0.002, —0.001], p < 10~!; Fig. S5,
Table S5). Moreover, the estimated peak of this RT curve was at -2.32 for the colors task and -0.81 for the patterns task,
indicating that indeed subjects’ average indifference point occurred when the descending option was slightly worse than
the ascending option.

Passive versus Active Learning

For the passive learning conditions the sample size consisted of 57 subjects. Although there was only marginal evidence
that passive learning reduced the immediacy bias when considering experienced average rewards, there was significant
evidence for this reduction when considering choices of descending versus ascending options and error rates for
congruent and incongruent choice sets.

There was only marginally significant evidence that the bias in the passive learning condition was lower than in the active
learning condition when considering the experienced average immediate and delayed rewards. We used a regression
of Choose Left on differences in the average immediate and delayed between the left and right options as well as a
dummy for the passive learning condition and interactions of this dummy with the average immediate and delayed
rewards. The coefficient for the interaction of the experienced average immediate reward and passive learning condition
was marginally negative (37 mediate: Passive 0.49,95%C I = [-1.04, 0.07], p = .085; Table S2). The coefficient
for the interaction of the experienced average delayed reward and passive learning condition was positive, but not
significant (Bpeiayed: Passive = 0.15,95%CT = [~0.31,0.62], p = .517; Table S2).

We also checked for the immediacy bias by using regression of Choose Left on whether the options were ascending
or descending, controlling for total rewards difference between left and right options. As before, we included a
dummy for the passive learning condition and interactions of this dummy with whether the options were ascending or
descending. There was evidence that the immediacy bias was lower in the passive learning condition when considering
choice of descending versus ascending options. Choosing the right option when it was descending was less likely
in the passive learning condition compared to the active learning condition as evidenced by a positive interaction
coefficient between passive learning condition and whether the right stimulus was descending as opposed to ascending
(8 = 0.95,95%CT = [0.23,1.66], p = .009; Table S1). The same was not true for when the left option was descending,
though the direction of the effect was consistent with a lower bias (3 0.43,95%CT = [-1.12,0.26],p = .218;
Table S1).

Incongruent choice sets had higher error rates in the active learning condition than the passive learning condition

when looking at matched pairs of subjects (Active: M = (.53, 5D = 0.30; Passive: M = 0.39, 5D = 0.31,1(48)
2.21,95%CT = [—0.28, —0.01],p = .031). The opposite was true for error rates for congruent choice sets (Active:

M = 0.07,5D = 0.13; Passive: M = 0.16, 5D = (.24, £(48) = 2.02,95%CT = [0.00, 0.16], p = .049) indicating



that the immediacy bias was lower in the passive learning condition compared with the active learning condition. For
these analyses we used only the subjects that passed the exclusion criteria from Study 1. We excluded 15 subjects
whose accuracy on trials with both options ascending or descending was below 60 percent.

Reversed Feedback Position

For the following analyses, we combined part of the data from Study 2 with the data from Study 3. We selected the first
40 odd-numbered participants from Study 2 (22 in Group 1, 18 in Group 2) and the first 40 participants from Study 3
(15 in Group 1, 25 in Group 2). We used the same exclusion criteria as before — 71 trials were excluded from Study 3
because subjects were too slow. This plan was pre-registered.

Behavior

For the same total reward level, the option with the higher immediate reward was more likely to be chosen compared
to the option with the lower immediate reward (Fig. S16A). We confirmed these results using regressions of Choose
Left on differences in the average immediate, delayed, and total rewards between the left and right options, as well
as whether the options were ascending or descending. We used mixed-effects regressions with random intercepts and
slopes at the subject level. For each trial we calculated the relevant average rewards seen by the subject up to that point
in the experiment. We performed these regressions both when pooling the data from the two conditions and when using
a dummy variable for the position condition and its interactions with the other variables in the model.

Choosing the left option was more likely when it was descending as opposed to ascending (Studies 2 and 3:
BLeftFalting = 0.29,95%C1 [0.09,0.50],p = .005; Fig. S16C, Table S14) or when the right option was as-
cending rather than descending (Studies 2 and 3: Sright Falling 0.39,95%CT = [-0.60, —0.19],p < 10~%; Fig.
S16C, Table S14), controlling for the difference in total rewards. There was no main effect of position of the feedback on
the choice of the left option (Studies 2 and 3: Bmmediate Bottom 0.007,95%C1T = [-0.30,0.29], p = .961; Table
S14). The bias in favor of descending options was even stronger when the immediate reward feedback was at the bottom
of the screen compared to when it was at the top of the screen (BLefipatling immediate Bottormn = 0.32,95%C1
[0.03,0.61], p = .033; Fig. S16B, Table S14).

Moreover, congruent choice sets had lower error rates than incongruent choice sets (Studies 2 and 3: Ssectcongruent
0.14,95%C1 [-0.23, —0.05], p .003; Table S15). The position of the feedback on the screen did not

make a difference on error rates (Studies 2 and 3: SBrmmediate Bottom 0.01,95%C1 [-0.08,0.10],p = .748,
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Subjects put larger weights on immediate rewards than delayed rewards. When regressing choice on the immediate and
delayed reward differences, the weight on the immediate reward was higher than the weight on delayed reward (Studies
2 and 3: Brimmediate = 1.48,95%CT = [1.26,1.69],p < 107", Bpetayea = 1.01[0.80, 1.22], p < 10~'°; Fig. S16B,
Table S16). A Likelihood Ratio Test comparing the immediate and delayed coefficients was significant (Studies 2
and 3: x2(4, N = 80) = 291.53, p < 10~1%). The position of the feedback did not make a difference (Studies 2 and
3: ﬂf‘mfﬂediutﬂﬂnuo‘m 0“81 QS%CI [ 0.1 ]‘!I “28] P 4[]5: ﬁf‘m‘mediuie:I'.rnm.sdia.‘.eBoHom “0041 QS%OI
[-0.42,0.43],p = 984, Bpeiayed: Immediate Bottom 0.04,95%C1I = [-0.46,0.37],p = .845; Fig. S16B, Table
S16).

To test whether this behavioral bias increased or decreased over the course of the experiments, we added interaction
effects with trial number to the previous regression. The interaction of trial number and immediate reward was positive
and significant (Studies 2 and 3: Brmediate:Trial = 0-34,95%CT = [0.26,0.43], p < 10~ 14; Table S16), while the
coefficient for the interaction of trial number and experienced delayed reward was also positive, but not significant
(Studies 2 and 3: Bpeayed:rrial = 0.06,95%CT = [-0.01,0.14], p = .112; Table S16). A Likelihood Ratio Test
comparing the immediate and delayed interaction coefficients was significant (Studies 2 and 3: x*(4, N = 80)
242.52, p < 10716). This indicates that the immediacy bias increases over the course of the experiment. The position
of the feedback did not make a difference (Studies 2 and 3: Br,mediate: T'rial: Immediate Bottom 0.11,95%C1T
[—0.28,0.06], p = .205, Bpetayed:T'rial: Immediate Bottom 0.03,95%C1T = [-0.19,0.12], p = .662; Table S16).

Response Times

Larger total IVDI and larger total OV decreased RT (Studies 2 and 3: [y p, 0.03[-0.04, -0.02],p <
1072, Bov 0.04[-0.06, —-0.03],p < 10~7; Fig. SI8, Table S17). Position of the feedback did not



make a difference (B|y p|.rmmediateBottom 0.004[—0.02,0.03], p 723, BOV : Immediate Bottom
0.0005[—0.03,0.03],p .970; Fig. S18, Table S17). When we separated value into immediate and delayed
rewards, we also found that both immediate and delayed IVDI decreased RT (Studies 2 and 3: SBv prmmediate

0.03[-0.04, —0.02],p < 1077; By DDelayed 0.02[-0.03,—0.01],p = .001; Figure S18, Table SI8). The
difference between immediate and delayed was significant (Studies 2 and 3: x?(1, N = 80) = 3.851,p = .05).
Position of the feedback did not make a difference (8v prmmediate: Immediate Bottom 0.002[-0.02,0.02], p

838; By D Delayed: ImmediateBottom — —0.001[—0.02,0.02],p = .918; Fig. $18, Table S18). We did not find that im-
mediate OV had a larger effect on RT than delayed OV (Studies 2 and 3: Sov rmmediate 0.03[-0.04, —0.02],p <
107'% Bov Detayed 0.03[—0.04, —0.02], p < 107%;%2(1, N = 80) = 0.4542,p = .50; Fig. S18, Table S18).
Position of the feedback did not make a difference (Bov rmmediate: Immediate Bottom 0.01[-0.03,0.01],p
315; BoV Delayed: ImmediateBottom = —0.008]—0.01,0.03], p = .423; Fig. S18, Table S18).

The learning bias in favor of options with higher immediate rewards was also evident in subjects” RT-inferred indifference
points. We found a negative quadratic coefficient for difference in total reward between descending and ascending
options (Studies 2 and 3: Srorar 0.001,95%CT = [-0.001, —0.001],p < 10~*; Fig. S5, Table S19). Morcover,
the estimated peak of this RT curve was at -1.26 indicating that the subject’s indifference point occurred when
the descending option was slightly worse than the ascending option, as expected. The position of the feedback
did not make a difference (Studies 2 and 3: Brotal: Immediate Bottom 0.001,95%C1T [—0.008,0.006], p
07, BrotaiSq: Immediate Bottom 0.00006,95%C1 = [-0.001,0.001], p = .902; Table S19).

Model

For the differential learning model, the learning rate for the immediate reward was higher than for the delayed reward
for reversed feedback position condition (Study 3: Mimmediate = 0.28, Mpetayed = 0.20,1(39) = 2.96,95%C1
[0.030.15], p = .005; Fig. S16D). According to subject level WAIC, the model with differential learning provides a
better fit for 57% of our subjects while the model with the same learning rate for both types of rewards fit 42% of our
subjects better.

For the weight model, we found lower weight on the delayed rewards compared with immediate rewards (Study 3:
Mpeiayea = 0.52,1(39) 14.23,95%C1T = [0.45,0.59],p < 10719),

Using all models (Baseline Model, Differential Learning Model, Differential Weight Model and Differential Learning
and Weight Model), the model with same learning rates and equal decision weights provides a better fit for 35% subjects,
the model with differential learning rate and equal weights provides a better fit for 15% subjects, the model with equal
learning rates and different weights provides a better fit for 27% of subjects, while the model with both different learning
rates and different weights provides a better fit for 23% subjects.

Gaze Bias

For these analyses, we used 18 subjects from Study 3, after excluding 22 subjects who did not pass the initial
calibration or did not pass at least three out of four validation checks throughout the experiment. We did not exclude
any trials. On the whole, subjects did not have a tendency to look more at the immediate reward compared to the
delayed reward (Fig. S20C). In a mixed-effects regression of relative dwell proportion on immediate vs. delayed, the
effect (i.e., intercept) was not significant when controlling for the size and type (ascending vs. descending) of reward
B 0.02,95%C1 = [-0.13,0.09], p = .733; Table $6), and also not significant when controlling for the predicted
values and prediction errors (3 0.03,95%C1I = [-0.17,0.11], p = .664; Table S7).

Subjects were not more likely to fixate first to the immediate reward compared to the delayed reward. In a mixed-effects
logistic regression of first fixation location (immediate vs. delayed) the effect (i.e., intercept) was not significant
when controlling for the size and type of reward (8 = 0.31,95%CT = [-0.13,0.75], p = .171; Table S6) nor when
controlling for the predicted values and prediction errors (8 = 0.02,95%C1 = [-0.59,0.63], p = .958; Table $7).

The learning bias was significantly correlated with the first fixation bias but not with the dwell proportion bias.
However, this was true only when using the behavioral bias calculated from the regressions (Dwell Proportion:
p(16) = .24,p = .33; First Fixation: p(16) = .49,p = .04) but not when calculated from the RL model (Dwell
Proportion: p(16) = .11,p = .65; First Fixation: p(16) = .33,p = .19; Fig. S20). However, in this study the
correlations were in the expected direction.



In-lab Eye-tracking Study

We used the same exclusion criteria as before, results in 99 trials being excluded from Study 4 because subjects were
too slow. This plan was pre-registered.

Behavior

For the same total reward level, the option with the higher immediate reward was more likely to be chosen compared
to the option with the lower immediate reward (Fig. S17A). We confirmed these results using regressions of Choose
Left on differences in the average immediate, delayed, and total rewards between the left and right options, as well
as whether the options were ascending or descending. We used mixed-effects regressions with random intercepts and
slopes at the subject level. For each trial we calculated the relevant average rewards seen by the subject up to that point
in the experiment. We performed these regressions both when pooling the data from the two conditions and when using
a dummy variable for the position condition and its interactions with the other variables in the model.

Choosing the left option was more likely when it was descending as opposed to ascending (8iejiFalling
0.37,95%CT [-0.07,0.81],p .096; Fig. S17C, Table S14) or when the right option was ascending

rather than descending (Bright Falling 0.57,95%CT [-1.03, —0.11],p .016; Fig. S17C, Table S14),
controlling for the difference in total rewards. However, when including the difference in total experienced
rewards, the effects reversed (Srefiralling 1.80, 95%C'T [-2.48,-1.13],p < 1075, Brightralting
1.74,95%CT [1.07,2.42],p < 1075, BrmmediateBottom 0.21,95%CT [-0.68,0.27],p 393
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0.52,95%CT = [-1.50,0.46], p = .299; Table S14). While this goes against the results of Studies 1-3, we also test
for the bias in a different way below, using the points of the immediate and delayed rewards instead of whether an
option was rising or falling, and find strong evidence for the immediacy bias. Position of the feedback did not have a
significant effect.

Congruent choice sets had lower error rates than incongruent choice sets which is consistent with results from Studies
1-3 and indicate that a behavioral bias in favor of the immediate reward is present (3setCongruent 0.19,95%CT
[-0.31, —0.07], p = .002; Table S15). The position of the feedback on the screen did not make a difference on error rates

{'BITH""H“{‘-"'LP‘B"“OV”' 0. 109 95%0} [ 0[]2! [}22]!p 110, .Bﬁet,(:‘rm.gruf-mtzf'm'med'iateBo.f..f.r)m. UIJ., E‘)S%CI
[0.30,0.04], p = .144; Table S15).

Subjects put larger weights on immediate rewards than delayed rewards. When regressing choice on the immedi-
ate and delayed reward differences, the weight on the immediate reward was higher than the weight on delayed
reward (Brmmediate = 1.49,95%CT = [1.20, 1.78],p < 107"°, Bpetayed 0.35[—0.55, —0.16],p < 107*; Fig.
S17B, Table S16). A Likelihood Ratio Test comparing the immediate and delayed coefficients was significant
(x%(4, N = 47) = 578.17,p < 10~1%). The position of the feedback did not make a difference (B1mmediate Bottom

(]'22: 95%CI [ “553 “10],}7 . 183: ﬁf'm.‘mediute:Inmwdialeﬂoiiom ”151 95%01 [ “423 072],}3
615, Bpelayed:rmmediate Bottom 0.11,95%C1T = [-0.50,0.28], p = .580; Fig. S17B, Table S16).

To test whether this behavioral bias increased or decreased over the course of the experiments, we added interaction ef-
fects with trial number to the previous regression. The interaction of trial number and immediate reward was positive and
significant (B1mmediate:Trial = 0.29,95%CT = [0.18,0.41], p < 10~5; Table S16), while the coefficient for the inter-
action of trial number and experienced delayed reward was negative and significant (8perayed: T'rial 0.25,95%C1
[~0.35, —0.14], p < 107%; Table S16). A Likelihood Ratio Test comparing the immediate and delayed interaction coeffi-
cients was significant (x*(4, N = 47) = 2022.2, p < 10~'®). This indicates that the immediacy bias increases over the
course of the experiment. The position of the feedback did not make a difference (Brmmediate: Trial: Immediate Bottomn

0'[}[}21 95%C1 [ 0237 023] P {)837 6Deiuyedﬂ’r'it}.l:Imm.f-:diaieﬂaf,iotn 0[}4: 95%C1 [ 025: 017]7 p
.704; Tables S16).

Response Times

Larger total IVDI and larger total OV decreased RT, but larger total VDI was only marginally significant
Bvp 0.02[—0.040, 0.001], p 067, Bov 0.03[-0.04, —0.01],p .005; Fig. S19, Table S17).
Position of the immediate feedback at the bottom of the screen did not make a difference for IVDI, but it

decreased RT for OV consistent with a stronger effect (8)v p|:rmmediate Bottom 0.02[-0.06,0.02],p
305, Bov: Immediate Bottom 0.04[—0.074, —0.003], p .033; Fig. S19, Table S17). When we separated



value into immediate and delayed rewards, we found that only immediate IVDI decreased RT, while delayed IVDI
increases RT suggesting a strong bias towards considering the immediate rewards more than the delayed rewards
(B\v D|Immediate 0.04[0.05, ~0.02],p < 107%; By D|Detaged = 0.01[0.002,0.025],p = .022; Figure S19,
Table S18). The difference between immediate and delayed was significant (x*(1, N = 47) = 34.502,p < 107%).
Position of the immediate feedback at the bottom of the screen decreased RT further, but only for the immediate VDI,
while it did not make a difference for the delayed IVDI(B)y p|rmmediate: Immediate Bottom 0.05[-0.07, —0.03],p <
1[}_4;ﬁ‘|VD|Demwdr;m.,,wd,;meﬂ,,m,m 0.01[-0.01,0.04],p = .244; Fig. S19, Table S18). We also found that
only immediate OV decreased RT, while delayed OV increased RT suggesting a strong bias towards considering the
immediate rewards more than the delayed rewards. The difference between immediate and delayed was significant
(BOV Immediate 0.03[-0.04, —0.02],p < 10~7; Bov Detayea = 0.02[0.01,0.03],p = .002; x2(1, N = 47)
32.693,p < 10~7; Fig. 819, Table S18). Position of the immediate feedback at the bottom of the screen decreased
RT further for higher immediate OV and increased RT for higher delayed OV (Bov Immediate: Innmediate Bottom
0.04[-0.07, —0.02],p < 107%; Bov Detayed:Immediate Bottom = 0.03[0.002,0.048], p = .034; Fig. S19, Table S18).

The learning bias in favor of options with higher immediate rewards was also evident in subjects’ RT-inferred indiffer-
ence points. We found a negative quadratic coefficient for difference in total reward between descending and ascending
options (rtal 0.007,95%C1T = [-0.013, —0.002], p = .012; Fig. S5D, Table S19). Moreover, the estimated
peak of this RT curve was at -1.26 indicating that the subject’s indifference point occurred when the descending option
was slightly worse than the ascending option, as expected. The position of the immediate feedback at the bottom
of the screen had an effect only on the linear coefficient shifting the indifference point to -5.25 increasing the ob-

served bias {.B'I'n.tul:f‘m‘mediﬂ.teBm’..f.nm. 0”1: 95%01 [ 0“25! [}004]:13 0073 6T'OI.LI.ESQ':f‘m.rm-:dialf-:Boiiom
0.0001, 95%C T = [—0.001,0.001], p = .771; Table S19).
Model

For the differential learning model, the learning rate for the immediate reward was higher than for the delayed reward
(Mimmediate = 0.24, Mpetayea = 0.14,£(46) = 5.26,95%C1 = [0.07,0.15],p < 10~°; Fig. S17D). According to
subject level WAIC, the model with differential learning provides a better fit for 60% of our subjects while the model
with the same learning rate for both types of rewards fit 40% of our subjects better. When the immediate feedback was
at the top (bottom), 36% (45%) of subjects were better fit by the model with differential learning compared to 64%
(55%) by the model with the same learning rate. Thus, according to the model comparison, the learning bias in favor of
the immediate reward was stronger when the immediate reward feedback was at the bottom of the screen.

For the weight model, we found lower weight on the delayed rewards compared with immediate rewards (Study 4:
Mpeiayed = 0.42,1(46) 29.92,95%CT = [0.38,0.46],p < 10~19).

Using all models (Baseline Model, Differential Learning Model, Differential Weight Model and Differential Learning
and Weight Model), the model with same learning rates and equal decision weights provides a better fit for 38% subjects,
the model with differential learning rate and equal weights provides a better fit for 8% subjects, the model with equal
learning rates and different weights provides a better fit for 47% of subjects, while the model with both different learning
rates and different weights provides a better fit for 6% subjects.

Gaze Bias

On the whole, subjects did not have a tendency to look more at the immediate reward compared to the delayed reward.
In a mixed-effects regression of relative dwell proportion on immediate vs. delayed, the effect (i.e., intercept) was
not significant when controlling for the size and type (ascending vs. descending) of reward (3 = 0.002, 95%CT
[0.05,0.06], p = .929; Table S6), and also not significant when controlling for the predicted values and prediction
errors (8 = 0.03,95%C1 = [-0.04,0.10], p = .444; Table S7). The position of the immediate feedback at the bottom
of the screen did not have a significant effect (81, mediate Bottom 0.05,95%C1 = [0.15,0.06],p = .381; Table
S6).

Unlike in the online eye-tracking experiment, subjects were more likely to fixate first to the immediate reward
compared to the delayed reward. In a mixed-effects logistic regression of first fixation location (immedi-
ate vs. delayed) the effect (i.e., intercept) was significant when controlling for the size and type of reward
(B = 0.98,95%CT = [0.52,1.45],p < 10~%; Table S6) and when controlling for the predicted values and prediction
errors (8 = 0.67,95%C1T = [0.14,1.21],p = .014; Table S7). However, position of the immediate feedback at the
bottom of the screen made a significant difference, with subject being more likely to fixate first on the delayed reward

10



(B = 1.85,95%CT = [1.35,2.35],p < 1072, Brimmediate Bottom 1.91,95%C1 = [-2.61,-1.22],p < 1077;
Table S7).

The learning bias was significantly correlated with the first fixation bias but not with the dwell proportion bias. However,
this was not true when using the behavioral bias calculated from the regressions (Dwell Proportion: p(45) A3, p
.4; First Fixation: p(45) = .01, p = .92) but only when using the learning bias calculated from the RL model (Dwell
Proportion: p(45) = .29, p = .05; First Fixation: p(45) = .23, p = .12; Fig. S21A,B).

Declarative Memory

At the end of the study, subjects completed a memory survey. We asked them to rank the stimuli in terms of total reward,
to compare the immediate and delayed reward by indicating whether each stimulus was ascending or descending, and to
estimate the average immediate reward and the average delayed reward for each stimulus.

Being worse at ranking stimuli was associated with lower accuracy similar to Study 2, but unlike in Study 2 where this
was not significantly associated with the immediacy bias, here worse ranking memory was associated with a smaller
immediacy bias. Similar to Study 2, subjects with a worse memory for whether a stimulus had a higher immediate or
delayed reward were more accurate on incongruent choice sets and had a smaller behavioral bias. Almost all types
of declarative memory errors, except for the point estimation of average delayed rewards, were associated with lower
behavioral bias. In other words, remembering correctly leads to a larger, not smaller behavioral bias.

The error in the ranking of stimuli was positively related to the overall choice error rate (/3 0.03,95%C1
[0.02,0.05],p < 10~*; Table S9) and the error rate on the incongruent choice sets, but not significantly (3
0.03,95%C1 = [-0.01,0.08], p = .112; Table S9). Moreover, this ranking error was significantly negatively related
to the immediacy bias (#ranking 0.19,95%CI = [-0.36, —0.03], p = .024; Table $10). This was not significant
when measuring bias using the RL model (8ranking 0.003,95%C1 [-0.03,0.02],p = .828; Table S10).
Namely, subjects with worse ranking memory had a lower immediacy bias.

The error rate in the ascending vs. descending survey was negatively related with the error rate on the incongruent choice
sets (3 0.11,95%CT = [-0.18, —0.04],p = .004; Table §9). Morecover, this memory error was significantly
negatively related to the immediacy bias (Bcomparison 0.28,95%C1I = [-0.56, —0.01],p = .046; Table S10).
Therefore, subjects with worse memory had again a lower immediacy bias. This was also true based on the bias
measured using the RL model (Bcomparison 0.05,95%C1T = [-0.096, —0.005], p = .031; Table S10).

The estimation error for the delayed reward was positively related to the error rate on incongruent choice sets
(B = 0.15,95%CT = [0.02,0.28],p = .021; Table S9). Moreover, higher error in estimating points for the the
immediate reward, but not delayed reward, was negatively associated with the immediacy bias (5 points Immediate

0.61,95%CI = [~1.16,~0.05],p = .032; BpointsDelaged = 0.08,95%CT = [~0.42,0.59],p = .74; Table
S10). This was not significant when measuring bias using the RL model (Bpyintsimmediate 0.01,95%C1
[0.10,0.08], p = .822; BpointsDetayed = 0.03,95%CT = [~0.06,0.11], p = .538; Table S10).

Working Memory

At the end of the study, subjects also completed a visual working memory task, namely a change localization task (87).
Six colored squares appeared on the screen simultaneously. At the end of the trial, subjects saw the same six squares
in their original locations, but one square had changed color. Subjects identified the changed square by pressing the
corresponding number on the keyboard. During the test phase, each square was labeled with a number to facilitate
response selection.

We regressed behavioral and learning biases on the accuracy for the working memory task. Accuracy was not
significantly related to the behavioral or learning bias (Regression-based: 3 = 0.65[—1.93,3.22], p = .615, RL-based:
B = 0.32[-0.04, 0.68], p = .081; Table S11).

Discounting Preferences

We then regressed the intertemporal indifference point for all 3 time scales on the behavioral and learning-rate biases.
There was no significant association between impatience and the behavioral bias (Regression-based: froday—1Month

2[-5.25,1.24],p 220, RL-based: Broday—1Month 10.34[-33.10,12.42], p .365, Regression-based:
Bloday—6Months 1.94[5.55,1.66],p = .283, RL-based: Broday—6Months 11.13[—36.31,14.05], p
378, chr{;smon—bascd: ﬁl.i'rfom‘.h—ﬁ.i‘rfonths 148[ 49912[}4]1?) 402, RL-based: ﬁlMonLh—ﬁM‘maths
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19.45[—43.40,4.50],p = .109; Table S13). Unlike in Study 1, the higher the impatience, the lower the imme-
diacy bias, but no effects were significant.
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Figure S5. RT indifference point. (A,B,C) Predicted RT in seconds from a mixed effects quadratic regression
using difference in total underlying reward between right and left stimulus only for choice sets where one option is
descending and the other is ascending. The red bars represent 95% confidence intervals. The gray line represents the
predicted maximum RT. The indifference point occurs when the descending option is slightly worse than the ascending
option. (A) Colors Task. (B) Patterns Task. (A,B) Feedback Position Condition: Immediate Reward: Top - Delayed
Reward: Bottom. (C) Feedback Position Condition: Immediate Reward: Bottom - Delayed Reward: Top. (D) In-lab
Eye-tracking.
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Figure S6. Attention to feedback screen for each subject for Studies 2 and 3 Patterns. Online Patterns Study. (A)
Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (B) Feedback Position Condition:
Immediate Reward: Bottom - Delayed Reward: Top. Each dot represents one fixation.
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Figure S8. Attention to the choice screen for each subject for Studies 2 and 3 Patterns. Online Patterns Study. (A)
Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (B) Feedback Position Condition:
Immediate Reward: Bottom - Delayed Reward: Top. Each dot represents one fixation.
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Figure S10. Behavioral bias and attention. (A,C,E) Correlation between behavioral bias difference (the difference
between coefficients in the experienced average immediate reward and delayed reward from mixed effects logistic
regression of choosing the left stimulus) and average proportion of dwell time to the immediate reward across trials.
(B,D.F) Correlation between behavioral bias difference and average proportion of first fixation to immediate rewards
across trials. (A,B) Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (C,D) Feedback
Position Condition: Immediate Reward: Bottom - Delayed Reward: Top. (E,F) In-lab Eye-tracking Study. Each dot
represents a subject. The black line represents the best fitting linear regression line. The gray band represents the 95%
CL
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Figure S11. Predicted aggregate behavioral bias. Predicted probability of choosing a stimulus given it is in the choice
set as a function of the total reward of the stimulus for each condition. (A) For Baseline Model (same learning rate
for immediate and delayed rewards). (B) For Differential Learning Model (different learning rates for immediate and
delayed rewards). (C) Differential Weight Model (same learning rates for immediate and delayed rewards, weight on
delayed reward). (D) For Differential Learning and Weight Model (different learning rates for immediate and delayed
rewards and weight on delayed reward). The dots represent averages across the 100 simulated datasets for each subject
in the Colors Task (Study 1) and Patterns Task (Study 2).
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in the data versus model. Incongruent choice sets: worse option descending, better option ascending, Congruent choice
sets: worse option ascending, better option descending. The dots represent subjects. The bars represent standard errors
of the 100 simulated datasets for each subject in the Colors Task (Study 1) and Patterns Task (Study 2).
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Figure S13. Observed and predicted experiment accuracy. Histogram of model predicted mean accuracy across
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Task (Study 1). (C,D) Patterns Task (Study 2). (A,C) VD. (B,D) OV. The model data was based on the 100 simulated
datasets for each subject in the Colors Task (Study 1) and Patterns Task (Study 2).
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Figure S15. RL parameters recovery. Correlations between true parameter value used to generate the data and
the mean posterior of the parameter values for the Differential Learning Model. Each dot represents a simulated
subject. (A,B,C) Boundary separation. (D,E.F) Non-decision time. (G,H,I) Drift scaling parameter. (K) Learning
rate parameter. (J,L) Immediate learning rate. (M,0) Delayed learning rate. (N,P) Weight parameter. (A,D,G.J,M)
Differential Learning Model. (B,E,H,K,N) Differential Weight Model. (C,F,L,L,0,P) Differential Learning and Weight

Model.
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Figure S16. Behavioral bias for reversed feedback position. (A) Probability of choosing a stimulus given it is in
the choice set as a function of the total reward of the stimulus. For the same total value of the option, the descending
option is more likely to be chosen than the ascending option. (B) Probability of choosing the left stimulus as a function
of the difference between the left and right option in the experienced immediate reward and delayed reward, based
on a mixed-effects logistic regression. Dots represent subject level effects and bars represent standard errors of the
fixed effects. (C) Probability of choosing the left stimulus as a function of whether the left option was descending or
ascending. Dots represent subject level averages and bars represent standard errors across subjects. (D) Mean and
standard errors of posteriors of immediate and delayed learning rates. Dots represent subject level learning rates for
each task.
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Figure §17. Behavioral bias for in-lab eye-tracking study. (A) Probability of choosing a stimulus given it is in
the choice set as a function of the total reward of the stimulus. For the same total value of the option, the descending
option is more likely to be chosen than the ascending option. (B) Probability of choosing the left stimulus as a function
of the difference between the left and right option in the experienced immediate reward and delayed reward, based
on a mixed-effects logistic regression. Dots represent subject level effects and bars represent standard errors of the
fixed effects. (C) Probability of choosing the left stimulus as a function of whether the left option was descending or
ascending. Dots represent subject level averages and bars represent standard errors across subjects. (D) Mean and
standard errors of posteriors of immediate and delayed learning rates. Dots represent subject level learning rates for
each task.
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Figure S18. Value difference (VD) and overall value (OV) effects on response times (RT) for reversed feedback
position condition. (A) Absolute value difference (IVDI) effects on RT for each Study. RT decreases with total [VDI.
RT decreases with immediate [VDI. RT does not decrease with delayed IVDI. (B) Overall value (OV) effects on RT for
each study. RT decreases with total OV. RT decreases with immediate OV. RT weakly decreases with delayed OV. Dots
and bars represent mean and standard errors across subjects for each task.
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Figure S19. Value difference (VD) and overall value (OV) effects on response times (RT) for in-lab eye-tracking
study. (A) Absolute value difference (IVDI) effects on RT for each Study. RT decreases with total IVDI. RT decreases
with immediate [VDI. RT does not decrease with delayed IVDI. (B) Overall value (OV) effects on RT for each study.
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represent mean and standard errors across subjects for each task.
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Figure S20. Attention and behavioral bias for reversed feedback position. (A) Correlation between difference
in learning rate between immediate and delayed reward and proportion of first fixation to the immediate reward. (B)
Correlation between difference in learning rate between immediate and delayed reward and mean dwell proportion
immediate reward across trials. (A,B) Dots represent each subject. The black line represents the best fitting linear
regression line. The gray band represents the 95% CI. (C) Mean and standard errors of dwell proportion to immediate
reward within a trial for each time bin. Black dots represent each subject within a time bin.
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Figure S21. Attention and behavioral bias for in-lab eye-tracking data. (A) Correlation between difference in
learning rate between immediate and delayed reward and proportion of first fixation to the immediate reward. (B)
Correlation between difference in learning rate between immediate and delayed reward and mean dwell proportion
immediate reward across trials. (A,B) Dots represent each subject. The black line represents the best fitting linear
regression line. The gray band represents the 95% CI. (C,I)) Mean and standard errors of dwell proportion to immediate
reward within a trial for each time bin. (C) Feedback Position Condition: Immediate Reward: Top - Delayed Reward:
Bottom. (D) Feedback Position Condition: Immediate Reward: Bottom - Delayed Reward: Top. Black dots represent
each subject within a time bin.
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Figure S22. Model recovery. Percent of subjects better fit by the data generating model versus the alternative model
using WAIC for datasets with 105 or 210 trials. Model 1: Differential Learning Model. Model 2: Differential Weight
Model
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Figure S23. Model simulations with double the number of trials compared to the experiment. (A,B) Average
choice accuracy in the model simulations using the mean posterior values across trials and subjects. (A) Experiment
level. (B) Block level for each type of trial. Incongruent choice sets: worse option descending, better option ascending,
Congruent choice sets: worse option ascending, better option descending. The model simulations is based 100 simulated
datasets using the fitted parameter values for each subject in the Colors Task (Study 1) and Patterns Task (Study 2).
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Figure S24. Behavioral bias over time in the passive learning condition. Probability of choosing a stimulus given it
is in the choice set as a function of the total reward of the stimulus. In the first 63 trials, subjects did not make any
decisions, but could learn passively from feedback shown on their screen. The feedback shown was based on the
decisions of a matched partner from the main experiment. The feedback and timing of the feedback was the same as
that of the matched partner, except that the subject could not see the foregone choice option on the choice screen. After
trial 64, subjects made decisions. Active condition data is based on the matched subjects. Dots represent subject level
averages and bars represent standard errors across subjects.
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Choice (Left)

(patterns) (colors) (both) (colors) (passive)
(1) (2) (3) 4) (5)
Right Desc 0.497** 1.35™* 0.50*** 1.75% 0.53**
(0.12) (0.17) (0.14) (0.22) (0.13)
Left Desc 0.30* 1.16%* 0.31* 1.33%* 0.86***
(0.12) (0.15) (0.13) (0.20) (0.13)
Total (L-R) 1.73%* 2,047+ 1.72%*= 2.35%= 167+
(0.11) (0.10) (0.10) (0.18) (0.08)
Condition (Colors) 0.06
(0.11)
Right Desc:Condition 0.84**
(0.20)
Left Desc:Condition (0.84%**
(0.19)
Total (L-R):Condition 0.34*
(0.15)
Passive 0.17
(0.19)
Right Desc:Passive 0.73*
(0.35)
Left Desc:Passive 0.23
(0.33)
Total (L-R):Passive 0.33
(0.29)
Constant 0.12 0.06 0.12 0.23 0.12
(0.08) (0.08) (0.08) (0.13) (0.12)
Observations 5,358 5,219 10,577 4,769 1,710
Log Likelihood -2,631.18  -2,189.50 -4,827.39 -1,955.14 -807.41
Akaike Inf. Crit, 5,290.35 4,407.00 9,690.77 3,946.29 1,624.83
Bayesian Inf. Crit. 5,382.56 4,498.84 9,821.57 4,062.74 1,652.05
Note: *p<0.05; **p<0.01; ***p<0.001

Table S1. Type of option effect on choice. Logistic regression of choice of left stimulus on whether the right and left
stimuli are descending or ascending controlling for difference in mean experienced total reward between left and right
stimuli. (1) Patterns Task. (2) Colors Task. (3) Patterns and Colors Tasks. (4) Colors Passive and Active Conditions.
(5) Colors Passive Condition. Continuous variables are z-scored. Regressions include random intercepts and random
slopes for whether the right and left stimuli are descending or ascending and for difference in mean experienced total
reward at the subject level.



Choice (Left)

(patterns) (colors) (both)  (patterns) (colors) (both) (colors) (passive)
(1) (2) (3) 4) (5) (6) (7) (8)
Immediate (L-R) 1.54™ 218" 153 159%™ 2.24"F 15T 2567 26277
(0.11) (0.11) (0.10) (0.11) (0.11) (0.10) (0.18) (0.26)
Delayed (L-R) 111 0.90%**  1.09***  1.14%**  0.92**  1.12***  1.00*** 1.48*=
(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.14) (0.21)
Trial 0.03 0.01 0.02
(0.04) (0.04) (0.04)
Immediate (L-R):Trial 0.34%*  0.38***  (.34*
(0.04) (0.05) (0.04)
Delayed (L-R):Trial 0.197*  0.12* 0.19***
(0.04) (0.04) (0.04)
Condition (Colors) 0.06 0.06
(0.07) (0.07)
Condition:Trial 0.01
(0.05)
Immediate (L-R):Condition 0.67** 0.68**
(0.15) (0.15)
Delayed (L-R):Condition 0.17 0.18
(0.14) (0.14)
Immediate (L-R):Condition:Trial 0.04
(0.07)
Delayed (L-R):Condition: Trial 0.07
(0.06)
Passive 0.07
(0.11)
Immediate (L-R):Passive 0.02
(0.29)
Delayed (L-R):Passive 0.45
(0.23)
Constant 0.02 0.04 0.02 0.02 0.03 0.02 0.01 0.04
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.07) (0.08)
Observations 5,358 5,219 10,577 5,358 5,219 10,577 4,769 1,710
Log Likelihood -2,643.61 -2,195.38 -4,842.52 -2,606.39 -2,167.94 -4,777.88 -1,967.13 -682.78
Akaike Inf. Crit. 5,305.23 4,408.77 9,709.05 5,236.78 4,359.87 9,591.75 3,958.26 1,383.56
Bayesian Inf. Crit. 5,364.50 4,467.81 9,796.24 5315.82 4,438.60 9,722.55 4,035.89 1,432.56

Note:

*p<0.05; **p<0.01; ***p<0.001



Table S2. Type of reward effect on choice. Logistic regression of choice of left stimulus on difference in mean
experienced immediate and delayed reward between left and right stimuli and interactions of these effects with trial
number. (1,4) Patterns Task. (2,5) Colors Task. (3,6) Patterns and Colors Tasks. (7) Colors Task Passive and Active
Learning Conditions. (8) Colors Task Passive Condition. Continuous variables are z-scored. Regressions include
random intercepts and random slopes for difference in mean experienced immediate and delayed rewards between left
and right stimuli at the subject level.



log RT (s)

(patterns) (colors) (both)
(1) (2) (3)
IVD Totall (L-R) 0.04*** 0.057* 0.04***
(0.01) (0.01) (0.01)
OV Total (L+R) 0.05**= 0.06*=* 0.05*=
(0.01) (0.01) (0.01)
Condition (Colors) 0.66***
(0.03)
IVD Totall (L-R):Condition 0.01
(0.01)
OV Total (L+R):Condition 0.01
(0.01)
Constant 0.0004 0.66** 0.0004
(0.02) (0.02) (0.02)
Observations 5,358 5,219 10,577
Log Likelihood -1,369.62  -2,018.76  -3,438.33
Akaike Inf. Crit. 2,759.24 4,057.53 6,902.66
Bayesian Inf. Crit. 2,825.10 4,123.13 6,997.13
Note: *p<0.05; **p<0.01; **p<0.001

Table §3. Value difference (VD) and overall value effects (OV) on response time. Linear regression of log RT on the
absolute difference in mean experienced reward and mean experienced total reward between left and right stimuli. (1)
Patterns Task. (2) Colors Task. (3) Patterns and Colors Tasks. Continuous variables are z-scored. Regressions include
random intercepts and random slopes for the absolute difference in mean experiened reward and mean experienced total
reward between left and right stimuli at the subject level.



log RT (s)

(patterns) (colors) (both)
(1) (2) (3)
VD Immediate (L-R) 0.027** 0.047** 0.02**
(0.01) (0.01) (0.01)
VD Delayed (L-R) 0.01 0.002 0.01
(0.01) (0.01) (0.01)
OV Immediate (L+R) 0.047* 0.07*** 0.04**
(0.01) (0.01) (0.01)
OV Delayed (L+R) 0.03* 0.03*** 0.03**
(0.01) (0.01) (0.01)
Condition (Colors) 0.66*
(0.03)
VD Immediate (L-R):Condition 0.02*
(0.01)
VD Delayed (L-R):Condition 0.01
(0.01)
OV Immediate (L+R):Condition 0.03*
(0.01)
OV Delayed (L+R):Condition 0.002
(0.01)
Constant 0.0004 0.66" 0.0004
(0.02) (0.02) (0.02)
Observations 5,358 5,219 10,577
Log Likelihood -1,379.31 -1,988.68 -3,418.83
Akaike Inf. Crit. 2,800.63 4,019.36 6,889.66
Bayesian Inf. Crit. 2,938.94 4,157.12 7,078.58
Note: *p<0.05; **p<0.01; ***p<0.001

Table S4. Value difference (VD) and overall value (OV) effects by type of reward on response time. Linear
regression of log RT on the absolute ditference in mean experienced reward and mean experienced total reward between
left and right stimuli for both immediate and delayed rewards. (1) Patterns Task. (2) Colors Task. (3) Patterns and
Colors Tasks. Continuous variables are z-scored. Regressions include random intercepts and random slopes for the
absolute difference in mean experienced reward and mean experienced total reward between left and right stimuli for
both immediate and delayed rewards at the subject level.



log RT (s)

(patterns) (colors) (both)
(1) (2) (3)
Condition (Colors) 0.68"
(0.03)
Reward Total (L-R) 0.002 0.01*** 0.002
(0.002) (0.002) (0.002)

Reward Total Squared (L-R)

Reward Total (L-R):Condition

Reward Total Squared (L-R):Condition

0.001%**
(0.0002)

0.002***
(0.0002)

0.001***
(0.0002)

0.01**
(0.003)

0.001*
(0.0003)

Constant 0.04 0.72%** 0.04
(0.03) (0.02) (0.02)
Observations 3,211 3,131 6,342
Log Likelihood -897.61 -1,291.13 -2,219.42
Akaike Inf. Crit. 1,809.22 2,596.26 4,458.84
Bayesian Inf. Crit. 1,851.74 2,638.61 4,526.39

Note:

*p<0.05; **p<0.01; ***p<0.001

Table 85. Value difference effects between descending and ascending options on response time. Linear regression
of log RT on the absolute difference in underlying reward between descending and ascending stimuli and the square of
the absolute difference in underlying reward between descending and ascending stimuli. (1) Patterns Task. (2) Colors
Task. (3) Patterns and Colors Tasks. (1,2) Regressions include random intercepts and random slopes for the absolute
difference in underlying reward between descending and ascending stimuli at the subject level.



Dwell Proportion (I-D) P(First Fix to I)
(patterns) (patterns) (inlab)  (patterns)(patterns) (inlab)
“4) (8)
Immediate Points 0.08%* 0.12
(0.01) (0.11)
Delayed Points 0.09*** 0.10
(0.01) (0.11)
Immediate Stimulus Asc 0.22%* 0.20
(0.04) (0.31)
Delayed Stimulus Desc 0.03 0.23
(0.02) (0.12)
Position (Immediate Bottom) 0.05 1.917*
(0.05) (0.35)
Immediate Points:Position 0.02 0.10
(0.02) (0.14)
Delayed Points:Position 0.005 0.19
(0.02) (0.15)
Immediate Stimulus Asc:Position 0.04 0.56
(0.06) (0.40)
Delayed Stimulus Asc:Position 0.03 0.001
(0.03) (0.15)
Constant 0.02 1.85%**
(0.04) (0.25)
Observations 4,763 4,717
Log Likelihood -4,442.95 -1,290.41 -2,687.06 -2,697.90 -4,914.60-1,170.21 -2,372.51 -2,352.47
Akaike Inf. Crit. 8,899.90 2,594.82 5,388.12  5,419.80 9,841.19 2,352.42 4,757.02  4,726.94
Bayesian Inf. Crit. 8,948.63 2,633.53 5,433.40  5,497.43 9,882.90 2,385.54 4,795.77  4,797.99
Note: *p<0.05; **p<0.01; ***p<0.001

Table S6. Attention and reward feedback. (1,2,3,4) Linear regression of difference in proportion of dwell time within
a trial between immediate and delayed reward as a function of the size and type (descending vs. ascending) of reward.
(1) Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (2) Feedback Position Condition:
Immediate Reward: Bottom - Delayed Reward: Top. (3,4) In-lab Eye-tracking Study. (5,6,7,8) Logistic regression of
first fixation location (immediate vs. delayed) as a function of the size and type (descending vs. ascending) of reward.
(5) Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (6) Feedback Position Condition:
Immediate Reward: Bottom - Delayed Reward: Top. (7,8) In-lab Eye-tracking Study. Continuous variables are z-scores.
Regressions include random intercept at the subject level.



Dwell Proportion (I-D) P(First Fix to I)
(patterns) (patterns) (inlab)  (patterns) (patterns) (inlab)
(1) (2) (3) 4) (5) (6)

IPrediction Error Immediatel —0.001  0.017 0.01* 002 004 —0.01
(0.002)  (0.01) (0.004)  (0.01) (0.03)  (0.02)

IPrediction Error Delayed| 0.003  0.01 0.005  0.004 —0.01 0.01
(0.002)  (0.005)  (0.002) (0.01) (0.02)  (0.02)

Predicted Value Immediate  —0.001  —0.01 0.01* 0.01  —0.02 0.05*
(0.002)  (0.005)  (0.003) (0.01) (0.02)  (0.02)

Predicted Value Delayed 0.01%*  —0.002 0.02*** —0.01  0.05 0.02
(0.002)  (0.01) (0.01)  (0.01) (0.03)  (0.04)

Constant 0.09°*  —0.03 0.03 021  0.02 0.67°
(0.03)  (0.07) (0.04)  (0.14)  (0.31)  (0.27)

Observations 7,634 1,845 4716 7,634 1,845 4716

Log Likelihood 432062 -1,274.15 -2,582.94 -4,846.06-1,169.72 -2,372.63
Akaike Inf. Crit. 8,657.24 2,56430 5,179.88 9,706.12 2,353.44 4.757.26
Bayesian Inf. Crit. 8,712.76 2,608.46 522509 9,754.70 2,392.08 4,796.01
Note: *p<0.05; **p<0.01; ***p<0.001

Table §7. Attention and model predictions. (1,2,3) Linear regression of difference in proportion of dwell time within
a trial between immediate and delayed reward as a function of the absolute prediction error and the predicted values
for the immediate and delayed rewards derived from the differential learning model. (1) Feedback Position Condition:
Immediate Reward: Top - Delayed Reward: Bottom. (2) Feedback Position Condition: Immediate Reward: Bottom -
Delayed Reward: Top. (3) In-lab Eye-tracking Study. (4,5,6) Logistic regression of first fixation location (immediate
vs. delayed) as a function of the absolute prediction error and the predicted values for the immediate and delayed
rewards derived from the differential learning model. Continuous variables are z-scores. Regressions include random
intercept at the subject and trial level. (4) Feedback Position Condition: Immediate Reward: Top - Delayed Reward:
Bottom. (5) Feedback Position Condition: Immediate Reward: Bottom - Delayed Reward: Top. (6) In-lab Eye-tracking
Study.



Choice (Left)

(patterns) (patterns)
(1) (2)
Immediate (L-R) 1.25%* 1.31%**
(0.09) (0.16)
Delayed (L-R) 0.72%** (0.48%**
(0.08) (0.11)
Dwell Proportion (L-R) 0.43%** 0.49%**
(0.07) (0.11)
Constant 0.08 0.12
(0.06) (0.10)
Observations 7,698 1,831
Log Likelihood -4,276.45 -1,017.00
Akaike Inf. Crit. 8,580.91 2,054.00
Bayesian Inf. Crit. 8,678.19 2,109.13
Note: *p<0.05; **p<0.01; ***p<0.001

Table §8. Dwell proportion difference on choice. (1,2) Logistic regression of choice of left stimulus on difference in
mean experienced reward between left and right stimulus for immediate and delayed rewards and the proportion of
dwell time between left and right options within a trial. Continuous variables are z-scored. Regressions include random
intercept and slopes for difference in mean experienced reward between left and right stimulus for immediate and
delayed rewards and the proportion of dwell time between left and right options within a trial at the subject level. (1)
Feedback Position Condition: Immediate Reward: Top - Delayed Reward: Bottom. (2) Feedback Position Condition:
Immediate Reward: Bottom - Delayed Reward: Top.
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Mean Error Incongruent Set Error

(patterns) (inlab) (patterns) (inlab)
(n (2) (3) “4)
Survey 1 Rankings Error 0.04* 0.03*** 0.04%* 0.03
(0.01) (0.01) (0.01) (0.02)
Survey 2 Reward Comparison Error 0.01 0.001 0.07** 0.11*
(0.01) (0.01) (0.03) (0.03)
Survey 3 Points Error 0.003 0.01
(0.01) (0.02)
Survey 3 Points Error Immediate 0.05 0.01
(0.03) (0.07)
Survey 3 Points Error Delayed 0.04 0.15*
(0.02) (0.06)
Constant 0.13* 0.04 0.41%*= 0.18
(0.04) (0.08) (0.09) (0.20)
Observations 73 46 73 46
R? 0.40 0.54 0.19 0.39
Adjusted R? 0.37 0.50 0.15 0.33
Residual Std. Error 0.09 (df = 69) 0.08 (df = 41) 0.20 (df = 69) 0.21 (df =41)
F Statistic 15.217%* (df = 3; 69) 12.22%** (df = 4; 41) 5.407 (df = 3; 69) 6.627** (df = 4; 41)
Note: “p<0.05; **p<0.01; ***p<0.001

Table §89. Choice and memory errors. (1,2) Linear regression of mean errors at the subject level on the memory error
for each survey. (1) Colors Task. (2) In-lab Eye-tracking. (3,4) Linear regression of mean errors for incongruent choice
sets (worse option descending, better option ascending) at the subject level on the memory error for each survey. (3)
Colors Task. (4) In-lab Eye-tracking.
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Bias Choice Bias Learning

(patterns) (inlab) (patterns) (inlab)
(1) (2) (3) 4)
Survey 1 Rankings Error 0.05 0.197 0.004 0.003
(0.06) (0.08) (0.01) (0.01)
Survey 2 Reward Comparison Error 0.44%*= 0.28* 0.04 0.05*
(0.12) (0.14) (0.02) (0.02)
Survey 3 Points Error 0.01 0.005
(0.07) (0.02)
Survey 3 Points Error Immediate 0.617 0.01
(0.27) (0.05)
Survey 3 Points Error Delayed 0.08 0.03
(0.25) (0.04)
Constant 1.46%* 3.89%* 0.207 0.19
(0.40) (0.78) (0.08) (0.13)
Observations 73 46 73 46
R? 0.17 0.35 0.05 0.15
Adjusted R? 0.14 0.29 0.01 0.06
Residual Std. Error 0.92 (df = 69) 0.84 (df =41) 0.19(df=69) 0.14 (df =41)
F Statistic 4.82%* (df =3; 69) 5.62%* (df =4; 41) 1.32 (df = 3; 69) 1.76 (df = 4; 41)
Note: *p<0.05; *p<0.01; ***p<0.001

Table S10. Bias and memory errors. (1) Linear regression of behavioral bias at the subject level on the memory
error for each survey. The behavioral bias is the difference in coefficients of mean experienced immediate and delayed
reward from the mixed effects logistic regression on choice. (2) Linear regression of difference in mean posterior of the
learning rates between immediate and delayed rewards on the memory error for each survey.
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Bias Choice Bias Learning
(colors) (colors) (colors) (colors) (inlab) (colors) (colors) (colors) (colors) (inlab)
(1) (2) (3) (4) (5) (6) (7) (8) ) (10)
Accuracy 2-back —2.85 0.55"
(1.57) (0.23)
D’ 2-back 0.31% 0.05*
(0.14) (0.02)
Accuracy 3-back 0.89 0.07
(1.48) (0.25)
D’ 3-back 0.12 0.02
(0.21) (0.03)
Accuracy visual 0.65 0.32
(1.28) (0.18)
Constant 3.87** 1.70 2.14%* 1.19*** 1.35 0.64** 0.17 0.29*=*  0.15** —0.08
(1.46) (1.12) (0.43) (0.32)  (0.79) (0.22) (0.19) (0.06) (0.05) (0.11)
Observations 86 51 86 51 46 86 51 86 51 46
R? 0.04 0.01 0.06 0.01 0.01 0.06 0.002 0.07 0.01 0.07
Adjusted R? 0.03 -0.01 0.04 -0.01 -0.02 005 -0.02 0.06 -0.01 0.05
Note: *p<0.05; **p<0.01; ***p<0.001

Table S11. Bias and n-back working memory task performance. Linear regression of bias at the subject level on
performance on the 2-back task, 3-back task and the change localization task. (1,2,5) Behavioral bias on accuracy.
(3,4) Behavioral bias on d prime. (6,7,10) Difference in mean posterior of the learning rates between immediate and
delayed rewards on accuracy. (8,9) Difference in mean posterior of the learning rates between immediate and delayed
rewards on d prime. (1,2,6,7) Accuracy is measured as the correct responses (both correctly identified targets as well
as correctly identified non-targets) out of total number of stimuli. (5,10) Accuracy is measured as the percent correct
responses in the change localization task. (3,4,8,9) D prime is the sensitivity measure calculated as the difference in
z-scored hit rates and z-scored false alarm rates. Hit rate refers to the proportion of correctly identified target stimuli
(i.e., stimuli that match the one presented n items back). It is calculated as the number of correct responses divided by
the total number of target stimuli. False alarm rate refers to the proportion of non-target stimuli that are incorrectly
identified as targets. It is calculated as the number of false alarms divided by the total number of non-target stimuli.
These measures where corrected to account for cases in which the hit rate equals 1 or false alarm rate equals 0.
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Today-1 Month Today-6 Months 1 Month-6 Months

(colors) (colors) (colors) (colors) (colors) (colors)
(1) (2) (3) “4) (5) (6)
Bias Choice 2.047 1.86 1.53
(0.95) (1.10) (1.04)
Bias Learning 11.04 8.03 3.63
(6.41) (7.45) (7.04)
Constant 109.69%**  110.77*** 116.74** 117.99** 115.81** 117.22%*=
(1.59) (1.37) (1.85) (1.60) (1.75) (1.51)
Observations 87 87 87 87 87 87
R2 0.05 0.03 0.03 0.01 0.02 0.003
Adjusted R? 0.04 0.02 0.02 0.002 0.01 -0.01
Residual Std. Error (df = 85) 10.15 10.24 11.79 11.91 11.13 11.25
F Statistic (df = 1; 85) 4.62* 2.97 2.84 1.16 2.15 0.27
Note: *p<0.05; *p<0.01; ***p<0.001

Table S12. Bias and intertemporal preferences. (1, 3, 5) Linear regression of intertemporal choice indifference
point on behavioral bias at the subject level. The behavioral bias is the difference in coefficients of mean experienced
immediate and delayed rewards from the mixed effects logistic regression on choice. (2, 4, 6) Linear regression of
intertemporal choice indifference point on difference in mean posterior of the learning rates between immediate and
delayed rewards.
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Today-1 Month Today-6 Months 1 Month-6 Months
(inlab) (inlab) (inlab) (inlab) (inlab) (inlab)
(1) (2) (3) “4) (5) (6)
Bias Choice 2.00 1.94 1.48
(1.61) (1.79) (1.74)
Bias Learning 10.34 11.13 19.45
(11.29) (12.50) (11.88)
Constant 116.22%**  113.87**  122.43**  120.26%** 120.44*** 120.00%**
(3.22) (2.02) (3.57) (2.23) (3.49) (2.12)
Observations 46 46 46 46 46 46
R2 0.03 0.02 0.03 0.02 0.02 0.06
Adjusted R? 0.01 -0.004 0.004 -0.005 -0.01 0.04
Residual Std. Error (df = 44) 10.71 10.80 11.90 11.95 11.61 11.37
F Statistic (df = 1; 44) 1.55 0.84 1.18 0.79 0.72 2.68
Note: *p<0.05; *p<0.01; ***p<0.001

Table §13. Bias and intertemporal preferences in-lab eye-tracking study. (1, 3, 5) Linear regression of intertemporal
choice indifference point on behavioral bias at the subject level. The behavioral bias is the difference in coefficients of
mean experienced immediate and delayed rewards from the mixed effects logistic regression on choice. (2, 4, 6) Linecar
regression of intertemporal choice indifference point on difference in mean posterior of the learning rates between

immediate and delayed rewards.
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Choice (Left)
(combined) (separate) (combined) (combined) (separate) (separate)

(1) (2) (3) 4) (5) (6)
Right Desc 0.45%* 0.397** 0.67* 1.51% 0.577 1.74%**
(0.07) (0.10) (0.17) (0.26) (0.24) (0.34)
Left Desc 0.45%*= 0.29** 0.56%** 1.55%* 0.37 1.80%**
(0.07) (0.10) (0.17) (0.26) (0.22) (0.34)
Total (L-R) 1.60%** 1.58%** 2.22%** 2.34%=
(0.12) (0.17) (0.22) (0.30)
Position (Immediate Bottom) 0.01 0.17 0.21
(0.15) (0.18) (0.24)
Right Desc:Position 0.12 0.21 0.52
(0.15) (0.35) (0.50)
Left Desc:Position 0.32% 0.39 0.57
(0.15) (0.33) (0.50)
Total (L-R):Position 0.06 0.28
(0.23) (0.43)
Constant 0.01 0.001 0.12 0.09 0.20 0.18
(0.08) (0.10) (0.09) (0.12) (0.12) (0.17)
Observations 4,740 4,740 2,799 2,799 2,799 2,799
Log Likelihood -2,433.78  -2430.14 -1,787.52 -1,496.03 -1,786.22 -1,494.68
Akaike Inf. Crit. 4,881.55 4,882.29 3,593.03 3,020.06 3,596.45 3,025.36
Bayesian Inf. Crit. 4,926.80 4,953.39 3,646.46 3,103.18 3,667.69 3,132.23
Note: *p<0.05; **p<0.01; ***p<0.001

Table S14. Type of option effect on choice by feedback position. Logistic regression of choice of left stimulus on
whether the right and left stimuli are descending or ascending controlling for difference in mean experienced total
reward between left and right stimuli. (1,3,4) Combined position conditions. (2,5,6) Separate position conditions.
(1,2) Online Patterns Study. (3,4,5,6) In-lab Eye-tracking Study. Continuous variables are z-scored. Regressions
include random intercepts and random slopes for whether the right and left stimuli are descending or ascending and for
difference in mean experienced total reward at the subject level.
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Error

(combined) (separate) (combined) (separate)
(1) (2) (3) 4)
Set Type Congruent 0.177 0.14** 0.25* 0.19%*
(0.03) (0.05) (0.04) (0.06)
Position (Immediate Bottom) 0.01 0.10
(0.05) (0.06)
Set Type Congruent:Position 0.07 0.13
(0.06) (0.09)
Constant 0.40*==* 0.39*= 0.43*** 0.39***
(0.02) (0.03) (0.03) (0.04)
Observations 160 160 94 94
R? 0.15 0.16 0.26 0.28
Adjusted R? 0.15 0.14 0.25 0.26
Residual Std. Error 0.20 (df = 158) 0.20 (df = 156) 0.21 (df = 92) 0.21 (df = 90)

F Statistic

28.317** (df = 1; 158) 9.88*** (df = 3; 156) 31.77*** (df = 1; 92) 11.637** (df = 3; 90)

Note:

*p<0.05; **p<0.01; ***p<0.001

Table S15. Type of choice set effect on error rate by feedback position. Linear regression of type of choice set
(incongruent or congruent) on mean error rate. (1,3) Combined position conditions. (2,4) Separate position conditions.
(1,2) Online Patterns Study. (3,4) In-lab Eye-tracking Task.
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Choice (Left)

(combined) (separate) (combined) (separate) (combined) (separate) (combined) (separate)

(1) (2) (3) ) (5) (6) (7) (8)
Immediate (L-R) 1607 148  1.52%* 153  1.49*™% 142 153"% 147"
(0.24) (0.15) (0.11) (0.16) (0.15) (0.20) (0.15) (0.20)
Delayed (L-R) 0.72***  1.03***  1.03**  1.06*** —0.35*** —0.30* 0.46%** —0.41**
(0.16) (0.15) (0.11) (0.15) (0.10) (0.14) (0.11) (0.14)
Trial 0.08* 0.08 0.02 0.07
(0.04) (0.05) (0.05) (0.07)
Immediate (L-R):Trial 0.34***  0.40*** 0.29***  (0.30***
(0.04) (0.06) (0.06) (0.08)
Delayed (L-R):Trial 0.06 0.08 0.25"" —0.23**
(0.04) (0.06) (0.05) (0.07)
Position (Immediate Bottom) 0.08 0.08 0.22 0.24
(0.10) (0.10) (0.17) (0.17)
Position:Trial 0.003 0.19
(0.08) (0.10)
Immediate (L-R):Position 0.004 0.02 0.15 0.14
(0.22) (0.22) (0.29) (0.30)
Delayed (L-R):Position 0.04 0.05 0.11 0.12
(0.21) (0.21) (0.20) (0.21)
Immediate (L-R):Position:Trial 0.11 0.002
(0.09) (0.12)
Delayed (L-R):Position: Trial 0.03 0.04
(0.08) (0.11)
Constant 0.19* 0.03 0.02 0.02 0.09 0.20 0.09 0.20
(0.09) (0.07) (0.05) (0.07) (0.09) (0.11) (0.09) (0.11)
Observations 1,077 4,740 4,740 4,740 2,799 2,799 2,799 2,799
Log Likelihood -532.01 -2,370.70 -2,337.84 -2,336.77 -1,479.77 -1478.60 -1,461.08 -1,458.07
Akaike Inf. Crit. 1,082.02 4,765.40 4,699.68 4,709.54 2,977.53 2,981.20 2,946.15 2,952.14
Bayesian Inf. Crit. 1,126.86 4,842.96 4,777.25 4,825.89 3,030.96 3,052.45 3,017.39 3,059.00

Note:

*p<0.05; **p<0.01; ***p<0.001

Table S16. Type of reward effect on choice by feedback position. Logistic regression of choice of left stimulus on
difference in mean experienced immediate and delayed rewards between left and right stimuli and interactions of these
effects with trial number. (1,3,5,7) Combined position conditions. (2,4,6,8) Separate position conditions. (1,2,3.,4)
Online Patterns Study. (5,6,7,8) In-lab Eye-tracking Study. Continuous variables are z-scored. Regressions include
random intercepts and random slopes for difference in mean experienced immediate and delayed rewards between left
and right stimuli at the subject level.
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log RT (s)
(combined) (separate) (combined) (separate)

(1) (2) (3) 4)
VD Total (L-R) 0.03*** 0.03*** 0.02 0.01
(0.01) (0.01) (0.01) (0.01)
OV Total (L+R) 0.04**= 0.04** 0.03** 0.01
(0.01) (0.01) (0.01) (0.01)
Position (Immediate Bottom) 0.06 0.01
(0.05) (0.07)
VD Total (L-R):Position 0.005 0.02
(0.01) (0.02)
OV Total (L+R):Position 0.001 0.047
(0.01) (0.02)
Constant 0.01 0.02 0.14*= 0.14**
(0.03) (0.04) (0.04) (0.05)
Observations 4,740 4,740 2,799 2,799
Log Likelihood -1,521.34  -1,529.24 -741.15 -746.76
Akaike Inf. Crit. 3,062.68 3,084.49 1,502.30 1,519.52
Bayesian Inf. Crit. 3,127.32 3,168.52 1,561.67 1,596.70
Note: *p<0.05; **p<0.01; " p<0.001

Table §17. Value difference (VD) and overall value effects (OV) on response time by feedback position. Linear
regression of log RT on the absolute ditference in mean experienced reward and mean experienced total reward between
left and right stimuli. (1,3) Combined position conditions. (2,4) Separate position conditions. (1,2) Online Patters Study.
(3,4) In-lab Eye-tracking Study. Continuous variables are z-scored. Regressions include random intercepts and random
slopes for the absolute difference in mean experienced reward and mean experienced total reward between left and right
stimuli at the subject level.
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log RT (s)

(combined) (separate) (combined) (separate)
(n) (2) (3) 4)
VD Immediate (L-R) 0.03*** 0.03*** 0.04*** 0.01
(0.01) (0.01) (0.01) (0.01)
VD Delayed (L-R) 0.02** 0.02* 0.01* 0.01
(0.01) (0.01) (0.01) (0.01)
OV Immediate (L+R) 0.03*** 0.03*=* 0.03*** 0.01
(0.005) (0.01) (0.01) (0.01)
OV Delayed (L+R) 0.03*** 0.03*=* 0.02** 0.01
(0.005) (0.01) (0.01) (0.01)
Position (Immediate Bottom) 0.06 0.01
(0.05) (0.07)
VD Immediate (L-R):Position 0.002 0.05***
(0.01) (0.01)
VD Delayed (L-R):Position 0.001 0.01
(0.01) (0.01)
OV Immediate (L+R):Position 0.01 0.04***
(0.01) (0.01)
OV Delayed (L+R):Position 0.01 0.03*
(0.01) (0.01)
Constant 0.01 0.02 0.14*** 0.14**
(0.03) (0.04) (0.04) (0.05)
Observations 4,740 4,740 2,799 2,799
Log Likelihood -1,571.04 -1,586.22 -771.04 -769.58
Akaike Inf. Crit. 3,156.08 3,196.44 1,556.08 1,563.17
Bayesian Inf. Crit. 3,201.33 3,274.01 1,597.64 1,634.41

Note:

Table §18. Value difference (VD) and overall value (OV) effects by type of reward on response time by feedback
position. Linear regression of log RT on the absolute difference in mean experienced reward and mean experienced
total reward between left and right stimuli for both immediate and delayed rewards. (1,3) Combined position conditions.
(2,4) Separate position conditions. (1,2) Online Patterns Study. (3,4) In-lab Eye-tracking Study. Continuous variables

*p<0.05; **p<0.01; ***p<0.001

are z-scored. Regressions include random intercepts at the subject level.
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log RT (s)

(combined) (separate) (combined) (separate)
(1) (2) (3) 4)
Position (Immediate Bottom) 0.06 0.001
(0.06) (0.07)
Total (L-R) 0.002 0.002 0.01* 0.0004
(0.002) (0.003) (0.003) (0.004)
Total Squared (L-R) 0.001*** 0.001** 0.001**= 0.002***

(0.0002)

(0.0003) (0.0003)

(0.0004)

Total (L-R):Position 0.001 0.01**
(0.004) (0.01)
Total Squared (L-R):Position 0.0001 0.0002
(0.0004) (0.001)
Constant 0.03 0.005 0.18*= 0.18*=
(0.03) (0.04) (0.04) (0.05)
Observations 2,851 2,851 1,679 1,679
Log Likelihood -998.66 -1,011.42 -370.60 -379.73
Akaike Inf. Crit. 2,011.32 2,042.83 755.21 779.45
Bayesian Inf. Crit. 2,053.00 2,102.39 793.19 833.71

Note:

Table §19. Value difference effects between descending and ascending options on response time by feedback
position. Linear regression of log RT on the absolute difference in underlying reward between descending and ascending
stimuli and the square of the absolute difference in underlying reward between descending and ascending stimuli. (1,3)
Combined position conditions. (2,4) Separate position conditions. (1,2) Online Patterns Task. (3,4) In-lab Eye-tracking
Task. Regressions include random intercepts and random slope for the absolute difference in underlying reward between

descending and ascending stimuli at the subject level.

21

*p<0.05; **p<0.01; ***p<0.001



Supplementary Materials



Instructions: Colors Task

WD 10 100RY'S ExgeTiment

« The epecrrert comat af tte folonny party:
1. A man wnk

2 S0me Queshans eganmg 1hes LISk, 2 pour person
1 A bew shorter tmin
a4 Your pewmeest - for which wil call you 1o the et o te end

® Yins wll recene iiare Selabed prilyudion Belore eedh seclion.
o The experrrent wil taoe aboas 50 reiniesintonad

* We DagIn ry roducing the main sk
« Plasne rasd ol e the okow rg pag v
a 0w CaN proceed by Chching “sesT
= b Tach” Lo relerm ba preveoes pagek

o W arwthing rermaim e after read ng, Uy rade your hand
wer vl | e you ol poar Culsoe LD ey avp guaslon.

ST 3 Shoet awerviess - Satals will fedbow
o The wusn ek oonss of 105 nounds
2 mac® rourd pou can choose one of tao tolon

o EAON OF Tsss SHENS PAWI184 DAy MoF i Tvece:
COrce imymedately after the chace, once with one rousd deley

» Your goal & io collect a many paints s posl ble.

& lipss wiaTy poinh asch cholos Walth depends on e Choeen o3lor
SaMme COMNS ane WAt mare pOnEs than aikers

& You do ot know n scvanos which af the colars eid murry ar few peies -
WOU GO AT TV Wi 00ng The Task.

T So0on g g 300w y0u 10 P B arie yoursell wiin the Lk,
& It snzlaim Both the reeriace ard hos poimh are gerarated

= Importast
o Tive lobaweg page 6 for gereornlvalon ook

o The d¥ferse cpeaan e reprewnied by blsch white, snd duadess of grey tather thun
<odars

O AR P e U e e
o TIve poires (o & DUNNG the SEMORE110N 00 A0 INTLENCe your papott,



17108

Bzand

—

leve imvaneg

Trtsl pewsy
Just chaserc
Chosen Befare:
back
17105
Bzand
—
Towe imvasag
0
Tersd pmwsy
Just choserc
Chosen Before:

Py

back



back

dack



B rned i 6/)108

) . . B L o s
V- P par g ]
e imraneg
S

iy T T 5T e g

B b

26

B s m— LR Sl ]
[
3 e e
em——
-
back
&/ 105

Current ophons C—

[f Eandomnes s ey

g i s b B o e = P
D R s e LT

back



E Current options: ————
]: C Bandormness : ON e imvaneg

.u R—. - -. N . ) i -
e |

e R
2]« KR

g e U s b B o s
Bl el R S R

back et

&/ 105

Current cptions C—1

Ir Eandomoess : ON e Imva e

e

]
: o

Just chasen

Chosen Before:

back et



T servenarioe
® 18 SR PN w0 CPE O OF Tved DN

* [ach choke gerer e Do nis e

o The 3mparis geseraed deperd 40 e 0hasen (0.
Firnt ared wecored amcurta pererated by sech color can be dferent

Ontop 1,2 1 coer 4 painty are s acided af randore - incependertly of the toor

* Your goal & o eam e mary poici n ponidie throaghout Te 108 rourd

*

Tothis ered you can earm S8 by B8 whick colors yesid more [oires fan ashen

*

2 eac® rowne, you e srly 1 wcono o chaeres the Lnesd umBens and chinow the
e Cobr

A D irbiales [he remuas g b

W pos da ot choswe nare acolor i pebed at randor for poy.
1 B i) ISCer 3 penay of § s

.

back

& Thew s the w colar Pt are yued N 1590 openimeTt

= Fyou hawe trous e dflere stisting ary tao al t2ew oo
Phearet i your Dured W - & eapurimet e sl Cormee o pour deik!

» Wl h Dvea Duloerh o dudbidde 1 dfy gven reurd dowes ol depeirsd on poer parid Clesos

o O B3 PEea THE DO Domans Rgwe The SaMe 00N - TVE B 0N purposs
N thin cawe & mades 2o dflerence which af the nmn pos cich

back



® Your payof? for thi eeperiment deperch comideratyy on hom TUETy PO yOU BarT N the
UDCOTENG TR
7 This, plese make wre pou undentand o nides well before chohing on “uart” beom

@ e e YOU SENT, PO CAN 20 D0 N THE WSINUCTIONS 0 M0 re iy The egrmple, i
o Wes.

o W arthing remairm unces pleass et s knaw - e Wil 0O 10 YA dest

Your paymene for this pert of the sap n
* Tas TROEas §OMIEE M31 S B TE ns £a1T) Slkarve 1880 peinr
& Thae Sesl 2800 poands arw ol pusd

» Enamphs SUPDOLE YOU BN YI0D LS - WY 1 160 4 bowe 1EDD.
Thus, pos wous i reoste |60 =0 066 = LOOK tar the muin tmk



Instructions and Quiz: Patterns Task

Decision-making experiment

Instructions

Welcome to the study!

Please read the instructions carefully.
You can scroll back and forth through the instructions.

After you are finished with the instructions there will be a short guiz to test whether you understood the details of the task
and can continue with the study. So, please make sure you read the instructions carefully.




Your choice options.

What you see on the right is similar to what
you will see during the task.

In each round, you will see two images. You
will have to choose one of them. In the task,
these rectangles will be different images. In
these instructions they are instead shades of

gray.

Feedback screen

Each image will give you 2 rewards.

The first reward will be displayed
immediately after your choice (top
rectangle).
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Feedback screen

The second reward will be displayed in the
following round after your next choice
(bottom rectangle).

Feedback screen

The rewards depend on the image you
choose and on chance. Each image has a
different average reward, but there is some

randomness so that each reward can vary by
up to 3 points.

The more points you earn in the task, the
higher your payment will be.




Feedback screen

This is what a feedback screen would really
look like. The top rectangle (dark gray) is the
one you just chose. On it you can see the first
reward that this image has given you.

The bottom rectangle (light gray) is the one
you chose in the previous round. On it you
can see the second reward that this image
has given you.

It's worth noting that the first and second
reward from an image are usually different.

Making your choice

You make your choice by pressing the left
arrow key (for the left image) or the right
arrow key (for the right image).

If you do not decide in 3 seconds, the
computer will randomly choose one image
for you. Each time you fail to decide within 3
seconds, we will subtract 5 points from the
total number of points you earned in the
experiment.




Your payment for the study will be calculated as follows:

You will receive 4 cents for each point you earn after you have achieved 1505 points.
The first 1505 points are not rewarded.

Example: you gather 1805 points — that is 300 points above 1505.
You would therefore receive 300 x 0.04 = $12.00.

Summary

You will choose between 2 images in each round.

Each image will bring 2 rewards, in points. Points are converted to cash at the end.
The first and second reward for an image are usually different.
The average reward for each image is different.

You have 3 seconds to make each decision, by pressing the left or right arrow keys.




If you still have questions you can scroll back to the instructions.

If you don’t have any questions, you can click continue to go to the quiz.

Once you have finished answering the quiz you can start the study.




Consider the following example displaying choices and payoffs from two consecutive rounds of
the task.

Round 31 - Feedback screen

+9

Round 32 — Feedback screen
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Question 1: What does the top number (+4) in Round 31 represent?

The first payoff for the dark gray square.
The payoff is not relevant to the task.

The first payoff for the black square.

The second payoff for the dark gray square.

o o 0 o0

Question 2: What does the bottom number (+9) in Round 31 represent?

o The payoff is not relevant to the task.
o The first payoff for the black square.

o The second payoff for the black square.
o The first payoff for the dark gray square.

Question 3: What is your total payoff for Round 317

4
9

11
13

o o 0 o0

Question 4: What is the total payoff of the dark gray square from Round 31 and Round 327
o 12
16
13

Question 5: What was chosen in Round 327

o The dark gray square.
o The light gray square.
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Question 1

In round 31, it can be inferred from the feedback screen that the dark gray square was chosen
in that round and the white square was chosen in the previous round.

Recall that each image will give you 2 payoffs; one immediately after your choice (always the
top image) and one in the next round (always the bottom image). Therefore, the number +4 on
the top image (the dark gray square) represents the first payoff for the dark gray square.

Question 2

In round 31, it can be inferred from the feedback screen that the dark gray square was chosen
in that round and the white square was chosen in the previous round.

Recall that each image will give you 2 payoffs; one immediately after your choice (always the
top image) and one in the next round (always the bottom image). Therefore, the number +9 on
the bottom image (the white square) represents the second payoff for the white square.

Question 3

Your total payoff in points for a round is the sum of the payoffs for that round. In this case, for
round 31 you got:

* +4 as the first payoff for the dark gray square chosen in that round.

* +9 as the second payoff for the white square chosen in the previous round.
Your total payoff is therefore: 4 +9 = 13,

Question 4

Recall that each image will give you 2 payoffs; one immediately after your choice (always the
top image) and one in the next round (always the bottom image). The dark gray square gives
you + 4 in round 31 and + 8 in round 32. Therefore, the total payoff for the dark gray square is
12.

Question 5

Recall that each image will give you 2 payoffs; one immediately after your choice (always the
top image) and one in the next round (always the bottom image).

In round 32, it can be inferred from the feedback screen that the light gray square was chosen
in that round and the dark gray square was chosen in the previous round.
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