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Summary

Time is our scarcest resource. Allocating time optimally presents a universal challenge for all organisms
because the future benefits of time investments are uncertain. We developed a normative framework for
assessing bounded optimality in time allocation, emphasizing the accuracy of future predictions,
independent of subjective costs and benefits. In a common decision task across humans, rats, and mice,
we varied uncertainty by titrating ambiguous sensory evidence and measured the time each subject was
willing to invest post-decision. We observed that all species and subjects invested more time when they
were more likely to be correct, which reflected a statistical confidence of uncertain evidence. Time
allocation strategy approached the lower bound of optimality, indicating an accurate decision-by-decision
assessment of confidence in the likelihood that waiting will pay off — independent of the subjective payoff
values and time costs. We demonstrate that an elementary algorithm based on a drift-diffusion process
algorithm can implement this optimal time investment strategy. These results illuminate the computational
mechanisms governing rational time investment, showing that humans, rats, and mice can maximize
payoffs via confidence-guided time allocation.

Highlights

o Computational and behavioral framework to assess bounded optimality of investments.

¢ Humans, rats, and mice invest more time to obtain more likely payoffs, in proportion to statistical
confidence.

¢ Time investment was close to optimal model predictions, reflecting bounded optimality of investments
under uncertainty.

e Bounded-optimal time investment may be an evolutionary ancient adaptive behavioral strategy.
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Introduction

Time is a universal currency that all organisms, from the tiniest microbe to the largest mammal, must use
wisely to thrive. Humans and other animals alike engage in the deliberate allocation of time to various
pursuits, including learning new skills, foraging for food, and leisurely activities. Classic economic theories
propose how rational investments should balance the investment’s expected gain against the cost of
forgoing other opportunities (Becker 1965; Keynes 1936). Yet, when faced with uncertainty, a plethora of
studies have demonstrated that human behavior often veers from these rational decision models
(Kahneman and Tversky 1972; 1979; Camerer 1999), constrained by limited cognitive capacities and
environmental resources (Simon 1997; Gigerenzer and Todd 1999; Sent 2018). Despite time’s status as
a universal currency, it is often unclear if humans and other animals make optimal use of their time.
Here, we investigated time investment strategies in different species to shed light on the evolutionary
origin of rational, and irrational, investment decisions.

The study of rational time investments has been hindered by two key obstacles. First, we lack a common
behavioral framework to assess time investments. Most human studies rely on hypothetical choices
lacking experiential components, whereas real-life investment decisions require learning from past
experiences and may not show the same cognitive biases, a discrepancy known as the description-
experience gap (Basile, Fabien, and Stefano 2020; Hertwig and Erev 2009). Further, such description-
based studies cannot be translated to animals that use tangible outcome: value-based decision-making
(Wikenheiser, Stephens, and Redish 2013), delay discounting (Frost and McNaughton 2017; Hayden
2016), and decision confidence (Lak et al. 2014; Masset et al. 2020; Stolyarova et al. 2019).

A second challenge to study time investments is the lack of a theoretical framework given that the costs
and benefits can be highly subjective and idiosyncratic. There is no universal formula for optimal time
allocation without assumption about the value, or utility, of time and rewards (Sent 2018; Houston and
Rosenstrom 2023). For instance, browsing the internet might be wasting time for one individual while
maximizing the happiness of another. For these reasons, defining an optimal investment strategy often
relies on assumptions about the shape of the agent’s utility functions, which is typically unknown. Rational
investment decisions also require predicting the investment’s likely outcome (Becker 1965; Sen 2020).
When confronted with uncertainty, humans and animals often struggle to accurately assess risks and
payoffs, distorting their probability estimates (Camerer 1999; Tversky and Kahneman 1981;
Constantinople, Piet, and Brody 2019; Houston and Rosenstrém 2023; Yang, Li, and Stuphorn 2022;
Stauffer et al. 2015). The absence of a computational and behavioral framework that addresses both
challenges impedes normative interpretations of time investment behavior.

To address these issues, we developed a framework to comparatively assess the ‘bounded optimality’ of
time investments across species, defined as deviations from optimal time allocation of a utility-maximizing
agent. Behaviorally, we used a post-decision wagering task in which subjects first make a binary choice
about ambiguous auditory stimuli before placing a bet on their decision by investing time continuously
until giving up and moving to the next decision. Importantly, the same task contingencies could be used
across species: in humans as a video game and in mice and rats working for water rewards. We
developed a normative investment model based on Keynesian investment theory and found that humans,
rats, and mice invested time in proportion to their degree of decision confidence. All species invested
time close to optimal model predictions under arbitrary subjective utility functions, thus demonstrating
bounded optimality with respect to decision confidence to optimize investment decisions. We found that
humans and other animals are smart intuitive investors, who leverage their sense of confidence to
maximize future gains.
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Results
Variable time investment task

To quantitively assess time investment behavior in humans, rats, and mice we adopted a previous task
design (Lak et al. 2014; Masset et al. 2020) with three key features: (i) self-controlled variable time
investment, (ii) experimenter-controlled uncertainty in evidence, (iii) cross-species experiential task
design. Subjects invested variable time into decisions based on ambiguous auditory evidence, which
allowed us to systematically vary the amount of evidence for a decision and simultaneously observe each
subject’s choice and time investment behavior. Task design, auditory stimuli, and time investment were
analogous across species (Figure 1A-B): Humans, rats, or mice self-initiated a trial, which triggered
delivery of an auditory stimulus. Auditory stimuli were identical for all species and consisted of binaural
streams of Poisson-distributed clicks with different underlying click rates between the left and right click
stream. In a series of consecutive decisions (‘trials’), subjects had to determine the side with the higher
underlying click rate and give the correct response (left or right) to receive a money reward (humans,
Figure 1A) or water reward (rats and mice, Figure 1B). The strength of evidence for each decision was
given by the difference in the number of clicks between left and right divided by the total number of clicks
(‘binaural contrast’). Human subjects performed a gamified version of this task, for which pilot
experiments showed improved choice and investment behavior (Figure 1C; cf. Methods).

All subjects’ decisions were explained by the strength of auditory evidence with perceptual noise. For
easy decisions with high binaural contrast, subjects made few mistakes (i.e., showed low lapse rates)
and subjects showed graded accuracy in more difficult decisions (Figure 1E-G). Subjects’ choices were
well predicted by a generative model with Gaussian noise, which we fit with cumulative Gaussian
distribution to each subject’s choice behavior (Figure 1E-G, Table 1, p < 0.001 for each subject against
shuffled data, permutation test). Together, the combination of evidence strength and choice quantitatively
determines the subjects’ choice uncertainty. Subjects were incentivized to invest variable amounts of
time in their choices. After committing to a choice, reward delivery for correct choices was randomly
delayed (humans and rats: 0.5-8 s, exponentially distributed with decay constant t = 1.5 ; mice: 0.5-5 s,
7=1.0s). In error trials and a subset of correct trials (probe trials, humans and rats: 10 %; mice: 5 %),
no reward or feedback was given. Thus, subjects waited for a self-determined amount of time, before
giving up waiting and moving to the next decision. The subjects’ waiting time in a trial constitutes a graded
time investment into their decision. Since access to water was restricted to behavioral sessions of 2-3
hours per day in rats and mice, rodent subjects were incentivized to adjust their time investment behavior
to maximize water reward intake. In humans, incentive structures in psychophysical tasks are more
complex. We therefore sought to (i) create strong incentive structures, and (ii), promote task engagement
by gamifying the task in humans. In this gamified task, using identical sensory stimuli and trial
contingencies, subjects used virtual ‘Geiger counters’ to locate (left or right) ‘plutonium sites’ in ‘mines’.
‘Mining expeditions’ were limited to brief 5-minute blocks incentivizing adaptive time allocation, and 15
blocks per session. Reward credits were awarded for each correct choice (150 credits per correct choice),
and could be redeemed for different types of candy after the session was complete. High performance
was also incentivized with bonus payments. Thus, optimizing time investment earned the subjects more
money. Overall, we observed variable time investment behavior across trials (Figure 1H-J; humans:
5.9 [4.8-7.0] s (median [IQR]); rats: 6.3 [4.9-7.2] s; mice: 4.8 [3.9-5.2] s, data pooled across subjects).
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Figure 1. Post-decision time
investment task for humans, rats,
and mice. (A) Time investment task in
humans. Humans discriminated
binaural stream of clicks and indicated
their choice with a button press (left or
right) in a series of consecutive trials.
Reward delivery (credits) was
randomly delayed, and no feedback
was given on error trials and a random
subset of correct trials (probe ftrials,
10 %). We thus obtained choice and
time investment in error and probe
trials. In probe trials and a subset of
error trials (30 %) we asked subjects
to explicitly report their confidence on
a 5-point scale. (B) Analogous time
investment task in rats and mice. Rats
or mice discriminated between the
same binaural click streams as
humans and indicated their choice by
entering a choice port (left or right),
and reward delivery (water) was
randomly delayed. As in humans, we
obtained choice and time investment
in probe (10 % trials in rats, 5 % in
mice) and error trials, in which no
reward or other feedback was given.
(C) In humans, we gamified this task.
In brief, humans controlled a miner
avatar and could enter mining sites on
a map to initialize a 5-minute block of
trials. Following a trial block, earned
credits for correct choices could be
exchanged for candy in the business
center. (D) After entering a mining
site, trial start was indicated by
appearance of a sign post, followed by
the auditory stimulus. The choice (left
or right) was indicated by the avatar
facing left or right and the background
moving in opposite direction for as
long as the subject held the choice
button. Visual feedback indicated
reward delivery and credits added to
the account. (E) Psychometric curve
for human subjects showing average
choices to the left as a function of
evidence strength, defined as the

difference in the number of clicks between left and right divided by their sum. Gray lines show single subjects, black line shows
pooled subject data. Error bars indicate 95 %-confidence intervals. (F) Psychometric curves for rat subjects, conventions as in
E. (G) Psychometric curves for mouse subjects, conventions as in E. (H) Time investment distribution in probe and error trials
(pooled across subjects) (gray) and reward delay distribution (blue line). Inset shows explicit confidence reward distribution. (1)
Time investment distribution for rats (pooled across subjects). (J) Time investment distribution for mice (pooled across subjects).
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Bounded optimality of confidence-guided time investment

What constitutes an optimal investment strategy in this task, that is, how should one invest time to
maximize overall reward? Our aim is to assess the theoretical ideal strategy for time allocation based on
uncertain evidence that maximizes subjective payoff, which we call ‘bounded optimality’. This approach
focuses on objective effectiveness of time allocation, while allowing for arbitrary subjective factors such
as the perceived value, or utility, of payoffs and cost of time, which are inherently individual and
challenging to measure. Drawing on the principles of rational task analysis (Neth, Sims, and Gray 2016),
we derive the optimal time investment strategy for our task. This analysis will enable us to delineate the
efficiency of time investment behavior from ‘random and ‘optimal’ performance. i.e., the bounded
optimality of time investment.

According to Keynesian investment theory, an investment is deemed favorable if the expected future
return exceeds its opportunity cost (Becker 1965; Keynes 1936). In this context, the expected return R is
the amount of water or monetary reward, weighed by the probability of receiving a reward after investing
time T. The opportunity cost K of a time investment is the amount of reward, on average, that we forgo
by waiting for a reward instead of moving on to other investment opportunities, i.e., moving on to the next
trial in our task. The value of time investment T, V(T), is then the difference between its expected return
R(T) and opportunity cost K(T), reflecting the potential missed gains by foregoing other investments:

V(T) = R(T) = K(T) (1)
Optimal time investment T, maximizes V(T),

Tope = arg max V (T). (2)
T

In this variable time investment task, reward magnitude was fixed, and the expected return in a trial is
thus determined by the investor’s time-varying reward expectancy: the probability that reward arrives in
the next time interval from t to dt after waiting time ¢ without receiving a reward. The expected return R(T)
for time investment T is then given by integrating the reward expectancy per unit time, defined as the
hazard rate of reward p(f):

R(T) = [ p(t)dt. (3)

We assumed a stable opportunity cost, represented by k, for each unit of time invested, based on the
premise that the subjects' behavioral strategies and their subjective valuation of rewards remained
unchanged. This assumption is deemed reasonable because the task did not involve any alterations in
stimulus and reward conditions, and can be verified by analyzing the data for any significant deviations
or non-stationarities in behavior or performance over time. The investment’'s opportunity cost then is
K(T) = kT and with (1) and (3) the value of time investment V(T) is given by

V(T) = [} p(t) dt — «T. (4)

An investor’s challenge is to maximize the value function V with respect to time investment T. Critically,
the hazard rate of reward, p(t), depends on (i) the investor’s decision confidence C, the probability that
the current trial’'s choice will be rewarded, and on (ii) the experimenter-defined temporal reward
distribution during the waiting time period, Pru(t) (see Methods for details). We chose an exponential
reward distribution Pry(t), which implies a flat (constant) hazard rate of reward p(f) when C = 1. For C < 1,
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the hazard rate of reward p(f) is monotonically decreasing. Therefore, the value function V(T) is concave
and maximal at

av

E(Topt) =0

p(Topt) =K
Topt = p_l(K)- (9)

Since the investor's confidence varied in each trial, and we treat the opportunity cost as stable, we
express optimal time investment in each trial as a function of confidence, i.e.

Topt(C) = p_l(C)- (6)

This result shows that optimal time investment should reflect decision confidence, the estimated
probability that a decision will lead to a payoff. Here, optimal time investment refers to the statistically
optimal use of the subjective percept of the sensory evidence delivered in our task for time allocation.
We leveraged the relationship between confidence and time investment to develop a generative optimal
time investment model (Figure 2A).

A key feature of our decision tasks is that trial-to-trial variations of confidence can be readily inferred from
the observed choice behavior. We use a generative decision model to estimate the subjects’ perceptual
noise o by fitting a truncated Gaussian distribution to individual choice behavior (Figure 2A, top row, cf.
Figure 1E-G, Table 1). The standard deviation ¢ of this distribution provides an estimate of the perceptual
noise. Under the assumption of Gaussian perceptual noise, we inferred the distribution of confidence for
a given strength of evidence and choice using a normative statistical model of confidence. In other words,
we generated percepts X (here, a percept is an internal representation of sensory evidence x) based on
evidence x with Gaussian perceptual noise ¢ and calculated the degree of confidence C=
P(correct|x,choice) associated with each percept (Figure 2A center). Next, we converted each confidence
estimate to a predicted optimal time investment (Figure 2A, bottom row).
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Figure 2. Optimal time investment model to quantify bounded optimality of investment behavior. (A) A model for optimal
time investment guided by decision confidence. See text and Methods for details. Ni, left clicks; Ng, right clicks; x, evidence
strength (difference in clicks AN = NL - Nr divided by the sum N = NL + NR); X, percept (internal representation of x); o, perceptual
noise; C, confidence; m(C), mapping function. (B) Estimated mapping function T= m(C) between confidence C and time
investment T for human subjects. Gray lines, individual subjects; black line, pooled subject data. Error bars indicate 95 %-
confidence intervals. (C) Estimated mapping functions m(C) for rat subjects, conventions as in B. (D) Estimated mapping
functions for mouse subjects, conventions as in B. (E) Time investment across trials within behavioral sessions was mostly
stable (50 trial running average). (F)—(H) Model-predicted optimal time investment as a function of task performance and
evidence (based on o and m(C) of a single human subject). (F) Model-predicted calibration curve for optimal investment (solid
line) and random investment not related to confidence (dashed line, shuffled time investment across trials). (G) Model-predicted
vevaiometric curve, conventions as in E. (H) Model-predicted conditioned psychometric curves, conventions as in E. (I) Model
recovery test for simulated data across different noise models. Q-efficiency captures the noise imputed by different noise models.
Values lower than 1 correspond to sub-optimal investment behavior, whereas values larger than 0 indicate that investment
behavior is guided by confidence.

To predict the optimal time investment, we need to convert decision confidence (an estimated probability)
into seconds of time investment, using a mapping function T = m(C). According to equation (6), the
mapping function from confidence to optimal time investment has a theoretical solution. Specifically, the
theoretical mapping function m(C) is the inverse hazard rate of reward, m(C) = p~'(C) (see Methods; Lak
et al., 2014). However, the validity of this theoretical solution relies on several strong assumptions. First,
the subjective hazard rate of reward is likely to deviate from its theoretical form determined by Pru(t) (see
Methods) due to uncertainty in time estimates. The variance of time estimation increases linearly with
time, called scalar timing (Gibbon 1977; Malapani and Fairhurst 2002). Second, we cannot be certain
about the precision with which the investor learned the reward distribution Preu(t), from which we estimate
the hazard rate. Thirdly, we do not know the investor’s utility function with respect to earned reward or
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effort spent waiting. Finally, we do not know possible interactions between time and utility, that is, the
investor’'s value of time. Due to these uncertainties, we sought to empirically determine the mapping
function between confidence and time investment, which would allow us to isolate the contribution of
decision confidence to time investment behavior in a utility-maximizing agent. To infer the mapping
function T = m(C) between confidence C and time investment T we assume that m is a monotonically
increasing function of C, and that the mapping function is stable across time (Figure 2E). In other words,
longer time investments reflect higher confidence. We can then use the empirically observed time
investment distribution F7, and the model-predicted cumulative confidence distribution, Fc, to define m(C)
= Fr'(F¢(C)) (see Methods) (Figure 2B-D). This mapping function from confidence level to time
investment duration is fully constrained by the empirical time investment distribution, while being agnostic
about how subjects adjusted time investment based on confidence in individual trials. Notably, if we
randomly reorder the time investment data across trials—thus disconnecting actual time investments
from their corresponding confidence levels—we would still derive the same mapping function m(C). In
this way, our model predicts optimal time investment guided by confidence for each ftrial k, with
Toptk = M(Cy), producing a statistically optimal allocation of time based on the available evidence, without
additional free parameters and allowing for arbitrary (monotonic) utility functions of confidence against
time.

Together, the key ingredients of our optimal time investment model are (i) inferred perceptual noise from
the psychometric choice behavior, (ii) inferred statistical decision confidence, and (iii) estimated mapping
function between confidence and time investment (Figure 2A). This model is well-suited to make several
testable predictions about optimal time investment in the observed time investment patterns across
species. First, optimal time investment predicts the average accuracy of a decision-maker, thus yielding
a confidence calibration curve (Figure 2F). Second, optimal time investment is positively correlated with
evidence strength for correct choices, but negatively correlated with evidence strength for error choices,
thus predicting the outcome of a decision even for the same evidence strength (vevaiometric curve, from
Greek vevaios, certain) (Figure 2G). Finally, the conditioned psychometric curve demonstrates that for
high-investment decisions, average accuracy is higher even for the same evidence strength in
comparison to low-investment decisions (Figure 2H). These three signatures serve as qualitative
benchmarks for confidence-guided time investment (Sanders, Hangya, and Kepecs 2016; Hangya,
Sanders, and Kepecs 2016).

To quantify deviations from optimal time investment, i.e., bounded optimality of time investment with
respect to leveraging confidence, we introduced a single free parameter (a: investment efficiency) that
summarizes diverse sources of noise. An a value of 1 means perfect efficiency, while 0 produces
randomly resampled time investments across all decisions (i.e., corresponding to shuffling all time
investment data across trials). This investment efficiency parameter thus captures potentially diverse
sources of noise such as ‘metacognitive noise’, i.e., deteriorated confidence estimates, timing
uncertainty, or other sources of variability in investment behavior not driven by confidence. We used
Monte-Carlo models and maximum-likelihood fitting to estimate investment efficiency. Model-fitting
recovered noise-infused simulated data, generated by simulating trials with noise from a range of different
noise models (Figure 2l). Note that investment efficiency, a, provides a lower bound to optimal use of
decision confidence. The key reason is that investment efficiency, a, captures not only sources of
variability with respect to decision confidence (‘metacognitive noise’), but also variability of the mapping
function m(C). Moment to moment or session to session variations of temporal estimation, effort cost, or
utility functions will be captured by variability in the mapping function. Thus, assuming a stable mapping
function across trials and sessions leads to an underestimate, a lower bound, on the investment
efficiency.
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Humans, rats, and mice optimize investment decisions guided by decision confidence

The confidence-guided time investment model allowed us to predict optimal time investments without
free parameters and calculate investment efficiency for each subject in humans, rats, and mice. Across
all species, the observed time investment behavior followed optimal model predictions. To quantify this
we examined the expected time investment patterns for key behavioral signatures of confidence (dashed
lines, Figure 3A-C, Figure 4A-C, Figure 5A-C): First, time investment predicted accuracy across the
entire range of accuracies (about 50 %—-100 %), demonstrating that time investments cover the full range
of possible confidence levels and is thus well-calibrated (human single subject example (Figure 3A),
p = 0.87 (Spearman rank correlation), p < 0.001; human pooled subjects (Figure 3E), p = 0.85, p < 0.001;
rat single subject example (Figure 4A), p = 0.71, p = 0.02; rat combined subjects (Figure 4E), p = 0.91,
p < 0.001; mouse single subject example (Figure 5A), p =0.94 p <0.001; mouse combined subjects
(Figure 5E), p =0.92, p <0.001). Second, time investments were positively related to the strength of
evidence (absolute binaural contrast) in correct trials (slope > 0, linear regression, p < 0.001, for each
single subject example and pooled subject data) and negatively related in error trials (slope < 0,
p < 0.001, linear regression, for each single subject example and pooled subject data) as revealed by the
vevaiometric curve for human (Figure 3B,F), rat (Figure 4B,F), and mouse (Figure 5B,F) subjects. Finally,
when splitting trials into high and low time investments (split by median time investment, cf. Table 1), the
conditioned psychometric function was steeper for high time investment compared to low time investment
trials, i.e., time investment predicts accuracy even for the same strength of evidence in human
(Figure 3C,G), rat (Figure 4C,G) and mouse (Figure 5C,G) subjects (Aslope > 0, logistic regression,
p < 0.01 (bootstrap) for each single subject example and pooled subject data). Thus, subjects from all
species adjusted time investments according to their degree of confidence. In many cases, the overall
predictions for optimal time investment fell within the observed variation of the investment behavior.

We next measured how close subjects invested time to optimal model predictions by fitting a single free
parameter, investment efficiency a, to each subject’s time investment behavior. We estimated the model’'s
likelihood function using Monte-Carlo methods and determined the investment efficiency a that
maximized each subject’s likelihood function for human (Figure 3D), rat (Figure 4D), and mouse
(Figure 5D) subjects. As expected, time investment predictions from best-fit investment efficiency models
yielded improved fits to the data (thick lines, Figure 3A-C, Figure 4A-C, Figure 5A-C). Investment
efficiency was larger than zero (corresponding to shuffled time investment unrelated to confidence) for
all subjects across all species (a > 0, p <0.001, permutation test) and, in most cases, investment
efficiency was high with a > 0.5 (13/16 subjects), indicating that subjects across all species were efficient
investors with low metacognitive noise (Figure 4H, Figure 5H, Figure 6H, cf. Table 1).
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Figure 3. Humans optimized time investment guided by using decision confidence. (A)-(C) Model-predicted time
investment for optimal (dashed line) and best-fit investment efficiency a (solid line) and observed time investment (points) for
single human subject (H4). Observed time investment (Tl) showed signatures of statistical decision confidence for calibration
curve (A), vevaiometric curve (B), and conditioned psychometric curves (C). (D) Likelihood function for same subject maximal
at avest = 0.64 (cf. Table 1). (E)—(G) Signatures of statistical confidence in pooled human subject data showing calibration curve
(E), vevaiometric curve (F), and conditioned psychometric curve (G). (H) Best-fit investment efficiency a per human subject
(black dots) and shuffled control (gray dots). Error bars indicate 95 %-confidence intervals.
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Figure 4. Rats optimized time investment guided by using decision confidence. (A)—-(C) Model-predicted time investment
for optimal (dashed line) and best-fit investment efficiency a (solid line) and observed time investment (points) for single rat
subject (R4). Observed time investment (Tl) showed signatures of statistical decision confidence for calibration curve (A),
vevaiometric curve (B), and conditioned psychometric curves (C). (D) Likelihood function for same subject maximal at dpest = 0.67
(cf. Table 1). (E)—(G) Signatures of statistical confidence in pooled rat subject data showing calibration curve (E), vevaiometric
curve (F), and conditioned psychometric curve (G). (H) Best-fit investment efficiency a per rat subject (black dots) and shuffled
control (gray dots). Error bars indicate 95 %-confidence intervals.
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Figure 5. Mice optimized time investment guided by using decision confidence. (A)-(C) Model-predicted time investment
for optimal (dashed line) and best-fit investment efficiency a (solid line) and observed time investment (points) for single mouse
subject (M4). Observed time investment (Tl) showed signatures of statistical decision confidence for calibration curve (A),
vevaiometric curve (B), and conditioned psychometric curves (C). (D) Likelihood function for same subject maximal at dbest = 0.74
(cf. Table 1). (E)—(G) Signatures of statistical confidence in pooled mouse subject data showing calibration curve (E),
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dots) and shuffled control (gray dots). Error bars indicate 95 %-confidence intervals.

Table 1. Confidence-guided time investment model results for each subject. For perceptual noise o, values
indicate standard deviation of a cumulative Gaussian fit to psychometric function (95 %-confidence intervals, t-
statistic). To describe the mapping function m(C), values indicate median time investment (inter-quartile range). For
investment efficiency a, values indicate maximum-likelihood fit (95 %-confidence interval, bootstrap). TI, time
investment; Exp, explicit reports.
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Human time investment and verbal confidence reports reflect shared and independent confidence
information

Humans use both experiential and verbal assessments of their decisions. We could therefore assess
how time investment, an experiential or ‘implicit’ report of confidence, relates to declarative or ‘explicit’
verbal reports in human subjects. While previous work demonstrated that verbal confidence reports
convey statistical decision confidence estimates (Sanders, Hangya, and Kepecs 2016), it remains unclear
how closely implicit and explicit confidence assessment are aligned. Our results reveal two key features
regarding the relation between implicit and explicit confidence reports, (i) time investment and explicit
reports were strongly related, and (ii), neither confidence report fully predicted the other.

After specific decisions, we requested subjects to assess their confidence using a five-point scale, after
their time investment. Subjects’ explicit confidence reports showed signatures of statistical decision:
Explicit confidence reports predicted accuracy (single subject example (Figure 6A), p = 0.98 (Spearman
rank correlation), p = 0.005; pooled subjects (Figure 6E), p = 0.95, p = 0.01), confidence increased with
evidence in correct trials (slope > 0, p < 0.001, linear regression, for single subject example and pooled
subject data) but decreased in incorrect trials (slope < 0, p <0.01) (Figure 6B,F), and high-confidence
trials showed a steeper psychometric curve than low-confidence trials (Aslope > 0, logistic regression,
p < 0.01 (bootstrap) for single subject example and pooled subject data) (Figure 6C,G). Investment
efficiency a was higher than zero for all subjects (a > 0, p < 0.001 for each subject, bootstrap) and large
for most subjects (a > 0.5 in 4/5 subjects) (Figure 6D,H).

We found a strong correlation between time investment and explicit confidence reports in both correct (p
= 0.53 (Spearman rank correlation), p < 0.001) and error trials (p = 0.53, p < 0.001), suggesting a shared
confidence computation (Figure 61,J). For trials in which we obtained both a time investment and explicit
confidence report, we could assess whether time investment was correlated with explicit confidence
reports beyond their relation to evidence and choice. Time investment in single trials predicted explicit
confidence reports even after accounting for the correlation produced by sensory evidence and choice
(Figure 6K, stepwise linear regression, p < 0.001).

The same computational process could drive both investment behavior and explicit confidence reports,
but we wondered whether this correlation could be explained by subjects inferring their confidence from
their own investment behavior, since verbal reports were obtained after investments. We found that
explicit confidence reports are not simply a function of time investment, for a fixed time investment, or
vice versa. When only considering trials with an explicit confidence report of 3 (the middle of the 5-point
scale), time investment was positively correlated with evidence in correct trials (slope > 0, p = 0.05, linear
regression) and negatively correlated in error trials (slope < 0, p = 0.02) (Figure 6L). On the other hand,
when only considering time investment trials around the median (0.4-0.6 quantile), explicit reports were
positively related to evidence in correct trials (slope >0, p < 0.001, linear regression), while not
significantly related to evidence in error trials (p > 0.1) (Figure 6M). These results suggest both
confidence-reporting processes were subject to independent ‘metacognitive’ noise. Together, these
results suggest that implicit and explicit confidence reports are driven by the same computational
process, realizing confidence computations to guide behavior.
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Figure 6. Human explicit confidence reports showed signatures of statistical decision confidence and were predicted
by time investment. (A)—(C) Model-predicted confidence reports for optimal (dashed line) and best-fit investment efficiency a
(solid line) and observed confidence reports (points) for single human subject (H1). Observed confidence reports showed
signatures of statistical decision confidence for calibration curve (A), vevaiometric curve (B), and conditioned psychometric
curves (C). Tl, time investment. (D) Likelihood function for same subject maximal at avest = 0.72 (cf. Table 1). (E)-(G) Signatures
of statistical confidence in pooled human subject data showing calibration curve (E), vevaiometric curve (F), and conditioned
psychometric curve (G). (H) Best-fit investment efficiency a per human subject (black dots) and shuffled control (gray dots). (1)
Correlation between time investment and explicit confidence reports for correct and error trials. (J) Time investment distribution
colored by explicit confidence reports showed strong correlation between the two reports. (K) 2D map between time investment
and binaural contrast showed that time investment and explicit reports were correlated even for the same evidence. (L)
Vevaiometric curve for a fixed explicit confidence report of 3. (M) Vevaiometric curve for a narrow range of time investment
values around the median investment (quantile 0.4—0.6). Error bars indicate 95 %-confidence intervals.

A drift-diffusion algorithm produces near-optimal time investment behavior

To demonstrate the simplicity of optimal time investment strategies, we show that accurately inferring
confidence alone suffices—a generic drift-diffusion algorithm can readily transform confidence into
optimal time investments. We derived the properties of a drift diffusion model (DDM) to solve the optimal
time investment problem (Figure 7A, see Methods).

The DDM contains an accumulator variable A that starts at Ag = log(C/(1-C)), set by the initial confidence
C in obtaining a payoff. This represents the log odds ratio of confidence, which linearly accumulates
evidence for or against receiving a payoff over time. Using the log odds enables additive integration of
the multiplicative effects of confidence on the reward delay distribution that together determine the
momentary hazard rate of reward p(f) (cf. derivation of eq. 7 in Methods). With each passing moment
that a reward is not received, the accumulator drifts downwards at a rate proportional to the momentary
expected reward rate in correct trials, hi. The hazard rate of the reward delay distribution h; corresponds
to the probability that a reward will be received at time t in correct trials, given no prior receipt of a reward.
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Thus, A: will drift more strongly towards the threshold when h; is high, whereas when h is low, A; will only
drift slowly towards the threshold, thus reflecting the decreasing likelihood of payoff over time. In essence,
A: tracks the falling likelihood of reward over time. For our task, the reward delay distribution is
exponential, and its hazard rate is constant with h; = 1/t (defined above 0.5 s). When the accumulator A;
hits a threshold B, the subject stops its time investment at time t in favor of proceeding to the next trial.
The threshold B depends primarily on the opportunity cost of time k, where a larger opportunity cost
implies a larger threshold and therefore subjects leaving earlier. In addition, the threshold depends on
properties of the reward delay distribution, here, summarized by the exponential delay parameter t.

The only source of variability is Gaussian noise, Nacc, with standard deviation 0acc, that is added at each
time step to A. For higher confidence level C, the accumulator starts at a higher initial value while drifting
at the same rate, therefore leading to longer investment decisions (Figure 7B). As expected, this
algorithmic investment model produces optimal time investment (Figure 7C). Deviations from optimal
time investment with respect to using confidence to guide investments are captured by the accumulator
noise Nacc. This model does not allow for arbitrary utility functions of time and reward and therefore does
not allow us to compute an upper bound on optimality. Instead, we characterized the relationship between
the accumulator noise Nacc and the investment efficiency a. As expected, higher Nac. implied lower
investment efficiency a (Figure 7D). We fit two free parameters to behavioral investment data,
accumulator noise magnitude Oacc capturing sub-optimality in time investment, and the opportunity cost
K, capturing the overall utility of time and reward (Figure 7E, see Methods). Model predictions quantified
the mapping function between time investment and confidence (Figure 7F) and predicted the subjects’
investment behavior (Figure 7G). Across subjects and species, we found variable accumulator noise and
opportunity costs (Figure 7HI). For example, mice displayed larger opportunity cost, reflecting their
overall shorter time investment behavior (Figure 71). Together, this investment model algorithmically
realizes bounded optimality of time investment.
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Figure 7. Drift-diffusion algorithm produces near-optimal investment behavior limited by investment efficiency. (A) Drift-
diffusion model: An accumulator’s initial value Ao is proportional to confidence C. During time investment, after each time step
At, the hazard rate of reward ht is subtracted from the accumulator At, and accumulator noise Nacc is added. The agent leaves,
if the accumulator’s value falls below a threshold B, which is determined by the opportunity cost of time x and reward delay
distribution parameter 1. (B) Progression of the accumulator A for three example decisions with different confidence values. (C)
Drift-diffusion model produces optimal time investment behavior guided by confidence. (D) Investment efficiency captures
accumulator noise. (E) Model information loss of two-parameter model fit to behavioral data. (F) Mapping function from best-
fitting behavioral model. (G) Predicted time investment behavior from best-fit drift-diffusion model in an example rat. (H) Best-fit
accumulator noise across single subjects. () Best-fit opportunity cost across single subjects. Error bars represent SEMs.
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Discussion

Here we demonstrate that humans, rats, and mice can use confidence judgments to optimize time
investment decisions under uncertainty. By adopting a psychometric decision task with post-decision time
investments, we could systematically titrate uncertainty about future payoffs, which allowed us to predict
optimal time investment guided by decision confidence. Our computational framework isolates the
accurate use of evidence for time allocation but independent of subjective aspects, which we call
‘bounded optimality’, complementing the notion of bounded rationality arising from limited resources
(Simon 1997). This comparative approach provides insight into the cognitive architectures that enable
rational time investment and metacognitive capacities.

Bounded optimality across species

Our framework advances the assessment of bounded optimality in three major ways. First, by focusing
on the contribution of a specific decision variable, confidence, we quantify optimality independent of
assumptions about subjective valuation or utility. Second, the approach isolates a distinct mechanism —
the use of confidence signals — complementing the notion of bounded rationality emerging from limited
cognitive resources. Third, our experience-based economics task enables cross-species comparison of
investment strategies.

It is challenging to determine whether subjects are optimal with respect to their own objective function
since, in general, a subject’s utility of reward, effort, and time are unknown (Bach and Dolan 2012; Kable
and Glimcher 2009). We addressed this challenge by describing the utility function of time and reward
pertaining to confidence using the mapping function. We inferred each subject’s mapping function by only
assuming (i) a monotonic relationship between confidence and time investment, and (ii), a stable mapping
function across trials and sessions. Even though the mapping function might not be entirely stable across
time, variability in the mapping function would lead to a lower apparent investment efficiency since
confidence noise would partially originate from this variable. Therefore, our investment efficiency estimate
provides a lower bound to the subject’s actual use of decision confidence to guide investment decisions.

Further, each subject’s ability to make predictions about rewarded choices was limited by their sensitivity
to auditory discriminations (‘perceptual noise’), producing variability in investment behavior. Our optimal
model predictions assume that agents fully leverage sensory uncertainty by computing confidence to
guide time investment. Any further limitations of the agent’s cognitive capacities such as time estimation
or the metacognitive use of confidence will lead to sub-optimal performance. Hence, our bounded
optimality model provides an upper limit of investment performance with respect to decision confidence.
We do not know if time investment is also optimized with respect to other sources of uncertainty such as
known risks, uncertainty in subjective value.

The cross-species similarities in confidence-based investments are striking given the radically different
evolutionary histories. Rats and mice, like humans, appear adept at using metacognitive signals to
optimize economic decisions. Despite cognitive limitations, all three species achieved near-optimal
performance by investing proportional to their decision confidence. The capacity to fine-tune investments
based on internal confidence assessments may thus be an evolutionarily ancient competence. Since we
only investigated one type of investment behavior, namely investing time after committing to a choice,
we cannot generalize across other types of investments, such as money or effort. However, the same
computational framework of statistical confidence can be used to study other sources of uncertainty as
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well as other forms of investment behavior. Our results thus provide a framework to study investment
behaviors across species.

Optimal time allocation in decision-making

Time allocation is a fundamental problem in decision-making and has been studied primarily in two
domains. First, as a reflection of a speed-accuracy trade-off processes when deciding between choice
alternatives. Second, in optimal foraging theory when deciding how much time to spend at resource
patches. In either case, and our time investment task, the core challenge is that expending more time
can increase the chance of receiving a payoff, but at the cost of missing out on other opportunities, i.e.,
paying an opportunity cost (Becker 1965; Hausfeld and Resnjanskij 2018; Rustichini 2009).

In decision-making, the speed-accuracy tradeoff posits that taking more time to make a decision leads to
more accurate outcomes (Wickelgren 1977). Drift-diffusion models implement optimal decisions in the
sense that decision time is minimized to achieve a certain accuracy level, and choosing an appropriate
decision threshold maximizes reward rate (Bogacz et al. 2006; Ratcliff 1978). Here, more difficult
decisions always take more time. However, it is sub-optimal to spend more time deliberating when
decision alternatives have similar expected value and either choice leads to similar payoffs, complicating
the relation between time allocation and reward maximization in decision-making (Oud et al. 2016;
Pirrone, Stafford, and Marshall 2014). In contrast, optimal time allocation in our post-decision investment
task directly constructs a tradeoff between the opportunity cost of investing and the expected payoff,
which is the probability of being rewarded (i.e., decision confidence). Variation in time investment after
each decision can therefore be assessed through the lens of variable decision confidence.

Time investment, or how much time you spend in pursuit of a future gain, has been studied as the problem
of optimal time allocation in animal foraging (Stephens and Krebs 1986; Kacelnik 1997). A major theorical
result, the marginal value theorem, posits that optimal time allocation in depleting food patches should
be in proportion to the average reward rate in the environment, which directly corresponds to the
opportunity cost of waiting (Charnov 1976; Constantino and Daw 2015). While many studies found
empirical evidence for the behavioral strategies aligned with the marginal value theorem, quantitative
deviations from the theory arise particularly in time-limited foragers, or when time perception is distorted
(Hills and Adler 2002; Nonacs 2001; Wajnberg et al. 2006). Deviations from optimality predictions
become difficult to interpret, since the subjective cost of waiting and the discount rate of future rewards
are generally unknown (Hayden 2016). Even if the subjective cost of waiting can be evaluated in
economic decision tasks in humans (Cruz Rambaud, Ortiz Fernandez, and Parra Oller 2023; Ventre and
Martino 2022) or animals (Sweis et al. 2018; Wikenheiser, Stephens, and Redish 2013), lack of normative
decision models that take into account trial-by-trial variations in the subject’s uncertainty to receive a
reward make it challenging to interpret sub-optimal behavior (Ott et al. 2022). The strength of our post-
decision investment task is that it allows quantification of the subjective uncertainty (decision confidence)
trial-by-trial, and therefore we can assess to what degree subjects appropriately used their sense of
confidence to adjust graded time investment decisions. In addition, since we were able to non-
parametrically estimate the mapping function between confidence and time investment, we circumvent
the need to make strong assumptions about the shape of the subjects’ utility function of reward, effort,
and time. Future studies that are designed to independently measure a subject’s utility of time and reward
could establish to what degree time investment decisions maximize the subject’s general utility.
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Investment decisions and temporal discounting in behavioral economics

In behavioral economics, investment decisions have been typically studied using explicitly described,
hypothetical scenarios and decisions made by responding to a survey or questionnaire. In many cases,
these studies revealed that participants fail to make rational investment decisions, distorting the risks and
payoffs of future gains (Camerer 1999; Hirshleifer 2015; Tversky and Kahneman 1981). Such risk
attitudes are considered general, temporally stable traits (Dohmen et al. 2011; Frey et al. 2017). How can
we reconcile the findings about irrational economic decisions with our claim about near-optimal
investment decisions? First, an important difference in our study is that subjects enacted investment
decisions, experienced their consequences, and could learn from previous decisions. This experiential
component, which was further enhanced by gamifying human tasks, might facilitate rational investment
decisions and contribute to an description-experience gap between explicitly described decision
scenarios and behavioral tasks with experiential structures (Basile, Fabien, and Stefano 2020; Hertwig
and Erev 2009; Wulff, Mergenthaler-Canseco, and Hertwig 2018). Second, we believe that expending an
actual cost — limited time — contributes to establishing an incentive structure that facilitates the use of
time as a valuable resource, such as money (Festjens et al. 2015; Zauberman and Lynch 2005; Etkin,
Evangelidis, and Aaker 2015), which might lead to more accurate confidence representations (Lejarraga
and Lejarraga 2020; Kaufmann, Weber, and Haisley 2013) and can be leveraged across species. Finally,
our behavioral task to study investment decisions allows for psychometric control and model-based
assessment of the uncertainty that contributes to investment decisions. It is important to note that we
claim near-optimal behavioral with respect to using this uncertainty to adjust behavior — bounded
optimality —, rather than assessing potential distortions in representing value or risk as in many studies
in behavioral economics (Camerer 1999; Hirshleifer 2015; Tversky and Kahneman 1981). Similar in spirit,
our notion differs from ‘bounded rationality’ (Simon 1997; Sent 2018) in that apparent irrational behavior
can be optimal in light of highly subjective utility function but with respect to subjective sources of
evidence. Two main sources of subjective utility functions are (1) risk distortions as in prospect theory
and observed in rats (Constantinople, Piet, and Brody 2019) and non-human primates (Stauffer et al.
2015; Yang, Li, and Stuphorn 2022), besides humans, and (2) temporal discounting as observed across
species (Hayden 2016; Vanderveldt, Oliveira, and Green 2016; Cruz Rambaud, Ortiz Fernandez, and
Parra Oller 2023). In our study, such distortions in utility functions as well as temporal discounting are
captured by our mapping function. For example, explicit confidence reports showed an approximate linear
relationship with accuracy, while large time investment predicted only small increases in accuracy, which
could reflect additional factors that determine time investment such as the motivation to wait or
uncertainty in time estimation. The shape of the mapping function captures the subjects’ time
preferences, i.e., whether they are impulsive or impatient as a function of their confidence. Time
preferences can be adaptive, depending on uncertainty, risk, and opportunity costs (Boon-Falleur,
Baumard, and André 2021; Mell, Baumard, and André 2021; Fenneman, Frankenhuis, and Todd 2022).
Our approach allows for systematic quantification of time preferences across species or individuals.

Time investment as a behavioral report of confidence

Because time investment decisions were guided by decision confidence, they served as a behavioral
report of confidence across humans, rats, and mice. These results build on previous findings that rat time
investment followed the signatures of statistical decision confidence in auditory and olfactory
discriminations (Lak et al. 2014; Masset et al. 2020; Ott, Masset, and Kepecs 2019; Stolyarova et al.
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2019; Joo et al. 2021), and mouse time investment reflected statistical confidence in an auditory detection
task (Schmack et al. 2021). We have also previously found that human explicit confidence reports
reflected statistical decision confidence (Sanders, Hangya, and Kepecs 2016). Here, we were able to
directly compare ‘implicit’ confidence reports (i.e., time investment) and ‘explicit’ confidence reports (i.e.,
verbal reports) in single trials. The tight correlation between explicit and implicit reports suggests that the
same core computation, statistical decision confidence, underlies both reports. Thus, time investment
serves as a robust behavioral readout of confidence across species.

Confidence has been studied through several behavioral studies in humans and other animals. Most
behavioral tasks use difficult binary choices (e.g., sensory discrimination) that provide a third option, for
example to opt out, to obtain a small but guaranteed payoff (Foote and Crystal 2007; Grimaldi et al. 2018;
Hampton 2001; Komura et al. 2013; Middlebrooks and Sommer 2011; 2012; Shields, Smith, and
Washburn 1997). We believe that our post-decision investment task affords several advantages (Kepecs
and Mainen 2012). First, we obtain a decision and confidence report in the same trial, allowing us to
directly assess to what degree confidence predicts accuracy. Second, we obtain a graded measure of
confidence, allowing us quantitatively relate time investment with task variables such accuracy, choice
difficulty, and choice correctness. Finally, psychometric control of the subject’s choice allows us to probe
confidence along a continuous range of evidence strength and choice. Together, this approach enables
us to leverage a statistical model of confidence (Hangya, Sanders, and Kepecs 2016) and quantitatively
relate evidence, choice, confidence, and time investment.

We assessed investment efficiency by quantifying deviations from optimal time investment predictions.
This approach is related to determining the ‘metacognitive efficiency’ of confidence ratings in human
subjects, asking how well confidence ratings predict accuracy (Fleming and Dolan 2014; Fleming and
Lau 2014). Similarly, we assessed how well time investment predicted accuracy. Inherently, monitoring
accuracy is limited by the subject’s sensitivity to discriminating sensory stimuli. By using a statistical
model of confidence (Hangya, Sanders, and Kepecs 2016), we could predict the distribution of expected
confidence values for each stimulus and choice given the subject’s sensory sensitivity. Our model thus
allows for comparing investment efficiency across subjects with unequal sensory sensitivity, similar to
other model-based approach such as meta d’ (Maniscalco and Lau 2012) or measuring the difference in
psychometric slopes between low and high confidence trials (De Martino et al. 2013), an analysis we
included as part of our key behavioral signatures. Our generative model allows for single-trial predictions
of optimal time investment distributions, or, more generally, confidence reports fully informed by statistical
decision confidence. This avoids the necessity to rely on binary comparisons such as sensitivity between
two stimuli or sensitivity between low and high confidence reports required for many other measures,
which are therefore prone to high variability (Bor et al. 2018; Fleming and Lau 2014). Similar to our
approach, recent generative models fit metacognitive noise together with other behavioral parameters
(Boundy-Singer, Ziemba, and Goris 2023; Guggenmos 2022). In contrast, here, we first estimated all
behavioral parameters not related to metacognitive noise to subsequently estimate an upper bound for
metacognitive noise, or bounded optimality. Our approach allows for explicitly fitting generative noise
models and could thus enable future studies to delineate sources of metacognitive noise.
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Drift diffusion investment algorithm for bounded optimality

Algorithmic models can link normative models with their candidate implementation in neural circuits (Love
2015; Marr 1982). We therefore investigated whether drift diffusion models (DDMs) — a large class of
models commonly used in decision-making (Ratcliff 1978; Bogacz et al. 2006; Gold and Shadlen 2007;
Brunton, Botvinick, and Brody 2013) — can implement bounded-optimal time investment. Motivated by
the fact that decision confidence directly follow from the subjects’ percept of the sensory evidence and
choice (Hangya, Sanders, and Kepecs 2016; Lak et al. 2014), we found that generic DDMs set to initial
values that only depend on decision confidence can implement optimal time investment. The properties
of the reward delay distribution and the opportunity cost of time were captured by the drift rate (equal to
the hazard rate of the reward delay distribution) and the threshold. It is thus conceivable, that the neural
decision confidence signals present at the time of choice, when investment begins, form the starting point
of dynamic ramping activity during waiting (Ott, Masset, and Kepecs 2019; Masset et al. 2020). Our
algorithmic model would further predict neural signatures of the accumulator, akin to a ramp-to-threshold
mechanism (Shadlen et al. 2001; Gold and Shadlen 2007; Pinto, Tank, and Brody 2022; Koay et al.
2022), and neural signatures of the reward delay distribution. Such neural data would further inform and
constrain algorithmic models that implement bounded optimality of time investment behavior across
species.

In conclusion, this study establishes a new approach to comparatively probe the neurocomputational
bases of economic rationality. Despite cognitive limitations, simple statistical representations, like
confidence, may enable mammals to robustly optimize decisions and approach bounded optimality in
key domains like investing time. Quantitative models clarifying the mechanisms and evolutionary origins
of such competencies will offer insights into both animal and human cognition.
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Methods

Human experiments
Subjects

Five human subjects performed 27,212 trials across 74 behavioral sessions, recruited from the general
population of Cold Spring Harbor Laboratory. Subjects ranged from 23 to 30 years of age and reported
normal or correct-to-normal vision and had no known of hearing impairments. Each participant provided
written informed consent prior to participation, with all procedures approved by the Cold Spring Harbor
Laboratory Institution Review Board.

Apparatus

A single apparatus was available to the subjects in a dark room with 24-hour access using their
employment card and subjects could choose when to complete one session. Instrument control and data
acquisition were accomplished in MATLAB (R2011a) using the statistics and psychophysics toolboxes.
Computer peripherals included a USB joystick (ST290, Saitek), a standard USB keyboard (Dell) and an
LCD monitor (G245HQ, Acer) positioned at eye level, 70 cm in front of the subject. Subjects initiated a
trial and thus stimulus delivery by squeezing the joystick trigger and reported their choice (left or right) on
the USB keyboard arrow keys. For explicit confidence reports, custom-printed adhesive labels were
placed over the keypad’s numerical keypad to indicate confidence levels “1” to “5” on a 5-point scale,
presented vertically to capture the intuition about low and high confidence levels and to discourage
confidence-side associations. An additional button labelled “Err” was provided to allow the subject to
indicate a choice believed to be wrong. Trials with “Err” responses were pooled with confidence report of
1.

A real-time click generator and response capture device (PulsePal, Sanworks, (Sanders and Kepecs
2014)) delivered the auditory stimulus binaurally to headphones worn by the subject (HD-280,
Sennheiser). Pulse Pal’s firmware was modified to record the subjects’ joystick and keyboard press and
release events with high temporal precision (100 pys resolution). A pair of computer speakers was
connected to the computer's mainboard sound port and positioned on either side of the subject beneath
the monitor to play back feedback sounds.

To encourage long term participation, a custom appetitive reward system was installed above the
computer. Three servo motors (HSR125-CR, Hitec) controlled by a USB servo controller (Micro Maestro,
Pololu) motorized a confection dispenser (Mini Bean Machine, Jelly Belly USA). Plastic pipes delivered
the dispensed items to a plastic dish on the subject’s left side at arm level. The appetitive reward system
was only used in the break periods between blocks of trials (see below).

Data were automatically labeled by unique subject ID codes to ensure anonymity. A set of keys relating
subject ID codes to subject identities was encrypted and stored on a removable drive.

Subject instructions

Subjects verbally agreed to complete at least eight sessions, and at least two sessions per week in
consecutive weeks. Use of the apparatus was demonstrated prior to the first session and an instruction
sheet explaining button and keypad usage was posted in the test room.
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Subjects were paid $ 0.10 for each correct response and were informed that random guessing would
earn them $7 per hour on average if they responded continuously, and that accurate responses could
earn them more than $20 per hour. Subjects were periodically paid in cash, when they requested a
payout, or when their balance exceeded $200. Such large incentives were necessary to encourage
subjects to optimally use time within trials. Subjects were encouraged to use the entire confidence scale
and were advised that they may need to ‘remap’ their initial range of experienced confidence to span the
5-point confidence reporting scale. Subjects were not given explicit speed or accuracy instructions.
Rather, in the interest of similarity to the rodent task, subjects were instructed to earn as much payment
as they could in the time allotted. The first two sessions used for training and to adjust discriminability
levels to subject performance and were not included in subsequent analyses. Following training sessions
only, subjects were given written feedback about side bias, scale usage and performance. Subjects
typically learned instructions immediately, reached peak performance within two sessions, and did not
substantially improve their performance in subsequent test sessions.

Time investment task in humans

We designed a perceptual 2-alternative forced choice task complemented with a post-decision temporal
wager to record both a choice and a time investment in a single trial. Subjects started a trial by pressing
the main joystick button. Binaural auditory stimuli were delivered after random delay (exponential random
delay with time constant ¢ = 1.5 s) via headphones. In each ear, subjects listened to a series of Poisson-
distributed clicks with different mean underlying rates. Subjects had to determine the side (left or right)
with the higher underlying click rate and indicate their choice by pressing a button on the response device.
Pressing the response button instantly terminated the click train. For each trial, we randomly chose a
delta click rate between left and right from six levels between 0 and 100. The sum of the left and right
click rate was kept constant at 100. Click times were drawn randomly for each trial using a Poisson
distribution and delivered with the PulsePal (Sanworks, NY) pulse generator to the headphones. The six
possible underlying click rates were manually adjusted symmetrically around 50 clicks/s such that the
stimulus strengths for each subject after the first two sessions achieved approximate performance levels
of 60 %, 75 % and 95 %. In addition, we added 10 % of neutral evidence ftrials with an underlying click
rate of 50 clicks/s for both left and right, which were randomly rewarded. Since reaction times varied
across trials, we re-calculated the per-trial click rate based on the number of clicks presented to the
subject during stimulus playback.

To measure time investment behavior, subjects had to keep pressing the response button (left or right)
after making a choice for a random amount of time to receive a money reward for correct choices, which
was added to a virtual account. Random delays were drawn from a truncated exponential distribution
(minimum, 0.5s; maximum, 8 s; time constant T = 1.5s). We chose the exponential distribution to
maintain a relatively constant reward expectation, i.e. a flat hazard rate. For correct trials, after the
random delay passed, a visual feedback and feedback tone indicated a correct response and the
cumulative earned amount of money earned during the session was displayed on the screen before the
next trial was initiated. There was no feedback on error trials and in a subset of correct trials (probe trials,
10 %, randomly interleaved). In these trials (error and probe trials), subjects kept pressing the response
button for a self-determined amount of time, thus investing time in their decision. The time from pressing
until releasing the response button thus constitutes a time investment. In all probe trials and 30% of error
trials, subjects were prompted to explicitly report their confidence using a 5-point scale on the keypad.

23


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

In a pilot study, most human subjects showed poor time investment behavior, i.e., time investment poorly
calibrated to decision confidence. In contrast to rodent studies, the incentive structure in human
psychophysical tasks is less clear. In particular, we sought to overcome (i) difficulty in task engagement
given that hundreds to thousands of trials were necessary for model-based analysis, and (ii) ambiguous
incentive structures with unlimited resources and decorrelation between performance and reward. We
therefore designed a video game interface for psychophysics, previously suggested to encourage task
participation (Abramov et al. 1984; Soderquist and Shilling 1992). Gamification created clear incentive
structures by limiting the time to collect reward to brief 5-minute blocks (max. 15 blocks/session).
Therefore, optimizing time allocation will yield more money. In addition, subjects reported improved task
engagement, and higher rates of returning for additional sessions. In our “Plutonium miner” game the
subjects’ goal was mine valuable Plutonium by locating radiation sources using a Geiger counter (since
the Poisson click streams resembled clicks on a Geiger counter). Subjects controlled an avatar on a
game map with several “mining sites” each representing a block of trials. To access each site, subjects
needed to purchase access at a “land office” building at the center of the map, where subjects were
reminded to earn as much reward as possible at each mining site. On entering a site, subjects committed
to a five-minute block of trials starting immediately. After initiating a trial, a signpost in a static field of dots
was shown. The dot field was randomly generated on each trial. During stimulus presentation, the
signpost was removed, and the subject’s avatar was displayed within the dot field. No visual changes
occurred during stimulus presentation and visual displays did not predict sensory evidence. After making
a choice and during waiting, the avatar was facing the chosen side while the random dot field was moving
in the opposite direction to provide the visual impression of the avatar moving towards the chosen side.
If rewarded, the avatar jumped repeatedly, and the reward amount was shown flashing above its head.
For each correct trial, the subject earned 200 units of virtual currency, and the cost to purchase access
to the next block of trials was determined as Y4 of the subject’s total profit from the previous block. To
promote engagement within a session, subjects could spend virtual currency to produce candy at virtual
factories (M&Ms, Skittles or Reeses Pieces). Subjects were notified in subsequent inter-block intervals if
candy production was completed, which was then delivered to the subject by the appetitive reward
apparatus.

Overall, gamification produced stable choice and time investment behavior. Mean performance, explicit
confidence and time investment across blocks were not correlated with the currency spent in the previous
block interval. Thus, between-block game elements or behavior did not impact time choice or investment
behavior within blocks.

Data analysis

We collected 27,212 trials from five humans across 74 behavioral sessions (subjects performed between
5 and 24 sessions each, number of trials within a session averaged 395). We did not analyze the first 50
trials of each session and trials with a time investment smaller than 1 s were excluded. For auditory
stimuli, we computed the binaural contrast x = (Niet—Nrignt)/ (NLerttNrignt) Using the number of clicks
presented in each trial. We fitted auditory choices using a cumulative Gaussian distribution. Error bars
represent 95 %-confidence intervals across trials unless otherwise noted. For the calibration and
conditioned psychometric curves (Figures 3-5A,C,E,G), we used all correct probe trials and randomly re-
sampled from error trials to match the subject's average performance. For the vevaiometric curve
(Figures 3-5B,F), we included all error trials. The calibration curve was statistically evaluated using
Spearman rank correlation by using 1 s time investment bins or nominal explicit reports. The vevaiometric
curve was evaluated by linear regression of time investment (or explicit reports) against absolute
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evidence |x| separately for correct and error trials (f-statistic). The conditioned psychometric curves were
evaluated by fitting a 3-parameter logistic regression for choice against absolute evidence (slope, bias,
lapse) separately for high-confidence and low-confidence frials (split by median time investment) and
statistical significance of the difference in slopes was estimated using bootstrap simulations (N = 999).
For assessing whether time investment and explicit confidence reports were related beyond evidence
and choice, we used stepwise linear regression. First, we calculated the residuals of a linear regression
models of time investment against absolute evidence |x| separately for correct and error trials, and
regressed explicit confidence reports against residual time investment, assessing whether this relation
was statistically significant and positive (t-statistic). Data analysis was performed using custom software
(MATLAB).

Animal experiments
Subjects

We used 6 adult (> 12 weeks) male rats (Long Evans, Taconic) housed in pairs and maintained on a
reverse 12 hr light/dark cycle and 5 adult (> 10 weeks) (3 female, 2 male) mice (C57BL/6JAX, Jackson
Laboratory). Rats and mice had ad libitum access to food and were under a liquid restriction schedule
with daily monitoring of water intake to maintain a body weight of at least 85 % of free-drinking weight.
Animals obtained water during daily training sessions and received ad libitum water on weekends and as
needed. All procedures involving animals were carried out in accordance with National Institute of Health
standards and were approved by the Cold Spring Harbor Laboratory Institutional Animal Care and Use
Committee.

Apparatus

Behavioral procedures were conducted similarly as previously described (Masset et al. 2020). A
rectangular behavioral box contained three ports aligned on one wall equipped with LEDs, infrared
photodiodes, and phototransistors. Interruption of the infrared photo beam was used to determine port
entries and port exits. The two side ports (choice ports) were additionally equipped with valve-controlled
water spouts for reward delivery. Auditory stimuli were delivered using the pulse generator PulsePal
(Sanworks, NY) and two speakers placed symmetrically outside of the behavioral box at the left and right
panel, aligned to the animal’s head. Water valves, LEDs and phototransistors were controlled by the
behavioral measurement system Bpod (Sanworks, NY) and custom software (MATLAB).

Time investment task in rodents

In a time investment task analogous to human experiments, we designed a perceptual 2-alternative
forced choice task complemented with a post-decision temporal wager to record both a choice and a time
investment in a single trial from rats and mice (Masset et al. 2020). The first part of the trial was
constructed as a two-alternative forced choice task. Animals self-initiated each trial by entering the central
stimulus port. After a random delay of 0.2-0.4s, an auditory stimulus was presented. Animals had to
determine the side with the higher number of clicks in binaural streams of clicks. Auditory stimuli were
random Poisson-distributed click trains played binaurally at the two speakers placed outside of the
behavioral box for a fixed time of 0.35s. For each subject, we chose a maximum click rate clickmax
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according to the performance of the animal, typically 50 clicks/s (full range 40-100 clicks/s). This
maximum click rate was fixed for each animal. For each trial, we randomly chose a delta click rate
between left and right from a uniform distribution between 0 and clickmax. The sum of the left and right
click rate was kept constant at clickmax. Click times were drawn randomly for each trial using a Poisson
distribution. For a subset of mice (M1, M2), we instead used 6 fixed click rates distributed symmetrically
around clickmax/2, which were manually chosen during training to match average accuracy of
approximately 60 %, 70 %, and >90 %. Stimuli were delivered with the PulsePal (Sanworks) pulse
generator to the speakers placed left and right at the behavioral chamber. Animals indicated their choice
by exiting the stimulus port and entering one of two choice ports (left or right) with a maximum response
time of 3 s after leaving the stimulus port. Choices were rewarded according to the higher number of
clicks presented between the left and right click train (equal number of clicks were randomly rewarded).
Exiting the stimulus port during the pre-stimulus delay or during the stimulus time (first 0.35 s) were
followed by a white noise and a time out of 3-7 s. In rats, we randomly interleaved trial with olfactory
stimuli as previously described (Masset et al. 2020). Olfactory trials were excluded from all analyses in
the present study.

To assess the rats’ and mice’ degree of confidence, we asked animals to place a temporal wager on their
decision by investing a self-determined amount of time after committing to a choice. For correct choices,
we withheld reward delivery for a random time, drawn from a truncated exponential distribution (rats:
minimum = 0.5 s, maximum = 8 s, time constant t = 1.5 s; mice: minimum = 0.5 s; maximum = 5 s; time
constant 7 = 1 s). The time distribution for mice was chosen to be shorter because mice tended to show
greater difficulty in waiting. We chose the exponential distribution to maintain a relatively constant reward
expectation, i.e., a flat hazard rate. Rats and mice had to keep poking the choice ports during the entire
time period. On a subset of trials (probe ftrials; rats 10 %, mice 5 %), we withheld reward entirely. In
addition, there was no feedback on error trials. Consequently, animals decided to leave the choice after
a variable amount of time to initiate the next trial. To avoid false detections of leaving decisions animals
had a grace period of 0.3 s in which re-entry into the side port was not considered a leaving decision.
After a leaving decision was complete, a tone indicated to the animal that the trial finished. This provided
us with a continuous time investment as well as a binary choice on each non-rewarded trial (probe trials
and error trials). Time investment served as an index of the rats’ confidence estimate in their decision
(see below).

Training

We first started training naive rats or mice to enter the central stimulus port and subsequently collect a
water reward at either of the two choice ports (left or right). Animals learned to enter the stimulus port for
at least 0.7 s. Subsequently we introduced auditory stimuli, starting with stimuli of high discriminability.
After performance levels reached above 90 % we introduced stimuli with decreasing discriminability, i.e.
increasing difficulty, to sample the full range of the animal’s choice behavior. During this early training
stage, all correct choices were rewarded and incorrect choices were followed by a feedback of white
noise and a time out (3-7 s). After stable performance levels (lapse rates <5-10 %) we removed
feedback for error trials and introduced randomly delayed rewards gradually, starting from a maximum of
2 s to a maximum of 8 s over the course of several sessions. We never differentially reinforced leaving
behavior at the choice port. Finally, we introduced probe trials. Overall training took typically between
40-60 training sessions over the course of 8—12 weeks. Each session lasted about 2-3 hours, in which
the subjects typically completed 500 trials.
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Data analysis

For rats, we collected 32,391 trials from six rats across 98 behavioral sessions (rats performed between
17 and 24 sessions each, number of trials within a session averaged 563). For mice, we collected 94,991
trials from five mice across 217 behavioral sessions (mice performed between 10 and 77 sessions each,
number of trials within a session averaged 448). We did not analyze the first 50 trials of each session
and trials with a time investment smaller than 2 s (rats) or 1 s (mice). For auditory stimuli, we computed
the binaural contrast x = (Niei—NRrignt)/ (NLertNrignt) using the number of clicks presented in each trial. We
fitted auditory choices using a cumulative Gaussian distribution. Error bars represent 95 %-confidence
intervals across trials unless otherwise noted. For the calibration and conditioned psychometric curves
(Figures 4-5A,C,E,G), we restricted our analysis to probe trials to keep the average accuracy equivalent
to the rest of the trials. For the vevaiometric curve (Figurs 4-5B,F), we included all error trials. The
calibration curve, vevaiometric curve, and conditioned psychometric curves were evaluated as for the
human data (see above). Data analysis was performed using custom software (MATLAB).

Confidence-guided time investment model
Rationale

We developed a confidence-guided time investment model to (/) assess whether human or rodent
subjects invested time according to their degree of confidence, and (i) quantify deviations from optimal
time investment. Crucially, optimal time investment in our post-decision time investment task is guided
by each trial’s subjective confidence estimate (eq. (1) — (6)).

Our model is structured into 4 steps. First, since we systematically manipulated the evidence for a choice
across trials, we can infer the subject’s perceptual noise (Step 1) and subsequently estimate the subject’s
confidence in each ftrial (Step 2). We can then convert confidence into an investment time using a
mapping function T = m(C) (Step 3). Finally, we can fit a single noise parameter, investment efficiency,
to quantify deviations from optimal time investment (Step 4).

Step 1: Infer perceptual noise

To infer each subject’s perceptual noise 0, we assume that a percept X is a noisy representation of the
true evidence strength x in a given trial (Gaussian noise with standard deviation &), and that the choice
is based on the percept alone (cf. Figure 2A). For each subject, we fitted the subject’s psychometric curve
using a truncated Gaussian cumulative distribution with parameters o (perceptual noise) and m (bias),
using least-squares model fitting, and defining evidence strength as the binaural contrast x = (Npest-Nright)/
(NLert+Nrign) using the number of clicks presented in each trial.

Step 2: Compute model confidence per trial

We used a statistical definition of confidence to compute model confidence for each simulated ftrial.
Confidence was defined as the probability of being correct given the subjective level of evidence (percept
%) and choice, P(correct|%,choice). We generated 1,000,000 model samples using the same evidence
strength x as used in behavioral sessions. We then model ‘percepts’ X for each sample by drawing from
a Gaussian distribution with mean x and standard deviation . For each percept ¥ and choice, we then
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calculated its associated confidence C = P(correct|x,choice), binning X into 500 equally sized bins and
defining an interpolated ‘belief function’ X - C.

Step 3: Estimate mapping function m(C)

What is the mapping function between confidence C and time investment T, i.e., T = m(C)? According to
eq. (6), optimal time investment Ty is given by

Tope (C) = p~H(O).

Here, p(f) is the hazard rate of reward per unit time, i.e., the time-varying probability that reward arrives
in the next time interval from t to dt after waiting time t without receiving a reward. Note that p(f) has a
theoretical solution (Lak et al. 2014), which depends on (1) the subject’s confidence in each trial, and (2)
the experimenter-defined reward exponential distribution Prew(t) = ez (7 is the temporal decay), i.e.,

_ C-Prew(t)
p(t) B 1_Cf0tprew(t’)dt"
Therefore, p~1(C) is given by
-1 _ - C 1-k1
p(€)=1n (1—C KT ) (7)

where K is the opportunity cost per unit time, treated as stable (Lak et al. 2014). Note that we did not
change the reward distribution and observed stable investment behavior across many sessions.

Even though, according to (7), the mapping between confidence and optimal time investment has a
theoretical solution, we expect the subjects’ subjective mapping function to substantially deviate from this
solution. First, scalar timing uncertainty will distort the subjects’ representation of the hazard rate.
Second, we cannot be sure with which precision subjects learned the shape of the reward distribution
Prew(f). Thirdly, we do not know the investor’s utility of reward or effort in waiting. Finally, we do not know
the interaction between time and utility, i.e., the investor’s value of time. For these reasons, we sought to
empirically infer the mapping function between confidence and time investment, which allows us to isolate
the contribution of decision confidence to time investment behavior, expressed by

T = m(C). (8)

By assuming that m(C) is a monotonically increasing function, i.e., higher confidence implies higher time
investment, we can empirically infer m(C) based on the subjects’ overall time investment distribution f(T).
Since our model predicts a confidence distribution fc(C), we can consider the transformation T= m(C) as
a change of variables. Thus, m(C) is given by

m(C) = F; ' (Fe(C)) 9),

where Fc and Frare the cumulative distribution functions of model confidence C and observed time
investment T, respectively.

To empirically determine m(C) we first estimating Fr(T) using a kernel density estimator (normal kernel
function) of the observed time investment distribution (probe trials only) evaluated at 100 equally spaced
time investment points and subsequently calculated quantiles of the model confidence distribution fc(C)
at F(T). This yielded the inverse mapping function m~*(T) from T — C, numerically defined at 100 points.

28


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Since we assumed monotonicity, could then converted each model confidence into time investment by
defining an interpolated mapping function m(C) from C - T.

Together, this model yields an optimal time investment for each trial. Since we do not know the subjects’
utility function of reward and time, note that, here, optimality refers to the statistically optimal use of
evidence available to the subject. The strength of our approach is to isolate the statistical optimal use of
evidence to time investment behavior, which is required for a reward-maximizing decision strategy.

We constructed 95 %-confidence intervals for m(C) using bootstrapping by randomly sampling trials with
replacement 999 times.

Step 4: Fit investment efficiency a

Finally, we quantified deviations from optimal time investment by fitting a single noise parameter,
investment efficiency a. Our model yields a distribution of predicted investment values for each evidence
and choice combination since we do not have access the subject’'s graded percept in a single trial.
Nevertheless, this allows computing the likelihood of observed time investment under our model, and
therefore using maximume-likelihood techniques to fit a single investment efficiency parameter a and
thereby assess deviations from optimality.

Investment efficiency a is defined as the fraction of trials with accurate confidence, while (1—a) is defined
as the fraction of trials with random confidence, drawn from the overall model confidence distribution. For
the set of model confidence values C, a randomly selected subset K= (1—a)N (N = 1,000,000 trial
simulations) was replaced by Ck = Cshutiie.x (kK € K) With Cshufiie representing the set of shuffled confidence
values. This corresponds to the fraction of trials, in which the subjects ‘forgot’ their degree of confidence.
Note that a provides a convenient index for investment efficiency between 0 and 1 while retaining
confidence and time investment distributions (i.e., m(C)), where 0 corresponds to random time investment
not related to confidence (and not showing any key signatures of confidence, dashed line in Figure 2F-
H) and 1 corresponds to optimal time investment fully informed by confidence.

For each time investment trial k (probe trials and incorrect trials), we observed choice dx and time
investment T, for evidence xx. We calculated the model likelihood of observing time investment T given
by L, (a) = P(Ty|xy, di, @), by using Monte-Carlo simulations described in steps 1-3 to compute model
choice d, confidence C, and time investment T = m(C) distributions for evidence x (6 equally sized bins)
and time investment T (10 equally sized bins). We then determined avest by maximizing the likelihood
function L(a) =log YLy (@), i.€., Qpest = arg max L(a), by sweeping across 100 equally spaced

investment efficiency values a between 0 and 1.

We constructed 95%-confidence intervals for a,.s; using bootstrapping by randomly sampling time
investment trials (with replacement) 999 times. This also yielded p-values for a > 0. We assessed the
model’s capacity to recover optimal time investment (a = 1) by randomly subsampling model trials equal
to the number of observed trials 1000 times and observing the resulting best-fit a distribution (gray area
in Figures 3,4,5 panel D). Model recovery demonstrated that we could recover the true a by constructing
simulated data with infused investment efficiency a between 0 and 1 (Figure 2I). In addition, we tested
our model’s capacity to recover other forms of noise. We simulated data infused with three different noise
models and used our investment efficiency model to fit a. Investment efficiency a was able to capture all
three different noise models. Noise models were (i) a ‘mean-noise’ model with parameter 3, in which
Cpg = C-B + Cshusie'(1-B) (0 < B < 1), where Cshuiie represent randomly shuffled confidence, (ii) ‘Gaussian-
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noise’ model with parameter y, in which C, =C + N(0, 0 =y) (0 <y <4), and (iii) ‘scalar timing’ with
parameter @, in which Co = C + NV(0, ®-C) (0 < ® <0.8).

Drift diffusion model

To derive an algorithmic investment model that dynamically unfolds across time and can implement
optimal investment behavior, we considered drift diffusion models (DDMs) with a single particle. We
considered the class of DDMs comprising an accumulator A; and threshold B described by

A=Ay — fot’ h(t)dt
A, = Ay — H(b). (10)

Here, h(f) is the hazard rate of the reward delay distribution, i.e., the probability of receiving a reward at
time t after waiting time ¢ in a rewarded trial. When A hits the threshold B, the subject stops investing in
favor of starting a new trial. We then constrained Ay and B for a model that realized optimal time
investment guided by decision confidence. Since, in our task, h(f) is an exponential distribution with decay

parameter t, H(f) is given by H(t) = %t (defined above the lower truncation of the exponential reward

delay distribution at 0.5 s disregarding the upper truncation at 8 s, which comprises less than 0.6 % of
the distribution’s values) and it follows for optimal time investment Topt when A hits the threshold B:

B =4y —H(T,p)

1
B = A, _;Topt

Topt =1(4p — B)

On the other hand, optimal time investment T is given by eq. 7 and it follows:

4o—B=Mn(=) - (L) (11)

1-kT
Motivated from the fact that decision confidence is fully determined by the percept of the sensory stimulus
and choice, i.e., at the beginning of the waiting period, we set the accumulator’s initial value Ag and the

(VI n ]

B:=1n (1 f‘[m’)

Note that mathematically equivalent notations exist for Ag and B if they satisfy eq. 11.

We introduced variability, and therefore sub-optimal time investment, in our model by adding accumulator
noise Nacc(t) (zero-mean Gaussian noise with standard deviation oacc) to At in each time step t.

To estimate each subject’'s magnitude of the accumulator noise we fitted our model using two free
parameters, noise magnitude given oacc and the opportunity cost k. Treating the opportunity cost of time
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k as a free parameter allowed for subject-specific utility functions of time and reward. Note that this
approach constrains the shape of the utility function according to eq. 7, while allowing for shifts of this
function along the temporal axis. Accumulator noise effectively smoothens this mapping function. For
model fits, we minimized the Kullback-Leibler divergence between the empirically observed time
investment distribution and the model’s predicted time investment distribution in 1,000,000 trials in a grid
search. For «, grid search comprised values from 0 to 0.15 (0.01 steps); for Gacc, we used values from 0
to 0.3 (0.01 steps).

31


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

References

Abramov, I., L. Hainline, J. Turkel, E. Lemerise, H. Smith, J. Gordon, and S. Petry. 1984. “Rocket-Ship
Psychophysics. Assessing Visual Functioning in Young Children.” Investigative Ophthalmology & Visual
Science 25 (11): 1307-15.

Bach, Dominik R, and Raymond J Dolan. 2012. “Knowing How Much You Don’t Know: A Neural Organization of
Uncertainty Estimates.” Nature Reviews Neuroscience 13 (August): 572—86.
https://doi.org/10.1038/nrn3289.

Basile, Garcia, Cerrotti Fabien, and Palminteri Stefano. 2020. “The Description-Experience Gap: A Challenge for
the Neuroeconomics of Decision-Making under Uncertainty.” Philosophical Transactions B, no. July, 1-
14.

Becker, Gary S. 1965. “A Theory of the Allocation of Time.” The Economic Journal 75 (299): 493-517.
https://doi.org/10.2307/2228949.

Bogacz, Rafal, Eric Brown, Jeff Moehlis, Philip Holmes, and Jonathan D Cohen. 2006. “The Physics of Optimal
Decision Making: A Formal Analysis of Models of Performance in Two-Alternative Forced-Choice Tasks.”
Psychological Review 113 (4): 700-765. https://doi.org/10.1037/0033-295X.113.4.700.

Boon-Falleur, Mélusine, Nicolas Baumard, and Jean-Baptiste André. 2021. “Risk-Seeking or Impatient?
Disentangling Variance and Time in Hazardous Behaviors.” Evolution and Human Behavior 42 (5): 453—
60. https://doi.org/10.1016/j.evolhumbehav.2021.04.001.

Bor, Daniel, Adam B. Barrett, David J. Schwartzman, and Anil K. Seth. 2018. “Response to Ruby et al: On a ‘Failed’
Attempt to Manipulate Conscious Perception with Transcranial Magnetic Stimulation to Prefrontal
Cortex.” Consciousness and Cognition 65:334-41. https://doi.org/10.1016/j.concog.2018.07.011.

Boundy-Singer, Zoe M., Corey M. Ziemba, and Robbe L. T. Goris. 2023. “Confidence Reflects a Noisy Decision
Reliability Estimate.” Nature Human Behaviour 7 (1): 142-54. https://doi.org/10.1038/s41562-022-
01464-x.

Brunton, Bingni W, Matthew M Botvinick, and Carlos D Brody. 2013. “Rats and Humans Can Optimally
Accumulate Evidence for Decision-Making.” Science 340 (6128): 95—98.
https://doi.org/10.1126/science.1233912.

Camerer, Colin. 1999. “Behavioral Economics: Reunifying Psychology and Economics.” Proceedings of the
National Academy of Sciences 96 (19): 10575-77. https://doi.org/10.1073/pnas.96.19.10575.

Charnov, Eric L. 1976. “Optimal Foraging, the Marginal Value Theorem.” Theoretical Population Biology 9 (2):
129-36. https://doi.org/10.1016/0040-5809(76)90040-X.

Constantino, Sara M., and Nathaniel D. Daw. 2015. “Learning the Opportunity Cost of Time in a Patch-Foraging
Task.” Cognitive, Affective & Behavioral Neuroscience 15 (4): 837-53. https://doi.org/10.3758/s13415-
015-0350-y.

Constantinople, Christine M., Alex T. Piet, and Carlos D. Brody. 2019. “An Analysis of Decision under Risk in
Rats.” Current Biology 29 (12): 2066-2074.e5. https://doi.org/10.1016/j.cub.2019.05.013.

Cruz Rambaud, Salvador, Piedad Ortiz Fernandez, and Isabel Maria Parra Oller. 2023. “A Systematic Review of
the Main Anomalies in Intertemporal Choice.” Journal of Behavioral and Experimental Economics 104
(June):101999. https://doi.org/10.1016/j.socec.2023.101999.

De Martino, Benedetto, Stephen M. Fleming, Neil Garrett, and Raymond J. Dolan. 2013. “Confidence in Value-
Based Choice.” Nature Neuroscience 16 (1): 105-10. https://doi.org/10.1038/nn.3279.

Dohmen, Thomas, Armin Falk, David Huffman, Uwe Sunde, Jirgen Schupp, and Gert G. Wagner. 2011.
“Individual Risk Attitudes: Measurement, Determinants, and Behavioral Consequences.” Journal of the
European Economic Association 9 (3): 522-50. https://doi.org/10.1111/j.1542-4774.2011.01015.x.

Etkin, Jordan, loannis Evangelidis, and Jennifer Aaker. 2015. “Pressed for Time? Goal Conflict Shapes How Time
Is Perceived, Spent, and Valued.” Journal of Marketing Research 52 (3): 394—-406.
https://doi.org/10.1509/jmr.14.0130.

32


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Fenneman, J., W.E. Frankenhuis, and P.M. Todd. 2022. “In Which Environments Is Impulsive Behavior Adaptive?
A Cross-Discipline Review and Integration of Formal Models.” Psychological Bulletin 148 (7-8): 555-87.
https://doi.org/10.1037/bul0000375.

Festjens, Anouk, Sabrina Bruyneel, Enrico Diecidue, and Siegfried Dewitte. 2015. “Time-Based versus Money-
Based Decision Making under Risk: An Experimental Investigation.” Journal of Economic Psychology 50
(October):52—72. https://doi.org/10.1016/j.joep.2015.07.003.

Fleming, Stephen M., and Raymond J. Dolan. 2014. “The Neural Basis of Metacognitive Ability.” In The Cognitive
Neuroscience of Metacognition, 9783642451:245-65. Berlin, Heidelberg: Springer Berlin Heidelberg.
https://doi.org/10.1007/978-3-642-45190-4 11.

Fleming, Stephen M, and Hakwan C Lau. 2014. “How to Measure Metacognition.” Frontiers in Human
Neuroscience 8 (July). https://doi.org/10.3389/fnhum.2014.00443.

Foote, Allison L., and Jonathon D. Crystal. 2007. “Metacognition in the Rat.” Current Biology 17 (6): 551-55.
https://doi.org/10.1016/j.cub.2007.01.061.

Frey, Renato, Andreas Pedroni, Rui Mata, Jorg Rieskamp, and Ralph Hertwig. 2017. “Risk Preference Shares the
Psychometric Structure of Major Psychological Traits.” Science Advances 3 (10): e1701381.
https://doi.org/10.1126/sciadv.1701381.

Frost, Ralph, and Neil McNaughton. 2017. “The Neural Basis of Delay Discounting: A Review and Preliminary
Model.” Neuroscience and Biobehavioral Reviews 79 (April): 48—65.
https://doi.org/10.1016/j.neubiorev.2017.04.022.

Gibbon, John. 1977. “Scalar Expectancy Theory and Weber’s Law in Animal Timing.” Psychological Review 84 (3):
279-325. https://doi.org/10.1037/0033-295X.84.3.279.

Gigerenzer, Gerd, and Peter M Todd. 1999. “Fast and Frugal Heuristics.” In Simple Heuristics That Make Us
Smart, 3-34. New York, Oxford: Oxford University Press.
https://pure.mpg.de/rest/items/item_2102905/component/file_2102904/content.

Gold, Joshua I, and Michael N Shadlen. 2007. “The Neural Basis of Decision Making.” Annual Review of
Neuroscience 30 (January):535-74. https://doi.org/10.1146/annurev.neuro.29.051605.113038.

Grimaldi, Piercesare, Seong Hah Cho, Hakwan Lau, and Michele A. Basso. 2018. “Superior Colliculus Signals
Decisions Rather than Confidence: Analysis of Single Neurons.” Journal of Neurophysiology 120 (5):
2614-29. https://doi.org/10.1152/jn.00152.2018.

Guggenmos, Matthias. 2022. “Reverse Engineering of Metacognition.” Edited by Valentin Wyart, Michael J
Frank, and Steve Fleming. eLife 11 (September):e75420. https://doi.org/10.7554/eLife.75420.

Hampton, R R. 2001. “Rhesus Monkeys Know When They Remember.” Proceedings of the National Academy of
Sciences of the United States of America 98 (9): 5359—62. https://doi.org/10.1073/pnas.071600998.

Hangya, Baldzs, Joshua I. Sanders, and Adam Kepecs. 2016. “A Mathematical Framework for Statistical Decision
Confidence.” Neural Computation 28 (9): 1840-58. https://doi.org/10.1162/NECO_a_00864.

Hausfeld, Jan, and Sven Resnjanskij. 2018. “Risky Decisions and the Opportunity Cost of Time.” In Ifo Working
Paper, No. 269, 269:1-44. ifo Institute - Leibniz Institute for Economic Research at the University of
Munich, Munich.

Hayden, Benjamin Y. 2016. “Time Discounting and Time Preference in Animals: A Critical Review.” Psychonomic
Bulletin & Review 23 (1): 39-53. https://doi.org/10.3758/s13423-015-0879-3.

Hertwig, Ralph, and Ido Erev. 2009. “The Description—Experience Gap in Risky Choice.” Trends in Cognitive
Sciences 13 (12): 517-23. https://doi.org/10.1016/j.tics.2009.09.004.

Hills, Thomas T., and Frederick R. Adler. 2002. “Time’s Crooked Arrow: Optimal Foraging and Rate-Biased Time
Perception.” Animal Behaviour 64 (4): 589-97. https://doi.org/10.1006/anbe.2002.3070.

Hirshleifer, David. 2015. “Behavioral Finance.” Annual Review of Financial Economics 7 (1): 133-59.
https://doi.org/10.1146/annurev-financial-092214-043752.

Houston, Alasdair I., and Tom H. Rosenstrom. 2023. “A Critical Review of Risk-Sensitive Foraging.” Biological
Reviews. https://doi.org/10.1111/brv.13031.

33


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Joo, Hannah R., Hexin Liang, Jason E. Chung, Charlotte Geaghan-Breiner, Jiang Lan Fan, Benjamin P. Nachman,
Adam Kepecs, and Loren M. Frank. 2021. “Rats Use Memory Confidence to Guide Decisions.” Current
Biology 31 (20): 4571-4583.e4. https://doi.org/10.1016/j.cub.2021.08.013.

Kable, Joseph W., and Paul W. Glimcher. 2009. “The Neurobiology of Decision: Consensus and Controversy.”
Neuron 63 (6): 733—45. https://doi.org/10.1016/j.neuron.2009.09.003.

Kacelnik, A. 1997. “Normative and Descriptive Models of Decision Making: Time Discounting and Risk
Sensitivity.” Ciba Foundation Symposium 208:51-67; discussion 67-70.
https://doi.org/10.1002/9780470515372.ch5.

Kahneman, Daniel, and Amos Tversky. 1972. “Subjective Probability: A Judgment of Representativeness.”
Cognitive Psychology 3:430-54.

———.1979. “Prospect Theory: An Analysis of Decision under Risk.” Econometrica 47 (2): 263-91.
https://doi.org/10.2307/1914185.

Kaufmann, Christine, Martin Weber, and Emily Haisley. 2013. “The Role of Experience Sampling and Graphical
Displays on One’s Investment Risk Appetite.” Management Science 59 (2): 323—40.
https://doi.org/10.1287/mnsc.1120.1607.

Kepecs, Adam, and Z. F. Mainen. 2012. “A Computational Framework for the Study of Confidence in Humans and
Animals.” Philosophical Transactions of the Royal Society B: Biological Sciences 367 (1594): 1322-37.
https://doi.org/10.1098/rstb.2012.0037.

Keynes, John Maynard. 1936. The General Theory of Employment, Interest and Money. Vol. 31. Palgrave
Macmillan. https://www.jstor.org/stable/2278703?0origin=crossref.

Koay, Sue Ann, Adam S. Charles, Stephan Y. Thiberge, Carlos D. Brody, and David W. Tank. 2022. “Sequential and
Efficient Neural-Population Coding of Complex Task Information.” Neuron 110 (2): 328-349.e11.
https://doi.org/10.1016/j.neuron.2021.10.020.

Komura, Yutaka, Akihiko Nikkuni, Noriko Hirashima, Teppei Uetake, and Aki Miyamoto. 2013. “Responses of
Pulvinar Neurons Reflect a Subject’s Confidence in Visual Categorization.” Nature Neuroscience 16 (6):
749-55. https://doi.org/10.1038/nn.3393.

Lak, Armin, Gil M. Costa, Erin Romberg, Alexei A. Koulakov, Zachary F. Mainen, and Adam Kepecs. 2014.
“Orbitofrontal Cortex Is Required for Optimal Waiting Based on Decision Confidence.” Neuron 84 (1):
190-201. https://doi.org/10.1016/j.neuron.2014.08.039.

Lejarraga, Tomas, and José Lejarraga. 2020. “Confidence and the Description—Experience Distinction.”
Organizational Behavior and Human Decision Processes 161 (November):201-12.
https://doi.org/10.1016/j.0bhdp.2020.07.003.

Love, Bradley C. 2015. “The Algorithmic Level Is the Bridge between Computation and Brain.” Topics in Cognitive
Science 7 (2): 230-42. https://doi.org/10.1111/tops.12131.

Malapani, Chara, and Stephen Fairhurst. 2002. “Scalar Timing in Animals and Humans.” Learning and Motivation
33 (1): 156-76. https://doi.org/10.1006/Imot.2001.1105.

Maniscalco, Brian, and Hakwan Lau. 2012. “A Signal Detection Theoretic Approach for Estimating Metacognitive
Sensitivity from Confidence Ratings.” Consciousness and Cognition 21 (1): 422-30.
https://doi.org/10.1016/j.concog.2011.09.021.

Marr, David. 1982. Vision : A Computational Investigation into the Human Representation and Processing of
Visual Information. San Francisco: W.H. Freeman.
https://www.bibsonomy.org/bibtex/31060780234ce2036de55d261cc63a61.

Masset, Paul, Torben Ott, Armin Lak, Junya Hirokawa, and Adam Kepecs. 2020. “Behavior- and Modality-General
Representation of Confidence in Orbitofrontal Cortex.” Cell 182 (1): 112-126.e18.
https://doi.org/10.1016/j.cell.2020.05.022.

Mell, Hugo, Nicolas Baumard, and Jean-Baptiste André. 2021. “Time Is Money. Waiting Costs Explain Why
Selection Favors Steeper Time Discounting in Deprived Environments.” Evolution and Human Behavior
42 (4): 379-87. https://doi.org/10.1016/j.evolhumbehav.2021.02.003.

34


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Middlebrooks, Paul G., and Marc A. Sommer. 2011. “Metacognition in Monkeys during an Oculomotor Task.”
Journal of Experimental Psychology: Learning Memory and Cognition 37 (2): 325-37.
https://doi.org/10.1037/a0021611.

———.2012. “Neuronal Correlates of Metacognition in Primate Frontal Cortex.” Neuron 75 (3): 517-30.
https://doi.org/10.1016/j.neuron.2012.05.028.

Neth, Hansjorg, Chris R. Sims, and Wayne D. Gray. 2016. “Rational Task Analysis: A Methodology to Benchmark
Bounded Rationality.” Minds and Machines: Journal for Artificial Intelligence, Philosophy and Cognitive
Science 26 (1-2): 125-48. https://doi.org/10.1007/s11023-015-9368-8.

Nonacs, Peter. 2001. “State Dependent Behavior and the Marginal Value Theorem.” Behavioral Ecology 12 (1):
71-83. https://doi.org/10.1093/oxfordjournals.beheco.a000381.

Ott, Torben, Paul Masset, Thiago S Gouvéa, and Adam Kepecs. 2022. “Apparent Sunk Cost Effect in Rational
Agents.” Science Advances 8 (eabi7004): 11. https://doi.org/10.1126/sciadv.abi7004.

Ott, Torben, Paul Masset, and Adam Kepecs. 2019. “The Neurobiology of Confidence: From Beliefs to Neurons.”
Cold Spring Harbor Symposia on Quantitative Biology LXXXIII (July):1-8.
https://doi.org/10.1101/sgb.2018.83.038794.

Oud, Bastiaan, lan Krajbich, Kevin Miller, Jin Hyun Cheong, Matthew Botvinick, and Ernst Fehr. 2016. “Irrational
Time Allocation in Decision-Making.” Proceedings of the Royal Society B: Biological Sciences 283 (1822):
20151439. https://doi.org/10.1098/rspb.2015.1439.

Pinto, Lucas, David W Tank, and Carlos D Brody. 2022. “Multiple Timescales of Sensory-Evidence Accumulation
across the Dorsal Cortex.” Edited by Naoshige Uchida, Michael J Frank, and Gidon Felsen. eLife 11
(June):e70263. https://doi.org/10.7554/elife.70263.

Pirrone, Angelo, Tom Stafford, and James A. R. Marshall. 2014. “When Natural Selection Should Optimize Speed-
Accuracy Trade-Offs.” Frontiers in Neuroscience 8. https://doi.org/10.3389/fnins.2014.00073.

Ratcliff, Roger. 1978. “A Theory of Memory Retrieval.” Psychological Review 85 (2): 59-108.
https://doi.org/10.1037/0033-295X.85.2.59.

Rustichini, A. 2009. “Neuroeconomics: Formal Models of Decision Making and Cognitive Neuroscience.” In
Neuroeconomics: Decision Making and the Brain, edited by PW Glimcher, CF Camerer, and E Fehr, 33—
46. London, UK: Academic Press.

Sanders, Joshua |, Baldzs Hangya, and Adam Kepecs. 2016. “Signatures of a Statistical Computation in the Human
Sense of Confidence.” Neuron 90:499-506. https://doi.org/10.1016/j.neuron.2016.03.025.

Sanders, Joshua I., and Adam Kepecs. 2014. “A Low-Cost Programmable Pulse Generator for Physiology and
Behavior.” Frontiers in Neuroengineering 7 (December): 1-8.
https://doi.org/10.3389/fneng.2014.00043.

Schmack, K., M. Bosc, T. Ott, J. F. Sturgill, and A. Kepecs. 2021. “Striatal Dopamine Mediates Hallucination-like
Perception in Mice.” Science 372 (6537): 1-9. https://doi.org/10.1126/science.abf4740.

Sen, Sunanda. 2020. “Investment Decisions under Uncertainty.” Journal of Post Keynesian Economics 43 (2):
267-80. https://doi.org/10.1080/01603477.2019.1571927.

Sent, Esther-Mirjam. 2018. “Rationality and Bounded Rationality: You Can’t Have One without the Other.” The
European Journal of the History of Economic Thought 25 (6): 1370-86.
https://doi.org/10.1080/09672567.2018.1523206.

Shadlen, Michael N, William T Newsome, Elisabeth J Ploran, Joshua J Tremel, Steven M Nelson, and Mark E
Wheeler. 2001. “Neural Basis of a Perceptual Decision in the Parietal Cortex (Area LIP) of the Rhesus
Monkey.” Journal of Neurophysiology 86 (4): 1916—-36.

Shields, Wendy E., J. David Smith, and David A. Washburn. 1997. “Uncertain Responses by Humans and Rhesus
Monkeys (Macaca Mulatta) in a Psychophysical Same—Different Task.” Journal of Experimental
Psychology: General 126 (2): 147-64. https://doi.org/10.1037/0096-3445.126.2.147.

35


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.09.627552; this version posted December 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Simon, Herbert A. 1997. Models of Bounded Rationality : Empirically Grounded Economic Reason. The MIT Press.
Cambridge, Mass: The MIT Press.
http://search.ebscohost.com/login.aspx?direct=true&db=e000xna&AN=11383&site=ehost-live.

Soderquist, David R., and Russell D. Shilling. 1992. “Forward Masking in Young Children: Rocketship
Psychophysics.” Current Psychology: A Journal for Diverse Perspectives on Diverse Psychological Issues 11
(2): 145-56. https://doi.org/10.1007/BF02686836.

Stauffer, William R., Armin Lak, Peter Bossaerts, and Wolfram Schultz. 2015. “Economic Choices Reveal
Probability Distortion in Macaque Monkeys.” Journal of Neuroscience 35 (7): 3146-54.
https://doi.org/10.1523/INEUROSCI.3653-14.2015.

Stephens, David W., and J. R. (John R.) Krebs. 1986. Foraging Theory. Princeton University Press.

Stolyarova, A., M. Rakhshan, E. E. Hart, T. J. O’Dell, M. a. K. Peters, H. Lau, A. Soltani, and A. Izquierdo. 2019.
“Contributions of Anterior Cingulate Cortex and Basolateral Amygdala to Decision Confidence and
Learning under Uncertainty.” Nature Communications 10 (1): 4704. https://doi.org/10.1038/s41467-
019-12725-1.

Sweis, Brian M., Samantha V. Abram, Brandy J. Schmidt, Kelsey D. Seeland, Angus W. MacDonald, Mark J.
Thomas, and A. David Redish. 2018. “Sensitivity to ‘Sunk Costs’ in Mice, Rats, and Humans.” Science 361
(6398): 178-81. https://doi.org/10.1126/science.aar8644.

Tversky, A, and D Kahneman. 1981. “The Framing of Decisions and the Psychology of Choice.” Science 211
(4481): 453-58. https://doi.org/10.1126/science.7455683.

Vanderveldt, Ariana, Luis Oliveira, and Leonard Green. 2016. “Delay Discounting: Pigeon, Rat, Human--Does It
Matter?” Journal of Experimental Psychology. Animal Learning and Cognition 42 (2): 141-62.
https://doi.org/10.1037/xan0000097.

Ventre, V., and R. Martino. 2022. “Quantification of Aversion to Uncertainty in Intertemporal Choice through
Subjective Perception of Time.” Mathematics 10 (22). https://doi.org/10.3390/math10224315.

Wajnberg, Eric, Pierre Bernhard, Frédéric Hamelin, and Guy Boivin. 2006. “Optimal Patch Time Allocation for
Time-Limited Foragers.” Behavioral Ecology and Sociobiology 60 (1): 1-10.
https://doi.org/10.1007/s00265-005-0131-7.

Wickelgren, Wayne A. 1977. “Speed-Accuracy Tradeoff and Information Processing Dynamics.” Acta
Psychologica 41 (1): 67-85. https://doi.org/10.1016/0001-6918(77)90012-9.

Wikenheiser, Andrew M., David W. Stephens, and A. David Redish. 2013. “Subjective Costs Drive Overly Patient
Foraging Strategies in Rats on an Intertemporal Foraging Task.” Proceedings of the National Academy of
Sciences of the United States of America 110 (20): 8308-13. https://doi.org/10.1073/pnas.1220738110.

Wulff, Dirk U., Max Mergenthaler-Canseco, and Ralph Hertwig. 2018. “A Meta-Analytic Review of Two Modes of
Learning and the Description-Experience Gap.” Psychological Bulletin 144 (2): 140-76.
https://doi.org/10.1037/bul0000115.

Yang, You-Ping, Xinjian Li, and Veit Stuphorn. 2022. “Primate Anterior Insular Cortex Represents Economic
Decision Variables Proposed by Prospect Theory.” Nature Communications 13 (1): 717.
https://doi.org/10.1038/s41467-022-28278-9.

Zauberman, Gal, and John G. Lynch. 2005. “Resource Slack and Propensity to Discount Delayed Investments of
Time versus Money.” Journal of Experimental Psychology: General 134 (1): 23-37.
https://doi.org/10.1037/0096-3445.134.1.23.

36


https://doi.org/10.1101/2024.12.09.627552
http://creativecommons.org/licenses/by-nc-nd/4.0/

