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Delay discounting is defined as the tendency to devalue rewards as their delay increases, and it is a fundamental component of
decision-making that enables cognitive scientists to investigate human behavior. In this study, we investigate whether augmenting
classic-value based models with a response-bias parameter (α) improves descriptive adequacy or aligns with independent inhibitory
control. We combined simulations and participant fits across three models: 1) hyperbolic, 2) hyperboloid, 3) dual-variant that
adds (α) to choice rule. Simulations over a k×α on the Monetary Choice Questionnaire (MCQ) by Kirby et al. with canonical
parameters (τ = 0.5, σ = 1.0) showed that delayed choices concentrate only when both the discount rate k and α are low;
increasing alpha shifts choices toward the immediate option, which is consistent with immediate gains. In participant data,
hyperbolic discounting provided the best Akaike information criterion (AIC) for every converged case (N = 76/76). The dual
model fit worse (median ∆AICdual-hyperbolic =+11.63; ∆AICdual-hyperboloid =+9.70) and exhibited boundary solutions (α at the
lower bound in 93.4%; τ at the upper bound in 51.3%). Fitted α correlated negatively with the proportion of delayed choices
(r = −0.38, p = 7.2× 10−4) and showed no reliable associated with stop-signal reaction time (SSRT; r = 0.07, p = 0.49).
First-order Sobol indices were small for all parameters. These results indicate that a single decision-stage gain neither improves
model fit nor tracks inhibitory control in these data; instead, alpha acts as an immediacy bias, while simple hyperbolic valuation
remains sufficient for standard intertemporal-choice tasks.

1 Introduction

Delay discounting refers to the systematic decline in the subjec-
tive value of a reward as the delay to its receipt increases. It is a
foundational concept in behavioral economics and cognitive neu-
roscience, widely used to model impulsive decision-making1–4.
In delay discounting tasks, agents choose between a smaller
immediate reward and a larger delayed one. Choosing the imme-
diate option is interpreted as a more impulsive or short-sighted
decision. This paradigm has become a gold standard for quanti-
fying individual differences in impulsivity and self-control.

Impulsive discounting behavior has strong predictive power
in clinical and everyday contexts. Steeper discounting (valu-
ing future rewards significantly less than immediate ones) has
been robustly linked to a range of maladaptive outcomes. For
instance, individuals with substance use disorders, gambling
addiction, and obesity typically show higher delay discounting
rates compared to healthy controls5–9. These individuals tend
to prefer short-term gratification (i.e., a drug high or snack)
despite long-term costs (i.e., health, financial stability). Steeper
discounting is also predictive of earlier relapse in addiction treat-
ment and poorer treatment adherence10,11. Given its clinical and
theoretical relevance, delay discounting has emerged as a key
behavioral marker of impulsivity across populations.

However, impulsivity is a multifaceted construct. Temporal

discounting captures one dimension, but executive function and
inhibitory control play additional roles in regulating decision-
making. The ability to inhibit prepotent or reflexive responses
(motor impulsivity) is a distinct but related trait. Importantly,
empirical studies show that individuals with weaker inhibitory
control often exhibit steeper delay discounting12,13. For ex-
ample, adolescents with attention-deficit/hyperactivity disorder
(ADHD) who perform poorly on response inhibition tasks also
tend to favor immediate over delayed rewards more often14,15.
These findings suggest that the ability to value delayed rewards
is not solely a function of subjective valuation, but also of self-
regulatory capacity. Some theorists have argued that temporal
discounting itself should be considered part of the broader exec-
utive function system12,16.

This study addresses that gap by augmenting classical value-
based discounting with an explicit response-bias parameter, α ,
embedded in the choice rule2. Conceptually, k governs how
sharply delayed rewards are devalued, whereas α scales the
effective weight of the immediate option at decision time. In
simulations, we use a deterministic threshold rule to cleanly
map how k and α jointly shape choice patterns over a standard
set of intertemporal offers. For empirical data we couple val-
uation with a logistic choice rule that includes a temperature
parameter τ ; this allows us to fit individual participants’ choices
by maximum likelihood and to compare competing models with
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Akaike’s information criteria (AIC). We further evaluate the
construct validity of α by testing whether it aligns with (i) ob-
served choice behavior (proportion of delayed choices) and (ii)
an independent inhibitory-control measure, stop-signal reaction
time (SSRT)17, from a publicly available dataset18,19.

Methodologically, the approach is two-pronged. First, we
perform large-scale simulations on the canonical Monetary
Choice Questionnaire (MCQ) by Kirby et al. to produce
a k ×α landscape of delayed-choice behavior under a fixed
noise/temperature setting20. We also run a global sensitivity
analysis (first-order Sobol indices) to quantify the marginal in-
fluence of each parameter on delayed-choice probability across
the grid. Second, we fit three models to individual participants:
(i) hyperbolic (Mazur)2, (ii) hyperboloid (Myerson–Green)2,21,
and (iii) a dual variant that adds α to the choice rule. We conduct
model selection by AIC, examine parameter distributions and
correlations, and assess whether fitted α tracks either behavior
or SSRT (OpenNeuro ds004636)17–19.

Lines of previous work explains intertemporal choice with val-
uation alone (e.g., hyperbolic/hyperboloid)2,22, but dual-process
perspectives argue for separable influences of valuation and con-
trol (e.g., “hot-cool” or competing-systems accounts)3,16,23,24.
Motivated by these views, we formalized α as a decision-stage
immediacy gain: at choice time, the immediate option is effec-
tively up-weighted, shifting selections toward smaller–sooner
outcomes as α increases. This operationalization complements
classic valuation by isolating response bias from subjective
value. Our formulation is further expanded upon in the Methods
section.

Our specific objectives are as follows: (1) formalize an ex-
plicit, decision-stage response-bias parameter α within standard
discounting frameworks2; (2) map the joint effects of discount
rate k and response bias α on intertemporal choice via grid-
based simulations on a widely used trial set20; (3) fit hyperbolic,
hyperboloid, and dual models to participant data and compare
them using AIC, including checks for parameter identifiabil-
ity and boundary solutions2,21; (4) evaluate the behavioral and
external validity of α by correlating it with the proportion of de-
layed choices and with SSRT17–19; and (5) quantify the marginal
contribution of each parameter to delayed-choice behavior using
Sobol sensitivity analysis. This design enables a direct test of
whether adding a control-like gain improves descriptive ade-
quacy beyond value-only models and clarifies what aspect of
behavior the α term actually captures.

2 Results

We report simulation results that sweep the discount rate k and
the response-bias gain α on the Kirby trial set, together with
empirical model fits to participant data. Unless noted, the canon-
ical simulation setting uses τ = 0.5 and stimulus noise σ = 1.0.
Across the k×α grid, delayed-choice behavior was high only

when both k and α were low (Fig. 1). Increasing either pa-
rameter drove agents toward immediate choices, and increasing
α in particular reduced the proportion of delayed choices to
near zero over much of the grid. In this implementation, α

therefore functions as an urgency or immediacy gain rather than
a patience-promoting control, concentrating delayed respond-
ing in the low-k, low-α corner. The qualitative patterns was
unchanged across τ ∈ {0.2,0.5,1.0} and σ ∈ {0,1,3} (Supple-
mentary Figures S1–S3).

Fig. 1 Proportion of delayed choices across a k×α grid (canonical
τ = 0.5, σ = 1.0). Delayed responding is concentrated in the low-k,
low-α corner; elsewhere delayed choice is near zero.

In the participant fits, hyperbolic discounting was preferred by
AIC for every individual with converged estimates (N = 76/76;
Fig. 2). The dual model that augments the choice rule performed
worse than both comparators: median ∆AICdual-hyperbolic =
+11.63 and ∆AICdual-hyperboloid = +9.70. Only 7.9% (dual-
hyperbolic) and 9.2% (dual-hyperboloid) of cases showed nega-
tive ∆AIC, aligning with the overall log-likelihood distributions
and indicating that adding a decision-stage gain did not improve
descriptive adequacy for these data.

Parameter behavior within the dual model showed pro-
nounced boundary solutions (Fig. 3, 4). Specifically, α piled at
its lower bound for 71/76 (93.4%) participants, τ hit the upper
bound (= 10.0) for 39/76 (51.3%), and k took its minimum value
for 72/76 (94.7%). The k–α correlation was positive (Pearson
r = 0.382, 95% CI [0.171, 0.559]), whereas correlations of τ

with k or α were near zero (CIs include 0). Together with the
AIC results, this pattern indicates weak identifiability of the
added control terms given the present task and data.

We next asked whether α relates to observed behavior and to
an independent inhibitory-control measure. Across the AIC
sample, α correlated negatively with the proportion of de-
layed choices (Pearson r =−0.380, 95% CI [−0.563, −0.171],
p = 7.2× 10−4; Fig. 5). In an independent cohort with stop-
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Fig. 2 Participant-wise AIC differences. Positive values indicate worse
fit of the dual model. Medians: +11.63 vs. hyperbolic; +9.73 vs.
hyperboloid.

signal reaction time (SSRT; N = 101), α showed no reliable
association with SSRT (Pearson r = 0.070, 95% CI [−0.121,
0.254], p = 0.49; Fig. 5). These results caution against inter-
preting α as a trait-like inhibitory-control parameter without
external validation.

Finally, first-order Sobol indices (S1) computed on the Kirby
trial set were small for all parameters (α ≈ 0.012, k ≈ 0.006,
τ ≈ 0.005; Fig. 6). This sensitivity profile indicates weak
marginal influence of any single parameter on delayed-choice
probability when averaged across the grid and is consistent with
the empirical boundary solutions and with the AIC preference
for the simpler hyperbolic model (see also Supplementary Fig-
ures S4–S5 for alternative sensitivity visualizations). Together,
the simulations and fits converge on the same conclusion: varia-
tion in k explains the data well, whereas adding the dual-control
terms (α , τ) does not improve descriptive adequacy; moreover,

Fig. 3 Dual-model behavior. Most estimates lie at the bounds for k and
α (near zero).
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Fig. 4 Positive k–α correlation.

α behaves as an immediate-choice bias rather than a validated
inhibitory control proxy in this context.

3 Discussion

Our study presents a computational framework that integrates
valuation and executive control in delay discounting behav-
ior3,16,22. The key findings demonstrate that (1) higher discount
rates k lead to more impulsive, immediate-reward choices and
lower total earnings2,22; (2) we originally hypothesized that
higher inhibitory control α would promote patient decision-
making, but in the present implementation, α behaved as an
immediacy/response-bias gain; (3) the hyperbolic model, not
the hyperboloid, provided the best descriptive fit for all par-
ticipants with converged estimates, with the dual model that
augments the choice rule with α fitting worse by AIC2,21; and
(4) agents showed a robust magnitude effect, choosing delayed
rewards more frequently when the rewards were larger22. In
addition, dual-model parameters frequently hit bounds (α at
its lower bound for 93.4% of participants, τ at its upper bound
for 51.3%, and k at its minimum for 94.7%), and first-order
Sobol indices were small across parameters, indicating limited
marginal influence when averaged over the grid.

These findings are significant for several reasons. First, they
support the empirical literature suggesting that impulsive choice
is not solely driven by reward valuation but also moderated
by decision-stage factors3,16,23,24. However, the absence of an
association between α and an independent inhibitory control
measure (SSRT; r = 0.07, p = 0.49) cautions against interpret-
ing α as a traitlike inhibitory-control construct without external
validation17–19. Our simulations reinforce that steep delay dis-
counting can stem from two sources: a high discount rate or
a response-bias/urgency tendency at choice23,24. Second, this

Fig. 5 Behavioral validity of α . Larger α predicts fewer delayed
choices and shows no association with SSRT.

dual-source account helps clarify why individuals with similar
k values may behave differently under uncertainty: differences
in immediacy bias (α) can tilt decisions toward smaller-sooner
options even when value differences are modest. Third, our
modeling advances traditional delay discounting frameworks
by explicitly integrating a decision-stage term, showing that a
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Fig. 6 First-order Sobol indices (S1) for k, α , and τ on the Kirby trial
set. Bars are small for all parameters.

one-parameter value function (hyperbolic) often suffices once
a reasonable stochastic choice rule is in place, and that adding
a control gain can introduce identifiability challenges when the
task afford limited leverage to separate valuation from response
bias2,21.

In relation to our objectives, all four goals were successfully
met. We implemented and compared three major discounting
models, systematically varied k and α , and captured known
behavioral effects. Empirically, the hyperbolic model outper-
formed both the hyperboloid and dual-models by AIC; the dual
model exhibited boundary solutions and weak identifiability; α

related to delayed-choice behavior but not to SSRT; and global
sensitivity analysis (first-order Sobol indices) indicated lim-
ited marginal influence of individual parameters when averaged
across the k×α grid. Simulations mirrored the empirical pat-
terns: delayed responses were concentrated in the low-k, low-α
region under the primary setting τ = 0.5, σ = 1.0.

Limitations of this work include the notion that agents do not
iteratively learn from feedback or update their strategies, mean-
ing that the current framework may not be as dynamic as human
decision-making is25,26. In addition, while the deterministic
nature of the virtual agents makes it ideal for understanding the
discounting model behaviors, it is unlike a real-world scenario
where noisy disruptions of behavior are typically observed. Our
use of fixed-frame monetary choices (Kirby MCQ) offers limited
leverage to dissociate valuation from response bias, which likely
contributed to boundary solutions and small Sobol indices20.
We also did not include out-of-sample predictive tests due to
modest trial counts, nor did we benchmark against learning-
based agents given the static nature of the MCQ25,26. Finally,
α’s lack of association with SSRT in our dataset argues against
treating it as a trait-level inhibitory control measure without
external validation17–19. Together, these limitations bound our
claims to the present task and implementation.

Our results indicate that α functions as an immediacy/urgency
gain rather than a traitlike inhibitory-control parameter, and
that orthogonal manipulations of immediacy should increase
power to identify it and enable contrasts with inhibition-focused
measures17,23,24. This simulation-fit-validation pipeline clarifies
that the control-like term adds value not by improving fit here or
serving as a proxy for inhibitory control, but as a manipulable
response-bias knob whose behavioral signature is separable
from valuation under appropriately designed conditions. Future
work should look to extend this framework with reinforcement-
learning and attention models25,26.

4 Methods

We evaluated three valuation rules for delayed rewards that vary
in how they map delay D to subjective value V . The hyperbolic
(Mazur) rule is

V (A,D | k) =
A

1+ kD
(1)

with discount rate k > 02. The hyperboloid (Myerson–Green)
generalizes this with a curvature parameter s > 0:

V (A,D | k,s) =
A

(1+ kD)s . (2)

We also considered a dual variant that retains hyperbolic val-
uation but augments the decision stage with a response-bias
parameter α > 0 (defined below). Intuitively, k controls the
steepness of temporal devaluation, s controls the curvature of
the discount function, and α controls the effective weight placed
on the immediate option at choice time.

For simulations, choices were deterministic to isolate model
mechanics: the agent chose the delayed option if and only if:

V (A,D)≥ αI, (3)

where I denotes the immediate amount. In this formula-
tion, a larger α makes immediate choices more likely (an
urgency/response-bias gain). For empirical fits to participant
data, we used a probabilistic choice rule with temperature τ > 0,

P(delayed) = σ

(
V (A,D)−αI

τ

)
, σ(z) =

1
1+ e−z (4)

so that larger τ yields noisier choices. All parameters were
constrained to positive ranges with broad upper bounds during
optimization.

We considered alternative control parameterizations, includ-
ing an additive decision threshold β on the value difference,

P(delayed) = σ

(
V (A,D)− I −β

τ

)
. (5)

At fixed immediate amounts I, the multiplicative form of αI and
the additive β are linearly related (β = (α −1)I). We adopt the
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multiplicative form to (i) keep the bias expressed in units of the
immediate stake, which scales naturally with trial magnitude;
(ii) avoid introducing a free bias that can drift independently
of task stakes; and (iii) make the implied threshold transparent
in the deterministic limit used for simulations. With limited
leverage to dissociate valuation and bias, these forms can be
weakly identifiable.

Our primary criterion is AIC (AIC = 2km −2ℓm) as reported
in the main text. Simulations and sensitivity analyses used
the canonical 27-item Kirby Monetary Choice Questionnaire
(MCQ) trial set to define the immediate/delayed offers. We
generated heatmaps by sweeping a log-spaced grid over the
parameter ranges

k ∈ [10−3,2], α ∈ [10−2,3] (6)

and computed the proportion of delayed choices at each grid
point. Unless otherwise noted, the canonical setting fixed the
choice temperature at τ = 0.5 and stimulus noise at σ = 1.0;
additional settings τ ∈ {0.2,0.5,1.0} and σ ∈ {0,1,3} are re-
ported in the Supplement.

For participant analyses, we fit the hyperbolic, hyperboloid,
and dual models to individual choice data and compared them
using AIC. Parameters were estimated by bounded maximum
likelihood (minimizing negative log-likelihood under the logistic
rule). For a model m with km free parameters and maximum
log-likelihood ℓm, we computed AIC.

Degrees of freedom corresponded to the parameters estimated
under the logistic choice rule: hyperbolic (k, τ) has km = 2; hy-
perboloid (k, s, τ) has km = 3; dual-model (k, α , τ) has km = 3.
We identified the lowest-AIC model per participant and summa-
rized participant-wise ∆AIC. The converged sample comprised
N = 76 participants. To assess external validity, we analyzed
stop-signal reaction time (SSRT) in an independent cohort from
OpenNeuro dataset ds004636 (“Cognitive tasks, anatomical
MRI, and functional MRI data evaluating the construct of self-
regulation”)18,19. SSRT was computed with a standard integra-
tion method following consensus recommendations17.

We quantified the marginal influence of parameters on
delayed-choice probability using first-order Sobol indices (S1),
evaluated over the same parameter ranges as the heatmaps on the
Kirby trial set20. This provides a global sensitivity summary of
how variation in each parameter, considered independently, con-
tributes to the variance in the delayed-choice outcome; extended
sensitivity summaries are provided in the Supplement.

To relate the fitted control-like parameter to behavior and to
an independent measure of inhibition, we correlated α with (i)
the observed proportion of delayed choices in the AIC sample
(N = 76) and (ii) SSRT in the independent cohort (N = 101).
We report Pearson and Spearman coefficients for robustness.

All analyses were conducted in Python (NumPy, pandas,
SciPy, SALib for Sobol indices, and Matplotlib/Seaborn for

figures). AIC was derived from negative log-likelihoods. Simu-
lations used deterministic choice rules (no learning), so results
are seed-invariant; any stochastic resample uses a fixed NumPy
seed in code.
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Supplementary Material

Figure S1: Alternative k–α heatmaps for τ = 0.2. Proportion
of delayed choices across three stimulus-noise settings.

Figure S2: Alternative k–α heatmaps for τ = 0.5. Panels
complement the main-text condition (σ = 1.0).

Table S1: Model selection by AIC. Counts and proportions

(N = 76).

Model N Percent
hyperbolic 76 100.0%
hyperboloid 0 0.0%
dual 0 0.0%

Table S2: Sum-
mary statistics for ∆AIC (dual → comparator), per participant (N = 76).

Comparison Mean Median % (< 0) Note
dual → hyper-
bolic

+17.55 +11.63 7.9% Positive = dual
fits worse

dual → hyper-
boloid

+15.13 +9.70 9.2% Positive = dual
fits worse
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Figure S3: Alternative k–α heatmaps for τ = 1.0. Proportion
of delayed choices across three stimulus-noise settings.

Figure S4: Sensitivity analysis for mean discounted value.
First-order effects across parameters (complements the

main-text S1 on proportion delayed).

Figure S5: Sensitivity analysis for proportion delayed
(alternative view). Complementary visualization to the

main-text Sobol bar chart.
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Table S3: Per-participant AICs, ∆AICs, and dual parameters.
PID AIChyp AIChypbd AICdual ∆AICdual→hyp ∆AICdual→hypbd kdual αdual τdual
K0000 24.42 26.33 48.13 23.72 21.80 0.00 0.01 10.00
K0001 30.65 32.63 49.13 18.48 16.50 0.00 0.01 10.00
K0002 59.08 60.70 96.05 36.97 35.36 0.00 0.01 10.00
K0003 39.74 41.40 71.61 31.87 30.21 0.00 0.01 10.00
K0004 39.22 41.10 70.09 30.87 28.99 0.00 0.01 10.00
K0005 16.77 18.35 42.09 25.32 23.74 0.00 0.01 8.35
K0006 22.82 24.04 26.26 3.44 2.21 0.00 0.01 4.46
K0007 33.58 95.94 35.59 2.01 −60.35 0.00 0.01 6.83
K0008 54.30 55.08 56.81 2.51 1.73 0.00 0.01 10.00
K0009 47.31 48.57 53.31 6.01 4.75 0.00 0.01 10.00
K0010 42.70 44.66 105.40 62.70 60.74 0.00 0.01 10.00
K0011 48.99 49.99 51.02 2.03 1.03 0.00 0.01 10.00
K0012 17.85 18.90 22.77 4.92 3.87 0.00 0.01 3.75
K0013 33.48 35.36 47.64 14.17 12.28 0.00 0.01 10.00
K0014 37.73 38.51 40.50 2.78 1.99 0.00 0.01 7.90
K0015 34.12 36.12 44.67 10.55 8.55 0.00 0.01 9.12
K0016 22.80 23.78 26.12 3.32 2.34 0.00 0.01 4.43
K0017 38.00 39.92 60.99 22.99 21.07 0.00 0.01 10.00
K0018 22.95 24.22 24.95 2.00 0.73 0.00 0.01 4.30
K0019 19.70 20.68 21.73 2.03 1.06 0.00 0.01 3.52
K0020 37.45 39.30 44.47 7.02 5.16 0.00 0.01 9.06
K0021 35.65 37.65 107.22 71.56 69.56 0.00 0.01 10.00
K0022 29.69 31.20 33.32 3.63 2.12 0.00 0.01 6.09
K0023 27.40 29.31 63.83 36.43 34.52 0.00 0.01 10.00
K0024 41.33 43.21 52.49 11.16 9.28 0.00 0.01 10.00
K0025 12.13 12.48 21.07 8.95 8.59 0.00 0.01 3.39
K0026 25.73 27.68 49.23 23.49 21.55 0.00 0.01 10.00
K0027 36.33 38.37 45.97 9.64 7.60 0.00 0.01 9.53
K0028 32.85 34.72 44.31 11.46 9.59 0.00 0.01 9.01
K0029 69.70 70.14 96.52 26.82 26.38 0.00 0.01 10.00
K0030 33.52 35.44 35.50 1.98 0.06 0.00 0.02 7.70
K0031 24.75 26.71 57.11 32.37 30.40 0.00 0.01 10.00
K0032 33.95 35.41 36.67 2.72 1.27 0.00 0.01 6.89
K0033 25.76 27.19 28.07 2.31 0.88 0.00 0.01 4.85
K0034 11.24 13.24 26.83 15.59 13.59 0.00 0.01 4.58
K0035 76.05 77.57 115.10 39.05 37.53 0.00 0.01 10.00
K0036 28.24 30.15 34.29 6.06 4.14 0.00 0.01 6.30
K0037 23.64 25.48 28.41 4.77 2.94 0.00 0.01 4.93
K0038 49.92 51.69 87.09 37.18 35.40 0.00 0.01 10.00
K0039 36.70 38.67 48.49 11.79 9.81 0.00 0.01 10.00
K0040 23.31 25.04 25.30 2.00 0.27 0.00 0.01 4.31
K0041 26.64 28.05 42.30 15.67 14.26 0.00 0.01 8.41
K0042 11.24 13.24 26.83 15.59 13.59 0.00 0.01 4.58
K0043 30.16 31.29 35.25 5.09 3.96 0.00 0.01 6.53
K0044 36.36 38.18 45.82 9.46 7.64 0.00 0.01 9.48
K0045 25.73 27.68 49.23 23.49 21.55 0.00 0.01 10.00
K0046 34.97 37.09 36.91 1.94 −0.18 0.01 0.01 8.17
K0047 39.42 40.23 41.63 2.21 1.40 0.00 0.01 8.22
K0048 40.16 42.11 53.66 13.51 11.55 0.00 0.01 10.00
K0049 33.53 35.47 50.23 16.69 14.76 0.00 0.01 10.00
K0050 27.79 29.83 58.10 30.31 28.27 0.00 0.01 10.00
K0051 40.14 41.86 49.32 9.19 7.46 0.00 0.01 10.00
K0052 59.54 61.05 95.21 35.67 34.16 0.00 0.01 10.00
K0053 33.05 34.86 46.16 13.11 11.30 0.00 0.01 9.59
K0054 33.59 35.59 47.88 14.28 12.28 0.00 0.01 10.00
K0055 50.37 52.12 95.47 45.09 43.34 0.00 0.01 10.00
K0056 29.77 30.96 37.10 7.33 6.14 0.00 0.01 7.00
K0057 17.36 19.31 65.08 47.72 45.77 0.00 0.01 10.00
K0058 17.88 18.92 22.79 4.91 3.87 0.00 0.01 3.73
K0059 45.15 46.37 62.98 17.83 16.61 0.00 0.01 10.00
K0060 44.31 46.03 53.98 9.67 7.95 0.00 0.01 10.00
K0061 33.45 35.40 40.19 6.75 4.80 0.00 0.01 7.82
K0062 33.67 35.67 102.69 69.02 67.02 0.00 0.01 10.00
K0063 43.98 44.95 46.17 2.19 1.21 0.00 0.01 9.60
K0064 21.78 23.76 40.63 18.86 16.88 0.00 0.01 7.94
K0065 29.42 31.38 68.02 38.61 36.64 0.00 0.01 10.00
K0066 42.77 44.72 53.36 10.59 8.64 0.00 0.01 10.00
K0067 23.62 25.20 29.76 6.14 4.56 0.00 0.01 5.23
K0068 29.89 30.85 31.89 2.00 1.04 0.00 0.01 5.76
K0069 31.19 33.13 52.90 21.71 19.77 0.00 0.01 10.00
K0070 30.34 32.26 40.12 9.78 7.86 0.00 0.01 7.80
K0071 105.80 107.03 143.50 37.70 36.47 0.00 0.01 10.00
K0072 41.68 43.68 76.86 35.18 33.18 0.00 0.01 10.00
K0073 23.71 25.64 47.96 24.26 22.32 0.00 0.01 10.00
K0074 34.78 35.59 36.78 2.00 1.19 0.00 0.02 7.52
K0075 21.87 23.82 57.52 35.65 33.70 0.00 0.01 10.00
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Table S4: Correlation summaries for validity checks. Pearson
coefficients are reported; CIs use Fisher-z.

Comparison N Pearson r p 95% CI
α vs. proportion delayed 76 −0.380 7.2×10−4 [approx. −0.56, −0.17]
α vs. SSRT 101 0.070 0.487 [approx. −0.12, 0.25]

Table S5: First-order Sobol indices (S1) for proportion delayed
on the Kirby set. Values are small for all parameters.

Parameter S1 (mean) Note
α 0.0115 primary outcome
k 0.0060
τ 0.0051

Table S6: Canonical heatmap data (preview of first 15 rows).
alpha k p delayed
0.01 0.001 0.439846
0.01 0.00127786 0.440833
0.01 0.00163294 0.439991
0.01 0.00208667 0.447554
0.01 0.00266649 0.418967
0.01 0.00340741 0.427309
0.01 0.00435421 0.399345
0.01 0.00556409 0.361362
0.01 0.00711015 0.353195
0.01 0.00908581 0.346185
0.01 0.0116104 0.333354
0.01 0.0148366 0.332723
0.01 0.0189591 0.327622
0.01 0.0242272 0.318327
0.01 0.0309591 0.269225

Table S7: Parameter boundary summaries and k–α correlation
in the dual model (N = 76).

Metric Value Count / Proportion
α floor value 0.010 71/76 (93.4%)
τ ceiling value 10.0 39/76 (51.3%)
k minimum value 0.0001 72/76 (94.7%)
k–α Pearson r (95% CI) 0.382 [0.171, 0.559]
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