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Impulsivity has been theorized as a multidimensional construct, necessitating focused research
into determining how these dimensions manifest together and separately. This work aims to

uncover how information processing, particularly in learning and decision-making, may be



susceptible to rapid and unplanned responding. While reinforcement learning (RL) has
traditionally sat outside the umbrella of impulsivity, sequentially chaining prediction errors could
be vulnerable to any assortment of impulse-control valuation and exploratory influence. We
propose that impulse-control RL, such as in probabilistic and delayed learning, may have
relationships with other impulsivity dimensions, such as temporal discounting (TD) or cognitive
control (CC). Participants (N = 210) completed five online cognitive tasks (RL: two-armed
probabilistic and delayed bandits, CC: Go/No-Go and flanker, and TD: delay discounting task).
The two-armed delayed bandit was designed to experimentally isolate the effect of delay
learning and required an explicit estimation of time delay. We simultaneously fit a hierarchical
framework with the five drift diffusion models that estimated covariance parameters within and
across tasks. Within this framework, a Rescorla-Wagner and hyperbolic discounting model
scaled their respective value differences into evidence accumulators for probabilistic bandit and
discounting tasks, respectively. We find multiple points of support with some unexpected results
for our hypotheses. First, probabilistic and delayed reward learning showed positive relationships
in exploratory behavior toward optimal RL policies. Consistency in RL learning behaviors also
appeared to relate to TD and CC. Relationships with self-report metrics were predominantly
weak, but impulsivity measured by self-report showed a possible influence on stay-rate of the
delayed bandit. Taken together, our findings suggest that impulsivity might share related
mechanisms of information processing across a battery of tasks.
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Introduction

First published in 1952, the Diagnostic and Statistical Manual of Mental Disorders
(DSM) began advancing the classification of psychopathology (American Psychiatric
Association, 2022). However, the advent of the DSM has not been without shortcomings, where
classification has suffered from comorbidity between diagnoses and the heterogeneity within
(Carragher et al., 2015; Cuthbert & Insel, 2013; Insel et al., 2010; Lilienfeld, 2014). Given these
various issues, new initiatives have aimed at advancing classification and proclaiming solutions
to these shortcomings (Insel et al., 2010; Kotov et al., 2017; Montague et al., 2012). These new
paradigms further advocate for a holistic approach, spanning an array of disciplines, intended for
better understanding, treatment, and prediction. For example, newer approaches emphasize
dimensional ratings of symptom severity rather than binary judgments, providing clinicians with
more nuanced assessment tools (Krueger et al., 2007). Complementing these efforts, new
statistical frameworks and psychological paradigms have begun to shift towards the
identification of transdiagnostic markers, such as temporal discounting (TD) (Bickel et al.,
2012), cognitive control (CC) (McTeague et al., 2016), or reinforcement learning (RL) (Gillan et
al., 2016). While TD has been considered the choice dimension of impulsivity, CC is the broad
process of regulating thoughts and actions, commonly defined as the action dimension of
impulsivity. Given these impulsivity dimensions, the present work proposes and further defines
the overlap between impulsivity and RL.

History has left impulsivity with a broad boundary in measurement, and the present work
seeks greater clarification. Multiple forms of measurement have been used to characterize an
individual’s degree of impulsivity, from behavioral tasks to self-report. While TD and CC fall

under an umbrella of behavioral impulsivity, the self-report measures are constructed to capture



latent factors of personality. This work estimates behavioral and personality impulsivity
measures and clarifies their associations with RL, which does not traditionally fall under the
umbrella of impulsivity (Dalley & Robbins, 2017) but remains theoretically important (Poulton
& Hester, 2020). The history of defining impulsivity is longstanding: William James (1890)
regarded the very nature of consciousness as impulsive. Thoughts, feelings, and associations
often burst into conscious awareness from internal ideas or external stimuli (Moors & De
Houwer, 2006). Examining information processing in RL’s relationship to impulsivity
dimensions may reveal shared latent mechanisms. To tease these latent mechanisms apart, a
computational framework is constructed to answer, “How do impulse-control vulnerabilities in
behavior and personality manifest when learning in uncertain and delayed environments?”

This work broadly aims to computationally characterize shared and unique dimensions
involving information processing, impulsivity, and impulse-related psychopathology. The
methodology employs various computational models to characterize the effect of TD in a
hyperbolic model, the accumulation of CC evidence in drift diffusion modeling (DDM), and
credit assignment in RL. The following gaps are of focus: (1) the relationship between
probabilistic and delayed learning in RL, (2) relationships between RL, TD, and CC, and (3)
relationships across impulsivity behavioral tasks and self-report metrics. Specifically, this
research measures behavioral impulsivity through the lens of computational modeling (Chapter
1) and subsequently attempts to tie these metrics to self-report questionnaires (Chapter 2) which

revolve around impulsivity-related symptomatology.

Chapter 1: Behavioral Impulsivity

Impulsivity, a cardinal feature of personality and mental health, is thought to consist of

both trait and state-like features characterized by rapid and/or unplanned responses to internal



and external stimuli regardless of negative consequences (/nternational Society for Research on
Impulsivity, 2019; Strickland & Johnson, 2021). However, the definition of impulsivity is rarely
agreed upon and the construct appears to have a variety of relationships to behavior, neural
circuitry, and cognitive function (Evenden, 1999; Moeller et al., 2001). For example, consider a
person wanting to buy a coffee. One could acquire this beverage at home, premade, or with an
artisan brew. If one were to plan for the grocery store and make one’s coffee at home, one could
trade time for value by avoiding an additional premium cost. Other times one could trade value
for time, where a premade coffee at a convenience store would provide an immediate beverage
but at a higher cost. In another scenario one might favor exploration of options, such as the
uncertainty and novelty of an artisan brew, and over time, begin to value this alternative. The
dilemma of trading value for time occurs in everyday behavior and is susceptible to multiple
abnormalities in planning, inhibition, or learning. In some cases, one plans to purchase coffee
beans and prepares coffee at home. In other cases, one struggles to inhibit one’s immediate
purchase and consumption from a convenience store. Or perhaps an uncertain and novel artisan
recipe heightens one’s valuation of the coffee. Rather than focusing on emergent behavior
(consuming coffee), individuals’ behaviors may reflect combinations of long-term planning

(choice), short-term inhibition (action), and over-time adaptation (learning).

Choice Impulsivity
The famous marshmallow task (Mischel et al., 1972; Mischel & Ebbesen, 1970) sought to
understand whether children would forgo one marshmallow in favor of two marshmallows if
they waited 15 minutes. The results showed a large degree of variance in children’s observed
strategies, where they attempted to direct their attention away from immediate reward through

cognitive or overt changes in behavior (Mischel, 1974; Mischel & Ebbesen, 1970). Walter



Mischel used the term ‘delay of gratification’ to describe an individual’s deferral of immediate
reward for larger-later rewards (Mischel, 1974; Mischel et al., 1972; Mischel & Ebbesen, 1970).
Despite weak correlations with self-reported measures of self-control (Mischel, 2013),
performance at age four predicted future cognitive and social competencies in adolescence
(Mischel et al., 1989). Impressively, task performance in preschoolers predicted greater
performance on an emotion-based Go/No-Go and predicted associations with neural circuitry for
motivational processes 40 years later (Casey et al., 2011). However, this paradigm produced
biased measurement estimates as a function of censoring waiting time and the shared variance of

achievement-adjacent covariates (Falk et al., 2020).

New experimental paradigms of impulsive choice, using an economic normative
framework (Frederick & Loewenstein, 2002), have attempted to address certain methodological
limitations, including one-shot, censored times, and collinear covariates, to better describe
participant choice behavior. To characterize individual behavior in the deferment of reward,
intertemporal choice paradigms are constructed with repeated choice dilemmas between smaller-
sooner and larger-later rewards (Hamilton et al., 2015; Kirby, 1997). One benefit of repeated
intertemporal choices is that they identify an individual’s delay of gratification, reveal participant
trade-offs, and capture patterns inconsistent with economic models, such as preference reversals
or choice inconsistencies (Green & Myerson, 2004; Kable & Glimcher, 2010). Intertemporal
choice paradigms have been implemented with hypothetical scenarios (Baumann & Odum, 2012;
Meyers & Koehler, 2021), real monetary compensation (Madden et al., 2003), experiential
feedback (Horan et al., 2017; Reynolds & Schiftbauer, 2004), and waiting tasks (Kvam et al.,
2021; Xu et al., 2020). Despite the large variety in task methods, intertemporal choice tasks are

often collapsed into latent measures and used for predicting real-world behavior (Huang et al.,



2024; Sharma et al., 2014), heightening the need for more ecological and person-centric
psychological tasks (Bailey et al., 2021; Botvinick et al., 2015). While ecological validity in task
methods is crucial, one should consider the model often constructed alongside intertemporal
choice tasks.

One common metric of impulsivity is temporal discounting (TD) or the estimation of an
individual’s rate of devalues the larger-later option (commonly denoted k). Specifically, a low
discounting rate leads to higher valuation for deferment of reward. The mechanisms underlying
discounting rates are often interpreted as the tradeoff of value and time to plan for future reward
(Redish et al., 2008; Shenhav et al., 2017; Solway et al., 2017). To estimate discounting, one can
integrate the area under the curve (Myerson et al., 2001), utilize models and optimization
(McKerchar et al., 2009), or employ Monte Carlo methods (Vincent, 2016). These early methods
of approximation found closed-form solutions to the hyperbolic model, but later methods
leverage open-form solutions due to innovations in computing power. These advancements allow
greater precision and flexibility in modifying the original hyperbolic model.

These TD parameter estimates have revealed steeper discounting in various mental health
outcomes including attention-deficit/hyperactivity disorder (ADHD) (Bitsakou et al., 2009;
Jackson & MacKillop, 2016), substance use disorders (Bickel et al., 2012; Romeu et al., 2020),
and depressive disorders (Amlung et al., 2019). Furthermore, mental disorders centered around
restriction, like those of anorexia nervosa, show shallower discounting rates unlike other eating
disorders such as binge-eating (Amlung et al., 2019; Maxwell et al., 2020). The TD parameter
appears to capture individual differences in temporal processing of future reward (Franken et al.,
2008; Redish et al., 2008) and can serve as a transdiagnostic marker of mental health outcomes

(Bickel et al., 2014; Keidel et al., 2024; Lempert et al., 2019). In summary, the study of choice



impulsivity has shown a trajectory of advancements across economic and psychological
disciplines but requires further systematic investigation to be a robust transdiagnostic marker and
fully establish utility to mental health outcomes (Keidel et al., 2024; Levitt et al., 2023).
Action Impulsivity

Choice behavior constitutes more than just preference or the planned balance between
trading value and time; deficiencies may arise in the performance of an individual distinct from
that of their preference (Broos et al., 2012; MacKillop et al., 2016). This ‘action’ dimension of
impulsivity has been commonly measured through a participant’s habitual or prepotent response
that they successfully inhibit (Broos et al., 2012; MacKillop et al., 2016; Strickland & Johnson,
2021). The mechanisms involving the successful inhibition have been thought of as a dual-
system of cognitive control (CC) (Bargh & Chartrand, 1999; Kahneman, 2011; Metcalfe &
Mischel, 1999) or in top-down conflict monitoring (Botvinick et al., 2001). These dual-system
paradigms have spanned behavioral economics (Tversky & Kahneman, 1974), reinforcement
learning (Daw et al., 2011; Glascher et al., 2010), and social cognition (Bargh & Chartrand,
1999). Furthermore, dual-system paradigms typically entail an ‘automatic’ system and a
‘controlled’ system which interact to guide behavior (Bargh & Chartrand, 1999; Moors & De
Houwer, 2006). These systems interact in competitive (Daw et al., 2006, 2011), cooperative
(Gershman et al., 2014; Moran et al., 2019), or mixed (Gershman & Daw, 2017) manners that
challenge the features traditionally ascribed to each system (e.g. efficiency, flexibility,
consciousness), which remain debated (Evans & Stanovich, 2013; Melnikoff & Bargh, 2018).

Competitive task environments are often used to measure some form of CC, like
inhibitory control in the Go/No-Go (Luria, 1973) or attentional control in the flanker task

(Eriksen & Eriksen, 1974). To measure inhibitory control, the Go/No-Go task was developed



through interference in visuomotor processing (Gomez et al., 2007; Ratcliff et al., 2018) where
participants would respond to ‘Go’ cues and withhold a response to infrequent ‘No-Go’ cues. To
measure attentional control, the flanker task (Eriksen & Eriksen, 1974) introduced interference in
visual processing by presenting participants with a central target in congruent (‘>>>") and
incongruent (‘><>’) surrounding flankers. Similar to delay discounting, inhibitory control has
been shown to have transdiagnostic features as it links to decreased evidence sampling with
ADHD (Huang-Pollock et al., 2017; Weigard et al., 2016), increased error-rates in substance use
(Ames et al., 2014; Finn et al., 1999), and varying effects of inhibition in externalizing behaviors
(Hall et al., 2021; Hoyniak & Petersen, 2019; Letkiewicz et al., 2024). Likewise, the flanker task
has also shown mixed relationships to mental health outcomes, such as increased reaction time
(RT) to negative faces in anxiety (Chen et al., 2016), increased response accuracy and patience in
depression (Dillon et al., 2015), and decreased evidence threshold to respond when associated
with higher trait antagonism (Hall et al., 2021).

However, given that impulsive behavior can look naturally random (noise), estimated
individual differences may only partially reflect trait-level differences. Across different task
designs variance might arise from inattention to instructions (Feher Da Silva & Hare, 2020),
manner of task presentation (C. L. Smith & Hantula, 2008), or measure-related noise (Ahn et al.,
2020) rather than representing true underlying trait impulsivity. This is particularly relevant for
interference tasks (Stroop task, Go/No-Go, and Flanker) as they appear to share accounted
variance (Hall et al., 2021), further cautioning interpretation of impulsivity-related individual
differences (MacKillop et al., 2016). One such solution has been to use a process model that

accounts for Gaussian noise in both choice and RT through a diffusion process (Gomez et al.,



2007; Ratcliff, 1978), thereby separating latent decision processes from routine behavioral
variability.

Interference tasks usually occur in quick decisions (under two seconds) where researchers
have advanced both theoretical understanding and measurement. These decisions are thought to
occur in a probabilistic fashion, where adjusting an individual’s criterion shifts their response in
relation to the underlying environment’s signal-to-noise ratio. Signal Detection Theory (SDT)
explains the trade-off between two-alternative forced choices when one choice (left or right) is
associated with the underlying truth (correct or incorrect) in a probabilistic judgment (Green &
Swets, 1966). Typically, SDT uses two criteria (or multiple if you expand the choice space)
along a joint Gaussian distribution where a participant responds when evidence exceeds that
criterion (“Go” or “Left” vs. “No-Go” or “Right”). When distributions overlap, discrimination
becomes more difficult, and an agent may adopt a more conservative criterion when presented
with increased noise. However, SDT has only been able to quantify participants’ choices rather
than illuminate the decision processes of evidence gathering. One way to capture the evidence in
the decision process is to consider both RT and choice in a speed-accuracy trade-off (Ratcliff,
1978). While these assumptions regarding evidence gathering are crucial, the incorporation of
RT through sequential sampling models (SSM) can allow us to make inferences about a
participant’s decision mechanisms.

SSMs have become a staple model for speed-accuracy measures of two-alternative forced
choice tasks. For a review of the different implementations of SSM, see Ratcliff et al. (2016).
One such SSM, the drift diffusion model (DDM), uses a competing evidence accumulator to
capture the processes involved in accuracy and RT across continuous time. The speed-accuracy

tradeoff entails the problem of error rates increasing as decision time decreases. DDM has



mostly been used for motion discrimination for relatively quick decisions, rather than decisions
over long time intervals. Despite this, DDM has been used in a variety of experiments to measure
various choice constructs, such as memory (Ratcliff, 1978), perception (Solway, Lin, & Vinaik,
2021), learning (Peters & D’Esposito, 2020), confidence (Ratcliff & Starns, 2013), or planning
(Lei & Solway, 2022) as the choice rule (or activation function). Due to the stochastic nature of
sensory information, the accumulation of information is assumed to drift towards one of the
bounds with Gaussian noise across the passage of time. Upon reaching the boundary, a decision
is executed. Although various expansions of the model exist (Boehm et al., 2018), the base
model has four necessary parameters. The drift rate corresponds to the velocity of information
encoding or slope of the random walk, reflecting evidence accumulation. The decision threshold
is the cutoff when a decision is made and illustrates the amount of evidence needed to declare a
decision. The starting point is a response bias towards one of the two boundaries, representing a
relative asymmetry of response evidence needed for either boundary. Finally, the nondecision
time represents the processing components that are unrelated to evidence accumulation, such as
in sensory detection. These models and their parameters have become highly relevant to clinical
group differences, such as a fairly stable transdiagnostic reduction of drift rate across behavioral
tasks (Letkiewicz et al., 2024; Sripada & Weigard, 2021), with more inconsistencies in boundary
separation (Hall et al., 2021; Huang-Pollock et al., 2017; Solway, Lin, & Vinaik, 2021).
Learning Impulsivity

Learning can also be thought of as two distinct controllers of behavior, which are often
mapped onto habit-based (automatic) and goal-directed (controlled) systems. The habit-based
system is most clearly demonstrated in Thorndike's (1911) “law of effect”, which illustrates how

animals increase approach behavior when reinforced and decrease when punished. These



behaviors require experience to create associative learning (Pavlov, 1927), but once established,
they are quick, efficient, and effortless to deploy. In contrast, the goal-directed system can be
traced to Tolman (1948) theory of cognitive maps. The cognitive map constructs a representation
of the environment through latent learning and appears to compete, coordinate, and interact with
the habit system (Gershman et al., 2014; Lei & Solway, 2022; Moran et al., 2019). This system is
more controlled, deliberate, and sensitive to changes in the environment (commonly referred to
as state-transitions). Both systems help an organism navigate a complex world by performing
routine behaviors and overriding such routine when dynamic shifts in the environment are
detected.

Reinforcement Learning (RL) is a modern mathematical framework built upon animal
models of association learning that utilizes recursion to explain learning through trial-and-error
behavior (Sutton & Barto, 2018). Recursive learning is dependent on the foundational Rescorla-
Wagner model, which characterizes how expectation errors of reinforcement drive learning in
simple conditioning (Rescorla & Wagner, 1972). This recursive framework has led researchers to
consider how reward prediction errors might play a role in the interplay between brain and
behavior (Niv, 2009). Substantiating this relationship, reward prediction errors have been largely
tied to phasic changes in dopaminergic neurons (Kobayashi & Schultz, 2008; Schultz et al.,
1997) and have led to the theory of dopamine as a reward prediction error. This would imply that
one of the functions of dopamine is to help us learn and gather rewards in a variety of complex
environments. Researchers usually probe learning in environments using (reward or stimulus)
reversals or devaluation to assess how ‘sticky’ a behavior is. Specifically, the prefrontal cortex
encodes relevant and irrelevant environment features (Asaad et al., 2017) and helps to overcome

reversals and devaluations (Frank & Claus, 2006; Wilson et al., 2014). This has led researchers
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to consider a goal-and-habit system through careful crafting of an experimental task (two-step
task) that maps with two classes of RL models (Daw et al., 2011). Whereas one class, known as
model-free RL, uses the chaining of reinforcement through the recency of past sequences,
model-based RL uses state prediction errors to approximate an environment’s state-transitions
(Gléascher et al., 2010). While this framework allows an approximation to how an agent might
transition through complex and competitive environments, new studies have attempted to
integrate multiple cognitive mechanisms in unique ways.

To link impulsivity metrics, such as TD and CC, and RL, one must consider the
connection between models and experimental designs. One of the most common approaches is to
measure different tasks and their associated models and identify if there is shared variance in
theoretically similar parameters (Kvam et al., 2021; Solway et al., 2017). Often these different
tasks and models lead to poor associations, such as in planning (Solway et al., 2017) and
discounting (Kvam et al., 2021; Romeu et al., 2020). However, independent task batteries have
found shared structures in learning and other impulsivity metrics (Sharma et al., 2014) and a
relationship between RL directed exploration and TD (Sadeghiyeh et al., 2020). Another way is
to use a unified model in an experimental design that connects differing mechanisms, such as in
a CC and RL framework (Burghoorn et al., 2025; Guitart-Masip et al., 2012), or in a working
memory and RL frame (Collins et al., 2014). Lastly, one can fit participant-level models and
cluster participants by their dominant model-fit, wherein non-learning clusters showed stronger
associations with impulsivity compared to other clusters (Cockburn et al., 2024).

While methods for connecting behavioral metrics are varied, options for substantiating
the relationship between the DSM, impulsivity, and learning remain limited. Researchers can

examine descriptive differences between clinical vs control groups (Kanen et al., 2019; Marzuki
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et al., 2021), or towards self-reported measures of psychopathology (Dubois & Hauser, 2022;
Gillan et al., 2016; M. S. Lim et al., 2015; Skvortsova & Hauser, 2022; R. Smith et al., 2022).
Although many of these aspects of impulsivity are theoretically relevant (Dalley & Robbins,
2017), these parameters represent distinct mechanisms of learning and often show mixed results
across the spectrum of clinical disorders. RL-related impulsivity might manifest in several ways:
abnormal or noisy updating of stimulus values (M. S. Lim et al., 2015; Skvortsova & Hauser,
2022), excessive exploration regardless of value function (Cockburn et al., 2024; Dubois &
Hauser, 2022; Gillan et al., 2016; Lorains et al., 2014), or asymmetric processing of gains and
losses (Franken et al., 2008; Lorains et al., 2014; Zou et al., 2022). In contrast, impulsivity may
also be poorly characterized by RL models (Cockburn et al., 2024; Zou et al., 2022). Each of
these potential learning abnormalities may reflect temporal processing dysfunction when
sampling and integrating new information, and advancements in computational modeling have
made these latent mechanisms increasingly accessible to measurement. The present study
addresses some of these inconsistencies while simultaneously measuring latent mechanisms of

three possible dimensions of impulsivity (TD, CC, and RL) within a single sample.

Aim 1: Information Processing in Behavioral Impulsivity

Given the dimensional characterization of impulsivity, the current study would
simultaneously investigate information processing mechanisms underlying choice impulsivity
(TD), action impulsivity (CC), and reward learning (RL). To achieve this, we implemented
computational modeling in a unified hierarchical Bayesian framework to capture both unique and
shared relationships of these processes (detailed below). To unify these separate dimensions, we
modeled each independently and examined their relationship in a joint covariance matrix

between model parameters. The same participants (N=210) completed a battery of five tasks,
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including well-established Go/No-Go and flanker tasks (CC), delayed discounting (TD),
probabilistic two-armed bandit (RL), as well as a novel two-armed delayed task designed to
assess delay learning. In this task, participants must learn the delay with which each arm delivers
a reward, thereby exacerbating a problem of credit assignment (Minsky, 1961). Such a task may
reveal impulsive individual differences, such as the rate of switching between arms, which
increases the complexity of credit assignment (Gershman, 2020; Pike-Burke et al., 2018), as well
as the tendency to accumulate rewards delivered at shorter delays rather than prioritizing delay
learning.

We preregistered specific hypotheses (https://osf.io/3tq67/) focusing on cross-task

parameter correlations. These hypotheses generally assume that higher behavior impulsivity
(greater control errors or preference for immediacy) would be associated with reduced ability in
learning of reward contingencies. During analysis, we refined these hypotheses for two reasons.
First, we decided to incorporate DDM across all tasks to jointly model choice and reaction time
(RT). Second, we restricted delayed bandit analyses to the pseudo-optimal stay strategy (instead
of following reward strategy), as no reward effects on behavior were observed. Consequently,
reward effect correlations with discounting and probabilistic bandit were not pursued.
Additionally, the pseudo-optimal stay strategy of the delayed bandit was assumed, but still
needed to be validated as a hypothesis (Pike-Burke et al., 2017, 2018). Our specific hypotheses
preserve the direction and relational structure of the preregistered predictions; only parameter
operationalizations were modified (Note: this was partially expected and described in
preregistration, "Parameters are subject to change based on...").

The first preregistered hypothesis to the relationship between RL and TD with a predicted

inverted relationship between bandits’ drift rates and discounting rate (H1). This parametric
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relationship reflects that those with higher degrees of impulsivity, or preference for immediacy,
would associate with a reduction in ability to learn reward contingencies. The second hypothesis
deals with correlations between probabilistic RL and CC, predicting positive relationships
between probabilistic learning and CC drift rates (H2). The parametric relationship assumes that
impulsivity leads to worse cognitive control and would correlate with a reduction in ability to
learn probabilistic reward — either by updating recency of reward more quickly or excessive
exploration despite learned values. The third hypothesis deals with the relationship between
learning probability and delay information with a predicted positive relationship between
bandits’ drift rates and predicted negative relationship between probabilistic learning rate and
delayed drift rate (H3). This parametric relationship predicts that participants who better at
learning, whether stay-on-choice, quicker updating, or greater evidence accumulation, would be
shared across contingency environments. To validate the delayed bandit, we tested whether
participants who repeat their previous choice (vs. switched) would lead to overall better delay
estimation and better delay estimation for the shorter-delayed arm (H1.V).

There were also some intuitive exploratory predictions where similar behavioral and task-
modalities will correlate, such as Go/No-Go and flanker (CC), and probabilistic and delayed
bandits (RL) (E1). We also predicted correlations between the same computational parameters
across tasks, such as drift rates or inverse temperatures, boundary separations, and starting-point
biases (E2). Finally, classical manipulations of behavioral tasks will replicate known effects of
lower accuracy and higher RT across Go/No-Go (No-Go and reversal), flanker (incongruent),
and probabilistic bandit (reversal) (E3). Specifically, each manipulation condition (No-Go,

incongruent, and reversal) should produce lower accuracy and higher RT across the three
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experiments. While these hypotheses will have specific effects, the analysis will be

comprehensive and remind the reader of the preregistered and exploratory hypotheses.
Methods

Participants

A total of 222 participants were recruited from Prolific Academic (https://prolific.com)

for a median time of 70 minutes (IQR = 26.28). Prolific inclusion criteria included: fluency in
English, ages over 18, and no color blindness. All participants were paid $13.35 for 80 minutes,
along with a bonus based on accuracy and RT (Mponus = $1.81, SDbonus = $0.14). Among the 222
participants, four were removed and rejected for early termination, seven had repeated the study,
but only three were removed on an individual basis of having seen more than half of the
experiment in the first session. Twelve participants showed noisy response patterns in at least
one of the experiments (half of trials under .2 seconds and below 75% accuracy), and five of
these 12 were removed for violating this contingency in two or more experiments. We removed
trials with RTs in a certain limit, such that anything below 200ms or above 4 seconds were
removed from analysis (5.22% of trials across all experiments) with Go/No-Go (1.96%), Flanker
(4.12%), Probabilistic Bandit (7.17%), Delay Discounting (3.83%), and Delayed Bandit (8.69%).
Removing certain RTs helps to stabilize model fitting from aberrant response, and we carried
this throughout the rest of the analyses. The resulting total sample (N = 210) contained 141
males and 69 females with a moderate age range (Mage = 32.49, SDage = 10.49, Range = [18,
72]). This study was approved by the University of Maryland College Park IRB (ID: 2129967-2).
Materials

The impulsivity task was built with PsychoPy3 and the self-report surveys were

administered through Qualtrics (Pierce et al., 2022; Qualtrics, 2005). Participants were first
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asked to sign a consent form via Qualtrics, then redirected to the main experiment hosted on
Pavlovia, and finally redirected back to Qualtrics for the self-report surveys. Upon completion,
participants were given a code to be used on the Prolific database to confirm their completion
and receive payment.
Impulsivity Task Battery

Participants were given overarching instructions on the tasks that they would complete
alongside individual instructions at the beginning of each task. After the instructions, each task
had a demo period with a small number of practice trials. A total point counter was added to the
bottom right to incentivize bonus payments. The task order was randomized across participants.
The most common sequence was experienced by five participants, but most sequences were
unique or shared by only two or three participants, illustrating effective randomization across the
sample. Any task with two decisions used the ‘Q’ letter for left choices and ‘P’ letter for right
choices, whereas ‘space’ was used for the Go/No-Go task. Despite individually randomized

sequences, we present the five tasks as follows (Figure 1).
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Figure 1. Impulsivity Task Battery Diagrams. (A). Go/No-Go Task where participants press
‘space’ on Go trials (‘S’) and without space on No Go (‘V’) trials. (B). Flanker task has
participants select the correct direction of the target for incongruent (‘<’) and congruent (“>).
(O). Delay Discounting Task presents two-alternative forced choice for an immediate (‘$20
Now’) or delayed (‘$25 in 1 week’) option with varying magnitude and delay (‘$110 in 180
days’). (D). Probabilistic Bandit Task with two-alternative forced choices with two objects (red
hexagon and green star) containing differing probabilities (70%/30%) of receiving a gold coin or
red ‘X’. (E). Delayed Bandit Task with two-alternative forced choices with two objects (red
hexagon and green star) containing fixed rewards (+1) that are carried forward into future trials
by differing amounts (green star carries reward 1 trial into the future), rewards both are
aggregated (sum on trial) and anonymous (no cue to differentiate which object to assign credit).

Go/No-Go Task (Figure 14)

Participants were asked to perform a letter-based Go/No-Go task (MacKillop et al., 2016)
with a single reversal (Finn et al., 1999). After completion of the practice session, the task was
separated into two sessions with 58 trials per session, wherein each session featured a different
target letter. Each trial showed the letter for 200 milliseconds (ms) and then disappeared;
participants could answer anytime but had a maximum of 700 ms in total (Sainka et al., 2023).
At the end of the trial a green or red ‘X’ was displayed to indicate a successful or unsuccessful
trial, respectively. Each session consisted of four blocks presented in randomized order with a
new target letter per block. Six distinct letters (i.e, 'S', 'A’", 'O, 'V', 'T", 'N') were selected for their
visual distinctiveness and neutral connotations, with 'V' serving as the target in the first session
and 'N' in the second. For each session, four blocks contained structured Go/No-Go sequences,
each with 14 trials (10 Go, 4 No-Go) systematically varying the number of consecutive Go trials
before a No-Go trial. Each of those four blocks incorporated all possible sequences: single,
double, triple, and quadruple Go trials before No-Go stimuli. We added two remaining single

No-Go trials randomly between blocks. The design ensured that while two No-Go trials could

occur consecutively (when a No-Go at the end of one block was followed by a No-Go at the
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beginning of another), no more than two consecutive No-Go trials would ever appear. Within
each block, the trial sequence remained fixed.

Flanker Task (Figure 1B)

Participants were instructed to perform a flanker task (Banca et al., 2015; Eriksen &
Eriksen, 1974). After being given several practice trials, participants completed the task over two
sessions of 59 trials per session. On each trial, a set of seven keyboard arrows (e.g., ‘*>>><>>>7)
were displayed with the middle arrow being the target (<). These stimuli were displayed for 200
ms and then disappeared; participants were allowed to answer anytime within a maximum time
of 700 ms in total. At the end of the trial a green or red ‘X’ was displayed to indicate a successful
or unsuccessful trial, respectively. Trials included three conditions: Congruent (e.g.,
‘<<<<<<<’), where flanking arrows matched the target; Incongruent (e.g., ‘>>><>>>’), where
flanking arrows opposed the target; and Neutral (e.g., "---<---"), where flankers were neutral
symbols. Target direction (left/right) was counterbalanced across trials. Due to a coding error,
one incongruent trial was dropped, resulting in 20 congruent trials, 20 neutral trials, and 19
incongruent trials per session.

Delay Discounting Task (Figure 1C)

Participants were asked to select their preferred option between an immediate and a
delayed reward (Kable & Glimcher, 2007, 2010), and were informed that either option would
equally increase their total bonus points. They were told that the options were hypothetical, but
they should pick based on if they were experienced. After being given several practice trials,
they started the main task which asked them to select the option they preferred. The immediate
option was always fixed at $20 and the delayed option varied by delay (1, 10, 20, 50, 90, and 180

days) and magnitude ($21 to $110 in increments of $5). Thus, there were a total of 114 trials, all
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with a unique combination of delay and magnitude. Participants had 15 seconds to select one of
the options on each trial.

Probabilistic Bandit Task (Figure 1D)

Participants were instructed to select the stimulus they believed would have a higher
probability of reward. After performing several practice trials, participants went through 5 blocks
of a 30-trial (150 total) two-armed probabilistic bandit task with a single reversal randomly
selected without replacement between the 10th and 20th trial mark. One arm provided a gold
coin (worth 1 point) for 70% of the time while the other gave a reward only 30% of the time;
whereupon a reversal within the block swapped the probabilities of reward for the two options.
After a selection, a feedback stage showed their reward of the gold coin and an increase in their
total points, or a red ‘X’ with no increase in bonus points. Participants had 2 seconds to select
one of the two options on each trial, otherwise they were shown feedback of a red ‘X’ with a
‘TOO SLOW’ message.

Delayed Bandit Task (Figure 1E)

The goal of this task was to assess participants’ strategy and ability to learn the delay
associated with a cue. On each trial they made a choice between two stimuli (the two arms of the
bandit), each stimulus being associated with a delay of 1 to 9 trials. This means that when an arm
was chosen, its reward (always 1 point) would be delivered several trials later depending on the
delay. Feedback was delivered without a discriminating cue (anonymous). Participants were
instructed to learn the delay of each arm in the task for 12 trials. Then, at the end of the round,
they were asked to provide an estimate of the trial-delay of each arm and instructed that correct
estimates would be rewarded by 10 points for each arm. They were given a single practice

session of 12 trials which ended with them providing an explicit delay estimate for both arms
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with the question ‘Provide the Trial Delay’ with two empty boxes in each position. They played
a total of 9 blocks with 12 trials per block and had the following trial delays for each arm: (1,9),
2,7, (4,5), (2,3), (5,7), (3,6), (2,4), (3,5), (5,6) with a randomized presentation of blocks and
randomized left or right position. The feedback was aggregated, so for example, if a person on
the first trial selected an arm with a 3-trial delay and then on the next trial selected the other arm
with a 2-trial delay, then on the fourth trial they would receive 2 points (1 point for each arm,
aggregated). Participants were given 15 seconds to decide but had unlimited time for the explicit
recall questions.
Analysis

To understand the effects of the individual tasks and overarching relationship between
tasks we implemented a stepwise analysis framework. First, raw data from each task was
inspected for choice and RT. Second, we applied both frequentist ordinary least squares (OLS)
and mixed-effects regressions to each individual task and predicted their marginal group means.
OLS regressions were additionally reported to aid interpretability for readers across disciplines,
and divergence in regression approaches would further illustrate the impact of violating trial-
level independence assumptions. Third, we applied a unified hierarchical Bayesian framework to
understand both individual tasks and the covariance structure between them. Fourth, we utilized
point estimates in our Bayesian models to reproduce the key effects from the frequentist mixed-
effects models. We explain each section in detail below.
OLS and Mixed-Effects Regressions

Data from each task was inspected by calculating choice and RT across experimental
conditions. Next, we looked towards each individual task and used both OLS and mixed-effects

regressions to identify differences in the behavioral metrics as a function of experimental
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conditions (equation 1). While mixed-effects models account for the dependency among trials
within participants, OLS on participant-level summaries provide estimates under the simplifying
assumption of trial independence (participant-level). For brevity on the OLS regressions, we
report only p-values and effect sizes, but all statistics can be found in the appendix (Participant-
Level OLS Regressions in Appendix A). Because we were interested in predicted choice
probabilities and RTs, we used the ‘emmeans’ package to calculate marginal means based on
each experiment’s conditions (Mixed-Effects Regressions in Appendix A).
metric ~ regressors + (1 | participant) (1)

Individual Task Models

Go/No-Go task (ng). The modeling here will replicate and validate typical behavioral
signatures (E3) of reversal and condition (Go and No-Go). A drift diffusion model (DDM) with
stimulus-coding was used to model upper-bound Go and lower-bound No-Go responses (Drift
Diffusion Modeling, Priors, and Transformation in Appendix A). We implemented our
statistical architecture in Stan, which provides the ‘wiener’ function to implement the DDM
(Stan Development Team, 2024; Vandekerckhove et al., 2011). While we consider stimulus
coding (i.e., Go and No-Go responses as boundaries) to directly translate into DDM parameters
in terms of response across tasks, correct No-Go and incorrect Go responses lack observable RTs
and thus cannot be directly modeled using standard DDM likelihoods. However, one can
approximate the probability of observation using the following formula (Gondan et al., 2014;

Letkiewicz et al., 2024; Wiecki et al., 2013):

__exp (=2 Ung * Ong * ﬁng) -1 (2)
exp (—2+upg*ang) — 1

Here, the probability of the Go/No-Go (ng) hitting the upper boundary p uses the drift rate (vng),

boundary separation (ong), and starting point bias (Bng), as the asymptotic first-passage
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probability, integrating over all possible RTs (i.e., assuming an infinite response window).
However, new approximations might assume the likelihood as a survival function using the
response deadline (700 ms) accounting for right-hand censoring of RT (Henrich & Klauer,
2026). Either of these will be approximately equivalent when the drift rate is above 3 (S1 in
Appendix B). Finally, to account for the effects of reversal and No-Go trials on DDM
parameters, we included reversal and No-Go coefficients for drift rate, boundary separation, and
starting bias. Reversal coefficients reflect the deviation in parameters after versus before a
reversal, while No-Go coefficients reflect the deviation on parameters on No-Go versus Go
trials'.

Flanker task. The modeling here will replicate and validate typical behavioral signatures
(E3) of condition (congruent vs. incongruent). We also used a single DDM with accuracy coding
across the three experimental conditions; that is, correct responses as the upper boundary and
incorrect responses as the lower boundary. Due to the high similarity between neutral and
congruent conditions we decided to represent these two conditions in the base parameter. We
coded a regressor for the incongruent condition for deviating from the base drift rate, boundary
separation, and starting bias, which allowed us to understand how incongruency affected
cognitive processing of choice and RT. We justify the combination of neutral and congruent in
the results below.

Delay Discounting task (DD). We fit the standard hyperbolic function (Hyperbolic
Drift Diffusion Model in Appendix A) to calculate the value of the delayed option based on an

hierarchical discounting parameter (k) (Horan et al., 2017; Kirby, 1997; Laibson, 1997).

A
V = (1 + kD) S

! Note. All deviation parameters are transformed into whole values for visualization.
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Here the value of the delayed option is calculated as the amount of the wager (A) discounted
based on the delay (D). To provide some basic normalization to our equation, we divided the
delayed amount by the immediate amount ($20) so that all value differences were calculated
based on comparison to ‘1°. We estimated a hierarchical inverse temperature parameter that
scaled value differences (Vp - Vi) linearly into a drift rate, which was then incorporated in a
DDM to fit choices and RTs (Peters & D’Esposito, 2020; Rodriguez et al., 2015). We used
stimulus coding so that the upper boundary was the selection of the delayed option as there were
no correct or incorrect responses as to measure a person’s preferences.

Probabilistic Bandit task (PB). The modeling here will replicate and validate typical
behavioral signatures (E3) of reward probability reversal. We fit a Rescorla-Wagner recursive
model, which generates actions from value estimates that were constructed from prediction
errors (Rescorla & Wagner, 1972). Value calculations for each arm were initialized at 0.5 and
updated independently in each block of 30 trials, with prediction errors updating the value of the
chosen action:

6 =1 —ve(ay) 3)

Ver(ae) < ve(ap) + ady 4)

At the current time point (t), this calculates the prediction error (8) between the actual reward of
0 or 1 (r), and the current expected value (v). Actions (a) are then updated with the prediction
error and a hierarchical learning rate parameter (o). The value difference between the two arms
(V1 —V>2) is then linearly scaled with a hierarchical inverse temperature parameter to be used as a
drift rate. Utilizing this value-informed drift rate allows us to use the DDM as the choice rule
with typical parameters of boundary separation, starting point bias, and non-decision time (Lei &

Solway, 2022; Pedersen et al., 2017). We use accuracy coding so that the upper boundary
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represents selecting the higher probability option. Additionally, we used reversal coefficients for
the deviation from the initial inverse temperature, boundary separation, and starting point bias
where upon a reversal the other stimulus becomes the upper boundary (inverting the value

difference).

Delayed Bandit (DB). The modeling here will validate the stay/switch behavioral
signature of better delay estimation (H1.V). We fit the delayed bandit with a single DDM using
stimulus-coding with the upper boundary representing stay on current arm and the lower
boundary representing switch to the other arm. Given the stay or switch nature of the bounds, we
excluded the first trial from analysis. We reasoned that both the RT and choice to stay on the
current arm would be important for estimation of the delay, and that this perseverance might be
implicated in impulsivity. Our initial direction was from Pike-Burke et al. (2017, 2018) who
proposes a solution to when delayed feedback is both aggregated (sums from previous trials) and
anonymous (lacking cues to indicate which arm gave a reward) that relies on the agent’s
perseverance. That is, the credit assignment problem can be avoided if the agent selects one arm
until feedback is received and then switches to the other arm for delay estimation. Given that we
incentivized participants to estimate each arm’s delay, we should assume that low switch rates
would lead to better delay arm estimation. To validate this assumption, we also display the
relationship between stay-switch behavior and the explicit delay estimation to justify the
previous model (see Results).

Hierarchical Bayesian Model (HBM)
We also developed a framework for a Hierarchical Bayesian model (HBM), optimized

under the programming language Stan (Stan Development Team, 2024), which provides robust
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integration methods. This simultaneously fits each task separately into the models above with an
explicit estimate of the correlation matrix between and across tasks.

u; ~ N(0,10), g; ~ N*(0,10), (6)

L ~ LKJCOrT chotesky(2)» Z;j~N(0,1),
0;; = w; +diag(o;) "L} - Z; ;

Here the generative model assumes that each task parameter (i) is sampled across all participants
(j) from a Gaussian distribution with group-level mean (p) and associated standard deviations
(o). These group-level parameters are joined by a matrix for individual deviations (Z), and a
Cholesky factor for a correlation matrix (L?)*. These are combined into the covariance matrix as
the diagonal (i.e., diag) and the Cholesky factor. Finally, we use all these components in a linear
combination to create a full matrix of task parameters for each participant (0), representing each
model’s parameters (e.g, drift rate, boundary separation, discounting rate, etc.). As such, we use
this hierarchy to identify the contribution of each parameter using a non-centered method to
reduce optimization time (Stan Development Team, 2024). Note that the non-centered method is
equivalent to the centered method, 6; ; ~ N(u;, 2'), with the covariance matrix (2). Converting

the covariance matrix into a correlation matrix allows us to test many of our hypotheses (H1, H2,
H3, E1, and E2).

Next, to perform posterior predictive checks, we used the point-estimates of the HBM to
reconstruct trial-by-trial behavior of the participants in our mixed-effects models (HBM in
Appendix A). We regenerated choice behavior if any RTs were under 200ms (Go/No-Go =

22.64%, all others <.001%), due to censored RTs producing large uncertainty in non-decision

2 The Cholesky Factor improves efficiency and can be transformed back into a covariance or correlation matrix.
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time. In total, we depict all tasks effects in five separate figures with both the mixed-effects
regressions, posterior predictive checks, and distributions of our HBM model parameters.

Lastly, metrics of model parameter recovery and reliability were approximated. Using
this simulated choice behavior to refit the HBM model led to an overall high correlation of
recovery (r = .854) with recovery scatterplots for each parameter (S2 in Appendix B). We
reasoned that using a range of values to identify recovery would be too difficult due to the
restricted limits of the DDM producing implausible values. For an estimate of reliability, we split
the data for each task into even and odd trials. That is using the same model as described above,
we fit our total model to two-difference splits of even and odd trials. This allowed us to get a
split-half reliability for each parameter (S3 in Appendix B).

Results

We display descriptives of the data from our five tasks with specific focus on the
experimental conditions or metric of interest (Table 1). That is, for Go/No-Go, Flanker, and
Probabilistic Bandit, we calculated the accuracy and RT for each condition. For Delay
Discounting, we show the preference for delayed reward and RT for the different time delays (in
days). Finally, for Delayed Bandit, we examine the absolute (denoted: ‘| |”) delay deviation as

compared to the objective trial arm-delay and the RT per number of switches in a block.

Table 1. Choice behavior and RT for each experiment by various conditions.

Task Condition; Condition, Mchoice SDchoice Mgt SDRrT
Go/No-Go Go Initial 95 23 52 37
No-Go Initial .84 37 39! A
Go Reversal .92 27 57 43
No-Go Reversal 77 42 42! A1
Flanker Congruent 95 22 .39 1
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Neutral .95 23 44 A1
Incongruent 75 43 4 A
DD 1-Day .93 25 1.06 .52
10-20 Days .65 A48 1.26 .68
50-90 Days 43 5 1.26 .69
180-Days .36 A48 1.24 .67
PB Initial <5 trials .68 47 52 .24
Initial >5 trials 75 43 49 21
Reversal <S5 trials .38 49 5 22
Reversal >5 trials .55 5 49 21
Switch Rate Merror] SDierror| MRt SDrt
DB 1 1.33 1.47 75 32
2-3 1.89 1.95 .76 38
4-5 2.18 1.99 74 .39
6-7 2.48 2.13 i 3

Note. For Go/No-Go, mean RT (Mrr) for No-Go trial (!) corresponds to incorrect Go responses
only, as correct No-Go responses are censored and do not have a RT. For Probabilistic bandit
(PB), we partitioned the first five initial trials and five trials after reversal (<5 trials) to get an
intuition on learning behavior compared to subsequent trials in each period (>5 trials). Delay
Discounting (DD), we aggregated delayed preferences of 10 or 20 Days (10-20 Days) and 50 or
90 Days (50-90 Days). This was to reduce the size of the table, but the pattern holds without
aggregation. For Delayed Bandit (DB), we calculated explicit memory recall error (0 = perfect
recall) as the absolute (denoted: ‘| |”) difference from the objective trial delay (for each arm),
separately for different numbers of switches (per participant and block).

Given the initial descriptives, we can see that on the Go/No-Go task, participants
appeared to be more accurate when performing initial and Go trials as compared to reversal and
No-Go trials, whereas RT is quicker for No-Go trials (incorrect Go responses) compared to
(correct) Go responses. In the flanker task, congruent and neutral trials show similar accuracy
and RT, whereas for incongruent trials accuracy decreases but RT is about the same. In the

probabilistic bandit task, we can see that over the course of learning (> 5 trials) accuracy
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increases (compared to <5 trials) and the reversal decreases overall accuracy (compared to
initial), but RTs appear stable. In the delay discounting task, the propensity to select the
immediate option appears to increase as delays get longer, and RT only appears quicker in the 1-
day condition. Finally, data from the delayed bandit task appears to match the delay estimation
heuristic, as a single switch leads to better performance on predicting the arm’s trial delay,
compared to more switches. Overall, the effects of the conditions in the experiments matched our
initial intuition for choice behavior, whereas RT shows a less consistent pattern across
manipulations. However, these initial descriptives cannot make claims on whether these
differences were meaningful or simply due to chance. Thus, we proceeded to analyze the data
from each task using regression and HBM analyses.

Inhibitory Control (Go/No-Go)

To assess if there was a constant effect of the manipulations across trials, we aggregated
accuracy and RT for each participant. We then used two OLS regressions with an interaction
term (No-Go * reversal conditions) for both accuracy and RT. Accuracy residuals showed a large
negative skew, which OLS regression is reasonably robust against. There was a significant
interaction between no-go and reversal in predicting accuracy, p = .036, #°,= .005. There was no
significant effect of reversal, p = .116. For no-go blocks, there was a significant effect, p <.001,
n°»=.06. For RT, residuals were acceptable for normality. Predicting RT by the No-Go and
reversal interaction, there was not a significant effect, p = .13. For reversal, there was a
significant effect, p = .04, °,=.005. For No-Go trials, there was also a significant effect, p <
.001, #°,=.03. In the next paragraph, we find differences to the mixed-effects models and
provide interpretation in reference to the OLS findings.

Next, we fit a mixed-effects model to the trial-by-trial data (equation 1), predicting
accurate choice (0 = incorrect, 1 = correct) and RT from an interaction between trial type (No-Go

vs Go) and reversal (reversal vs initial). For accurate choice (Figure 2A), the interaction was
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significant with a reduction in odds-ratios (OR), ¥*(1) = 33.36, p < .001, ORpogo*reversal = .925,
95% CI [.77, 1.106]%, such that accuracy declined more sharply when No-Go trials occurred in
the reversal block. The reversal regressor also had a significant effect on accuracy, with a
reduction in odds, ¥*(1) = 35.83, p <.001, ORyeversal = .63, 95% CI [.55, .711], confirming that
accuracy decreases after the reversal compared to before. To note, this differs from the
participant-level probability, p = .116, which may demonstrate that reversal effects are not
constant across trials. Finally, the effect of no-go trials was also significant with a large reduction
in odds, ¥*(1) = 331.15, p < .001, ORpogo = .266, 95% CI [.232, .305], indicating lower accuracy
on No-Go than Go trials. Choice behavior was replicated through these manipulations.

For RTs (Figure 2B), the interaction was significant with an increase in geometric mean
ratio (GMR), %*(1) = 148.68, p <.001, GMRogot*reversal = 1.034, 95% CI [1.013, 1.055],
suggesting participants’ RT decreased more for No-Go trials than Go trials after reversal. Once
again, this differed from participant-level effects, p = .13, which may demonstrate that
participants were not constant on No-Go trials during reversal blocks. Reversal had a significant
effect on RTs, showing an increase in ratio, y*(1) = 55.09, p < .001, GMReversal = 1.031, 95% CI
[1.026, 1.037], indicating participants slowed down after a reversal. Finally, the effect of no-go
trials was also significant with a large reduction in ratio, ¥*(1) = 13579.34, p < .001, GMRpog0 =
913, 95% CI [.899, .928], confirming the observed pattern of faster RTs when incorrect Go
responses are made on No-Go trials. Overall RT manipulation effects were replicated.

Using point estimates from the HBM for each participant, data were simulated and then
fit to the same equation from the multilevel models to assess predictive strength. Behavioral

recovery was strong for all eight conditions (accuracy, rt; Go, No-Go; initial, reversal), with

3 Note that p-values are calculated using the likelihood ratio test from the ‘mixed’ function in the ‘afex’ package
(Luke, 2017), and thus, df-correct p-values might not reflect overlap in 95% CI’s.
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participant-level correlations between simulated and observed data ranging from » = .687 to .871,
all p’s <.001 (S4 in Appendix B). Posterior distributions (group means) of the model parameters
are displayed in Figure 2E, along with specific numerical means, and 95% Credible Intervals
(Crl) (Table 2). Using the average of initial and reversal, parameters showed notable differences
between Go and No-Go trials with boundary and bias reaching significance, (Go: drift rate =
7.499, boundary = 2.44, bias = .1; No-Go: drift rate = 7.07, boundary = 1.98, bias =.007). No-
Go trials showed a non-significant reduction in drift rate and a significant reduction in boundary
separation illustrating increased errors and faster RT. No-Go trials were associated with a
significantly higher negative bias, illustrating less evidence was needed to withhold a response.
Drift rate also showed an attenuation of effects in Go and No-Go trials when in the reversal
block as the credible intervals overlapped. Overall, participants adapted their bias and boundary
when presented with No-Go trials rather than modifying their rate of evidence accumulation.
While the core parameters show hypothesized results, the asymmetry in starting-point bias was
surprising and may illustrate a decrease in necessary evidence to withhold response.

Table 2. Go/No-Go hierarchical drift diffusion untransformed parameters (Figure 1E). Means
and 95% credible intervals displayed.

Parameter Reversal Go/No-Go Mean 95% Crl
Drift rate initial Go 7.91 [7.51, 8.35]
No-Go 7.48 [6.93, 8.06]
reversal Go 7.09 [6.74, 7.46]
No-Go 6.66 [6.19, 7.17]
Boundary initial Go 2.51 [2.33,2.71]
No-Go 2.04 [1.85,2.26]
reversal Go 2.38 [2.22, 2.57]
No-Go 1.92 [1.75,2.13]

Bias initial Go 1 [.09, .11]
No-Go .007 [.005,.009]

reversal Go A [.09, .11]
No-Go .007 [.006, .009]

NDT - - 14 [.13,.16]

Note. NDT = nondecision time which was not fit with condition-based regressors or to the
covariance matrix. Crl = credible interval.
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Figure 2. Go/No-Go Performance. (A). Marginal accuracy means with participant-level means
(dots — jittered) and lines from initial to reversal. (B). Marginal RT means for correct Go and
incorrect No-Go trials with participant-level means (dots — jittered) and lines from initial to
reversal. Marginal means in (A) and (B) were obtained from mixed-effects regressions predicting
accuracy (A) and RTs (B) from an interaction between trial type and reversal. (C). Predicted
accuracy effects using simulation data from Bayesian parameter points estimates. (D). Predicted
RT effects using simulation data from Bayesian parameter points estimates. (E). Posterior
distributions of group-level natural-scale means from all Bayesian hierarchical DDM parameters
excluding nondecision time. Darker segment lines for each parameter represent 95% credible
interval.

B. Participant RT
A. Participant Accuracy Note: Censored RTs for incorrect Go and correct No-Go trials
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Attentional Control (Flanker)

To see if there was a constant effect of the manipulations across trials, we aggregated
accuracy and RT for each participant. We then used two OLS regressions with a single regressor
term (incongruent) for both choice and RT. For choice behavior, residuals showed a large
negative skew. Predicting choice by incongruency showed a significant effect, p <.001, #°,=
.25. For RT, residuals were acceptable for normality. Predicting RT by incongruency also
showed a significant effect, p <.001, #°,=.15. We find no substantial differences to the mixed-

effects models and provide interpretations in the next paragraph.

31



Next, we examined participants’ trial-by-trial choice and RT (equation 1) with an
incongruency regressor. For choice behavior (Figure 3A), we show that the effect of
incongruency significantly reduced odds-ratios, y*(1) = 2583.75, p < .001, ORincongruency = .096,
95% CI [.086, .11], showing an overall reduction in accuracy. For RT (Figure 3B), we show that
incongruency had a significant effect with an increase in geometric mean ratio, *(1) = 2968.96,
p <.001, GMRincongruency = 1.121, 95% CI [1.116, 1.125], where participants took longer in
incongruent trials. Both effects were consistent with participant-level effects and may illustrate
consistency of effects across trials. This provides support for replication of known conditional
effects in both choice and RT.

Using point estimates from the HBM for each participant, we simulated data and fitted
the same equation from the multilevel models to assess predictive strength. Behavioral recovery
was strong, with participant-level correlations between simulated and observed data ranging
from: » = .88 t0 .98, all p’s <.001 (S5 in Appendix B). We display both the graphical
representation of the group-means (Figure 3E) along with specific numerical means, and 95%
Credible Intervals (Table 3). Incongruent trials showed significant reductions in drift rate (3.48)
without a compensatory boundary increase (congruent = .88, incongruent = .87) suggesting
participants did not adopt a more conservative threshold, despite the increased difficulty.
Additionally, starting-point bias was significantly negative across both trial types, indicating a
general bias toward the incorrect boundary. The difference between congruent and incongruent
conditions bias was non-significant, (congruent = .31, incongruent = .28). These results show
overall hypothesized effects with the reduction in accuracy and increase to RT.

Table 3. Flanker hierarchical drift diffusion natural-scale parameters (Figure 3E). Means and
95% credible intervals displayed.

Parameter Condition Mean 95% Crl

Drift rate congruent 6.23 [5.9, 6.57]
incongruent 3.52 [3.13, 3.9]

Boundary congruent 1.22 [1.17, 1.28]
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incongruent 1.22 [1.17,1.27]

Bias congruent 31 [.297, .332]
incongruent 28 [.262, .303]
NDT - .26 [.25, .27]

Note. NDT = nondecision time which was not fit with regressors or to the covariance matrix. Crl
= credible interval.

Figure 3. Flanker Performance. (A). Marginal accuracy means with participant-level means
(dots — jittered) and lines from congruent to incongruent trials. (B). Marginal RT means with
participant-level means (dots — jittered) and lines from congruent to incongruent trials. Marginal
means in (A) and (B) were obtained from mixed-effects regressions predicting accuracy (A) and
RTs (B) from trial type. (C). Predicted accuracy effects using simulation data from Bayesian
parameter points estimates. (D). Predicted RT effects using simulation data from Bayesian
parameter points estimates. (E). Posterior distributions of group-level natural-scale means from
all Bayesian hierarchical DDM parameters excluding nondecision time. Note. Darker segment

lines for each parameter represent 95% credible interval.
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Temporal Discounting (Delay Discounting Task)

We used participant-level regression with delay as an orthogonal polynomial contrast to
assess a constant effect of delay and magnitude across trials. Thus, two OLS regressions were
used to predict both choice and RT. For choice behavior, residuals showed a departure from
normality, which is predictable given the typical non-linear effect of delay. Predicting choice by
delay showed a significant linear effect, p <.001, and a significant quadratic effect, p <.001,
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with an overall large effect size, n°,= .25, all other effects were not significant. For RT, residuals
were acceptable for normality. Predicting RT by delay showed a significant linear effect, p <
.001, and significant quadratic effect, p <.001, with an overall small effect size, #°,= .03, all
other effects were not significant. For both metrics, the participant-level quadratic effect
demonstrates nonlinearity in choice and RT. We present the mixed-effects models below, which

show no differences to the OLS regressions.

Next, we looked towards trial-by-trial choice and RT (equation 1) with both a fixed
magnitude and delay regressor along with a random intercept of participant. For choice behavior
(Figure 4A), we show that delay significantly decreased odds-ratios (OR) of choosing the
delayed option, }*(5) = 6958.38, p < .001, ORjincar = .006, 95% CI [.005, .007], OR quadratic =
5.602,95% CI [4.93, 6.37], and a significant increase for magnitude, y*(1) = 2249.15, p < .001,
ORmagnitude = 2.37, 95% CI [2.28, 2.46]. All delay effects were significant for the other
polynomials, showing that preference for the delayed option had a non-monotonic decline in
selection. For RT (Figure 4B), we show that delay was significant with an increase in ratio, ¥*(5)
= 588.39, p <.001, GMRiinear = 1.12, 95% CI [1.09, 1.14], GMRguadratic = .87, 95% CI [.87, .88],
and a significant decrease for magnitude, x*(1) = 158.06, p < .001, GMRmagnitude = .98, 95% CI
[.976, .983], all effects other than polynomial-5 were significant, demonstrating that RT also had
a non-monotonic effect. Both metrics showed agreement on participant-level effects of linearity
and rate of change, but trial-level revealed more variability regarding the differing delays.

Using point estimates from the HBM for each participant, we simulated data which was
refit in the multi-level model equation to assess predictive strength. Behavioral recovery was
strong, with participant-level correlations between simulated and observed data ranging from » =
.84 t0 .96, all p’s <.001, and choice behavior for 1-day delay: » = .61 (S6 in Appendix B). We
display both the graphical representation of the group-means (Figure 4E) along with specific

numerical means, and 95% Credible Intervals (Table 4). The low discount rate indicates
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generally patient preferences where we display the 95% credible interval transformed on the
delayed value of $100 using the mean value of k: 95% 1-day Crl [$96.01, $98.43], 95% 10-days
Crl [$70.65, $86.24], 95% 20-days Crl [$54.61, §75.81], 95% 50-days Crl [$32.49, $55.63],
95% 90-days Crl [$21.1, $41.05], and 95% 180-days Crl [$11.79, $25.83]. Noteworthy, the k
parameter had a large degree of variance in the group-distribution reflecting a wide range of k
values. The inverse temperature parameter (temp = .94) indicated choice consistency, such that
calculated value differences from k largely determined preference of choice. Participants
maintained a moderate decision boundary (2.19), reflecting consistent response caution across
choices. Finally, the starting point bias (.52) was significantly greater than .5 and participants
required more evidence to select the immediate option.

Table 4. Delay Discounting hierarchical hyperbolic drift diffusion natural-scale parameters
(Figure 4E). Means and 95% credible intervals displayed.

Parameter Mean 95% Crl
k 027 [.016, .042]
temp 94 [.87, 1.09]
Boundary 2.19 [2.12,2.26]
Bias .52 [.508, .534]
NDT A48 [.445, .517]

Note. NDT = nondecision time which was not fit to the overall covariance matrix. Crl = credible
interval.

Figure 4. Delay Discounting Performance. (A). Marginal means for whether participants
selected the option (preference) with participant individual lines for each delay. (B). Marginal
RT means with participant-level means (dots — jittered) and lines for each delay. Marginal means
in (A) and (B) were obtained from mixed-effects regressions predicting preference (A) and RTs
(B) from trial type. (C). Predicted preference effects using simulation data from Bayesian
parameter points estimates. (D). Predicted RT effects using simulation data from Bayesian
parameter points estimates. (E). Posterior distributions of group-level natural-scale means from
all Bayesian hierarchical DDM parameters excluding nondecision time. Darker segment lines for
each parameter represent 95% credible interval (Crl).
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Probabilistic Learning (Probabilistic Bandit)

To see if there was a constant effect of the manipulations on the trial-level, we aggregated
accuracy and RT for each participant. We then used two OLS regressions with an interaction
between reversal (0 = initial, 1 = post-reversal) and trial timing for both choice and RT. Trial
timing was a dummy-coded variable with zero representing trials below the median for that
specific block and one otherwise. This allowed us to maintain participant-level aggregation while
also capturing early and late behavior from the learning task. For choice behavior, residuals
followed a normal curve. Predicting choice showed a significant interaction, p = .002, #°,=.01.

A significant main effect of reversal, p <.001, #°,= .15, and a main effect of timing, p <.001,
n°»=.03. For RT, residuals showed a deviation from normality with a positive skew indicating
possible violations. Predicting RT showed a significant interaction, p = .004, °,=.01. A
significant main effect of reversal, p < .001, #°,= .02, and a main effect of timing, p <.001, 5°,=

.03. We find consistency in significant differences to the mixed-effects models below.
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Next, we looked towards the trial-by-trial choice and RT using equation 1 with both a
fixed dichotomous variable for reversal with an interaction for a fixed effect of the current block
trial. For choice behavior (Figure 5A), we show a significant interaction between reversal and
current block trial, ¥*(1) = 29.5, p < .001, ORyia*reversal = 1.18, 95% CI [1.12, 1.24], identifying
that participants learned at a faster rate after a reversal. There was a significant main effect of
reversal, ¥*(1) = 1174.71, p < .001, ORyeversal = .51, 95% CI [.48, .53], which indicates that
accuracy went down after reversal. Additionally, there was a significant effect of trial, y*(1) =
207.42, p <.001, ORgia1 = 1.28, 95% CI [1.21, 1.35], once again showing an effect of learning
over time. For RT (Figure 5B), we show a significant interaction between reversal and current
block trial, x*(1) = 260.73, p < .001, GMRuial*reversal = 1.09, 95% CI [1.078, 1.098], indicating
that after reversal participants took longer as trials increased. There was a significant main effect
of reversal, y*(1) = 98.87, p < .001, GMReversal = .947, 95% CI [.939, .955], highlighting that RT
decreased after a reversal. Additionally, there was a significant effect of trial, ¥*(1) = 227.45, p <
.001, GMRgia = .907, 95% CI [.897, .917], which demonstrates that RT went down over the
course of the block. Both trial-level and participant-level showed the same effects, demonstrating
possible consistency in participants’ choice behavior. While this provides support for the reversal
effects on reducing accuracy, RT showed the opposite of the hypothesized prediction with
quicker decisions after reversal.

Using point estimates from the HBM for each participant, we simulated data and fitted
the same multilevel models to assess predictive strength. Behavioral recovery was strong, with
participant-level correlations between simulated and observed data, » =.73 to .95, all p’s <.001
(S7 in Appendix). We display both the graphical representation of the group-means (Figure SE)
along with specific numerical means and 95% Credible Intervals. First, we see a substantial
individual variability in learning rate with a high mean update rate (learning rate =.52). To note,

parameter recovery on learning rate was low-to-moderate (S2 in Appendix B) and oftentimes is
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not a reliable parameter between contexts (Eckstein et al., 2022), limiting the reliability on
interpretation. We can see that most of the parameters showed minimal to no difference across
the initial and reversal conditions. However, boundary separation showed a reduction when
moving from initial (1.16) to the reversal block (1.07), which illustrated a counterintuitive notion
that participants required less evidence for the reversal block. Starting point bias showed no
meaningful effect in either condition. The HBM results were consistent with previous analysis on
reduction in accuracy through reducing inverse temperature, but boundary separation was also
reduced, indicative of quicker decisions needing less evidence against our hypothesized slower
RT.

Table 5. Probabilistic Bandit hierarchical Rescorla-Wagner drift diffusion natural-scale
parameters (Figure SE). Means and 95% credible intervals displayed.

Parameter Condition Mean 95% Crl
Temp Initial 2.91 [2.59, 3.22]
Reversal 2.5 [2.17,2.83]
Boundary Initial 1.16 [1.12, 1.18]
Reversal 1.07 [1.04,1.1]
Bias Initial A48 [.479, .49]
Reversal 49 [.486, .5]
Learning Rate - 52 [.45,.59]
NDT - 23 [.22, .24]

Note. NDT = nondecision time which was not fit to the overall covariance matrix. Learning rate
did not differentiate for reversal. Crl = credible interval.

Figure 5. Probabilistic Bandit Learning. (A). Marginal accuracy means with participant-level
means (dots — jittered) and lines from initial to reversal blocks. (B). Marginal RT means with
participant-level means (dots — jittered) and lines from initial to reversal blocks. Marginal means
in (A) and (B) were obtained from mixed-effects regressions predicting accuracy (A) and RTs
(B) from block type. (C). Predicted accuracy effects using simulation data from Bayesian
parameter points estimates. (D). Predicted RT effects using simulation data from Bayesian
parameter points estimates. (E). Posterior distributions of natural-scale group-level means from
all Bayesian hierarchical DDM parameters excluding nondecision time. Note. For (E), Darker
segment lines for each parameter represent 95% credible interval (Crl).
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Delayed Learning (Delayed Bandit)

Our analysis of the delayed bandit follows a slightly different approach to justify our use
of stay-switch behavior as the principal metric for impulsivity. We performed participant and
block-level aggregation and perform OLS regressions to test for interaction of two dummy-coded
variables - switch rate within block and arm (quicker or slower delay) — to predict deviation from
delay estimation, calculated as the absolute estimation error from the true arm delay (0 is perfect
recall), as well as to predict RTs. For delay estimation, residuals had a slightly positive curve but
once again OLS regression is robust to these violations. There was a positive interaction between
switch rate and arm in delay estimation error, p < .001, #°,= .02, where increased switch rate
was more detrimental to the slower arm’s delay estimation. There was a main effect of switch
rate, p = .003, #°,=.003, such that more switches during a block led to larger delay estimation
error. Lastly there was also a significant main effect of arm, p = .002, 5°,= .002, showing that
the slower arm resulted in greater delay estimation error. For RT, residuals showed a deviation

from normality with a positive skew. There was only a significant main effect of switch, p =
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.002, #°,=.002, such that more switches were associated with faster RTs. All other effects were

not significant, p > .05.

Given that delay estimation only occurred once within a block, we examined each
participant’s block-level estimation error as a function of trial-level switch interacting with long-
arm with a gaussian link (equation 1). There was a significant interaction between switch rate
and arm on estimation error (Figure 6A), F(1,41629.71) = 12.02, p < .001, bswitch*arm = 1.124,
95% CI[1.052, 1.201], such that for the slower arm switch rate dramatically increased delay
estimation error. There was a significant main effect of switch, F(1, 41549.63) =6.91, p =.009,
bswiteh = .986, 95% CI [.94, 1.033], which showed that switch rate only appears to affect the
slower arm delay estimation. Additionally, there was a significant effect of arm, F(1, 214.34) =
148.35, p <.001, barm = 2.678, 95% CI [2.285, 3.138], indicating as expected that delay
estimation error was larger for longer delay. While this does provide support for the validating
hypothesis (H1.V), the shorter arm delay estimation was largely unaffected by switch rate. For
RT (Figure 6B), we investigated to see if there was a quadratic relationship with block trial as a
multilevel log link regression (equation 1). There was a significant linear effect of trial, F(1,
4941.78) =767.92, p < .001, biinear = .87, 95% CI [.848, .884], and a significant quadratic effect,
F(1,20557.34) =571.75, p < .001, bquadratic = 1.118, 95% CI [1.108, 1.129]. Effects show that
participants appeared to be more patient at the beginning and the end of a block.

Using point estimates from the HBM for each participant, we simulated participants’
trial-level behavioral data. Using this simulated data, we attempted to predict delay estimation
error using the trial-level simulated data and block-level best-fitting multilevel model. Although
this only approximates the delay estimation mechanism, we could not find a well-fitting delay
estimation mechanism to include in the HBM. Behavioral recovery was strong, with participant-
level correlations between simulated and observed data, » = .952 and .975, all p’s <.001. We

display both the graphical representation of the group-means (Figure 6E) along with specific
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numerical means and 95% Credible Intervals (Table 6). The positive drift rate shows that on
average participants were more likely to sample evidence to stay on their current arm. Starting-
point bias did show a slight asymmetry favoring stay, though the effect was not significant and
small.

Table 6. Delayed bandit hierarchical drift diffusion natural-scale parameters (Figure 6E). Means
and 95% credible intervals displayed.

Parameter Mean 95% Crl

Drift rate 1.08 [1.03, 1.13]

Boundary 1.48 [1.42,1.53]
Bias .508 [.497, .52]
NDT 214 [.203, .225]

Note. NDT = nondecision time which was not fit to the overall covariance matrix. Crl = credible
interval.

Figure 6. Delayed Bandit Learning. (A). Marginal mean delay estimation error with
participant-level means (dots — jittered) and lines from participants’ four block estimates. (B).
Marginal means RTs with participant-level lines across block trials. Marginal means in (A) and
(B) were obtained from mixed-effects regressions predicting delay estimation error (A) and RTs
(B) from switch rate and arm, and block trial, respectively. (C). Predicted delay estimation error
effects using simulation data from Bayesian parameter points estimates fed through best-fitting
mixed-effects model from (A). (D). Predicted RT effects using simulation data from Bayesian
parameter points estimates and real RT. (E). Posterior distributions of natural-scale group-level
means from all Bayesian hierarchical DDM parameters excluding nondecision time. Note. For
(E), Darker segment lines for each parameter represent 95% credible interval (Crl).
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Task Correlations (Shared and Unique Variance in Impulsivity Dimensions)

To give greater insight into the relationships amongst the various experiments we
performed several analyses. First, we correlated choice behavior of the five experiments (Figure
7A) and RT (Figure 7B), both of which were first averaged for each participant then correlated
across participants between tasks. Then, we calculated typical metrics of impulsivity in these
tasks and placed them into a correlation matrix (Figure 7C). Finally, the posterior population
correlations were modelled in a covariance matrix within our hierarchical Bayesian modelling
framework (Figure 7D). To deal with multiple comparisons we display a Bonferroni-corrected p-
value above and non-corrected below the diagonal (Figure 7A-C), whereas for the HBM we use
a covariance prior that leaned towards the null hypothesis (p = 0) for Figure 7D (Drift Diffusion
Modeling, Priors, and Transformation in Appendix A).

Associations between Go/No-Go and flanker reveal shared quality of evidence

accumulation
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We find relationships in accuracy, RT, drift rate, and boundary for Go/No-Go and flanker
task (E1 and E2). Specifically, the ability to inhibit motor response (Go/No-Go choice accuracy)
and attentional control (Flanker choice accuracy) were positively correlated, #(208) = .392, p <
.001, 95% CI [.216, .544], as were the RTs in those decisions across participants, #(208) = .31, p
<.001, 95% CI [.125, .474] (Figure 7A). This was also reflected in typical impulsivity-like
metrics like Go/No-Go false alarm rate and inaccuracy in Flanker incongruent trials, #(208) =
391, p<.001, 95% CI [.199, .554] (Figure 7B). Additionally, we examined difference metrics
for Go/No-Go (Go — No-Go) and flanker (congruent — incongruent), there was a positive
correlation between the two metrics which did not survive correction for multiple comparisons,
r(208) = .2, p =.19, 95% CI [-.026, .409], all other correlations between difference metrics were
not significant.

In the modelling parameters (Figure 7D), the participant-level correlations aligned with
the posterior correlations between the two tasks in drift rate, » = .37, p <.001, 95% CrI [.26, .48],
and boundary separation, » = .26, p <.001, 95% CrlI [.11, .41], but not bias, p = .11 (Figure 7C).
The regressors for No-Go and reversal — which capture the deviation in parameter values
between No-Go and Go trials, and after versus before the reversals, respectively — exhibited
mixed associations with flanker incongruent regressors, deviation between incongruent and
congruent trials (Figure 7D). Given the low recovery rate of the regressors deviations (S2 in
Appendix B), one should be mindful of interpretation on deviation effects as these could be
artifacts of within-task correlations (within black borders in Figure 7D). Specifically, we can see
that on average participants’ performance generalized across the two tasks in both accuracy (drift

rate) and RT (drift rate and boundary separation).
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Positive associations between probabilistic and delayed bandit display similar behaviors

for optimal policy

The two bandit tasks (probabilistic bandit and delayed bandit), despite tapping into two
distinct forms of credit assignment, showed several relationships across participants. Stay
behavior in the delayed bandit was positively related to stay behavior in the probabilistic bandit,
r(208) = .44, p <.001, 95% CI [.26, .6] (Figure 7C), which reflects the predicted hypothesized
direction (H3) with participants who were mostly consistent with staying or exploiting in the two
contextually different bandits. In terms of model parameters, this pattern emerged in a positive
relationship between the probabilistic bandit inverse temperature and the delayed bandit drift
rate, r = .27, p <.001, 95% Crl [.13, .42], as well as between boundary separation, r = .29, p <
.001, 95% CrI [.16, .41], and bias, » =.24, p = .02, 95% CrI [.03, .45] between the two tasks
(Figure 7D). These positive relationships in computational parameters appear to be consistent in
information processing as to the relationship of stay behavior and accuracy.

Additionally, switching behavior in both bandits predicted delay estimation in the
delayed bandit. Specifically, staying in the delayed bandit led to better delay estimation (i.e. less
delay estimation error), #(208) =-.49, p <.001, 95% CI [-.635, -.316], consistent with Figure 6A,
along with delay estimation on stay behavior in the probabilistic bandit, #(208) =-.23, p =.016,
95% CI [-.419, -.024]. Furthermore, accuracy in the probabilistic bandit was related to stay
behavior in the delayed bandit, #(208) = .21, p = .002, 95% CI [.078, .337], and stay behavior in
the probabilistic bandit, #(208) = .44, p <.001, 95% CI [.32, .54]. Accuracy (higher probability
or lower delay arm selected) did not correlate overall between bandits, p = .565, but participant-
level RT did, 7(208) =.383, p <.001, 95% CI [.205, .536] (Figure 7A-B). In summary, bivariate

correlates between delayed bandit and probabilistic bandit showed support for some of our
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hypothesized relationship; however, the lack of any correlates with learning rate in the
probabilistic bandit did not confirm our hypothesis.

Attentional control shows stronger associations to delayed learning than inhibitory

control

Comparing variables across cognitive domains (cognitive control versus reward
learning), we find the strongest associations (i) between Flanker task accuracy and delayed
bandit stay rate, (ii) between probabilistic bandit and both inhibitory tasks for RT, and (iii) in
drift rate/inverse temperature between delayed bandit and Flanker and between probabilistic
bandit and both inhibitory tasks. Stay rate in the delayed bandit task was positively correlated
with accuracy in the Flanker task, #(208) = .27, p <.001, 95% CI [.077, .436] (Figure 7A), but
not with Go/No-Go accuracy, #(208) = .18, p = .081, 95% CI [-.011, .362]. Probabilistic bandit
accuracy was not correlated with either inhibitory task accuracy for Go/No-Go, p = 1, and
Flanker, #(208) = .19, p = .068, 95% CI [-.01, .37]. Mean RTs were significantly correlated
between the probabilistic bandit task and both Go/No-Go, 7(208) = .287, p <.001, 95% CI [.099,
.454], and Flanker, 7(208) =.361, p <.001, 95% CI [.181, .518] (Figure 7B). However, RT
correlations between the delayed bandit task and both inhibitory tasks did not survive correction
for multiple comparisons, Flanker, #(208) =.174, p = .14, 95% CI [-.031, .345], Go/No-Go, p =
1. Accuracy on Flanker incongruent trials was correlated with delayed bandit stay, 7(208) = .239,
p=.01,95% CI [.033, .426], and positively correlated with probabilistic bandit switch rate,
r(208) =.294, p = .01, 95% CI [.092, .473] (Figure 7C). However, associations between Go/No-
Go false alarm rate and stay/switch rate from either bandit task were not significant, both p’s = 1.
Specifically, delayed bandit drift rate correlated with Flanker drift rate, » = .199, p = .002, 95%

Crl [.066, .325], while probabilistic bandit inverse temperature correlated with both Flanker drift

45



rate, r = .222, p =.002, 95% Crl [.073, .36], and Go/No-Go drift rate, » = .144, p = .029, 95% CrI
[-.005, .287]. Bias or boundary separation posterior parameters were not correlated between
inhibitory tasks and bandit tasks. This did not provide much support for our hypothesized
relationship between parameters, but there was a relationship between both bandits’ drift and
inverse temperature and flanker whereas the relation to Go/No-Go was weaker (H2).

Delay discounting shows some associations to other dimensions

Preference for the delayed reward was correlated with performance on flanker, 7(208) =
17, p=.11,95% CI [-.02, .36] but did not survive Bonferroni-correction along with other tasks’
choice behavior (all p’s > .11, Figure 7A). The delay discounting RTs were correlated with
Go/No-Go RTs, 7(208) = .242, p = .004, 95% CI [.051, .415], all other correlations with RTs in
other tasks did not survive multiple comparisons, all p’s > .108 (Figure 7B). In terms of
impulsivity-specific metrics, delay discounting, measured as the area under the curve (AUC),
represents a metric of discounting using indifference points and integration where higher values
indicate less discounting (Myerson et al., 2001). AUC was positively correlated with
probabilistic bandit stay rate, #(208) =.259, p <.001, 95% CI [.054, .443], suggesting that the
more patient a participant is (preferring larger-later option) the more likely to stay on decision in
a probabilistic environment. Finally, the model’s discounting parameter (k) showed relationships
to Go/No-Go drift rate, » = -.158, p = .006, 95% CrI [-.283, -.033], flanker drift rate, » = -.154, p
=.008, 95% CrI [-.281, -.027], and probabilistic bandit inverse temperature, » = -.145, p = .028,
95% Crl [-.29, .005]. That is, if a participant selects the larger-later option in a delay discounting
framework, then they are more likely to have higher quality of information gathering in
probabilistic learning and cognitive control. While we find ample support for our hypothesized

relationships, the delay discounting boundary and delayed bandit boundary was significant, » =
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21, p=.008, 95% Crl [.079, .344], but not between drift rates or discounting rate against our
hypothesis (H1).

Figure 7. Correlations between behavioral measures. Cross-task correlations for data (A-C)
with Bonferroni-corrected for multiple comparisons and below diagonal are non-corrected. (A).
Correlations between mean participant-level accuracy (P-Bandit = probabilistic bandit, Go/No-
Go, flanker), preference for the delayed option (discounting = delay discounting), and stay rate
(D-Bandit = delayed bandit). (B). Correlation between mean participant-level RT (RT) across
tasks. (C). Correlations between mean participant-level impulsivity metrics. (D). Posterior
correlates between hierarchical Bayesian model parameters, extracted from the model’s
covariance matrix, both within- (above thick black line) and across tasks.
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Note. Blank correlations were not significant (p > .05). For (D), added black lines to distinguish
within-task correlations from between-task correlations with grey overlay to help distinguish
between-task parameters. Tasks are abbreviated as follows: pb = probabilistic bandit, db =
delayed bandit, dd = delay discounting, fk = flanker, ng = go/no-go. Metrics include: wsls = win-
stay lose-switch rate, switch = switch rate, auc = discounting area under the curve, ca = delay
estimation, incog = accuracy on incongruent trials, fa = false alarm rate.
Chapter 1 Summary
Impulsivity is one such construct that is difficult to collapse and remains best described

as a multidimensional construct (Dalley & Robbins, 2017; Evenden, 1999; Moeller et al., 2001;

Okan & Hallquist, 2025; Strickland & Johnson, 2021). To better characterize the
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multidimensional nature of impulsivity, the methodology utilized a Bayesian hierarchical
framework to estimate computational models and their associated parameters. We found support
for multiple hypotheses along with many unexpected findings. First, the implementation of a
novel delayed bandit task showed that choice consistency led to better delay estimation (H1.V).
Specifically, this was driven by participants’ better estimation of the slower arm as a function of
stay behavior. Second, we found correlations between probabilistic and delayed RL, such that
more consistent behavior in both bandits led to greater reward maximization and delay
estimation (H3). Response consistency in delayed learning was related to higher accuracy in the
probabilistic learning. Third, we found evidence that discounting rate was related to evidence
accumulation for CC and probabilistic RL but not for delayed RL (H1). Fourth, RL and CC did
have weak-to-mixed correlations, but reward learning was more strongly associated to attentional
control than to motor control (H2). The correlations across RL and CC appeared to be in relation
to RT, but upon closer inspection, the rate at which a participant would scale their learned values
was related to the vigor of evidence accumulation. In our exploration we find multiple instances
of correlations between task-modalities (E1) and similar computational parameters (E2). Lastly,
we replicated classic manipulations of reversing contingencies and inducing interference in
participants’ information processing (E3). Given the amount of information, we cover each of

these hypotheses along with our exploratory search in the general discussion chapter.

Chapter 2: Personality Impulsivity

Impulsivity is comorbid with a variety of diagnoses, occurring under diagnoses of
ADHD, bipolar disorder, personality disorders, and anxiety disorders to name a few (American
Psychiatric Association, 2022). In measurement, trait impulsivity has been measured through a

diverse assortment of paradigms, which spans psychomotor efficiency (Barratt, 1959; Stanford et
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al., 2009), functional adaptivity (Dickman, 1990; Eysenck & Eysenck, 1978), and the big-five
factor model of personality (Cyders et al., 2007; Whiteside & Lynam, 2001) paradigms.
Specifically, psychomotor efficiency focuses on the efficiency of cognitive processes
coordinating with motor movements to produce fluid and adaptive behavior. Overlapping with
functional adaptivity, which divides impulsivity into functional and dysfunctional features that
describe a participant’s speed of processing in relation to the behaviors at hand. Once again,
other measures of impulsivity have been yoked to the big-five factor model of personality, where
extraversion, openness to experience, and neuroticism might uncover various features of an
impulsive personality.

While each paradigm focuses on different attributes, the overall relationship of
impulsivity to mental health outcomes is multidimensional and complex. Due to the sheer
vastness of measuring apparatuses, our review will focus on Barratt’s impulsivity measure (BIS-
11), which is arguably the most common self-report instrument for research in measuring
personality and behavioral impulsivity (Stanford et al., 2009). As such, we will review some
brief history, the BIS-11, and its relation to other personality questionnaires, behavioral tasks,
and clinical disorders.

Impulsivity Questionnaires

Historically, impulsivity has a long and broad background referenced from times of the
Greeks to more modern western views on the ‘will’ (Fernandez & Bravo, 2003). Overall, many
of these early philosophical theories stemmed from disease-models of psychopathology which
have normatively loaded the term of impulsivity to equate to problematic behavior. In
psychology, the difficulty in defining the term reinforces the issues of the past, where

operationalizing of impulsivity has found wide divergence (Evenden, 1999). As such,
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impulsivity is thought to be a latent variable that is constructed from several independent factors
with little agreement to the factors between studies (Evenden, 1999; Moeller et al., 2001).
Certainly the broadness of defining and measuring impulsivity has left many with questions of
what might be specific and precise to the construct (Strickland & Johnson, 2021). However, one
should be mindful that most psychological constructs, such as intelligence or psychopathology,
have taken generations to create stable, measurable, and predictive traits of impulsivity (Huang
et al., 2024). One such example of the overtime improvement in impulsivity is found in the BIS-
11.

The BIS-11 was originally designed to measure aspects of anxiety and impulsivity in
relation to psychomotor learning efficiency (Barratt, 1959). Specifically, Barratt used two
questionnaires of impulsivity and anxiety with a conflict learning task and attempted to tease
anxiety from impulsivity in relation to RTs and error-rates. After several editions (Stanford et al.,
2009), the measure has been carefully curated to produce a multidimensional composite of
impulsivity while decorrelating similarly looking anxiety behaviors that would show in
psychomotor learning. The questionnaire is composed of a two-level hierarchy with the first-
order factors as the lower level and second-order factors as the higher level. There are two first-
order factors for each of the three second-order factors with the second-order of attentional (first-
order factors: attention and cognitive instability), motor (motor and perseverance), and
nonplanning (self-control and cognitive complexity). The second-order factor of attentional
measures the ability to focus (attention) and racing of thoughts (cognitive instability). The
second-order factor of motor measures acting without thinking (motor) and behavior despite
negative outcomes (perseverance). The last second-order factor of nonplanning measures

enjoyment of mental challenge (cognitive complexity) and ability to plan and resist temptation
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(self-control). As such, the BIS-11 factor structure has found relationships to mental health
outcomes, other impulsiveness personality questionnaires, and real-world behaviors in a variety
of studies (for a review, see Stanford et al., 2009).

While colloquial use of impulsivity has become synonymous with problematic behaviors
(Bickel et al., 2012), rapid information processing and acting speed are crucial for advantageous
behaviors (Bargh & Chartrand, 1999). That is, if the speed of action exceeds the time necessary
to process information, then problematic behaviors may arise. Some of these questionnaires have
attempted to capture the adaptability of rapid information processing, such as in the Dickman
Impulsivity Inventory (Dickman, 1990). This inventory has two factors with a functional factor
measuring how participants who engage in rapid information processing when applied to simple
or routine behaviors but can become a dysfunctional factor when applied to more complex
behaviors. For example, cutting your processing time short when deliberating over dinner plans
is more adaptive than which job to choose. Interestingly, the BIS-11 factors have found
relationships to the dysfunctional factor (Huang et al., 2024; Miller et al., 2004; Mobini et al.,
2007) with some weak-and-mixed results between the BIS-11 and the functional factor (Miller et
al., 2004; Mobini et al., 2007). While the BIS-11 appears to capture more aspects of
dysfunctional impulsivity, the mixed results might indicate that a variety of personality attributes
interact significantly with impulsivity.

To measure personality, researchers have often turned to the five-factor model of
personality (McCrae & Costa, 1987), which has become especially popular for the development
of scales measuring mental health outcomes. Another interesting application has been in using
this personality framework to construct an impulsivity questionnaire. Whiteside & Lynam (2001)

used the five-factor model of personality and a variety of impulsivity questionnaires to identify a
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total of four factors, negative urgency, premeditation, perseverance, and sensation seeking
(UPPS). With the addition of positive urgency (Cyders et al., 2007), the structure leaves five-
factors in total (UPPS-P). Thus, positive and negative urgency relate to an internal drive to act
after a positive or negative experience, premeditation is the forethought used before an action,
perseverance is maintaining behavior despite punishment, and sensation seeking reflects
engagement in behaviors that provide a rush of pleasure. Across the two studies, the BIS-11
attention and motor factors related to premeditation and negative urgency, whereas nonplanning
related to premeditation and perseverance. While nonplanning appears most stable in relation to
premeditation and perseverance, motor and attention appear to oscillate in relation to the two
urgency factors, premeditation, and perseverance (Huang et al., 2024; MacKillop et al., 2016).
Consequently, between-study heterogeneity of UPPS-P and BIS-11 estimates are well
documented (Berg et al., 2015; Nuske et al., 2026).
Self-Report and Behavioral Impulsivity

The typical relationship between constructs of differing measurement apparatuses
(correlational vs experimental) has been poor (Hedge et al., 2018; Mischel, 1974; Rouder &
Haaf, 2019). This wouldn’t be surprising considering the tenuous relationship of the abstractions
researchers make of hypothetical measures, constructs, and apparatuses. Self-reported
questionnaires often target latent constructs, reducing item-level measurement error through
dimensional reduction methods. Whereas, behavioral tasks emphasize causal inference through
experimental manipulation, where measurement error is mitigated via trial repetition and task
design rather than participant sampling alone. The two measurement types have only identified a
signal that is weak-or-mixed across studies of planning (Solway et al., 2017), waiting and

discounting (Kvam et al., 2021), self-control (Duckworth & Kern, 2011), meta-analyses of
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impulsivity (Cyders & Coskunpinar, 2011; Sharma et al., 2014), and task-specific reliabilities
(Enkavi et al., 2019). We further consider that these relationships capture a large degree of
individual heterogeneity in both objective-state and subjective-trait based measures of
impulsivity and learning.

The relationship between delay discounting and the BIS-11 has long been considered
from the perspective of separated dimensions of impulsivity (Broos et al., 2012; MacKillop et al.,
2016). For example, the second-order factor of nonplanning relates to the rate of discounting
(MacKillop et al., 2016; Mobini et al., 2007), but others have found that discounting relates to
every BIS-11 factor (Cosenza & Nigro, 2015) and to none of the factors (Baumann & Odum,
2012; Broos et al., 2012; Huang et al., 2024). To note, most of these studies find a faint signal (»
= .15~) with some exceptions and often rely on large sample sizes to declare significance. One
meta-analysis (MacKillop et al., 2011) on differences in TD between a criterion group displaying
addictive behavior and a control showed a moderate effect size on subclinical (d = .45) and
clinical (d = .61) groups. Despite the overall effects, discounting rate was largely dependent on
which task was administered as across all 64 studies the effect size was low (d = .15). These
mixed findings are often noted in discounting (Yeh et al., 2021), which has led to additional
arguments about the importance of discounting as an individual measure (Bailey et al., 2021).
Stated more plainly, due to the large diversity in measurements and task specifications,
discounting can lead to a diversity of results that don’t clearly map with one another. One such
proposed solution (Bailey et al., 2021) is to increase the size of effect by making TD tasks more
context-dependent on a particular item of habit.

While TD might map more to response preparation, CC appears to recruit similar and

different processes for response initiation (Dalley et al., 2011). Inhibitory control measured in a
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Go/No-Go task was found to inversely relate to the first-order cognitive complexity (Reynolds et
al., 2006) along with its second-order factor of nonplanning (Skippen et al., 2019). Whereas
other studies have found no relationship between the BIS-11 and inhibitory control in the Go/No-
Go (MacKillop et al., 2016; Sharma et al., 2014; Wilbertz et al., 2014). Furthermore, these weak-
to-mixed relationships are often seen between differing CC tasks and impulsivity, even when
using advanced modeling techniques (Hall et al., 2021), or in meta-analyses (Sharma et al.,
2014). One note of interest was that among the factors created across the behavioral tasks, the
Go/No-Go was the only one to load on both inattention and inhibition factors. While certain CC
tasks might tap into more decision mechanisms, learning over the course of time might be
susceptible to personality dimensions of impulsivity.

Among the RL literature, we find BIS-11 is commonly used in a variety of learning tasks.
In one study, the BIS-11 only revealed weak negative correlations with the later blocks of the
Iowa Gambling Task, where one must learn the reward value of four decks (Vasconcelos et al.,
2014). In another case, BIS-11 was related to increased propensity to switch following three
repeated unrewarded outcomes (Zou et al., 2022). Skvortsova & Hauser (2022) found that both
impulsivity and compulsivity were related to an increase in exploration, but upon adding a free
parameter of noise to the learning rate, motor impulsivity was significantly related to learning
noise. Using the BIS-11 to capture low-and-high impulsivity groups found a complex interaction
between the groups, model-based behavior, and fluid intelligence (Reiter et al., 2016). In a
gambling task, the nonplanning factor related to a reduction in learning rate and asymmetry in
probability weighting (M. S. Lim et al., 2015), but was found to increase learning rates in ADHD
participants (Kim & Seo, 2021). The BIS-11 also appears to primarily load onto an anxious-

depression and compulsive-intrusive factor where the compulsive-intrusive factor is related to
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maladaptive weighting of option values (Gillan et al., 2016; Lee et al., 2023). In another
interesting modeling approach, high BIS-11 scores were associated with a cluster of participants
that didn’t engage any RL model (neither model-free nor model-based) and low BIS-11 scores
were associated with increased reliance on model-free algorithms over that of model-based
(Cockburn et al., 2024).

Clinical Impulsivity

Along with behavioral tasks, the BIS-11 has found to dissociate control groups from a
plethora of clinical samples (Stanford et al., 2009), such as gambling disorders (Cosenza &
Nigro, 2015; M. S. Lim et al., 2015; Nuske et al., 2026), substance use disorders (Haines et al.,
2020; Kanen et al., 2019; T. V. Lim et al., 2025), impulse-related behaviors (Huang et al., 2024;
Sharma et al., 2014), ADHD (Kim & Seo, 2021; Sripada & Weigard, 2021), and food addiction
(Maxwell et al., 2020). While BIS-11 is reliable in capturing impulse-control behaviors in a
variety of mental health outcomes, the issue of precision and specificity remains. There is still
significant work to be done to translate the multidimensional construct of impulsivity into a
transdiagnostic factor of mental health (Dalley & Robbins, 2017; Robbins et al., 2012; Strickland
& Johnson, 2021). Furthermore, given both self-report and behavioral impulsivity mapping with
clinical samples, finding a way to combine the two may lead to greater predictive validity.

One such theory has argued that impulsivity sits on similar dimensions as compulsivity
(Robbins et al., 2012). This was reflected previously due to the BIS-11 mapping onto
compulsivity and anxiety factors (Gillan et al., 2016; Lee et al., 2023), which may suggest that
impulse-driven behavior leads to compulsive habit formation and anxious thoughts. In obsessive-
compulsive disorder (OCD), while there is neurocognitive overlap with drug dependence, OCD

lacks the additional propensity of impulsivity seen in drug addiction. Furthermore,
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neurochemicals and circuitry in basal ganglia appear to contribute to the various dimensions of
impulsivity though this is beyond the scope of this review (see Dalley & Robbins, 2017). At a
broad level, modern theories have attempted to integrate both self-report and behavioral

measures of impulsivity under transdiagnostic neuromodulation frameworks (Zhong et al.,

2025).
Aim 2: Information Processing in Personality Impulsivity

In addition to our previous study, the current analysis extends information processing
mechanisms into participants’ self-report behavior. The same participants who completed the
five behavioral tasks (Go/No-Go, flanker, delay discounting, two-armed probabilistic and
delayed bandits) also completed six questionnaires revolving around impulsivity, addiction, and
mental health symptoms along with a time estimation task and Raven’s Progressive Matrices. As
such, we justify our factors in a confirmatory factor analysis (CFA), perform post-hoc overviews
using linear regression and amend our HBM with the BIS-11. We preregistered an overall

general hypothesis (https://osf.io/3tq67/) which focuses on the relationship of our candidate

parameters from each task (drift rates, inverse temperature, and discounting rate) and self-
reported metrics (H4).
Methods

Participants

Using the same participants from our previous study (see Chapter 1 methods for details),
we were able to retain a total of 215 participants to complete end-of-study surveys. Seven
participants were removed due to not having data from behavioral tasks (due to missing data or
not passing exclusion criteria). The resulting total sample (N = 208) contained 140 males and 68

females with a moderate age range (Mage = 32.47, SDage = 10.52, Range = [18, 72]). The end-of-
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study survey was brief (Miime = 13.24, SDiime = 6.67, Range = [4.25, 54.45]). This study was
approved by the University of Maryland College Park IRB (ID: 2129967-2).
Materials and Procedure

After completion of the five cognitive tasks outlined in Chapter 1, participants were
asked to fill out a random order of six surveys to the best of their abilities. First, we used the 4-
point Likert scale (1 = rarely/never, 4 = almost always/always), Barratt Impulsivity Scale (BIS-
11) which contains six first-order factors, including attention and cognitive instability (second-
order: attention), motor and perseverance (motor), and self-control and cognitive complexity
(nonplanning) (Barratt, 1983; Stanford et al., 2009). 30 items were administered that include
questions like “I plan tasks carefully” or “I am a steady thinker”. Next, we measured sensation
seeking in the 5-point Likert scale (1 = strongly disagree, 5 = strongly agree), Brief Sensation
Seeking Scale (BSSS) which taps into willingness to engage in risky experiences (Hoyle et al.,
2002). There was a total of 8 items which give questions like “I like wild parties” and “I would
love to explore strange places”. Third, the 5-point Likert scale (each item has unique labels),
Obsessive Compulsive Drinking Scale (OCDS) measured a person’s thinking and response
behavior to consumption of alcohol (Anton et al., 1995). There were a total of 13 items covering
ideas, thoughts, and distressful thinking about drinking, for example “How successful are you in
stopping or diverting these thoughts when you’re not drinking?” Fourth, the 7-point Likert scale
(1 = strongly disagree, 7 = strongly agree), Marijuana Craving Questionnaire - Short Form
(MCQ-SF) assesses individuals’ level of craving for cannabis (Heishman et al., 2009). Example
questions include: “I could easily limit how much marijuana I smoked right now” or “If
smoked marijuana right now, I would feel less tense”. Fifth, we used the 4-point Likert scale (0 =

did not apply to me at all, 3 = applied to me very much, or most of the time), Depression,
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Anxiety, and Stress Scale - Short Form (DASS-21) which contains a total of 21 questions with
factors anxiety, stress, and depression (Henry & Crawford, 2005). The items are worded such as
“I felt that I had nothing to look forward to” or “I felt scared without any good reason”. Finally,
we administered the 5-point Likert scale (1 = not at all characteristic of me, 5 = entirely
characteristic of me), Intolerance of Uncertainty Scale Short Form (IUS-12) which measured a
person’s threshold to uncertain events with two subscales as prospective anxiety and inhibitory
anxiety. This 12-item questionnaire contains items like “Uncertainty keeps me from living a full
life” or “One should always look ahead so as to avoid surprises”.

After these questionnaires were presented in random order, we presented the short 9-item
Raven’s Progressive Matrices with randomly selecting one of two different versions (Bilker et
al., 2012). The 9-items (18 in total for two versions) are taken from the larger inventory of 60
items which produce similar psychometric properties while only using a quarter of the time of
the 60-item inventory. This provided a proxy for intelligence to use as a covariate. Lastly, we
administered three time-estimation tasks (intervals of 4, 8, and 12 seconds) that were presented
in random order. The instructions for the time estimation tasks (Moreira et al., 2016; Wittmann
& Paulus, 2008) required the participant to provide an estimate of the time passed on their screen
before the ‘next’ button came up. Participants who have quicker internal clocks may display
impulsivity due to processing time.

Analysis

To test our preregistered hypotheses, we fit our HBM with the BIS-11 total factor to
measure the unique influence on our computational models. This was done to prevent fitting the
three second-order factors separately (or any other potential factors) as the model fitting process

is computationally taxing with limitations on the number of parameters and collinearity among
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factors. We provide post-hoc estimates of the influence of other self-reports outside the model-
fitting processes. This analysis focuses on a subset of the preregistered hypotheses, which is the
relationship between computational parameters from the various impulsivity tasks and self-report
metrics with a focus on the BIS-11.

Confirmatory Factor Analysis (CFA). Given our sample size and short-form
questionnaire battery, we started with confirming the theoretical factor structure to the sample
factor structure. The package ‘lavaan’ was used to perform the ‘cfa’ function using the ‘MLR’
estimator, which provide robust standard errors and scaled test statistics under non-normality.
For each model, we examined the loadings and overall model fit and adjusted four of the
questionnaires, BIS-11, BSSS, MCQ-SF, and IUS-12. These adjustments were performed for use
in subsequent analyses, providing estimates that account for indicator-level measurement error.
Any adjustments to the models were due to questions either having weak loadings (A < .3), or
Heywood cases (A => 1 or p => 1, or an error variance of 6 < 0), and negative variance (6 < 0).
The adjusted factors were then used in the rest of the analysis models. For weak loadings we
removed those items and for Heywood cases we collapsed the factors. We report McDonald’s
omega (®) over Cronbach’s alpha, which provides weighted factor loadings rather than assumed
equal loadings (Hayes & Coutts, 2020; McDonald, 2013). The interpretation of McDonald’s
omega is the same for Cronbach’s alpha for internal consistency; we report this metric before
and after correction.

Bivariate Correlations. While using point estimates from a Bayesian model violates
traditional assumptions on parameter independence, the focus was to give an approximate
overview of one-to-one relationships. Correlations between accuracy, RT, and computational

parameters were calculated with respect to self-report factors. Typically, multiple comparison
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corrections are used to reduce type I error, but none of the correlates survived this process. Due
to the exploratory nature of this correlational analysis, we additionally explore potential
relationships between the primary impulsivity questionnaire, the BIS-11, and behavioral task
effects.
Bayesian Model. We use our HBM (equation 6) with the following additions for each
computational parameter.
Bij~N(0,1)
0;; =0, + Bij* factor (7)
Here, we have all model parameters (0) for each parameter (i) and each participant (j), where
each parameter is a linear combination of itself and a participant-level factor score, weighted by
a free parameter (B). In this case, we have one deviation for each computational parameter, with
beta representing the influence of the total factor of BIS-11 combining questions from the
subscales of nonplanning, motor, attention. This was predominantly done due to the high
multicollinearity between the scales (Figure 7) which creates an unidentifiability issue and
artifacts in the estimates. To be explicit, the beta parameter for the total score was not fit
hierarchically and thus there is no pooling to the group mean to avoid a double shrinkage effect
from the CFA.
Results
Confirmatory Factor Analysis
We display the CFA model-fit results (Table 7) and justify the reasoning behind the
corrected forms. This was done to prevent inadmissible solutions that make fit indices
uninterpretable. For the BIS-11, our correction was based on removing motor items: Q3 and Q4

(Ag3 = .109, Aga = .04) and nonplanning items: Q27 and Q29 (Aq27 = .207, Aqo = .189). We see
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that internal reliability for motor (®uncorrected = .665, Wcorrected = .803), nonplanning (®uncorrected =
752, ®corrected = .794), and attention (®uncorrected = .639, Wcorrected = .648) was improved. To enter
the factor into our HBM (equation 7), we combined all questions into a total score (excluding
Q3, Q4, Q27, and Q29). For the BSSS, there was a Heywood case with boredom and thrill
factors (poored~thritt = 1.011), so we collapsed all questions into a single factor. The internal
reliability of the single factor was good (®corrected = .829), whereas the original factors showed
questionable-to-poor reliability for experience (®uncorrected = -666), boredom (®uncorrected = .412),
thrill (®uncorrected = .609), and disinhibition (®uncorrected = .692). For the MCQ-SF, Q2 from the
compulsivity factor showed negative loadings with Q7 and Q10 (Aq7 =-.507, Aq10 =-.851). Q2
was removed due to a researcher’s error in improper inclusion of the reversal language from the
original 47-item scale, as the short-form did not contain any reversals. After removal, the MCQ-
SF showed a Heywood case with emotionality and expectancy factors (pemotion-expect = 1.061), so
again all questions were collapsed into a single factor. We see excellent reliability for the single
factor (®corrected = .963), whereas compulsivity (®uncorrected = -289), emotionality (®uncorrected =
.887), expectancy (®uncorrected = -869), and purposefulness (®uncorrected = .91) had a mix of
excellent-to-unacceptable. Lastly, the [US-12 contained a single Heywood case between
prospective and inhibitory factors (pprosp~innibit = 1.01), and we collapsed all questions into one
factor. Reliability once again improved with the single factor (®corrected = .91), as prospective
(@uncorrected = -868) and inhibitory (®uncorrected = .773) were acceptable-to-good. For the OCDS and
DASS-21, all loadings exclusion criteria were met and showed robust model properties. We
display the correlation matrix between all self-report factors after corrections (Figure 8).

Table 7. Model fit indices before and after factor corrections.

Uncorrected CFI TLI RMSEA SRMR
BIS-11 .709 .676 .087 .093
BSSS 951 .902 .084 .043
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OCDS 953 953 .054 .052

MCQ-SF .876 .829 11 .083
DASS-21 946 .94 .049 .051
IUS-12 815 769 145 .093
Corrected CFI TLI RMSEA SRMR

BIS-11 167 723 .097 .09
BSSS 913 917 .094 .057
MCQ-SF 816 815 139 .077
1US-12 858 822 132 .079

Note. CFI = Comparative Fit Index, TLI = Tucker-Lewis Index, RMSEA = Root Mean Squared
Error Approximation, SRMR = Standardized Root Mean Square Residual. Generally, CFI and
TLI are expected above .9 and RMSEA and SRMR should be below .05

Figure 8. Correlations between self-report factors. After corrections, within and between
factor correlations are displayed with blanks indicating nonsignificant correlates (p > .05). Above
diagonal are Bonferroni-corrected p-value correlations and below diagonal are uncorrected.
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Bivariate Correlations

After clarifying the structure of our questionnaires, we entered them into multiple
bivariate correlational analyses with choice behavior (Figure 9A), RT (Figure 9B), and model
parameters (Figure 9C). None of the correlations survived corrections for multiple comparisons
(p > .05), illustrating that associations between response modalities were faint and overall
inconclusive. However, considering the lack of meaningful relationships, the signal that did
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appear strongest was for the flanker across correlational structures, especially that of
incongruent-deviate regressors. As per our measure of impulsivity, the BIS-11, there was one
positive association between nonplanning and the stay rate in the delayed bandit, #(206) = .15, p
=.03, 95% CI [.02, .28], along with another interesting relationship between intolerance of
uncertainty and RT in delay discounting, #(206) = .15, p =.03, 95% CI [.02, .28].

Figure 9. Correlations between behavioral and self-report measurements. (A). Correlations
between choice behavior in tasks and participants scores on questionnaires. (B). Correlations
between RT in tasks and participants scores on questionnaires. (C). Correlations between point

estimates from HBM for all behavioral tasks and questionnaire scores. Note. Blank correlations

were not significant (p > .05) and show Pearson’s correlation coefficient.
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Exploratory Analysis of BIS-11 and Delayed Bandit

Given the weak but significant relationship of nonplanning with the delayed bandit, we
performed a follow-up analysis as to identify whether the novel implementation uniquely
identified a dimension of impulsivity. Due to stay rates decreasing the complexity of the
problem, the positive relationship between nonplanning and delayed bandit stay rate was

counterintuitive. Specifically, one might assume that nonplanning impulsivity would lead to an
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increase in switch rate, as the stay behavior is a pseudo-optimal heuristic and increases delay
estimation precision (see Chapter 1). First, an additional variable was calculated as the count of
unrewarded trials until reward (unrewardedseeak) and this variable was used to subset our total
delayed bandit dataset (26.25% of total dataset, participants average trial size: Myijais = 26.1,
SDrrials = 7.67, total trials: Nuiais = 5491). With this subset, we performed a multilevel logistic
regression for each CFA factor score as a function of the z-scored unrewarded streak interacting
with the factor score:

stay ~ BlSg.ore * unrewardgireqr + (1 + unrewardgs,oqr | participant) (8)
Each of the factor scores from the CFAs are placed into separate multilevel logistic regressions
and then we extracted their interaction along with reported values (Table 8). The interaction
captures the participants stay rate as the influence of the self-report factor on the count of
unrewarded outcomes until they received a reward. The separation of factors was done due to the
high degree of multicollinearity and to prevent estimate artifacts from high correlates.
Specifically, the BIS-11 factors were displayed as the interaction with unrewarded outcomes
effects to produce stay behavior (Figure 10). However, we provide all self-report factors
interactions with unrewarded streak in the appendix (S8 in Appendix B).
Figure 10. Delayed bandit stay behavior as a function of BIS-11 factor scores interacting
with unrewarded trials. Note. Interactions were not corrected for multiple comparisons. For
each factor, there was an interaction of unrewarded streak and BIS-11 attentional factor, Odds-

Ratio (OR) =3.42, p = .02, BIS-11 nonplanning factor, OR = 2.08, p = .04, and non-significant
interaction with BIS-11 motor factor, OR = 1.39, p = .31.
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Table 8. Fixed interaction effects (factor * unrewarded streak) from individual multilevel
logistic regressions (equation 8).

Interaction Odds-Ratio SE Z-statistic P-value 95% CI
OCDS-Obsessive 1.19 33 53 6 [.62,2.27]
OCDS-Compulsive 1.32 33 .84 4 [.69, 2.54]
“BIS11-Attentional 3.43 53 2.35° 02" [1.22,9.6]
BIS11-Motor 1.39 32 1.03 31 [.74, 2.6]
“BIS11-Nonplanning 2.08 35 2.11° 03" [1.05, 4.09]
BSSS-Total 1.41 24 1.42 16 [.88,2.25]
MCQSF-Total 1.27 21 1.15 25 [.84, 1.92]
DASS21-Depression 1.07 24 29 77 [.67, 1.71]
DASS21-Anxiety 76 44 -.64 52 [.32,1.78]
DASS21-Stress 1.17 26 59 56 [.7, 1.94]
TUS12-Total 93 19 -.46 .65 [.68, 1.27]

Note. Significant interactions are marked with * and grey-coded lines, p <.05. CI = confidence

interval.

The exploratory analysis of the early trials in the delayed bandit produced two

associations with attentional and nonplanning factors, however the direction of effect would be

opposite to what one might expect. That is, higher BIS-11 scores appear to be leading

participants to a more optimal strategy for delay estimation. However, one cannot be certain if

this influence of BIS-11 factors is due to being more strategic, less sensitive to unrewarded

outcomes, or lack of engagement. While our instructions may have included more bias to

strategic planning for delay estimation, we performed some additional analyses to clarify that

this effect was most likely not due to lack of engagement (BIS-11 Factors and Lack of

Engagement Analysis in Appendix A).
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HBM and BIS-11 Total Factor

Examining the fit of the HBM with the total BIS-11 factor score (after CFA adjustments),
we find a large degree of uncertainty in the coefficients from the BIS-11 total factor score and
thereby producing no significant results (Figure 11). Some of these parameters are trending
towards an average effect of BIS-11 (starting-point bias in Go/No-Go, inverse temperature in
delay discounting, and drift rate in the delayed bandit), but one should also be mindful of
recovery (S2 in Appendix B) and reliability (S3 in Appendix B). That is, given the large number
of parameters being estimated (between and within tasks), our sample size may not have
sufficient power to precisely detect estimates. As such, the Bayesian framework identified large
uncertainty in estimates and thereby finding most effects null but a few possible effects
inconclusive.
Figure 11. BIS-11 total score effects on HBM parameters. (A). Effects on Go/No-Go. (B).

Flanker. (C). Delay discounting (D). Probabilistic bandit. (E). Delayed bandit. Darker segment
lines for each parameter represent 95% credible interval.
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The multidimensional construct of impulsivity has often been measured in both
personality and behavioral paradigms. While both have been successful at predicting real world
impulsive behavior (Romeu et al., 2020; Sharma et al., 2014), finding their relationship amongst
various constructs has been difficult (Hedge et al., 2018; Rouder & Haaf, 2019). The analysis
presented here sought a similar approach using classic metrics of choice and RT, alongside
computational parameters. Our overall findings match the literature, where correlations between
personality and behavioral approaches appear null or weak (H4). Among the weak relationships
we do find potential for impulsivity overlap between stay-rate in the delayed bandit (primarily in
early trials) and BIS-11, along with potential effects in Go/No-Go and delay discounting.
However, these effects were inconclusive due to the high amount of uncertainty when estimating
the full structure of the BIS-11’s influence on all parameters. As such, a larger sample would be
needed to clarify these relationships or to independently measure each task in a separate
modeling framework. In conclusion, we provide interpretation and potential areas of further

exploration in the general discussion of the multidimensional construct of impulsivity.
General Discussion

Evenden (1999) proposed the multidimensional construct of impulsivity, highlighting a
range of possible dimensions across both task and questionnaire paradigms. Indeed, two
identified dimensions of impulsivity, choice (TD) and action (CC), have been commonly
observed across behavior (MacKillop et al., 2016), personality (Stanford et al., 2009), and cross-
species (Broos et al., 2012). These dimensions tap into specific mechanisms of information
processing, such as TD between value and time (Green & Myerson, 2004) along with detection
and inhibition of prepotent responses (Botvinick et al., 2001). We further attempted to clarify a

dimension of impulsivity in RL, although there is some debate as to whether learning task

67



paradigms should be subsumed into the choice dimension (Broos et al., 2012; Hamilton et al.,
2015). To investigate the relationship among impulsivity dimensions (TD and CC) and RL, we
ran multiple experimental designs alongside self-report measures, and we used a variety of
inference, computational, and correlational modeling approaches. Here, we first explore the
hypothesized cross-task relationships between RL and TD, RL and CC, and probabilistic and
delayed RL. Second, we look at the personality factors of impulsivity (BIS-11) and their
relationship to the behavioral dimensions of impulsivity. Third, we touch on the exploratory
analysis, comment on limitations, and shed light into new directions for impulsivity.

When isolating the estimation of delay and probability in RL, we found support for a
relationship between probabilistic RL and TD (H1). Specifically, the weighing of learned value
differences that were scaled into evidence accumulators was weakly related to shallower
discounting of hypothetical future reward. While the RL framework handles the discounting of
future reward values (Sutton, 1984), investigation into cross-paradigm TD and RL remains
sparse. One approach has been to use the two-step task, which decomposes participant behavior
into model-free and model-based RL. Model-based RL has been theorized to represent an agent’s
degree of using estimated environmental contingencies when planning, similar to that of delay
discounting, which is a descriptive measure of the ability to simulate future events (Amlung et
al., 2019; Redish et al., 2008). However, evidence has shown mixed results: no relationship
(Solway et al., 2017), steeper discounting associated with reduced model-based RL weight
(Shenhav et al., 2017), and a positive association between evidence accumulation for larger-later
reward model-based RL weight (Hunter et al., 2018). These mixed results demonstrate a
potential signal between TD and RL paradigms, but once again the strength of association is

negligible-to-weak as is usually identified across the literature (Rouder & Haaf, 2019). The
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conversation (Hedge et al., 2018; Rouder & Haaf, 2019) has thus shifted towards increasing
effect size through improved reliability, integrated cross-task hierarchical modeling approaches,
and larger trial and sample sizes. We believe that combining our approach here with greater trial
and sample sizes may inspire more confidence in inferring the relationship between theoretical
constructs.

The relationship between TD and delayed RL did not substantiate anything meaningful
regarding choice behavior. Nevertheless, when both tasks’ data were decomposed into DDMs,
there did appear to be a weak positive relationship in boundary separation between delayed RL
and TD. That is, evidence needed to respond showed a positive relationship between these two
constructs. While there has been no study to date to look at the relationship between TD and
delayed RL, several studies have found mixed relationships to adjacent time-based constructs.
Baumann and Odum (2012) found a weak relationship between overestimating the interval of
time and steeper delay (but not probabilistic) discounting. Another study with a sample of
adolescents with ADHD found a weak negative relationship between delay sensitivity (as
measured by an increase in RT when presented with a stimulus for a longer period) and TD
(Bitsakou et al., 2009). Participants with steeper discounting rates have also been shown to have
a preference for gathering less complex information (Shenhav et al., 2017). Of course, these
parallels are limited due to differences in operationalization, the restriction of associations to RT,
and the delayed bandit instructions that prompted a heuristic strategy for delay estimation.

The strategy (H1.V) to overcome the complexity of temporal credit assignment (i.e. the
assignment of delayed credit to each arm) was simply to stay on current choice until a reward is
delivered (Pike-Burke et al., 2017, 2018). In our task designs, delayed rewards were summed

across trials (aggregated) and feedback provided no indication of the which arm produced a
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given outcome (anonymous). Additionally, we incentivized participants to estimate each arm’s
trial delay, thereby biasing their strategy toward using reward for delay estimation rather than
purely accumulating reward. Despite the standard RL assumption of reward maximization, the
evidence here suggests that humans can strategically their choice policy to minimize
computational complexity when accruing future reward (Gershman, 2020; Gershman & Daw,
2017). As defined, computational complexity is the tax on cognitive resources to optimize the
shortest path, whereas policy complexity is the degree of behavioral difficulty to implement.
Other studies have found that consistency in maintaining choice can augment the assignment of
credit in long time horizons (Bruinsma et al., 2024). Minimizing a switching policy results in
more informational certainty and participants are more likely to deploy more efficient algorithms
(Maulhardt et al., 2026). That is, when an environment provides cues, participants can rely on
these for optimizing choice behavior (Akaishi et al., 2016; Gureckis & Love, 2009), but in their
absence participants can also modify their choice strategy to reduce informational uncertainty.
While the broader term of regulation encompasses CC, the cognitive architecture remains
separate, such as in attentional (flanker) and inhibitory (Go/No-Go) control. We found support
for the relationship between RL and CC (H2) with an emphasis that attentional held an overall
stronger correlation than inhibitory control. First, the drift rate associations across both control
tasks matched a similar strength of association in another study (Hall et al., 2021). Second, the
stay drift rate from the delayed RL was related to the accuracy drift rate in the attentional but not
inhibitory control. This was surprising, considering the fact that the Go/No-Go has been shown
to load on an inattention and inhibition factor (Sharma et al., 2014), as compared to other
cognitive control tasks that form a distinct decision-making and shifting factor. One possibility

may be due to similar two-choice response modalities in the bandits to the flanker, as compared

70



to the single-choice modality in the Go/No-Go. Third, the inverse temperature in probabilistic
bandit was related to both attentional and inhibitory control. This is consistent with cognitive
control associating more to increased deployment of model-based RL algorithms (Gershman et
al., 2014; Otto et al., 2015). Indeed, separate task associations between these constructs are
sparse and the assortment of literature has often combined RL with other cognitive constructs,
such as working memory or effort (Collins & Frank, 2012; Niv et al., 2015; Otto et al., 2013).
Mixing processes within a single task has been shown to create a bundling of motivation
processes, such as between negative punishment and reward (Yee et al., 2022). For example,
combining RL with a Go/No-Go paradigm revealed a Pavlovian bias, wherein approach-to-
reward tendencies interferes with No-Go responses and avoidance-from-punishment tendencies
interferes with Go responses (Burghoorn et al., 2025; Guitart-Masip et al., 2012). Unifying
cognitive processes within a single paradigm has been incentivized as to account for more
naturalistic multi-process environments (Bailey et al., 2021; Botvinick et al., 2015; Otto et al.,
2015), such as a measure of their contrast in a competitive environments or measure of their
strength in cooperate environments. Fourth, we find a relationship between TD and CC drift rates
which demonstrate that steeper discounters tend to be less accurate in control tasks. One study
found support for a factor of drift rate across several CC tasks as a transdiagnostic predictor of
mental health (Sripada & Weigard, 2021), and future work may benefit from examining diverse
paradigms using the DDM as the choice rule (Ahn et al., 2020; Pedersen et al., 2017; Peters &
D’Esposito, 2020).

We also found support for the prediction that response consistency across RL tasks (H3).
Unexpectedly, response consistency in both bandits also predicted accuracy in delay and

probability estimation. Often, weighing of probability and delay on reward show differing effects
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(Frederick & Loewenstein, 2002; Green & Myerson, 2004), but RL research has often looked at
probability and delay in a unified manner (Daw et al., 2011; Niv, 2009) without isolating the
effects of delay. Some studies have attempted to isolate delay in RL, such as through fixed-delay
reward presentation (Bruinsma et al., 2024; Maulhardt et al., 2026; Tanaka et al., 2009),
structural transitions (Moran et al., 2019; Walsh & Anderson, 2011), and combined-with-
probabilistic outcomes (Witkowski et al., 2025). The research presented here shows that
participants who engage a heuristic strategy to estimate delay are also on average better at
learning probabilistic rewards over time. We hope that future RL studies might employ more
complicated, unified, and/or isolated probabilistic and delayed designs.

The final hypothesis was one that related the various behavioral tasks and self-report
measures (H4), where we find mostly null or inconclusive relationships. However, one
counterintuitive finding was the interaction between early-trial stay rate in the delayed bandit and
the BIS-11 nonplanning and attentional factors. This finding is also inconsistent with Zou et al.
(2022), who found that participants scoring higher on impulsivity increased their switching
behavior after three consecutive unrewarded outcomes. Additionally, participants higher in
impulsivity were more likely to randomly explore, or explore when it did not provide an
information gain for future reward (Dubois & Hauser, 2022). While both studies appear to
contrast with our findings, they are partially reconciled by evidence that steeper discounters also
prefer less complex information (Shenhav et al., 2017). Others have found no relationship
between exploration and BIS-11 self-report measures (Huang et al., 2024). These findings
suggest that more impulsive participants may either strategically select or naturally default to this

pseudo-optimal strategy when estimating delay.
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One should be mindful of the context of delayed bandit and the BIS-11 finding.
Specifically, we are examining only a small window of behavior, and the reduced trial count
introduces a high potential for bias. Another caveat is that we did incentivize participants to learn
the delay of each arm, thereby biasing their strategy toward estimation over pure reward
accumulation. Furthermore, heightened learning from negative outcomes (Zou et al., 2022) along
with heightened learning from positive outcomes (Poulton & Hester, 2020) presents conflicting
evidence for a unified theory of impulse-related reward sensitivity. This is consistent with the
inclusion of positive urgency in the UPPS framework (Cyders et al., 2007), suggesting that
urgency across both positive and negative valence, with context likely playing a key moderating
role (Eckstein et al., 2022; Okan & Hallquist, 2025). Another possible influence might be due to
heightened degree of delay aversion (Bitsakou et al., 2009; T. V. Lim et al., 2025), which would
incentivize impulsive participants to minimize the complexity of the solution. The list is of
potential influences is by no means exhaustive, as participants may also be motivated to reduce
the reward uncertainty (Cockburn et al., 2022; Maulhardt et al., 2026; O’Doherty et al., 2021). It
is also possible that our questionnaire battery did not capture sufficient variance to distinguish
between impulsivity and adjacent personality factors such as compulsivity, which has often been
found to load with impulse-based questionnaires (Gillan et al., 2016; Hopkins et al., 2022).
Overall, the most productive next steps would be to increase sample size for the HBM, conduct a
replication study, or employ cross-validation.

This study did find support for a variety of interesting phenomena, but there are several
limitations worth mention. First, as briefly explained earlier, replication has become a primary
concern for behavioral tasks as low trial counts often result in lower reliability (Hedge et al.,

2018; Rouder & Haaf, 2019). Given the time constraints of our task and overall quick decision-
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making, the significant findings were encouraging, but we should be mindful that our split-half
reliability measures are likely to overestimate the true reliability of computational model
parameters. Second, the preregistered exclusion criteria were conservative, but more robust
attentional checks might be of importance to identify lack of engagement in personality or
behavioral metrics. Third, the delayed bandit task directed participants toward post-choice delay
estimation, and participants largely adopted a heuristic stay strategy. More likely, participants
used a variety of strategies. Finding a model that captures more behavior and strategy variance
may be important for the future characterization of delay estimation and its relation to
impulsivity. Fourth, modeling approaches would greatly benefit by explicitly incorporating a
group-level covariance into the estimation of their participant parameters. The parameter
coefficient is shrunk towards their associated group mean and may mute important individual
variation for personality correlations. Unifying the majority of the effects into a single model
allows estimates across tasks (Rouder & Haaf, 2019). For example, one expansion could capture
a participants’ engagement and fatigue trajectories over the course of the experiment (Pedersen
et al., 2017).

We found strong support for the exploratory hypotheses concerning cross-modality
associations, cross-parameter correlations, and replication of classic manipulation effects. While
most of these were to validate our framework here, there were some interesting commonalities.
Discounting rate appeared to relate to all drift and inverse temperature parameters, except for the
delayed bandit inverse temperature for stay rate. This is surprising because instead of the
inverse-temperature having cross-task correlations, we found discounting rate to be more related

to cross-task evidence accumulation. More specifically, hyperbolic scaling of the value of the
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competing option, as compared to linear scaling of the value difference at decision time, was
weakly related to more accurate evidence accumulation across tasks.

In summary, we utilized an assortment of tasks to find various degrees of overlap while
implementing more advanced modeling techniques for better dissociation, reduced error, and
heightened sensitivity. Impulsivity is a phenomenon with a broad literature across an array of
disciplines and its dimensions have shown promise for being transdiagnostic markers of mental
health (Bickel et al., 2012; Gillan et al., 2016; Hoyniak & Petersen, 2019). While our study does
not fully define or clarify the multidimensional construct of impulsivity, our methodologies and
analyses should pave the way for greater integration across choice, action, learning, and
personality dimensions of impulsivity. The observed relationships between RL and impulsivity
may illustrate that impulsivity is both multidimensional and warrants consideration in the context
of sequential behaviors. That is, impulsivity (rapid and unplanned response) may occur at a
specific timepoint when moving towards a goal, and future work will need to clarify how these
dimensions link sequentially. For example, impulse behavior may be found when a participant
wants a delayed reward (TD) but must inhibit some allure (CC) sequentially over the course of
time (RL) to achieve that reward. Impulsivity research that utilizes RL in their task batteries
should begin to consider how these dimensions might manifest over longer time windows of
sequential behaviors. By linking these computational parameters across behavioral and self-
report domains, this work contributes to greater integration of dimensional frameworks (Insel et
al., 2010; Kotov et al., 2017; Montague et al., 2012) for the classification and diagnoses of

mental health outcomes.
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Appendix A. Supplemental Information

Mixed-Effects Regressions.

We tested calculated p-values for these mixed-effects models using the ‘mixed’ function
in the ‘afex’ package (Luke, 2017), this function reduces inflation of a type I error by performing
a likelihood ratio test for generalized mixed effects models.

HBM Details.

Each task made use of both accuracy and RT through a DDM that sequential samples
evidence with a probabilistic gaussian accumulator until that accumulation hits a specific
decision bound. Although DDM have typically been used with perceptual decision making
(Ratcliff et al., 2018; Ratcliff & McKoon, 2008), they have also been used across a spectrum of
tasks (Letkiewicz et al., 2024; Peters & D’Esposito, 2020; Solway, Lin, & Kaplan, 2021).
Additionally, building the DDM with a hierarchical framework (HDDM) provides robust
qualities to our estimates (Ahn et al., 2011; Brown et al., 2020; Wiecki et al., 2013). As such, the
DDM has four possible free parameters, which are then fit at both individual and group levels
within this hierarchical framework. Drift rate (slope of the random walk), boundary separation
(decision threshold), and starting point bias (initial start) fit with participants’ parameters being
sampled from a group-level mean. These individual parameters per model task were
parameterized with a covariance matrix that explicitly models the relationship across and within
each model task. Non-decision time was also hierarchical but not included in the covariance
matrix to prevent inflated R-hat values. To make claims on our covariance matrix, we first
converted our matrix into a standardized correlation matrix. The correlation were then subject to
a posterior probability of direction by computing the proportion of posterior samples that was
greater or less than zero, p(r < 0) or p(r > 0) (Kruschke & Liddell, 2018). This directional index
is strongly correlated with typical frequentist p-values (Makowski et al., 2019). To make claims
on evidence we looked towards our posterior means, 95% credit intervals, and probability of
directionality for correlations (Kruschke & Liddell, 2018). We used typical evidence strength
conventions established for Bayes Factors and their translation to posterior probabilities
(Jeffreys, 1998; Kass & Raftery, 1995).

Drift Diffusion Modeling, Priors, and Transformation. Furthermore we decided against
fitting any inter-variability parameters, as we wanted to use linear combinations to partition the
effects of our experimental designs (Boehm et al., 2018). Due to partial pooling, each participant
helps to inform the group-level parameter while shrinking estimates towards their group means
allowing fitting procedures to use a lower trial count along with preventing high leverage from
outliers (Boehm et al., 2018; Vandekerckhove et al., 2011; Wiecki et al., 2013). For priors, we
used uninformative gaussian priors (Boehm et al., 2018; Tran et al., 2021), N(0, 10). Some
parameters had no transformation (drift rate), other transformations used an inverse logit for 0-
to-1 bounds (starting-point bias and non-decision time) and finally a softplus transformation
(boundary and inverse temperature). For a prior on the covariance matrix, we used the lower-
triangle Cholesky decomposed correlation distribution, which was set to favor the null-
hypothesis (n = 2).

Posterior Predictive Checks. We used the ‘rdiffusion’ function from the ‘rtdists’ package
(Singmann et al., 2018) with the point-estimates of the HBM to simulate choice and RT. Due to
filtering real data for estimates under 200ms, we also reran the simulation if the RT was below
the same threshold. We then ran the simulated dataset through the same generalized multilevel
model as participants and displayed the predicted marginal means alongside our participants’ fit.
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Hyperbolic Drift Diffusion Model.

There are more complicated implementations of the hyperbolic curve that we choose not
to implement nor test if the exponential curve was a better fit to our data (Green & Myerson,
2004; McKerchar et al., 2009). Instead our goal was to use this value difference as the driver for
our drift rate so that we could us a DDM as our choice-rule (Peters & D’Esposito, 2020;
Rodriguez et al., 2015).

Participant-Level OLS Regressions.

Go/No-Go. Accuracy, buogorreversal = -.045, SE = .021, #(834) =-2.1, p = .036, 95% CI [-
.086, -.003], #°p=".005. bnogo = -.105, SE = .015, #(834) = -7.00, p <.001, 95% CI [-.134, -.075],
7°p=.06. RT, breversa = .013, SE = .006, #(779) = 2.055, p = .04, 95% CI [.001<, .026], 5°,= .005.
RT, brogo = -.035, SE = .007, 1(779) = -5.26, p < .001, 95% CI [-.049, -.022], #°,= .03.

Flanker. Accuracy, bincongruency = -.21, SE =.017, t(418) = -11.86, p <.001, 95% CI [-.24,
-.17], #°p=25. RT, bincongruency = .047, SE = .006, #(418) = 8.52, p <.001, 95% CI [.04, .06], n°»=
15.

Delay Discounting. Choice, biincar = -.46, SE = .024, #(1254) =-19.45, p <.001, 95% CI
[-.51, -.41]. bquadratic = .13, SE =.024, #(1254) = 5.33, p <.001, 95% CI [.08, .17]. RT, biincar =
115, SE =.033, #(1254) =3.43, p <.001, 95% CI [.05, .18]. bquadratic = -.14, SE = .033, #(1254) =
-4.2, p <.001, 95% CI [-.21, -.075].

Probabilistic Bandit. Accuracy, biming*reversal = .066, SE = .021, #(836) = 3.05, p =.002,
95% CI[.023, .108], #°p=.01. breversa = -.183, SE = .015, #(836) = -12.06, p < .001, 95% CI [-
213, -.153], #°p=.15. biiming = .079, SE = .015, #(836) = 5.2, p < .001, 95% CI [.049, .109], #°, =
.03. RT, btiming*reversal = .049, SE = .017, #(836) = 2.91, p = .004, 95% CI [.016, .081], °,=.01.
Breversal = -.055, SE = .012, #(836) = -4.61, p <.001, 95% CI [-.078, -.031], #°,=.02. btiming = -
.059, SE =.012, #836) = -4.95, p <.001, 95% CI [-.082, -.035], #°, = .03.

Delayed Bandit. Estimation Error, bswitch*arm = .208, SE = .027, 1(3774) =7.64, p <.001,
95% CI [.155, .262], n°p=.02. bswiren = .056, SE =.019, #(3774) =2.93, p = .003, 95% CI [.019,
.094], #°,=.003, bam =337, SE =.107, t(3774) = 3.164, p = .002, 95% CI [.128, .546], °,=
002, RT, bswiteh = -.012, SE =.004, 1(3774) = -3.063, p = .002, 95% CI [-.019, -.004], n°, = .002.
BIS-11 Factors and Lack of Engagement Analysis. First, one might assume that higher
intercept (baseline stay rate) and lower slope (sensitivity to unrewarded outcomes) would
materialize as better delay estimation per our previous analysis. To test this validation, we took
the random intercept and slope from each model to predict delay estimation. Overall, most
effects where similar so reported values may have small variation. All random intercepts were
significant, p’s <.005, indicating better delay estimation per higher baseline stay rate.
Additionally, some random slopes were either marginal or significant, p’s = .057, illustrating that
as unrewarded trials are accrued estimation becomes more difficult. Second, one might assume a
problematic cluster of individuals which do not switch in the block at all. This cluster could
either be indicative of lack of engagement or an over reliance on the heuristic strategy to reduce
the learning problem. To control for this, we calculated each participant’s proportion of no-
switches across their 9 blocks and performed bivariate spearman correlations on each self-report
factor. If a correlation was observed, then the factor’s degree of influence on stay rate may be an
artifact of lack of engagement or over reliance on the heuristic strategy. While none of the BIS-
11 factors were significant: nonplanning, » = .075, p = .28, motor, » = .031, p = .65, attentional, »
= .06, p = .41, there was significance with OCDS: obsessive, r = .17, p = .01, compulsive, r =
.15, p = .03, along with significance with BSSS: total, » = .15, p = .03. This does provide some
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clarity that BIS-11 interaction effects seem to not be driven by lack of engagement or
overreliance on heuristic strategy.
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Appendix B. Supplemental Plots

S1. Comparison between censored probability approximations. Two approximations of
integrating the area under the curve using the asymptotic first-passage (Wiecki et al., 2013) and
cumulative density function (Henrich & Klauer, 2026) approximations.

Asymptotic vs CDF-based (deadline = 0.7s)
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S2. Parameter recovery for all parameters. Reference line (red-dotted) and linear fit to real
and simulated data (green-solid).
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S3. Parameter split half reliability for all parameters. Reference line (red-dotted) and linear
fit to even and odd trial-data (green-solid). Caution as some parameters do not make sense in
split half estimation (learning rate and inverse temperature).
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S4. Go/No-Go observed and predicted correlation of behavioral metrics. Facet names refer
to conditions of being in a Go or No-Go trial and initial before and after target letter reversal.

accuracy accuracy accuracy accuracy
initial initial reversal reversal
go go
1.00 1.00 1.00 1.00
0.75 0.75 “10.75 0.75
0.50 0.50 0.50 0.50
0.25 ) - 0.25 0.25
0.00 |+ 0.25 0.00 0.00
- 0.00 0.25 050 0.75 1.00 04 06 08 1.0 0.25 050 075 1.00 02 04 06 08 1.0
O
° rt rt rH rt
E initial reversal reversal
o go go no-go
2.0 2.0
15 1.5
1.0
1.0 |
0.5
0.5 1.0 1.5 2.0 0.75 1.00 1.25 1.50 1.75 2.00 0.5 1.0 1.5 0.8 1.2 1.6 2.0
Observed

S5. Flanker observed and predicted correlation of behavioral metrics. Facet terms refer to
condition of congruent and neutral (collapsed into congruent) and incongruent.
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S6. Delay discounting observed and predicted correlation of behavioral metrics. Facet

numbers (1, 10, 20, 50, 90, 180) refer to delay in number of days before receiving delayed
reward.
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S7. Probabilistic bandit observed and predicted correlation of behavioral metrics. Facet

terms refer to initial block before and after reversal.
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S8. Interaction effects (factor * unrewarded streak) from individually fit logistic
regressions predicting stay behavior on the delayed bandit task.
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