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Abstract

Executive functions (EFs) and self-regulation (SR) strategies are rarely studied together, 
particularly in sustained behavioral SR, which overlaps with vigilance demands yet is 
absent from traditional SR measurement. We examined whether EFs predict SR strategy 
use or the strategy–performance association during a prolonged, monotonous task. We 
assessed 254 adults (Mage = 29.24, SD = 7.85) using the Brief Executive Function battery 
(shifting, inhibition, procedural working memory [pWM]) alongside the Mice Task, in-
tended to elicit self-regulatory friction through boredom and available off-task activity. 
Participants then reported using cognitive reappraisal, situational strategies, subgoaling, 
and distraction. Structural equation modeling indicated that pWM predicted reported 
reappraisal use; its associations with subgoaling and distraction use were not independent 
of recruitment source. Inhibition, and reported reappraisal and situational-strategy use, 
were associated with Mice Task performance; so was subgoaling use, though with marginal 
model fit and indeterminate Bayesian evidence. Bayesian analyses favored the null for 
all 12 EF-by-strategy interaction terms (BF01  = 6.7–15.9), in a design powered to detect 
interactions of β ≈ 0.20–0.23. Primary findings used non-preregistered rank-based inverse 
normal transformed strategy-use scores; the preregistered raw-score models fit poorly. 
Cognitive capacity and reported strategy use appear to relate to sustained self-regulation 
independently rather than interactively.

Keywords: executive functions; self-regulation strategies; sustained attention; behavioral 
self-regulation; self-control; structural equation modeling

1. Introduction
Self-regulation (SR) is the capacity to orchestrate behavior, emotion, cognition, and 

motivation in pursuit of personally valued goals; its failures are implicated in obesity, 
substance dependence, and reckless financial decisions (Heatherton & Wagner, 2011). 
Strong SR is associated with desirable outcomes across domains, including psychological 
health, relationship quality, professional achievement, and wealth, even when accounting 
for intelligence and socioeconomic status (Wennerhold & Friese, 2023).

Despite its prominence, the construct remains a subject of debate: Popular self-control 
measures show weak or nonsignificant intercorrelations, suggesting that different instru-
ments tap partially distinct SR aspects (Wennerhold & Friese, 2023). Relationships among 
SR constructs (e.g., trait self-control, effortful control) and the cognitive abilities supporting 
them remain poorly understood. Clarifying these links could reveal the mechanisms on 
which different SR forms rely and enable personalized interventions that target individual 
cognitive profiles.
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Two frameworks inform the present study. To classify the strategies studied here, 
we draw on the process model of self-control (Duckworth et al., 2016), which expands 
the process model of emotion regulation to other types of conflict. The model groups 
strategies by where they act: on the situation (situation selection and modification), on 
attention (attentional deployment), on appraisal (cognitive change), or on the response itself 
(response modulation). Three of the present strategies fall within these families: situational 
strategies within situation modification, distraction within attentional deployment, and 
reappraisal within cognitive change. Subgoaling is not one of the model’s families and is 
grounded instead in goal-setting theory (Locke & Latham, 1990). For the role of cognitive 
capacity, we follow Hofmann et al. (2012), who treat executive functions as the domain-
general machinery that makes such strategies available and keeps them running. Our 
question sits at the join between the two: whether individual differences in that machinery 
determine which strategies people use, how strongly those strategies relate to success, 
or both.

Moreover, the traditional SR assessment repertoire may not encompass all relevant 
facets of the construct. Researchers studying vigilant attention have recognized that sus-
taining focus on prolonged, monotonous, intrinsically unrewarding tasks requires con-
stant self-regulation (Langner & Eickhoff, 2013; Pershin et al., 2023). Boredom during 
such tasks has been characterized as a failure of self-regulation and of executive con-
trol (Danckert & Merrifield, 2018; Thomson et al., 2015). Despite these connections, this 
vigilance-related dimension has not been integrated into what is typically considered 
SR measurement.

1.1. The Role of Executive Functions in Self-Regulation
Among the cognitive capacities proposed to support SR, executive functions have 

received particular attention. Executive functions (EFs)—specifically shifting, working-
memory (WM) updating, and inhibition (Miyake et al., 2000)—are typically described as 
domain-general mechanisms that regulate cognition for goal-directed behavior (Friedman 
& Miyake, 2017). EFs exhibit both unity and diversity: they share a common underlying 
ability while retaining unique variance (Miyake & Friedman, 2012). Individual differences 
in these highly heritable capacities (Friedman et al., 2008) are associated with self-regulatory 
outcomes across domains (Hofmann et al., 2012; Mann et al., 2015). However, EFs are not 
the sole route to successful SR. Individuals with high trait self-control often rely on habits 
that minimize the need for EF (Williamson & Wilkowski, 2020). EFs thus form a founda-
tional, partly genetic architecture for regulating thought and action (Baggetta & Alexander, 
2016). This raises the question: to what extent is self-regulatory success constrained by EF 
endowment, and to what extent can it be shaped by the strategies people adopt?

1.2. Self-Regulation Strategies and Their Relationship to Executive Functions
SR strategies are engaged when a discrepancy between desired and current states is 

detected (Carver & Scheier, 1998) and operate by altering internal cognitive processes or 
restructuring the environment (Fujita, 2011). Because these operations seem to involve 
shifting attention, inhibiting responses, and maintaining WM representations, theorists 
propose that EFs scaffold strategy selection and implementation (Hofmann et al., 2012). 
Indeed, researchers have suggested that individuals with higher levels of executive func-
tioning may be better able to flexibly deploy their regulatory knowledge (Scholer et al., 
2018). An individual’s EF profile could moderate strategy selection and success: Strong 
EFs may bolster cognitively demanding strategies, while certain strategies may compensate 
for specific EF deficits. Nonetheless, the extent to which EFs moderate the strategy–success 
relation remains under-explored. The present research focuses on four SR strategies se-
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lected for their prominence in the literature; their frequent use in daily life (Middelweerd 
et al., 2014; O’Connell et al., 2007; Vilardaga et al., 2019); their recognized effectiveness, 
including as Cognitive Behavioral Therapy components (Roos et al., 2020; Williamson & 
Wilkowski, 2020); and—central to the current investigation—their theoretically differential 
demands on various EFs. Each denotes a category of actions rather than a single act. The 
four are: (1) reappraisal—changing the interpretation of a stimulus to alter its influence; 
(2) situational strategies—modifying one’s environment to encourage desired behaviors; 
(3) subgoaling—breaking a larger goal into manageable sub-goals and monitoring progress; 
and (4) distraction—diverting attention away from stimuli to attenuate their influence.

1.3. Executive Functions and Specific Self-Regulation Strategies
The following sections elaborate on the four SR strategies selected for this study, 

outlining their theoretical links to specific EFs that may moderate their effect on SR success.

1.3.1. Cognitive Reappraisal
Reappraisal involves changing the interpretation of a stimulus to alter its influence. 

Although primarily studied as a form of emotion regulation, it has also shown effectiveness 
for regulating cravings (Giuliani et al., 2013; Szasz et al., 2012). However, reappraisal is less 
effective for intense stimuli (Sheppes et al., 2009), individual differences in its application 
are substantial (Ford & Troy, 2019), and individuals who experience emotions intensely 
are less likely to employ it (Karmon-Presser et al., 2018). Working memory supports 
the generation and maintenance of new appraisals; WM capacity is the most reliable EF 
predictor of emotion regulation success (Schmeichel & Tang, 2015), was shown to moderate 
reappraisal efficacy (Hendricks & Buchanan, 2016), and high WM load impairs reappraisal 
efficiency (Adamczyk et al., 2022). The role of inhibition is debated and the role of shifting 
has received little attention (Schmeichel & Tang, 2015). Nonetheless, shifting theoretically 
underpins the ability to change perspectives. We therefore predicted that higher WM and 
possibly also shifting abilities would be associated with greater reappraisal effectiveness.

1.3.2. Situational Strategies
Situational strategies arrange the environment to prevent self-regulatory conflict before 

it emerges—for instance, by removing tempting snacks from home or by lending out one’s 
car to necessitate traveling on foot (Duckworth et al., 2016). By avoiding direct exposure 
to temptation, these strategies reduce the need for inhibition (Williamson & Wilkowski, 
2020). Evidence linking EFs to strategy choice indicates that older adults use situational 
strategies relatively frequently, possibly due to age-related EF declines (Urry & Gross, 2010). 
Consequently, individuals with lower inhibitory control may derive particular benefit 
from situational strategies, as they provide a compensatory mechanism. While employing 
situational modifications may require WM (Braver, 2012), their precise relationship with 
WM and shifting is still unclear. We therefore predicted that lower inhibition would be 
associated with a stronger link between situational strategy use and SR success, based on the 
assumption that individuals who suspect they will be tempted will choose such strategies 
to reduce temptation.

1.3.3. Subgoaling Strategies
Subgoaling breaks a large goal into smaller, manageable units. This approach may 

enhance confidence in one’s ability to succeed (S.-C. Huang et al., 2017), provide regular 
performance feedback (Locke & Latham, 1990), and generate incremental rewards that 
sustain motivation over prolonged effort (Zhang & Gao, 2016). The “small victories” 
effect illustrates this principle: individuals in debt who repay the smallest debts first show 
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the greatest motivational benefit (Brown & Lahey, 2015). Unlike reappraisal, situational 
modification, or distraction, subgoaling does not reduce or circumvent the self-regulatory 
conflict itself; rather, the individual must continue to confront and resist temptation at each 
step. We therefore expected that higher inhibition would support greater SR success when 
implementing subgoals, as the capacity to suppress competing impulses remains necessary 
throughout the process.

1.3.4. Distraction
Distraction diverts attention away from motivationally relevant stimuli to attenuate 

their influence (Van Dillen & Papies, 2015). Distraction requires relatively limited WM 
resources, but its relationship with WM capacity is unclear: Low WM might favor distrac-
tion due to its minimal demands, or high WM might facilitate the efficient management of 
distracting content (Adamczyk et al., 2022). We predicted that WM and inhibition would 
moderate the association between distraction use and SR success, whereas shifting would 
not. We reasoned that distraction involves suppressing attention to a motivationally rele-
vant stimulus and repeatedly redirecting it toward alternative content, drawing more on 
inhibitory control than on shifting, which concerns alternating between mental sets applied 
to the same stimulus rather than replacing one stimulus with another (Miyake et al., 2000).

1.4. Sustained Behavioral Self-Regulation
As noted above, existing self-regulation assessment approaches—including self-report 

questionnaires, delay of gratification and delay discounting paradigms, and performance-
based executive function tasks (Duckworth & Kern, 2011; Eisenberg et al., 2019)—do 
not capture the sustained process of maintaining goal-directed behavior under ongoing 
monotony and temptation over extended periods. Delay discounting tasks capture initial 
preferences but not the ongoing effort required to sustain a goal-directed choice over time 
(Duckworth et al., 2013). Executive function tasks, meanwhile, typically focus on brief, 
trial-level cognitive operations rather than sustained performance across an extended, 
monotonous context.

A key mechanism challenging sustained SR is boredom, which devalues current activi-
ties, increases reward sensitivity, and prompts exploratory behavior (Bieleke et al., 2024; 
Radtke et al., 2025). At the trait or state level, boredom can make self-control more chal-
lenging and frustrating (Bieleke et al., 2021); indeed, boredom can be aversive enough to 
lead participants to self-administer electric shocks to alleviate it (Havermans et al., 2015). 
To study sustained SR behaviorally, we developed the Mice Task, a task designed to create 
continuous self-regulatory demands. The task shares key features with classical vigilance 
paradigms (see Langner & Eickhoff, 2013): it requires sustaining readiness to respond to 
infrequent targets within a prolonged, monotonous context. Specifically, participants were 
instructed to “catch” 20 mouse silhouettes appearing sequentially on a screen. Because 
the inter-stimulus intervals were prolonged and highly variable, the task was structurally 
monotonous. Crucially, and unlike typical vigilance paradigms, participants were free 
to engage in off-task activities while waiting. By coupling under-stimulating conditions 
with unrestricted access to temptations, the task seemingly creates an ecologically valid 
competition between goal-directed persistence and the boredom-induced urge to disengage 
(Hancock, 2017). As in the classic marshmallow test, several design features are preserved: 
Participants commit to the goal, temptation lies within reach, compliance with authority is 
minimized, and the task requires sustaining that commitment over time (Duckworth et al., 
2013), with the aim of capturing the continuous friction of self-regulation in adults.
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1.5. The Present Study
Large-scale ontological analyses suggest that trait-level (self-reported) SR and cognitive 

capacities (like EFs) capture largely independent dimensions (Eisenberg et al., 2019). It is 
therefore critical to examine how active behavioral strategies bridge this gap by interacting 
with EFs to produce SR outcomes. Prior research has mostly tested strategies in isolation or 
relied on EF measures with poor test–retest reliability (Enkavi et al., 2019).

Prior research shows that direct empirical associations between EF tasks and self-
control measures are consistently weak (r = 0.10–0.15; Duckworth & Kern, 2011). Simi-
larly, meta-analytic evidence indicates a weak overall association between EFs and reap-
praisal (rs ≈ 0.13–0.19; Toh et al., 2024). This attenuation likely reflects both measurement 
limitations—including mostly poor reliability—and possibly also a context mismatch be-
tween affectively neutral EF assessments and the motivational conflicts that characterize 
self-regulation. Hofmann et al. (2009) proposed that EFs matter most when impulse 
and goal are in active competition; consistent with this, Hofmann et al. (2008) found 
that WM capacity moderated the influence of automatic versus controlled dispositions 
on behavior in temptation contexts (β = −0.21 to −0.37). However, their design could 
not tell whether WM capacity predicted strategy selection, the strategy–success associa-
tion, or both. The present study addresses these gaps by using latent EF variables (ex-
tracted using structural equation modeling [SEM] of EF measures from the Brief Executive 
Function [BEF] battery; Bakun Emesh et al., 2022), a task designed to create sustained self-
regulatory demands (the Mice Task), and self-reports of strategy use during that task, 
collected immediately afterward.

The BEF captures shifting, inhibition, and procedural working memory (pWM; as-
sessed via Decision under Load [DuL]) while accounting for speed–accuracy tradeoffs. 
Notably, the BEF’s Inhibition measure is based entirely on the antisaccade task. Perhaps 
more importantly, DuL is not a measure of WM updating, as in Miyake and Friedman’s 
studies (e.g., Miyake et al., 2000). Rather, it reflects “rule WM” (Garbi & Meiran, 2024): per-
formance in a task involving multiple novel rules. The strategies examined were cognitive 
reappraisal, situational strategies, subgoaling, and distraction. The intensity of the desire 
to quit the task was assessed via self-report and was included as a covariate. The study 
tested (1) strategy use: whether EFs predict the frequency of strategy use; and (2) strategy–
performance associations: whether strategies, EFs, and their interaction are associated with 
Mice Task performance.

Three sets of hypotheses were tested: H1 hypotheses pertain to strategy usage; H2 
hypotheses pertain to strategy–performance associations; and H3 hypotheses pertain to 
overall SR success. In the preregistered hypotheses, SR success refers to performance on 
the Mice Task.

1.5.1. Executive Functions and Strategy Use
These predictions were highly tentative due to limited prior research linking EFs to 

the amount of strategy use. They are reported as preregistered; we were less interested in 
each specific EF–strategy pairing than in whether EFs relate to strategy use in general.

H1a.  Higher shifting and inhibition abilities will predict greater use of cognitive reappraisal.

H1b.  Higher inhibition will predict greater use of situational strategies.

H1c.  Higher pWM will predict greater use of subgoaling strategies.

H1d.  Higher inhibition will predict greater use of distraction.

https://doi.org/10.3390/jintelligence14110283

https://doi.org/10.3390/jintelligence14110283


J. Intell. 2026, 14, 283 6 of 27

Moderation-related hypotheses (H2) refer to the standardized coefficient of the 
EF × strategy-use interaction term predicting SR success in the SEM strategy–performance 
association models.

1.5.2. Executive Functions and Strategy–Performance Associations

H2a.  The Shifting × Reappraisal Use and pWM × Reappraisal Use interaction coefficients will be 
positive and significant, such that higher shifting and higher pWM abilities strengthen the positive 
effect of reappraisal use on SR success.

H2b.  The Inhibition × Situational Strategy Use interaction coefficient will be negative, such that 
individuals with lower inhibition would show greater SR success as situational strategy use increases.

H2c.  The Inhibition × Subgoaling Use interaction coefficient will be positive, such that higher 
inhibition would support greater SR success as subgoaling use increases.

H2d.  The pWM × Distraction Use interaction coefficient will be significant. The direction is not 
predicted: low pWM may facilitate distraction due to limited WM capacity, whereas high pWM may 
facilitate effective management of distraction.

H2e.  The Inhibition × Distraction Use interaction coefficient will be positive, such that higher 
inhibition is associated with greater SR success as distraction use increases.

H2f.  The Shifting × Distraction Use interaction coefficient will not be significant.

1.5.3. Overall SR Success

H3.  Individuals with higher EFs will achieve greater overall SR success.

Note: The preregistration also included hypotheses regarding the Emotion Regulation 
Choice task, attrition, and total strategy count. These are not addressed in the present article, 
which focuses exclusively on behavioral SR strategies and their relation to EFs.

In addition to the above hypotheses, we explored the overall association of each strategy 
with Mice Task performance. These analyses were exploratory and no directional predictions 
were made.

The present findings detailed below indicate that EFs are associated both with Mice 
Task performance and with reported SR strategy use, but, contrary to expectation, that 
Bayesian evidence favored the absence of moderation of the association between strategy use 
and Mice Task performance—that is, cognitive capacity and reported strategy use appear 
to relate to sustained self-regulation independently rather than interactively.

2. Materials and Methods
The study was preregistered (https://osf.io/k84jw/, accessed on 8 October 2026).

2.1. Participants
The target sample was 246 participants, determined by an SEM power analysis 

(d = 0.25, power = 0.80, α = 0.05; Cohen, 1988; Soper, 2023; Westland, 2010). To establish 
which latent interaction effects this sample could detect, we conducted a Monte Carlo 
sensitivity analysis using a population model matching the measurement structure, inter-
factor correlations, and structural coefficients estimated in this sample, with N = 254 and 
product indicators as specified in the reported models. Across 200 replications per con-
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dition (100% convergence), the design afforded 80% power to detect latent interaction 
coefficients of β = 0.200 for Inhibition × strategy use, β = 0.233 for Shifting × strategy use, 
and β = 0.229 for DuL × strategy use. Power was substantially lower for smaller effects 
(β = 0.15: 0.39–0.61; β = 0.10: 0.18–0.35). Type I error rates at β = 0 were 0.045–0.085 (Monte 
Carlo SE ≈ 0.015 with 200 replications). Participants were a convenience sample drawn 
from two sources: undergraduate students at the authors’ institution, who received course 
credit, and workers on Prolific™, an online participant-recruitment platform, who received 
£11.50. Prolific prescreening restricted participation to residents of the United States or the 
United Kingdom, aged 18–50, with an approval rate of at least 97%, who had confirmed 
willingness to view potentially upsetting material (required by the Emotion Regulation 
Choice task) and who used a Windows computer; the operating-system filter is a standing 
precaution in our laboratory against device-related timing variability and was not applied 
to the university sample. Inclusion criteria specified ages 18–50; older individuals were 
excluded due to age-related EF changes (Veríssimo et al., 2022), which could influence strat-
egy use and performance differently. Data files were recorded for 383 participants across 
the four study components. Of these, 81 lacked executive-function data, 9 had missing data 
on another preregistered variable, 15 were performance outliers (>3.5 SD), and 24 showed 
strategy misinterpretation, leaving 254 (see Section 2.4 for details). This starting figure is 
the union of participant identifiers across the four data files; the number of people who 
opened the recruitment link was not recorded. The final sample comprised 254 participants 
(135 women, 118 men, 1 who reported another gender; Mage  = 29.24, SD = 7.85). Of these, 
127 were university undergraduates and 127 Prolific workers. The two sources differed 
demographically: undergraduates were younger (M = 24.1, SD = 2.31) than Prolific par-
ticipants (M = 34.3, SD = 8.12) and more often women (92 of 127 versus 43 of 127), and 
almost all were studying for a Bachelor’s degree (119 of 127), whereas Prolific participants 
were spread across secondary (47), Bachelor’s (63), and Master’s (17) levels. Employment 
status was not collected. The design is cross-sectional: all measures were obtained within a 
single session, apart from the 18 participants noted below whose executive-function scores 
were collected earlier.

2.2. Measures
2.2.1. Mice Task Performance

We used a custom-developed task, the “Mice Task”, designed to place prolonged 
demands on behavioral SR: it requires sustained attention over a monotonous period 
(Figure 1A shows the trial structure). Participants’ goal was to “catch” white mouse silhou-
ettes (125 × 125 px) by clicking the screen using a computer mouse when each appeared.

The task was presented within a black 1000 × 1024 px frame. A fixation point was 
consistently displayed at the center, with the mouse stimuli appearing 128 px above it. 
The task was rendered in pixel units, so physical stimulus size varied across participants’ 
displays, and no screen-calibration procedure was used. The procedure began with in-
structions and a four-mouse practice trial, followed by the main experimental phase, which 
consisted of 20 mice in total. During each trial, the mouse appeared on the screen for an 
average of 1079 ms (SD = 480 ms). The presented mouse was caught by clicking anywhere 
on the screen with the computer mouse. A successful catch triggered immediate visual 
feedback: a green frame (712 × 800 px) flashed for 200 ms. A continuous score counter at 
the bottom of the screen provided ongoing feedback on the number of caught, missed, and 
remaining mice.
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Figure 1. (A) Schematic illustration of the Mice Task trial structure. (B) Mean response time on 
correctly detected trials (upper panel, with standard deviation error bars) and the percentage of 
correct detections (lower panel), both plotted over cumulative waiting time. Color indicates the 
stimulus presentation time (stimulus duration). Points and bars show observed means, not model 
estimates. RT = response time.

The key design element intended to challenge SR was the long and variable inter-
stimulus interval, with mice appearing only about once per minute on average (M = 55.8 s, 
SD = 14.6 s). These long pauses were designed to induce boredom, requiring participants 
to actively maintain focus. To create a more realistic self-regulation challenge, participants 
were permitted to engage in other activities (e.g., use their cell phone), which served as 
potential temptations. Mice Task performance was measured with two indicators: (1) the 
negatively signed mean response time on correctly detected trials, and (2) the number 
of mice detected. The decision to model Mice Task performance as a latent variable com-
bining these two indicators was made prior to hypothesis testing but was not specified 
in the preregistration. The two loadings were constrained to equality (a tau-equivalent 
specification; Graham, 2006). A two-indicator factor with freely estimated loadings is under-
identified on its own; constraining the loadings to equality results in a gain of one degree 
of freedom and renders the Mice Task performance measurement model just-identified 
(df  = 0). This part of the model, therefore, cannot be tested on its own and is evaluated 

https://doi.org/10.3390/jintelligence14110283

https://doi.org/10.3390/jintelligence14110283


J. Intell. 2026, 14, 283 9 of 27

only within the full structural model. The constraint also yielded proper solutions in all 
four strategy–performance association models, which free estimation did not (see the note 
to Table S15 in the Supplementary Materials). Because an equality constraint on loadings is 
only meaningful when the indicators share a scale, both Mice Task performance indicators 
were standardized before estimation (raw SDs = 2.24 and 123.35; see Table S2).

Participants were instructed to complete the study on a desktop or laptop computer, 
and mobile and touchscreen devices were not permitted; device characteristics were not 
recorded, so compliance was not verified. Browser, screen size, display resolution, and 
refresh rate were neither recorded nor controlled, and browser-based timing is less precise 
than laboratory software (Anwyl-Irvine et al., 2021; Bridges et al., 2020); both are addressed 
in Section 4.5.

2.2.2. Strategy Use
Immediately following the Mice Task, participants completed a questionnaire (pre-

sented using Qualtrics™ (Qualtrics, 2023); see Text S1) reporting strategy use. Adapted 
from prior instruments (Lopez et al., 2021; Williamson & Wilkowski, 2020), the question-
naire elicited specific descriptions of strategy application. Participants received descriptions 
and examples for each strategy. The strategies assessed were reappraisal, situational strate-
gies, subgoaling, and distraction. Participants wrote down how they used each strategy, 
listed all actions performed, and reported how many times each action was performed. 
They then reported the total action count per strategy, which served as the measure of 
strategy use. Open-text descriptions were reviewed by the first author to check that the 
reported actions matched the intended strategy; responses were flagged as misattributions 
only where the described behavior was clearly inconsistent with the strategy definition. 
There was no second coder, so inter-rater reliability was not assessed, and the coder was not 
blinded to task performance; misattribution decisions rested solely on the match between 
description and definition.

2.2.3. Desire Intensity
Desire intensity was measured through a post-task questionnaire item: “At the moment 

when the feeling [of wanting to stop the task] was at its peak, how much money were you 
willing to give up so that the task would stop?” This measure was included as a covariate 
to control for varying levels of desire to quit, since the same level of Mice Task performance 
may reflect more self-regulatory effort when the desire to quit is strong than when it is weak.

2.2.4. Executive Functions
Executive functions were assessed using the Brief Executive Function (BEF) battery 

(Bakun Emesh et al., 2022), a set of computerized performance tasks, rather than a self-
report instrument, evaluating three core abilities: Inhibition (antisaccade task), Shifting 
(task-switching), and pWM (Decision under Load, DuL). The BEF demonstrates good-to-
excellent test–retest reliability: Bakun Emesh et al. (2022) reported intraclass correlation 
coefficients (ICCs) for the aggregated Balanced Integration Score (BIS; Liesefeld et al., 2015) 
difference scores of 0.70 (Shifting), 0.86 (DuL), and 0.84 (Inhibition). Eighteen participants 
had completed the BEF battery in two earlier studies several weeks to months before taking 
part in our research, and were not asked to repeat it; their earlier scores were matched to the 
present dataset by participant identifier. Eleven took part in a study that used this battery 
and is currently under review (Amir et al., 2026); the other seven come from an unpublished 
dataset. The two reports address different questions and no result appears twice. Because 
these scores were collected earlier than the rest, the interval between EF testing and the Mice 
Task varied across participants; we treat this as a limitation. Additionally, the construct 
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validity of pWM was established in two large-scale studies (Garbi & Meiran, 2024). EFs 
were modeled as latent variables: BIS values for each of the three content types (letters, 
digits, shapes) of DuL and Shifting, and the four stimulus-onset asynchronies (SOAs) of 
the antisaccade task served as observed indicators explained by the three latent factors (see 
Garbi et al., 2024).

2.3. Procedure
The study was conducted online. After providing informed consent (approved by 

the departmental ethics committee), participants completed the study in a single session 
lasting approximately one hour. Participants were instructed to complete the study on a 
computer, in a quiet room, between 07:00 and 22:00 local time. No time limit was imposed on 
questionnaire completion. Time of participation was recorded but was not analyzed, since 
participants were spread across several time zones. The session proceeded in the following 
order: (1) the Mice Task (~20 min; programmed in OpenSesame version 3.3.14, Mathôt 
et al., 2012, and hosted on JATOS, Lange et al., 2015); (2) a post-task questionnaire assessing 
strategy use, desire intensity, and demographic information (presented via Qualtrics™; 
Qualtrics, 2023); (3) the Emotion Regulation Choice task (~10–15 min; Sheppes et al., 2011; 
not reported here); and (4) the BEF battery (~25 min). Participants who had previously 
completed the BEF in another study were exempt from this portion. No breaks were 
prescribed between sections.

2.4. Data Analysis
All analyses used R version 4.2.1 (R Core Team, 2022) with SEM via lavaan version 

0.6.12 (Rosseel, 2012) using the MLM estimator. This estimator provides maximum like-
lihood parameter estimates with the Satorra–Bentler scaled chi-squared test statistic and 
robust standard errors (Satorra & Bentler, 1988), guarding against non-normality bias. All 
variables were centered and standardized prior to analysis. An alpha of 0.05 was adopted 
for statistical inference. Bayes factors (BFs) were computed as BIC-based approximations 
(Bayesian information criterion; Neath & Cavanaugh, 2012; Schwarz, 1978), comparing an 
unconstrained model to a model in which the coefficient was fixed to zero; BF < 1/3 was 
interpreted as supporting H0 , BF > 3 as supporting H1 , and 1/3 ≤ BF ≤ 3 as undecided. 
Generative AI (Claude, Anthropic; Opus 4.6 and Opus 5) was used to assist with writing 
the analysis and figure-plotting code, and for language editing. All code was reviewed and 
verified by the authors against the underlying data, and all output was checked against the 
reported estimates. The authors take full responsibility for the content. Model fit was evalu-
ated using the Comparative Fit Index (CFI ≥ 0.95 good, ≥ 0.90 acceptable) and Root Mean 
Square Error of Approximation (RMSEA ≤ 0.06 good, ≤0.08 acceptable; Hu & Bentler, 1999). 
The Tucker–Lewis Index (TLI) is reported alongside these for completeness but was not 
used as a fit criterion. Fit indices are reported in their robust form (Brosseau-Liard & Savalei, 
2014; Brosseau-Liard et al., 2012), appropriate for MLM estimation under non-normality. 
Because participants were recruited from two sources that differed demographically, all 
models were re-estimated with recruitment source (0 = university sample, 1 = Prolific) 
added as a predictor. Source was entered as a fixed exogenous variable: allowing it to 
covary freely with the other predictors made the strategy-use models under-identified and 
stopped the strategy–performance models converging.

Prior to testing the hypothesized models, the three-factor EF measurement model 
(inhibition, shifting, DuL) was confirmed in the present sample using the same specification 
as in prior work (Garbi et al., 2024). Two categories of SEM models were then fitted:
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(a) Strategy-Use Models. These models predicted strategy use from EFs and desire inten-
sity. A separate model was constructed for each strategy (reappraisal, situational, 
subgoaling, distraction), with covariances specified among all predictors (Figure 2A).

(b) Strategy–Performance Association Models. These models predicted Mice Task perfor-
mance from EFs, strategy use, EF × strategy-use interactions, and desire intensity. 
A separate model was developed for each strategy (Figure 3A).

Figure 2. (A) Theoretical schema of strategy-use models. Desire intensity was included as a covariate. 
The indicators and covariances between the predictors are omitted for simplicity. (B) Empirical results 
of strategy-use models. Statistical significance is indicated by filled versus open markers, as shown in 
the legend; error bars are 95% confidence intervals. DuL = Decision under Load; CFI = comparative 
fit index; RMSEA = root mean square error of approximation; n.s. = not significant.

Preregistered analytic decisions. The SEM model structures, predictor variables, and 
hypotheses (H1–H3) were specified in the preregistration. The preregistered approach 
used untransformed raw scores; these analyses are fully reported in the Supplementary 
Materials (Tables S9, S11, S14 and S17).
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Figure 3. (A) Theoretical schema of strategy–performance association models. SU = strategy 
use. Desire intensity was included as a covariate. The indicators and covariances between the 
predictors are omitted for simplicity. (B) Empirical results of strategy–performance association 
models. Statistical significance is indicated by filled versus open markers, as shown in the leg-
end; error bars are 95% confidence intervals. BFs for all interactions were below 1/3. DuL = Deci-
sion under Load; CFI = comparative fit index; RMSEA = root mean square error of approximation; 
n.s. = not significant.
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Non-preregistered analytic decisions. Several decisions were made after preregistration but 
prior to hypothesis testing. (a) Normalization: Several variables exhibited severe skewness 
exceeding 3.0 (Kline, 2016): reappraisal use (5.56), situational strategy use (6.38), distrac-
tion use (11.21), and desire intensity (8.21; see Table S1). Although the MLM estimator 
provides robust standard errors under non-normality, it still assumes linear relationships 
between variables. Severe skewness and kurtosis of the observed magnitude (kurtosis up 
to 155.03) may induce non-linear relationships that robust estimators alone cannot address 
(Kline, 2016). Therefore, a rank-based inverse normal transformation (INT) was applied to 
these four variables prior to estimation. The INT preserves the rank ordering of the counts 
but does not distinguish no use from some use; count, hurdle, or zero-inflated models 
would separate these components directly and are a natural next step for data of this kind. 
The remaining variables, including subgoaling use, were not transformed. Differences in sta-
tistical significance between the INT and raw-score approaches are noted where they occur. 
(b) Mice Task performance specification: Modeling Mice Task performance as a latent vari-
able combining caught mice and mean response time was decided prior to hypothesis testing 
but was not specified in the preregistration. A sensitivity analysis using a unit-weighted 
composite of the two standardized indicators is reported in Table S19. (c) Post hoc analyses: 
Internal reliability of the Mice Task was assessed using McDonald’s Omega and Cronbach’s 
Alpha. Individual differences in task performance were examined using a multilevel model 
predicting correct-trial response times from stimulus time, preparation time (the waiting 
interval preceding that mouse), and cumulative waiting time, with random intercepts and 
random slopes for cumulative waiting time per participant. (d) Exclusion criteria: The pre-
registration specified excluding participants with missing EF data; the other exclusions listed 
in Section 2.1 were added prior to hypothesis testing. Several participants had misplaced 
strategy counts or used incorrect counting methods (n = 7) but could be corrected manually 
and were retained. Additionally, 24 participants provided numerical strategy reports but 
left open-text fields blank; these were retained in primary analyses. A sensitivity analysis 
excluding them is described in Section 3.4. (e) Missing Mice Task data: Three participants 
had one Mice Task trial absent (19 instead of 20 trials) due to technical issues. These were 
retained with prorated scores (n_caught = raw_caught × 20 / trials_completed) but were 
excluded from Mice Task reliability and its individual-differences analyses (N = 251); all 
other analyses used the full sample (N = 254).

3. Results
3.1. Mice Task Performance and Individual Differences

Mean Mice Task performance is presented in Figure 1. Successful mice responses 
yielded response times substantially slower than those typically observed in simple reaction 
tasks (~231 ms; Woods et al., 2015). This suggests (but does not prove) that participants were 
frequently distracted and were engaged in competing activities. Additionally, participants 
succeeded in responding to the mice less frequently when stimulus presentation times 
were shorter. Despite these challenges, overall performance significantly improved over the 
course of the task: as cumulative waiting time (i.e., the total elapsed inter-stimulus time, 
excluding stimulus presentation time) progressed, participants became both more accurate 
and quicker at responding, indicating improvement on both dimensions rather than a 
speed–accuracy tradeoff (see Tables S3–S6 for full response time and accuracy models).

Post hoc analyses assessed the internal reliability of the Mice Task using McDonald’s 
Omega and Cronbach’s Alpha (see Taber, 2018, for interpretations of Alpha values). Relia-
bility estimates were moderate: for response time, ωtotal  = 0.88, ωhierarchical  = 0.67, α = 0.86; 
for correctness, ωtotal  = 0.68, ωhierarchical  = 0.48, α = 0.64.
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To examine individual differences further, a multilevel model was fitted to correct-trial 
response times, with stimulus time, preparation time, and cumulative waiting time as 
fixed effects, and random intercepts and random slopes for cumulative waiting time per 
participant (see Tables S3–S5 for full model results). This model enabled us to determine 
the sources of individual differences in performance in this task, which include individual 
differences in overall RT (random intercept) and individual differences in RT change as a 
function of cumulative waiting time (random slope). The inclusion of a random intercept 
in the model generated a significant improvement in model fit, χ2 (1) = 820.18, p < .001, and 
the same was true for the random slope, χ2 (2) = 96.55, p < .001, meaning that participants 
differed significantly in their general performance and also in how their performance 
changed over the task: while response times decreased on average as the task progressed, 
individual slopes varied around this average.

3.2. Measurement Model of EF
Descriptive statistics and zero-order correlations among all variables entered into the 

SEM models are presented in Table S2. The three-factor EF measurement model (inhibition, 
shifting, DuL) and associated BEF tasks were established and validated in prior work 
(Bakun Emesh et al., 2022; Garbi et al., 2024). We confirmed the same structure in the 
present sample: the correlated three-factor model showed acceptable fit and was decisively 
preferred over a single-factor model (BIC difference corresponding to BF > 1000; see Table S7 
for full fit indices and model comparison). All factor loadings were significant and were at 
least 0.607 (see Table S8 for full loading table).

3.3. Strategy-Use Models
All four strategy-use models fit well (see Table S9 for fit indices). EF factor loadings 

were stable across models (all ≥ 0.603; see Table S10 for ranges).
Figure 2B presents the key results (for standardized coefficients, p-values, and BFs of 

both analytic approaches; see Table S11). Before controlling for recruitment source, DuL—a 
measure of pWM—was the only EF that predicted strategy use, doing so for reappraisal, 
subgoaling, and distraction. Desire intensity also predicted reappraisal and distraction use. 
No predictor reached significance for situational strategy use, where all BFs fell below 1/3 
(0.063–0.249), providing positive evidence against these associations.

Repeating these models with recruitment source as a predictor left the DuL–reappraisal 
association unchanged (β = 0.19, p = .026) but reduced the subgoaling and distrac-
tion associations to non-significance, with Bayes factors below 1/3 in both cases (see 
Tables S12 and S13). We therefore interpret only the DuL–reappraisal association as in-
dependent of recruitment source.

3.4. Strategy–Performance Association Models
Three of the four models fit well (see Table S14 for fit indices). The subgoaling model 

was the exception, with a robust CFI at the 0.90 boundary and a robust RMSEA of 0.081, 
above the conventional cutoff; its results should be interpreted with caution. Loadings on 
the Mice Task performance indicators were high and consistent across models (0.925–0.942; 
see Table S15 for full ranges), and no improper solutions arose under the tau-equivalent spec-
ification. All interaction-term loadings were significant (ps < .001). Inter-factor correlations 
are reported in Table S16.

Preregistered raw-score moderation models, estimated under the same tau-equivalent 
specification, all converged but fit poorly, and the situational and distraction models 
produced degenerate solutions (see Table S14), consistent with the distributional non-
normalities (coefficients from all four are reported for transparency in Table S17). Figure 3B 
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presents the primary results from the analyses using the normalized-score models (see 
full results in Table S17). In contrast to the models using raw scores, the models using 
normalized scores fit the data well, with the exception noted above (see Table S14). Reap-
praisal, situational-strategy, and subgoaling use were each positively associated with Mice 
Task performance; distraction use was not. Inhibition was the only EF associated with Mice 
Task performance, and this was consistent across all four models, independent of strategy. 
Neither shifting nor DuL was associated with Mice Task performance.

None of the 12 EF × strategy-use interaction latent-path terms reached significance. BFs 
for all interactions were below 1/3 (range: 0.063–0.150, with |β| = 0.002 to 0.098), providing 
positive evidence in favor of the null hypothesis. The interaction results thus converge 
across frequentist and Bayesian approaches: Bayesian evidence favored the absence of EF 
moderation of the strategy–performance association for all 12 interaction terms. None of 
the 12 interaction terms reached significance in the preregistered raw-score models either 
(ps = .185 to .985; Table S17), although those models fit poorly and therefore should not 
be interpreted.

Three additional analyses assessed the robustness of the strategy–performance asso-
ciation models. First, replacing the latent Mice Task performance factor with the mean 
of the two standardized indicators left all coefficients within 0.015 of the reported values 
and all inferential conclusions unchanged (Table S19). Second, adding recruitment source 
changed no coefficient by more than 0.032 and no interaction coefficient by more than 0.013; 
source was not associated with Mice Task performance (ps = .10–.51, BFs = 0.08–0.19). No 
significance verdict changed except for distraction use, which became significant (β = 0.13, 
p = .042) but with indeterminate Bayesian evidence (BF = 0.37; Table S18). Third, 24 partic-
ipants who provided numerical strategy reports but left the open-text strategy description 
fields blank were excluded (remaining N = 230). These participants had valid quantitative 
data but could not be verified for correct strategy interpretation. The analysis yielded 
comparable standardized coefficients (mean |Δβ| = 0.018, range 0.002 to 0.052 for primary 
predictors); all four strategy-use paths retained their verdicts, while three of the four in-
hibition paths crossed the significance threshold on exclusion, consistent with reduced 
statistical power rather than changes in the underlying effects (see Table S20 for full results).

4. Discussion
The present study investigated the interplay between executive functions and self-

regulation strategies employed during the Mice Task. We asked three questions: (a) Do 
EFs predict which SR strategies people report using? (b) Are EFs and SR strategies associ-
ated with Mice Task performance? (c) Do EFs moderate the relationship between strategy 
use and Mice Task performance? Contrary to our hypotheses emphasizing inhibition and 
shifting, pWM (DuL) uniquely predicted the reporting of reappraisal; associations with 
subgoaling and distraction use were not independent of recruitment source and are not 
interpreted further. Both strategy use (particularly reappraisal) and inhibition were indepen-
dently associated with Mice Task performance. Crucially, the central hypothesis—that EFs 
would moderate the strategy–performance association—was not supported, with Bayesian 
evidence consistently favoring the null for all 12 tested interactions. The findings sug-
gest that EFs are associated both with the reporting of self-regulation strategy use and 
with performance on a task designed to demand sustained self-regulation, but Bayesian 
evidence favored the absence of moderation of the association between strategy use and 
Mice Task performance.

https://doi.org/10.3390/jintelligence14110283

https://doi.org/10.3390/jintelligence14110283


J. Intell. 2026, 14, 283 16 of 27

4.1. DuL and Strategy Use
DuL positively predicted the reported use of reappraisal. Associations with subgoaling 

and distraction use were also observed, but were not independent of recruitment source 
and are therefore not interpreted further (see Section 3.3). Post hoc, this finding suggests 
that the reported use of reappraisal may depend more on working memory—such as the 
capacity to generate and hold alternative construals—than on the ability to inhibit prepotent 
responses or shift between mental sets. This interpretation is consistent with Braver’s 
(2012) dual-mechanisms framework, in which proactive control involves the sustained 
maintenance of goal-relevant information in working memory prior to challenging events. 
Reappraisal is, by nature, a generative activity: reinterpreting a situation requires producing 
and evaluating alternative construals of it.

That DuL predicted reappraisal use resonates with Schmeichel and Tang’s (2015) 
conclusion that WM capacity is the most reliable EF predictor of emotion regulation success, 
and with prior findings linking higher WM capacity to reappraisal (Hendricks & Buchanan, 
2016; McRae et al., 2012/2013). Whereas prior work has focused primarily on WM’s role in 
the implementation of reappraisal, the present findings suggest that pWM may also relate 
to how often reappraisal is used, at least as reported. This association is small but reliable 
in the current meta-analytic literature (r = 0.128; Toh et al., 2024), though DuL is a pWM 
measure and is not interchangeable with the canonical updating paradigms on which that 
estimate rests.

This finding may also converge with Hofmann et al.’s (2008) demonstration that WM 
capacity (WMC) determines whether the reflective system overrides automatic impulses 
in temptation contexts. If the reported strategies were deployed deliberately, doing so 
would be an act of the reflective system, and the present finding would suggest that one 
manifestation of this WMC-dependent influence is the extent to which people engage in 
strategic regulatory behavior. Nonetheless, there is no evidence in the current study that 
the strategies reported were chosen deliberately, only that participants were able to report 
using them. Whereas Hofmann et al. could not tell whether WMC predicted strategy 
use or strategy effectiveness—because strategy use was not measured independently—the 
present design distinguishes these steps: DuL predicted reported reappraisal use but did 
not moderate the strategy–performance association.

Recent evidence converges, though tentatively. In exploratory analyses within a prereg-
istered experience-sampling study, WMC predicted planning—the only one of eight coping 
strategies it predicted—and the number of strategies deployed per stressor (Wahlers et al., 
2025). That study concerned everyday stressors rather than a laboratory persistence task, 
and the strategy differs from the one identified here. What recurs is the shape of the finding: 
a capacity measure relating to one particular strategy rather than to strategic regulation 
in general.

Despite the temptation to interpret the DuL results in this fashion, the findings were 
not as predicted, and another viable alternative is that DuL influenced reports rather than 
actual strategy use. The fact that DuL predicted only reappraisal use argues against this 
interpretation. All four strategies were elicited and counted in the same way, so an account 
in which DuL drives fluency in describing one’s own behavior predicts an association 
with every count. Instead, the association was confined to a single strategy. Experimental 
evidence argues against a reporting account as well. In a paradigm where regulation 
choices were recorded behaviorally rather than reported, depleting cognitive resources 
shifted choices away from distraction, though not away from reappraisal (R. Huang et al., 
2025). This suggests that resource availability can alter which strategy a person actually 
deploys, not only which one they later report. This does not entirely rule out reporting 
artifacts in the present measure.
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Bayes factors for the strategy-use models ranged from 0.063 to 0.948. Where p-values 
reached conventional thresholds, the Bayesian evidence was indeterminate rather than 
confirmatory, so those effects should be read as suggestive rather than definitive. The 
non-significant paths behaved differently, most yielding Bayes factors below 1/3 (e.g., 
shifting → situational strategy use, BF = 0.063; inhibition → distraction use, BF = 0.064) 
and thus providing positive evidence for the absence of those associations. The strategy-use 
findings are therefore asymmetrically supported: that shifting and inhibition do not predict 
strategy use is well evidenced, whereas that DuL predicts reappraisal use is suggestive only.

4.2. Strategy–Performance Associations and the Role of Inhibition
Three of the four strategies were associated with Mice Task performance. Reappraisal 

showed the largest coefficient (β = 0.26) and was the only strategy associated with strong 
Bayesian support (BF = 96.67); because each strategy was estimated in a separate model, the 
coefficients were not formally compared and the ordering should be read descriptively. Situ-
ational strategy use was also associated with Mice Task performance (β = 0.20, BF = 5.48), 
converging with experience-sampling evidence in which removing oneself from the sit-
uation predicted successful desire resistance (Milyavskaya et al., 2021). Subgoaling use 
was significant by the frequentist criterion, while its Bayes factor remained indeterminate 
(β = 0.18, p = .006, BF = 1.13), making this a mixed result. Comparable strategies in the 
literature behave as the significant path suggests, with monitoring goal progress and think-
ing of the near finish both predicting perceived persistence success in everyday aversive 
activities (Hennecke et al., 2019). Reappraisal has no comparator there, having been used 
too rarely to enter their effectiveness models. Distraction use was not associated with Mice 
Task performance (β = 0.12, p = .065, BF = 0.28). Distraction has been effective elsewhere, 
reducing emotional expression in the laboratory (Kobylińska et al., 2023) and predicting suc-
cessful desire resistance in daily life (Milyavskaya et al., 2021), though both concern emotion 
regulation and momentary temptation rather than sustained behavioral persistence.

The subgoaling and distraction coefficients were similar in magnitude and were not 
formally compared, so the following considerations concern why distraction might be less 
effective in a task of this kind rather than an established contrast between the two. The 
first is the type of conflict. Those studies—viewing emotional images in the laboratory and 
resisting momentary desires in daily life—involve conflicts in which attention can be turned 
away from a discrete stimulus or temptation. The Mice Task instead requires continued 
monitoring of the screen on which the targets appear, so turning attention away has a direct 
cost. In a study of persistence at everyday aversive activities, distracting oneself from the 
activity was the only strategy that negatively predicted perceived self-regulatory success 
(Hennecke et al., 2019). Distraction may therefore help where attention can be withdrawn 
freely, and impair or fail where the task requires sustained monitoring.

The second consideration concerns the resolution of the strategy measure. Hennecke 
et al. (2019) distinguish two strategies: distracting oneself from the activity, which negatively 
predicted perceived success, and task enrichment—adding an external pleasant stimulus 
alongside the activity without changing it—which predicted greater success when boredom 
was high, and whose examples include listening to music while working. The present 
distraction item covers both, since its examples included singing or listening to music while 
performing the task. Subgoaling is similarly mixed, combining progress monitoring and 
near-finish focus, both positive predictors in their data, with goal setting, which was not. 
Reappraisal maps onto a single category. We offer this as a hypothesis about measurement 
rather than a demonstrated mechanism. No standard taxonomy of self-regulation strategies 
exists, and studies differ in how they define and group them; the present items were 
informed by prior measures (Lopez et al., 2021; Williamson & Wilkowski, 2020) but, like 
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others, reflect choices specific to this study (see Section 2.2.2). Comparisons across studies 
are therefore approximate.

Inhibition, operationalized with the antisaccade task, was consistently associated 
with Mice Task performance across all four strategy–performance association models 
(β = 0.18–0.20), independent of which strategy was included as a predictor. This pat-
tern suggests that inhibitory control relates to Mice Task performance regardless of the 
strategy being employed. However, the Bayesian evidence for the inhibition association was 
indecisive in all four models (BFs = 1.10–2.49). A sensitivity analysis excluding participants 
with incomplete strategy descriptions (N = 230) left the coefficients essentially unchanged 
but reduced power, such that three of the four inhibition paths no longer reached signifi-
cance. Together, these indicate small effects estimated with limited precision rather than 
unstable ones.

These small effects are consistent with prior work reporting weak or null associa-
tions between task-based EF and self-regulation outcomes. Behavioral flanker indices did 
not predict everyday goal progress (Saunders et al., 2022), neither inhibition nor work-
ing memory predicted emotion-downregulation success (Rodas et al., 2024), and cogni-
tive tasks predicted real-world outcomes considerably less well than self-report measures 
(Eisenberg et al., 2019).

A possible dissociation emerged between DuL and inhibition across the two sets of 
models: DuL predicted the reported use of reappraisal but not how successful participants 
were, whereas inhibition was associated with Mice Task performance (at least by the 
frequentist criterion) but not which strategies people reported. This pattern is consistent 
with the two EFs relating to different aspects of self-regulation: DuL to the reported use 
of reappraisal, inhibition to maintaining goal-directed behavior in the face of competing 
impulses. This dissociation is not anticipated by the broader literature. Toh et al. (2024) 
found that EF related to reappraisal about equally whether reappraisal was measured as 
how often people report using it or how well they perform it when instructed; on that 
evidence, inhibition should relate to strategy use and to performance comparably, whereas 
here it related only to the latter, with the Bayes factor for the inhibition–reappraisal use 
path providing positive evidence against an association (BF = 0.167). Toh et al. also found 
the inhibition–reappraisal association to be larger when the inhibition task used affective 
material (r = 0.33) than when it did not (r = 0.16), and the present antisaccade measure is 
nonaffective, so the smaller estimate is the relevant comparison.

4.3. The Null Moderation Finding
The central hypothesis of this study was that individual differences in EFs would 

moderate the relationship between SR strategy use and SR success, tested here as Mice Task 
performance. We predicted that certain strategies would be more effective for individuals 
with particular EF profiles—for example, that reappraisal would be more effective for 
those with higher shifting and WM abilities (H2a), or that situational strategies would 
be more effective for those with lower inhibition (H2b). This hypothesis was motivated 
by theoretical accounts proposing that different SR strategies place differential demands 
on distinct EFs (Hofmann et al., 2012; Schmeichel & Tang, 2015), and by the practical 
implication that individuals might optimize their SR efforts by selecting strategies that 
match their cognitive strengths.

This hypothesis was not supported. Across all four strategy models, none of the 
12 EF × strategy-use interaction terms reached significance (all ps > .05). The Bayes factors 
for these interactions ranged from 0.063 to 0.150—all below the conventional threshold of 
1/3, with the weakest corresponding to BF01  = 6.7—providing positive evidence in favor of 
the null hypothesis. Unlike the main effects, where p-values and BFs often diverged, the 
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interaction results converged: neither approach supported moderation, and the Bayesian 
evidence favored its absence for all 12 terms. The same null held in the preregistered 
raw-score models, although those models fit poorly (Table S17) and therefore should not 
be interpreted.

This null finding is noteworthy, as the moderation hypothesis represented the primary 
theoretical contribution of this study and motivated the examination of multiple strategies 
and EFs within a single design. The proposal that individual differences in EFs should 
shape the effectiveness of specific SR strategies remains current rather than historical: a 
recent person-specific framework of emotion-regulation flexibility notes that it does not 
address executive functioning, and suggests integrating it with the cognitive control account 
of Pruessner et al. (2020) as a future direction (Kaur et al., 2025). On that account, stopping 
or switching strategies particularly requires a shifting mode of cognitive control, whereas 
maintaining a strategy particularly requires a shielding mode supported by inhibition 
and updating. The account is framed for emotion regulation and has not been tested 
directly. The present results are only partially relevant to its second component: sustaining 
a strategy across 20 min of monotonous responding, with off-task alternatives continuously 
available, is plausibly a shielding demand, and inhibition was associated with Mice Task 
performance across all four strategy models, whereas DuL was not—although DuL is not 
an updating measure.

Several interpretations merit consideration. The first concerns whether participants 
chose their strategies or were assigned them. Kobylińska et al. (2023) instructed participants 
to use each of three strategies in turn, alongside a no-regulation control, and found that 
reinterpretation reduced emotional expression relative to control among participants with 
higher baseline regulatory capacity but not among those with lower capacity, whereas 
distraction reduced it in both groups. The group difference was not itself tested, so this is a 
pattern of the hypothesized form rather than a demonstrated moderation. In that design 
every participant used every strategy, including strategies poorly matched to their capacity. 
Participants here were free to use any strategy or none, and those poorly served by a strategy 
could simply refrain from deploying it. If individuals already gravitate toward strategies 
suited to their profile, the marginal return per unit of use would be approximately constant 
across levels of EF within the range each participant exhibits, and the interaction term 
would carry little additional variance. This is consistent with metamotivational accounts, 
on which people hold beliefs about which regulatory approaches work for them (Scholer 
et al., 2018), and it predicts that assigning strategies rather than permitting free selection 
should restore the moderation if it exists. This account, however, requires EFs to relate to 
which strategies are used, and the present strategy-use models support that only for pWM 
and reappraisal. Van Bockstaele et al. (2020), who also permitted free choice among three 
strategies, likewise found no relation between a flanker-based measure of cognitive control 
and strategy preference in either experiment, though with fewer than 40 participants each, 
that null is weakly informative.

Second, EFs and strategies may contribute through additive, parallel pathways, each 
conferring an independent advantage without amplifying or constraining the other. This 
configuration recurs elsewhere. A preregistered replication obtained a main effect of WMC 
on momentary negative emotion while the capacity × stressor interaction failed to replicate, 
and reported coping did not mediate the relationship (Wahlers et al., 2025). Hennecke 
et al. (2019) likewise found that strategy use did not mediate the relationship between 
trait self-control and perceived self-regulatory success, concluding that the two represent 
separate routes. Testing whether strategy effectiveness varied across four types of situational 
demand, they obtained few interactions and concluded that this would limit the advantages 
attributable to regulatory flexibility, while noting that some strategies were rarely paired 
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with certain demands. Experimental evidence of an interaction is suggestive rather than 
decisive. Adamczyk et al. (2022) manipulated working memory load and concluded 
that its effect depends on the strategy used, but reappraisal and distraction were tested in 
separate experiments with no shared comparison condition, so the two strategies were never 
compared directly. Within each experiment, including the load × regulation interaction 
improved on a main-effects-only model by factors of 1.26 and 1.58, which is indecisive.

Third, the design may test the wrong form of fit. Flexibility accounts define flexibility 
as the covariation between strategy use and changes in context, and treat its adaptiveness 
as a separate empirical question (Aldao et al., 2015). Here, all participants faced the same 
task under the same conditions, so nothing about the situation varied. A fit effect between 
person and situation has no variance to attach to, and the present null therefore concerns 
fit between person and strategy only. Consistent with this, a person-level tendency to 
match strategy to stimulus intensity predicted lower immediate negative affect, although 
the trial-level comparison between strategies was null (Specker et al., 2024).

A final consideration is the evidence pointing the other way. WMC has been reported 
to moderate reappraisal efficacy (Hendricks & Buchanan, 2016), which the present results, 
obtained with a procedural WM measure, do not reproduce. A second frequently cited result 
concerns whether automatic or controlled dispositions drive behavior in temptation contexts 
(Hofmann et al., 2008); this speaks to which process governs action rather than to how well 
a chosen strategy works, and is not a direct comparator. The discrepancy is not resolved 
here, though it is consistent with the first interpretation above: in Hendricks and Buchanan’s 
study, reappraisal was instructed rather than chosen. None of these interpretations was 
specified in advance. The additive-pathway account in particular was formulated after the 
hypothesized interactions went unsupported; it is a post hoc reading that requires direct 
testing rather than a result. The present study therefore limits person–strategy fit accounts 
rather than advancing them: it argues against moderation within the range of effect sizes 
the design could detect, without establishing an alternative.

Three practical readings follow, each provisional. The pWM measure related to how 
often reappraisal was reported rather than to how well it worked, so interventions that teach 
reappraisal may need to address whether a person will deploy it and not only whether they 
can. Inhibition was associated with Mice Task performance in every model, independent 
of strategy, which points to a general rather than a strategy-specific role. And within the 
range of EF observed here, how strongly a strategy related to success did not depend on 
cognitive profile, so matching strategy to profile—the practical promise that motivated this 
study—finds no support in these data.

4.4. Sustained Attention, Boredom, and the Mice Task
Performance improved rather than declined over the course of the task. The Mice Task 

shares features with vigilance paradigms, but its purpose was to sustain a conflict between 
goal-directed persistence and the urge to disengage while off-task alternatives remained 
available, rather than to produce a vigilance decrement. Sustained attention is itself oper-
ationalized in more than one way, and decline over time is only one of them; attentional 
consistency is an alternative that does not presuppose a decrement (Welhaf & Kane, 2024). 
Improvement over the session is therefore not at odds with the paradigm, provided the con-
flict remains. Improvement may also reflect learning of when targets appear. The multilevel 
model included each trial’s preparation time, so the improvement over cumulative waiting 
time is not merely better anticipation of individual targets, and learning the approximate 
rate of targets would itself be a way of regulating attention. The improvement also differs 
from the performance pattern associated with accumulating boredom. Boredom rises across 
blocks of fixed-duration self-control tasks while effort declines, and is associated with a shift 
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toward speed at the expense of accuracy (Bieleke et al., 2021). Here, participants became 
both faster and more accurate as the session progressed, which does not show that tradeoff.

4.5. Limitations
Several limitations should be considered. First, although the sample size (N = 254) 

was adequate for detecting moderate main effects, many Bayes factors for the main effects 
were indecisive (between 1/3 and 3), suggesting that a larger sample would be needed to 
distinguish small true effects from null effects. The interaction analyses, which typically 
require larger samples than main-effect analyses, may have been particularly sensitive to 
this constraint: detecting interactions of the magnitude observed here (|β| ≤ 0.10) with 
80% power would require a sample roughly four times larger for Inhibition × strategy use 
(N ≈ 1000) and roughly five times larger for Shifting × and DuL × strategy use (N ≈ 1350), 
extrapolating from the simulated minimum detectable effects. Second, the strategy-use 
variables were based on self-report, introducing potential biases related to memory and 
limited introspective access to one’s own regulatory processes. The response format avoids 
one known problem: participants described specific actions and counted them, rather than 
rating agreement with positively and negatively worded statements, where reverse-coding 
can generate a factor reflecting item valence rather than the construct (Paap et al., 2024). This 
does not establish that the counts reflect actual deployment rather than fluency in describing 
one’s own behavior, and because strategy use and Mice Task performance were obtained in 
the same session, participants who performed well may have recalled and reported more 
strategizing. Future research could benefit from behavioral coding, experience-sampling or 
ecological momentary assessment, and from longitudinal designs that follow strategy use 
and EF over time. Third, our operationalization of EF is inspired by but not identical with the 
popular triad conceptualization by Friedman, Miyake and their colleagues, mainly because 
we did not measure WM updating in the canonical sense (e.g., n-back or complex-span 
paradigms) and measured DuL instead, and because Inhibition was represented by a single 
task (antisaccade). See Garbi et al. (2024) for a more extended discussion of this point. 
Last, the study relied on a single task designed to create self-regulatory demands (the 
Mice Task); moderation effects absent here might emerge in tasks with different cognitive 
demands, time horizons, or types of temptation.

Three features of the design constrain what the measures can show. Off-task activity 
was permitted but neither standardized nor recorded, and boredom—the mechanism 
the task is built on—was not measured during the session, so we cannot confirm that 
participants experienced it. The open-text strategy descriptions were reviewed by a single 
coder who was not blinded to task performance; independent blinded coding with inter-
rater reliability would be preferable. And the design is cross-sectional: EFs are treated as 
predictors on theoretical grounds, as relatively stable capacities, rather than because they 
were measured first.

The study was administered online, where response timing is less precise than in 
native laboratory applications and varies across browsers (Bridges et al., 2020; see also 
Anwyl-Irvine et al., 2021). The EF measures are relatively robust to this, as switch costs 
and load costs are within-participant difference scores in which a participant’s timing lag 
largely cancels—a point Bridges et al. make directly, noting that a constant lag is of little 
consequence where response times are compared across conditions within participants. The 
Mice Task performance indicators depend less on fine-grained timing: stimulus durations 
averaged approximately 1079 ms. Such error is in any case unrelated to executive function 
and would attenuate rather than inflate the associations reported here.

Mean response time was computed only over trials in which a mouse was successfully 
caught, so participants who missed more targets contributed fewer observations to this 
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indicator. Two consequences follow. First, the precision of the response-time indicator 
varies across participants as a function of their accuracy, with the least accurate participants 
contributing the noisiest estimates. Second, part of the association between the two Mice 
Task performance indicators is structural rather than substantive, because both are derived 
from the same subset of trials. Participants who detected fewer mice did so dispropor-
tionately on longer-duration stimuli (r = −0.67 between mean hit-trial stimulus duration 
and number of detections, 95% confidence interval [CI] [−0.73, −0.59]), and stimulus 
duration predicts response time. This dependency is intrinsic to the task, since a missed 
trial yields no response time by definition, but it means that part of the correlation between 
the indicators (r = 0.87; see Table S2) follows from how they were computed, so it overstates 
how far the two measure the same ability. Because trial composition depends only on task 
performance and not on any predictor, this concerns the measurement model rather than 
the structural estimates.

The strategy-use measure indexes the reported frequency of regulatory actions rather 
than the quality or appropriateness of their implementation. A participant who reported 
repeating a single reappraisal several times receives a higher score than one who reappraised 
once but effectively, so the measure cannot separate frequent use from skilled use. Relatedly, 
it captures what participants reported doing, which may diverge from what they did; better-
performing participants may also have recalled or described their regulatory activity more 
fully, which would inflate the observed association in the absence of any causal effect. We 
therefore refer throughout to reported strategy use rather than to strategy deployment, 
strategy skill, or strategy efficacy.

The two recruitment samples differed in reported strategy use: participants recruited 
through Prolific reported fewer situational, subgoaling, and distraction actions than univer-
sity participants, but comparable numbers of reappraisals. This difference may reflect the 
circumstances under which the two samples completed the task rather than a difference in 
regulation itself; the present design cannot distinguish these accounts. The associations 
between pWM and subgoaling and distraction use were not independent of recruitment 
source and should not be interpreted as individual-difference relationships.

5. Conclusions
Using a novel behavioral paradigm—the Mice Task—that was designed to elicit sus-

tained self-regulatory effort, and EF measures that account for both speed and accuracy (the 
BEF battery), this study found that pWM is associated with the reported use of cognitive 
reappraisal specifically; that inhibitory control is associated with Mice Task performance 
independently of strategy use; and that the Bayesian evidence favored the absence of EF 
moderation of the strategy–performance association, within the range of effect sizes this 
design could detect. These findings come from non-preregistered models using transformed 
strategy-use scores; the preregistered raw-score models fit poorly.
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