
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

The Dynamics of Stability and Flexibility
How Attentional and Cognitive Control Support Multitasking Under Time Pressure
Boag, Russell J.; Strickland, Luke; Heathcote, Andrew; Loft, Shayne
DOI
10.1037/xge0001749
Publication date
2025
Document Version
Final published version
Published in
Journal of Experimental Psychology: General
License
Article 25fa Dutch Copyright Act (https://www.openaccess.nl/en/policies/open-access-in-
dutch-copyright-law-taverne-amendment)
Link to publication

Citation for published version (APA):
Boag, R. J., Strickland, L., Heathcote, A., & Loft, S. (2025). The Dynamics of Stability and
Flexibility: How Attentional and Cognitive Control Support Multitasking Under Time Pressure.
Journal of Experimental Psychology: General, 154(6), 1699-1728.
https://doi.org/10.1037/xge0001749

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, P.O. Box 19185, 1000 GD Amsterdam, The Netherlands.
You will be contacted as soon as possible.

Download date:16 Oct 2026

https://doi.org/10.1037/xge0001749
https://handle.uba.uva.nl/personal/pure/en/publications/the-dynamics-of-stability-and-flexibility(def08fc2-402e-4151-aca5-c03794088989).html
https://doi.org/10.1037/xge0001749


The Dynamics of Stability and Flexibility: How Attentional and
Cognitive Control Support Multitasking Under Time Pressure

Russell J. Boag1, 2, Luke Strickland3, Andrew Heathcote2, and Shayne Loft1
1 School of Psychological Sciences, University of Western Australia

2 Department of Psychology, University of Amsterdam
3 Faculty of Business and Law, Future of Work Institute, Curtin University

Managing the trade-off between stability (robustness to interference) and flexibility (readiness to adapt to
change) places considerable demands on human attention, cognitive control, and meta-control processes.
However, little is known about the cognitive mechanisms driving stability–flexibility adaptation in
multitasking contexts, and such mechanisms have implications for effective task completion in everyday
life and in complex work settings, particularly when individuals enter performance “red zones” where task
demands exceed capacity to manage them. We present a computational model that explains how
individuals, in a cognitively demanding prospective memory (PM) paradigm, cognitively adapt to the
relative prevalence of competing task responses to achieve more stable or more flexible performance
under conditions in and out of the “red zone” (high vs. low time pressure). The model explained observed
ongoing- and PM-task performance in terms of the quality and quantity of attentional capacity directed to
each task and context-sensitive differences in proactive and reactive cognitive control. The results are
consistent with a view of stability and flexibility as potentially independent dimensions of control, the
management of which is subject to human processing/capacity constraints. The model furthers under-
standing of human cognitive flexibility, with potential implications for humans working in dynamic,
information-rich settings requiring behavioral flexibility.

Public Significance Statement
This study presents a cognitive theory and computational model that quantifies the attentional and
cognitive control mechanisms underlying stability–flexibility adaptation in cognitively demanding
multitasking settings. We demonstrate that requiring behavioral flexibility can have unintended negative
consequences for individuals’ ability to process and perform ongoing tasks, due to reduced attentional
focus and greater reliance on effortful proactive control strategies. Further, heightened time pressure can
compromise the ability to maintain the behavioral flexibility required to detect and respond to infrequent
critical events. Our findings are consistent with a view of stability and flexibility as somewhat inde-
pendent dimensions of control but subject to human processing/capacity constraints. These study
outcomes have relevance to understanding human cognitive flexibility, including practical implications
(e.g., for training and work design) for humans working in dynamic, information-rich settings requiring
behavioral flexibility.

Keywords: multitasking, stability–flexibility dilemma, cognitive control, prospective memory, evidence
accumulation
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At work and in everyday life, humans engage in multitasking, in
which two or more tasks are performed concurrently (Meyer &
Kieras, 1997; Pashler, 1994). Multitasking requirements in the
modern workplace can take various forms (for reviews, Dismukes,
2010, 2012; Loft, 2014; Remington & Loft, 2015; Wickens et al.,
2022). For example, safe and efficient outcomes in work systems
such as aviation, military, and health care can require primary tasks
to be performed while remembering to periodically shift attention to
one or more other tasks (e.g., piloting an aircraft while remembering
to intermittently check a weather radar display). In other situations,
operators may need to remember to resume an unfinished task that
has been interrupted by competing task demands (e.g., an inter-
rupted nurse remembering to return and check the settings of a
mechanical ventilator). Another example of multitasking, which
forms the current focus, is where an operator must remember to
perform an atypical action to a task event instead of a more routine
task action (e.g., an air-traffic controller changing the route or level
of an aircraft entering their sector that meets certain criteria, instead
of instructing the routine flight plan).
Multitasking places considerable demands on human attention and

cognitive control systems (Braver, 2012; Kahneman, 1973; Posner &
Snyder, 2004; Shiffrin & Schneider, 1977; Wickens et al., 2022). It is
thought to depend upon “meta-control” (Eppinger et al., 2021;
Hommel, 2015) or “meta-optimization” (Botvinick & Cohen, 2014)
processes that adapt the cognitive system in a goal- or context-driven
manner (Dreisbach & Fröber, 2019; Koechlin & Summerfield, 2007;
Miller & Cohen, 2001; Salinas, 2004). Such meta-control is crucial
for managing the stability–flexibility dilemma, a trade-off between
cognitive processing that is robust to distraction and interference
(stability) versus being prepared to switch between tasks and adapt to
unfolding events (flexibility; Durstewitz & Seamans, 2008; Musslick
et al., 2019). Given the attentional and cognitive control demands of
multitasking, it is important to understand how individuals’ ability to
manage the stability—flexibility trade-off may be affected by “red
zones/lines” of performance (Wickens et al., 2015), that is, situations
in which task demands exceed an individual’s capacity to man-
age them.
In this article, we propose a computational model that explains

how attention and cognitive control processes influence decisions in
a prospective memory (PM) paradigmwith varying requirements for
behavioral stability versus flexibility, and where difficulty is
manipulated so performance is both in and out of the “red zone” (i.e.,
overloaded, Palada et al., 2018; Strickland et al., 2019). PM tasks are
a specific type of multitasking, requiring maintenance of a deferred
intention to perform an alternative action to an (ongoing) task event
with particular features, instead of making a routine ongoing task
action (Einstein & McDaniel, 1990; for a review, Rummel &
McDaniel, 2019). We show that the model provides close fits to the
ongoing and PM task performance of individuals in an experiment in
which we systematically manipulated time pressure (response

deadlines) and whether the task context favored stable versus
flexible ongoing task performance (the ratio of trials requiring an
ongoing vs. PM task response). The model explains behavior in
terms of the relative attentional capacity directed to the ongoing and
PM tasks, and context-sensitive differences in how proactive and
reactive cognitive control were applied to each task, consistent with
current theories of meta-control (Egner, 2023; Hommel & Wiers,
2017; Musslick & Bizyaeva, 2024; Musslick & Cohen, 2021).

In this introduction, we explain the meta-control problem of
balancing stability with flexibility and outline theoretical perspec-
tives on multitasking. First, we discuss the dual-mechanisms theory
of proactive and reactive cognitive control (Braver, 2012) and its
relation to emerging theories of goal-driven meta-control (i.e.,
context-sensitive control of cognitive control settings; Egner, 2023;
Goschke & Bolte, 2014; Hommel, 2015; see also, Marr, 2010).
Next, we discuss the role of limited capacity selective attention in
multitasking (Kahneman, 1973; Navon & Gopher, 1979; Wickens,
2008) and its implications for performance “in the red zone”
(Strickland et al., 2019).We then present a computational model that
instantiates the key cognitive mechanisms proposed by the reviewed
theories. Our model uses an evidence accumulation framework
(Brown & Heathcote, 2008; for comprehensive reviews, Donkin &
Brown, 2018; Evans &Wagenmakers, 2020; Forstmann et al., 2016;
Gold & Shadlen, 2007; Schall, 2019) that enables quantitative
measurement of attention and cognitive control mechanisms that
underlie multiple task performance in PM paradigms (Boag,
Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019; Strickland et al., 2019). We apply the model to a
large trial number experiment (3,200 trials × 48 participants) de-
signed to reliably measure the cognitive mechanisms that underlie
multitasking (P. L. Smith & Little, 2018).

The Stability–Flexibility Dilemma: Cognitive Control
and Selective Attention in Multitasking

A central problem that humans face when multitasking is the
stability–flexibility dilemma (Musslick et al., 2019; Uddin, 2021).
The dilemma refers to a trade-off between promoting behavioral
stability (i.e., the ability to maintain focus on one goal while
ignoring competing goals and distractions) on the one hand versus
behavioral flexibility (i.e., the ability to flexibly switch goals and
detect significant events) on the other. It arises when multiple goals
compete for the limited attentional capacity of the human cognitive
system (Cowan, 2001; Navon & Gopher, 1979; Norman & Bobrow,
1975; Oberauer, 2009; Wickens, 2008). Stable versus flexible modes
of control confer conflicting costs and benefits (Kool et al., 2017;
Musslick & Cohen, 2021). For example, high on-task focus promotes
stability and robustness to interference from competing goals or
distractions (Fischer & Hommel, 2012). However, it also increases
the probability that significant events or contextual shifts will go
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unnoticed, which compromises flexibility (Botvinick &Cohen, 2014;
Dreisbach & Goschke, 2004; Goschke & Bolte, 2014). In general, a
stable control mode is favored in contexts in which task switches are
infrequent and there is low-goal interference (e.g., when one task
predominates). Conversely, a flexible mode is favored when task
switches occur frequently and there is high-goal interference (Goschke,
2000; Grahek et al., 2023; Monsell & Mizon, 2006; Musslick et al.,
2019; for a review, Dreisbach & Fröber, 2019).
The ability to appropriately shift between stable and flexible

performance depends upon cognitive control processes that recon-
figure or bias the cognitive system in a goal-driven manner (Cools,
2008; Cools & Robbins, 2004; Dreisbach & Fröber, 2019; Egner,
2023; Hommel, 2015; Musslick & Bizyaeva, 2024). Cognitive
control processes modulate how the cognitive system processes and
responds to task information. Hence, individuals apply cognitive
control to bring task performance (e.g., response time [RT] or error
rates) in line with current goals or task constraints (e.g., time pressure
and task priority; Boag, Strickland, Heathcote, et al., 2019; Boag,
Strickland, Loft, & Heathcote, 2019; Botvinick & Braver, 2015).
Dual-mechanisms theory makes an important distinction between
control that is engaged proactively versus reactively (Braver, 2012).
Proactive control refers to top-down control engaged in anticipation
of upcoming critical events or changes in task demands. Critically, it
is engaged before the anticipated critical event or change in context
occurs. By contrast, reactive control refers to bottom-up or event-
triggered control engaged after the onset of a critical event or
context. Key to reactive control is that it is engaged transiently to
influence processing “only as needed, in a just-in-time manner”
(Braver, 2012, p. 2). Proactive and reactive control are implicated in
numerous abilities critical to multitasking, including selective
attention and goal-shielding (i.e., protecting current behavioral
plans from sources of potential interference, such as previously
active plans; Botvinick & Cohen, 2014; Dreisbach, 2012; Dreisbach
et al., 2007; Fischer & Dreisbach, 2015; Gratton et al., 1992;
Monsell et al., 2000; Verschooren et al., 2019), conflict moni-
toring and resolution (e.g., of competing stimulus–response
mappings; Botvinick et al., 2001; Carter et al., 1998; Logan &
Zbrodoff, 1979; van Veen et al., 2001), task switching (Allport &
Wylie, 1999; Dreisbach & Fröber, 2019; Gilbert & Shallice, 2002;
Monsell, 2003; Rogers & Monsell, 1995), and in the higher order
coordination of multiple behavioral plans according to a hierarchy
of goals (e.g., cognitive branching, multiple-goal pursuit, and
meta-control; Ballard et al., 2016; Koechlin & Hyafil, 2007;
Koechlin et al., 2003; Mansouri et al., 2017). Individuals use both
proactive and reactive control strategies (and selective attention) to
manage the competing demands of stable versus flexible performance
(Burgess & Braver, 2010) and to adapt to changes in task demands
(e.g., time pressure, task difficulty, and task priority) during mul-
titasking (Alister et al., 2024; Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019; Palada et al.,
2019, 2018; Strickland et al., 2018).
Evidence suggests that individuals engage proactive control to a

greater extent in contexts that require behavioral flexibility, such as
when expecting frequent task switches or high interference between
competing goals (Grahek et al., 2023; Geddert & Egner, 2022).
Conversely, individuals rely upon reactive control to a greater
extent in contexts that promote behavioral stability (e.g., when task
switches or goal interference is infrequent; Braver, 2012). For

example, Burgess and Braver (2010) investigated context-dependent
shifts in cognitive control mode according to whether individuals
expected frequent or infrequent goal interference while performing
a working memory task. When expecting frequent interference
(flexibility condition), individuals adopted a proactive control mode,
as indicated by a global (block-wide) increase in prefrontal cortical
activity consistent with sustained conflict monitoring or goal
maintenance. By contrast, with infrequent interference (stability
condition), prefrontal cortical activity was limited specifically to
interference trials, pointing to a greater reliance on transient event-
triggered reactive control rather than sustained proactive control
(Burgess & Braver, 2010).

Adjusting the balance of proactive and reactive control according
to the expected frequency of interference is consistent with
computational theories of goal-directed meta-control (Bustamante
et al., 2021; Lieder & Iwama, 2021; Marković et al., 2021; Shenhav
et al., 2013). In these models, higher order selection and recon-
figuration of control modes are guided by cost–benefit computations
that take account of the decision-maker’s current goals and the
utility associated with engaging effortful control or in adopting a
new strategy (Eppinger et al., 2021; Frömer et al., 2021; Kool et al.,
2017; Shenhav et al., 2021). Sustained proactive control is believed
to be more costly than transient reactive control (e.g., metabolically
or in terms of cognitive resources; Braver, 2012; Shenhav et al.,
2017). Consequently, individuals are expected to default to the less
effortful reactive control mode whenever possible (i.e., when the
context allows for mostly stable task performance) and to avoid
engaging effortful proactive strategies unless the cost of doing so is
outweighed by potential benefits to performance (e.g., when greater
behavioral flexibility is required; Grahek et al., 2023; Kool et al.,
2010; Kurzban et al., 2013; McGuire & Botvinick, 2010; Schouppe
et al., 2014; for a biologically plausible neural mechanism for
accomplishing such mode switching, see Frank et al., 2001; Hazy et
al., 2006). This difference in the cost of control has been argued to
represent an evolutionarily adaptive heuristic that encourages the
development of automaticity (i.e., a cognitive system that relies on
effortful control as little as possible; Genewein et al., 2015; Logan,
1988; Musslick et al., 2018; Schneider & Shiffrin, 1977; Shiffrin &
Schneider, 1977; Teh et al., 2017) and discourages exertion of finite
metabolic or cognitive resources (Kool & Botvinick, 2018; Shenhav
et al., 2017; see also, Simon, 1956; Todd & Gigerenzer, 2012).

Selective attention is also critical to the trade-off between stable
and flexible behavior (Botvinick & Cohen, 2014; Egner & Siqi-Liu,
2024; Musslick & Cohen, 2021). According to most attention
theory, human attention is limited in capacity (Broadbent, 1957;
Bundesen, 1990; Cowan, 2001; Hendy et al., 1997; Kahneman,
1973; Navon & Gopher, 1979; Navon & Miller, 2002; Norman &
Bobrow, 1975; Oberauer, 2009; Posner & Boies, 1971; Tombu &
Jolicoeur, 2003; Wickens, 2014). This renders the cognitive system
vulnerable to processing bottlenecks that degrade performance
when individuals enter red zones/lines of performance, that is, when
task demands exceed an individual’s capacity to manage them
(e.g., when multiple sources of task demand compete for the same
resource, processing channel, or focus of attention; Boag et al.,
2023; Kane et al., 2001; Kane & Engle, 2003; Lavie, 2005; Pashler,
1994; Wickens et al., 2015). Consequently, the ability to balance
behavioral stability and flexibility for multiple sources of task
demand depends on selective attention to enable individuals to
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adjust how resources are allocated according to strategic goals (e.g.,
task priority) and motivational factors (e.g., subjective effort/
urgency and performance incentives; Alister et al., 2024; Boag,
Strickland, Loft, & Heathcote, 2019; Braver et al., 2014; Carver &
Scheier, 2001; Hockey, 1997; Jimura et al., 2010; Kool & Botvinick,
2018; Wickens et al., 2022).
Leading neurocomputational theory (Carandini & Heeger, 2012;

Corbetta & Shulman, 2002; Reynolds & Heeger, 2009) and recent
cognitive modeling of empirical multitasking performance in
PM paradigms (Boag, Strickland, Heathcote, et al., 2019; Boag,
Strickland, Loft, & Heathcote, 2019; Strickland et al., 2019)
suggest that two distinct mechanisms—gain and focus—underlie
selective attention. Attentional gain corresponds to a broadly tuned
signal-boosting mechanism that controls the sensitivity of the
cognitive system to task-relevant stimuli (Montague et al., 2004;
Pleger et al., 2009; Servan-Schreiber et al., 1990), such as by
increasing the activation of goal-relevant information in working
memory (Dreisbach & Fröber, 2019). Individuals increase gain
when the effort or urgency required to perform a task is increased
(e.g., when required to multitask or given tighter deadlines), which
produces a global speed up of responses (Boag, Strickland,
Heathcote, et al., 2019; Boag, Strickland, Loft, & Heathcote,
2019). To the extent that maintaining behavioral flexibility is
effortful, individuals may increase gain in flexibility-promoting
contexts.1 By contrast, attentional focus controls the selectivity or
quality (signal-to-noise ratio) of information processing for each
task (Clark et al., 1987; Durstewitz & Seamans, 2008; Gamo &
Arnsten, 2011). Focus is jointly determined by stimulus char-
acteristics (e.g., salience and discriminability) and the attention
available to process a given task. Focus promotes stable perfor-
mance and protects against distractions or interference from
competing goals (Egner & Siqi-Liu, 2024). When individuals enter
the red zone (i.e., when capacity is exceeded) due to heightened
task demands, such as multitasking load and time pressure, they
decrease focus and hence the quality with which task information is
processed, which increases the rate of erroneous responses (Boag,
Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019; Palada et al., 2019; Strickland et al., 2019).
Conceptually, gain and focus are reminiscent of early theories of
visual attention as a “spotlight” with variable intensity and focal
scope, which individuals strategically adjust to ensure goal-relevant
information is detected and selected for processing (Broadbent,
1957; Eriksen & Yeh, 1985; Kahneman, 1973; Posner & Boies,
1971; Posner & Petersen, 1990).
Some evidence for goal-directed control of attentional gain and

focus comes from PM studies that manipulated the relative priority/
importance (via task instructions and monetary incentives) of the
ongoing and PM tasks (Boag, Strickland, Loft, & Heathcote, 2019;
Strickland et al., 2018; Walter & Meier, 2014). In this work,
increasing task priority was intended to promote stable performance
of the prioritized task. Consistent with this, individuals allocated
greater attentional focus to prioritized tasks at the expense of lower
priority tasks. Consequently, prioritized tasks were less vulnerable
to interference and potential performance costs (e.g., slower or more
error-prone responding) during periods of high task demand (e.g.,
high time pressure) compared to less prioritized tasks. This supports
the idea that focused attention promotes behavioral stability.
Conversely, less prioritized tasks were more vulnerable to inter-
ference and attracted larger performance costs. This is consistent

with individuals shifting the spotlight of attention from less
important tasks to more important tasks to facilitate processing in a
goal-driven manner (Boag, Strickland, Loft, & Heathcote, 2019;
R. E. Smith & Bayen, 2004). Convergent evidence from the base
rate/prevalence literature further supports the idea that individuals
allocate attention according to prior knowledge and expectations of
the task environment (Dunovan et al., 2014; Logan&Gordon, 2001;
Summerfield & Koechlin, 2008), including the frequency with
which they expect to execute different actions (e.g., in single-task
contexts; Trueblood, Eichbaum, et al., 2021) or expect to have to
choose between performing ongoing and competing task actions
(i.e., in multiple-task contexts; Czernochowski et al., 2012; Graf &
Uttl, 2001; Loft et al., 2008; Loft & Yeo, 2007; Olszanowski &
Szostak, 2019; Wilson et al., 2013). In general, processing tends to
be facilitated for more probable or frequently encountered tasks and
stimulus–response mappings (Dunovan et al., 2014; Hon et al.,
2013; Karayanidis et al., 2009; Mulder et al., 2012; Wolfe et al.,
2007). This suggests that contexts favoring stable task performance
will attract greater attentional focus to the predominant task com-
pared to contexts favoring flexibility.

In summary, individuals have several means of controlling the
balance of stable versus flexible behavior. To promote stability,
individuals may deploy a high degree of attentional focus to the
predominant task and rely on transient reactive control to manage
relatively infrequent interference from competing tasks. To promote
flexibility, individuals may engage potentially effortful proactive
control strategies and adopt a broader attentional scope (sharing
resources among tasks) to ensure that potentially significant alter-
native task events are detected and responded to successfully.
Moreover, these demands may interact with time pressure. If
heightened time pressure increases demands for behavioral flexi-
bility, individuals may deploy different cognitive control or resource
allocation strategies for managing the stability–flexibility trade-off
compared to conditions with lower time pressure. Importantly, the
cognitive mechanisms underlying flexibility–stability trade-offs are
often not identifiable in summarized behavioral measures such as
mean RT or error rate. For example, an individual may make slower
responses due to proactive control over decision making (e.g.,
setting a more conservative response criterion) or, alternatively,
because of decreased urgency/attentional gain. Titrating the me-
chanisms thought to underlie the flexibility–stability trade-off re-
quires a formal cognitive model that makes closer contact with
behavioral data, that is, that account for individual choices and the
entire distribution of response times. In the next section, we present
a computational cognitive model of multitasking that instantiates
these processes within a tractable evidence accumulation framework
(Brown & Heathcote, 2008; Strickland et al., 2018). To our
knowledge, our modeling of the behavioral experiment that follows
offers the first computational theory of the cognitive mechanisms by
which individuals manage the stability–flexibility trade-off in the
context of varied PM task demands (rare vs. frequent PM target
presentation) and provides the first account of how the implicated
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1 We note that the meaning of gain in our model differs from the gain
parameter used in dynamical systems approaches to the stability–flexibility
trade-off (e.g., Musslick et al., 2019; Musslick & Bizyaeva, 2024). In those
models, gain regulates the distance between task attractors, such that higher
gain promotes cognitive stability (deeper attractors requiring more effort to
switch between) and lower gain promotes cognitive flexibility (shallower
attractors requiring less effort to switch between).
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cognitive mechanisms interact with cognitive demand (low vs. high
time pressure).

Modeling Attention and Cognitive Control for
Multiple Tasks

In the present study, the multitasking paradigm involved per-
formance of an ongoing task and an alternative (PM) task. For the
ongoing task, we chose a cognitively demanding ATC conflict
detection task (Fothergill et al., 2009) that has previously been used
with both experts (Loft et al., 2009) and novices (Boag, Strickland,
Heathcote, et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019)
to assess conflict detection performance and to develop a formal
theory of attention and cognitive control (Boag, Strickland, Loft, &
Heathcote, 2019). The conflict detection task requires participants to
decide whether pairs of aircraft cruising at the same altitude on
converging flight paths will violate a minimum lateral separation
standard. This requires individuals to assess the relative speed and
position of aircraft to judge their relative arrival time at the common
intersection point (DeLucia & Liddell, 1998; Law et al., 1993;
Vuckovic et al., 2013). For the alternative task, we chose an event-
based PM task (Einstein & McDaniel, 1990) that required parti-
cipants to remember to execute a deferred alternative action to
ongoing task trials containing PM targets (i.e., any aircraft with a
call sign containing two matching letters, e.g., VTV680). Event-
based PM tasks are representative of multitasking demands, since
the deferred intention must be maintained while ongoing task ac-
tions continue to be performed between each PM event (Koechlin &
Hyafil, 2007; Matos et al., 2020; Rummel & McDaniel, 2019). This

combination of ongoing ATC conflict detection and PM tasks has
been found to elicit robust capacity sharing between tasks (Boag,
Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019) and is representative of multitasking demands in
many work contexts in which individuals monitor perceptual dis-
plays with ongoing/PM task requirements (e.g., air battle man-
agement, uninhabited vehicle control, maritime surveillance; Boag
et al., 2023; Calhoun et al., 2018; Shorrock, 2005).

To measure the latent cognitive control and selective attention
processes that potentially underlie performance on the ongoing/PM
tasks, we turned to an evidence accumulation framework formodeling
multiple-task decision making (Brown &Heathcote, 2008; Strickland
et al., 2018). When fit to human data, the model explains choices and
RT distributions in terms of latent cognitive processes. Importantly,
the model instantiates the proactive and reactive control processes
thought to underlie the stability–flexibility trade-off and enables
measurement of the two distinct mechanisms—gain and focus—that
underlie selective attention. This allows us to identify both cognitive
control and potential resource sharing effects under conditions in
which task demands exceed capacity. This framework has been
successful in explaining human decision making in several cogni-
tively demanding multitasking environments, such as in simulated
ATC and maritime surveillance (for a review, Boag et al., 2023).

As illustrated in Figure 1, the model consists of a set of racing
linear ballistic accumulators corresponding to the possible task
actions or response options (Brown & Heathcote, 2008). Our PM
paradigm requires three accumulators: two for the binary choice
ongoing task and one for the alternative PM response. Each ac-
cumulator is assumed to be tuned to detect evidence for its
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Figure 1
Illustration of Evidence Accumulation Architecture for a Multitasking Paradigm Involving a Two-
Choice Ongoing Task and One-Choice Alternative (PM) Task

Note. On a given trial, a threshold is set for each accumulator, which represents the amount of evidence
required to trigger each response. Upon stimulus presentation, evidence begins accumulating from a point
uniformly sampled from between zero and a value below the threshold. Evidence accumulates from the starting
point toward the threshold at a rate sampled from a normal distribution centered on the mean accumulation rate.
The first accumulator to reach threshold determines the overt response. Response time equals the time taken for
the winning accumulator to reach threshold plus nondecision time (the time for perceptual encoding and motor
response production). Model parameters instantiate key cognitive control and selective attention processes
involved in multitasking (see text for details). PM = prospective memory.
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corresponding response, where evidence refers to information
sampled from the task environment or from representations held in
memory (Ratcliff, 1978). When a stimulus is presented, the accu-
mulators begin sampling evidence from the task environment
toward a threshold and the first accumulator to reach threshold
determines the overt response. For example, correct PM responses
(PM hits) occur, when a PM stimulus is presented and the PM
accumulator reaches threshold before the ongoing task accumula-
tors. By contrast, PMmisses occur, when a PM stimulus is presented
and one of the ongoing task accumulators reaches threshold before
the PM accumulator. Across repeated decisions, distributions of
threshold crossing times (plus time for the nondecision processes of
perceptual encoding and motor response production) represent
empirical RT distributions. The proportion of times that each ac-
cumulator wins represents observed response proportions. The
accumulation process is subject to (nonsystematic) trial-to-trial
variability in the starting point and rate of evidence accumulation.
Predicting the entire distribution of RTs for each task action is

critical, because responses at either extreme can present unique risks
to the workplace (e.g., fast, rash decisions or excessively slow re-
sponses). Moreover, even small changes to the variance or skew of an
RT distribution can produce large increases in the proportion of too-
fast or too-slow responses in the tails of the distribution that may be
unacceptable in safety-critical work settings (for a review, Boag et al.,
2023). Accounting for these data is a significant advantage of our
approach over traditional analyses of summarized behavior (e.g.,
linear modeling of mean RT or error rate; Lerche & Voss, 2020).

Measuring Proactive Control With Thresholds

In evidence accumulation models, thresholds determine the
amount of evidence required to trigger a response, and thus measure
response caution. Higher thresholds require more evidence to trigger
a response, which produces slower, more accurate decisions.
Conversely, lower thresholds require less evidence to trigger a
response, causing faster and less accurate decisions. Thresholds are
set prior to stimulus onset (since it would be circular for the
threshold of evidence for identifying a stimulus to depend on
knowing the identity of that stimulus), which means that thresholds
are a locus of proactive control (Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019; Strickland et al.,
2018). A large body of evidence accumulation modeling shows that
individuals proactively adjust thresholds to preemptively bias the
cognitive system in a way that brings performance in line with
dynamic task goals/constraints, such as changes in time pressure
(Boag, Strickland, Heathcote, et al., 2019; Bogacz et al., 2010; Rae
et al., 2014) or task priority (Boag, Strickland, Loft, & Heathcote,
2019). For example, individuals set globally lower thresholds when
facing heightened time pressure, which speeds up RT because less
evidence overall is required before a response is triggered. However,
it reduces accuracy since lower threshold decisions are more likely
to be based on incomplete evidence. By contrast, when a task is
given higher priority, individuals set lower thresholds for the pri-
oritized task relative to lower priority tasks (Boag, Strickland,
Loft, & Heathcote, 2019). This creates a bias toward making higher
priority task responses and against lower priority responses.2

Differences in how such control strategies are applied to each task
or in different contexts (e.g., high vs. low time pressure) indicate

meta-control and provide a measure of how individuals reconfigure
cognitive control processes according to task goals.

Measuring Attentional Capacity and Reactive Control
With Accumulation Rates

Accumulation rates represent the efficiency with which task
information is processed. Rates are jointly determined by stimulus
characteristics (e.g., salience and discriminability) and the amount
of attention allocated to processing the stimulus. Hence, when
stimulus characteristics are held constant, accumulation rates
measure attentional capacity. This is because rates estimate pro-
cessing speed, which most attention and resource theory assumes to
vary in proportion to the capacity available (Bundesen, 1990; Gobell
et al., 2004; Kahneman, 1973; Navon & Gopher, 1979; Wickens,
2014). Accumulation rates converge with other rigorous methods
for determining the processing capacity of human cognitive systems
(Donkin et al., 2014; Eidels et al., 2010; Townsend & Nozawa,
1995), and experimental manipulations of capacity (e.g., adding a
concurrent task) have the expected effects on rates (Boywitt &
Rummel, 2012; Castro et al., 2019; Horn et al., 2011; Logan et
al., 2014).

In the proposed model, evidence accumulation rates are affected
by two types of attentional capacity: gain and focus (Boag,
Strickland, Loft, & Heathcote, 2019). Increasing gain increases
processing quantity, that is, the average accumulation rate across the
matching and mismatching latent ongoing task response (i.e., the
average of the accumulators that match and mismatch the presented
stimulus). Increasing focus increases processing quality, that is, the
difference in accumulation rates for matching and mismatching
latent ongoing task responses while also decreasing processing
quantity. These mechanisms have been validated with human
performance data (Ballard et al., 2019; Boag, Strickland, Heathcote,
et al., 2019; Boag, Strickland, Loft, &Heathcote, 2019; Strickland et
al., 2019). Specifically, quality has been demonstrated to increase
with task priority (i.e., quality tracks the focus of attention) and
decrease with task demands (reflecting capacity sharing/processing
bottlenecks; Boag, Strickland, Loft, & Heathcote, 2019). Quantity is
an increasing function of task demands and time pressure (in line
with increased gain). Further, as expected, quantity decreases when
focus is selectively increased by manipulating task priority (Boag,
Strickland, Loft, & Heathcote, 2019).

Accumulation rates are also the locus of reactive control (i.e.,
transient event-triggered control). PM studies have found that in-
dividuals inhibit ongoing task processing when competing PM task
stimuli are presented (Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019; Strickland et al., 2018),
thereby increasing the probability that the less routinely made PM
response is made before the more routine ongoing task response
(Loft & Remington, 2010; Loft & Remington, 2013; Reason,
1990). That is, individuals slow down ongoing task processing
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2 In relative evidence models (e.g., Ratcliff, 1978), such response biases
can be equivalently represented by asymmetries in the evidence starting point
rather than asymmetries in threshold height. However, since the two me-
chanisms are mathematically equivalent in the class of models we use,
independent racing accumulator models (Heathcote & Matzke, 2022), it is
more common to use threshold differences to measure global (block-wide)
response biases while holding starting point fixed across conditions (al-
lowing only for nonsystematic trial-to-trial variability in starting point).
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specifically on PM target trials (relative to non-PM trials in PM
blocks), consistent with reactive inhibition as an event-triggered
control mechanism (Braver, 2012). This conception is consistent
with a general inhibition mechanism that slows processing of
prepotent responses to allow more time to detect and respond to
critical events. There is also an accumulation rate for the latent PM
response, which measures PM capacity. However, given there is
only type of PM response in the present study, and thus only one PM
accumulator, PM capacity is not decomposed into separate measures
of quality/quantity as is done for the ongoing task.
In summary, this computational modeling architecture enables

individual-level measurement of attention and cognitive control
processes critical for multitasking. The model allows identification
of the unique contribution of each process to multitasking perfor-
mance and to test between different potential explanations of
multitasking behavior.

The Present Study

The current multitasking paradigm involved performance of an
ongoing conflict detection task and alternate (PM) task. To reliably
measure the latent attention and cognitive control processes
involved in stable versus flexible multitasking, we designed a large
trial number experiment (3,200 trials × 48 participants; P. L. Smith
& Little, 2018) with varying requirements for stable versus flexible
and fast versus accurate performance. To manipulate whether the
task context favored stability versus flexibility, we varied the ratio of
trials requiring an ongoing versus PM task response. Blocks with
higher frequencies of PM trials require more task switching and
hence promote flexibility, whereas blocks with lower frequencies
of PM trials promote stability. Lower frequency conditions con-
sisted of the presentation of 90% ongoing task trials and 10% PM
trials. Higher frequency conditions consisted of 70% ongoing task
trials and 30% PM trials. The effects of PM target frequency have
been studied in behavioral and neurophysiological experiments
(Czernochowski et al., 2012; Loft et al., 2008; Loft & Yeo, 2007;
Wilson et al., 2013). In general, this work has found that more
frequent presentation of PM targets is associated with faster and
more accurate PM responses and increased costs to ongoing task RT
(slower ongoing task responses). To manipulate whether the task
was performed in or out of the “red zone,” we varied the time
pressure (response deadline) between conditions. High time pres-
sure conditions imposed 3-s deadlines to make ongoing or PM
responses. Low time pressure conditions imposed 6-s deadlines.
These deadlines were chosen based on previouswork that manipulated
time pressure in the same multitasking paradigm (Boag, Strickland,
Heathcote, et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019).
Crossing these two manipulations allows us to examine how time
pressure may affect how individuals manage the competing demands
of stability versus flexibility. Understanding the effects of time
pressure on the stability–flexibility trade-off is important from a
practical perspective, because high time pressure situations are
often the riskiest in terms of human error.
We expect participants will adapt to our manipulations by ex-

erting proactive control over response thresholds for the ongoing
and PM tasks. When flexibility is required (i.e., in contexts requiring
more frequent switches to the PM task), we expect participants to set
lower PM thresholds relative to contexts favoring stable ongoing
task performance (i.e., with few switches to PM), since this strategy

is advantageous for increasing the PM hit rate when PM targets
occur frequently. Setting lower PM thresholds reduces the amount
of evidence required to trigger a PM response and thus increases the
probability of the PM accumulator outpacing the more habitual
ongoing task responses, when a PM target is encountered (Boag,
Strickland, Loft, & Heathcote, 2019; Strickland et al., 2018). We
expect participants to enhance this strategy by also controlling
ongoing task thresholds in favor of PM decisions. Specifically,
setting higher ongoing task thresholds helps to avoid ongoing task
decisions preempting PM decisions, and thus increases the rate of
successful PM execution (Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019; Heathcote, Loft, &
Remington, 2015; Loft & Remington, 2013; Strickland et al., 2018),
which would be particularly beneficial, when PM targets are pre-
sented frequently. This threshold biasing strategy is consistent with
the base rate/prevalence literature in which individuals adopt biases
toward more prevalent response categories and away from less
prevalent response categories (Trueblood, Eichbaum, et al., 2021).
Further, we expect PM frequency to interact with time pressure. One
possibility is that heightened time pressure will reduce individuals’
ability to promote flexibility by raising ongoing task thresholds,
since higher thresholds increase the risk of missing the deadline. In
this case, individuals would raise ongoing task thresholds less from
10% PM to 30% PM conditions at higher time pressure than at lower
time pressure. Alternatively, if individuals can deal with time
pressure using other cognitive strategies, such as speeding up re-
sponses by increasing the overall rate of processing (higher gain),
then they may use increased proactive control at high time pressure
to protect PM performance. In this case, individuals may raise
ongoing task thresholds (and lower PM thresholds) more from 10%
PM to 30% PM conditions at higher time pressure than at lower time
pressure.

In general, we expect participants to proactively set globally
lower thresholds for both tasks when facing increased time pressure
(tighter deadlines) to ensure responses are executed on time (Boag,
Strickland, Heathcote, et al., 2019). However, importantly, at high
time pressure, a trade-off arises between raising ongoing task
thresholds to avoid preempting PM responses and lowering ongoing
task thresholds to ensure responses are made on time. Our parti-
cipants may thus adopt different proactive control settings for the
ongoing and PM tasks as a function of perceived time pressure,
consistent with context-sensitive meta-control.

We expect to replicate recently reported reactive control effects
(Boag, Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019; Strickland et al., 2019, 2021, 2018) in which
ongoing task accumulation is inhibited (slowed) in the presence of
stimuli signaling critical events (e.g., PM targets). For critical events
that cannot be predicted in advance, reactive inhibition slows
accumulation for competing responses in a “just-in-time” manner
(i.e., after the onset of the critical event). This increases the
probability of the appropriate response outpacing the inhibited
competing responses. In contexts favoring stable ongoing task
performance, participants may rely more on reactive control to
handle infrequent PM events, since their rarity may not warrant the
engagement of effortful proactive control or sustained monitoring
processes (Shenhav et al., 2013, 2017). This would be consistent
with previous work in which individuals varied the strength of
reactive control according to overarching goals (e.g., task priority;
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Boag, Strickland, Loft, & Heathcote, 2019; Botvinick et al., 2001;
Entel et al., 2014; Strickland et al., 2018).
We make several additional predictions regarding how partici-

pants will allocate attentional capacity to the ongoing/PM task.
Previous work has shown that increased time pressure raises the
quantity of ongoing task accumulation (the average accumulation
rates for matching and mismatching latent responses), corre-
sponding to greater attentional gain or urgency (Boag, Strickland,
Heathcote, et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019;
Rae et al., 2014; Strickland et al., 2019). This strategy is advan-
tageous, because in evidence accumulation models, quantity con-
trols the speed of responding (in contrast to rate quality, which
primarily controls accuracy). Consistent with this work, we expect
participants to deploy a greater quantity of ongoing task resources
(reflecting greater effort or urgency) under high time pressure to
increase the overall speed of responding. Further, to the extent that
maintaining a flexible control mode is effortful, we expect parti-
cipants will deploy a greater quantity of ongoing task resources in
contexts with more frequent PM events. Speedier average ongoing
task accumulation (higher quantity) would potentially allow in-
dividuals to set higher ongoing task thresholds under time pressure
to facilitate PM performance. Additionally, any difference in
quantity from stable and flexible contexts may be reduced at higher
versus lower time pressure due to ceiling effects (i.e., if participants
have already ramped up quantity to near asymptote when under high
time pressure). Tighter deadlines allow less time for differences in
strategy that primarily affect the speed of responding, as is the case
with the quantity/urgency mechanism.
Finally, we expect individuals will allocate attention in proportion

to the frequency with which they expect to perform each task. In
contexts favoring stable ongoing task performance (i.e., with few
PM trials), participants should allocate greater attentional focus to
ongoing task processing compared to conditions with more frequent
PM trials. We thus expect higher quality ongoing task processing
(i.e., a greater accumulation rate difference between the matching
and mismatching latent responses), when PM events occur rarely
versus frequently. To the extent that increased quality is driven by
reduced accumulation for mismatching latent responses, we expect
concurrent decreases in ongoing task quantity, consistent with our
model formulation of quantity as a decreasing function of focus
(Boag, Strickland, Loft, & Heathcote, 2019). Conversely, more
frequent PM events should lead individuals to allocate more
capacity to PM processing compared to contexts in which PM
targets are rarely encountered (Anderson et al., 2019; Loft et al.,
2008; Loft & Yeo, 2007). Hence, we expect faster PM accumulation
with frequent PM than with rare PM. Crucially, our time pressure
manipulation provides a critical test of capacity sharing between the
ongoing and PM tasks. Previous work has shown that, with
increased time pressure, accumulation rates trade off in a manner
that reflects resources being diverted from ongoing to PM pro-
cessing (Boag, Strickland, Heathcote, et al., 2019; Boag, Strickland,
Loft, & Heathcote, 2019; Matos et al., 2020; Strickland et al., 2019).
Consistent with this work, we expect poorer quality processing for
both tasks under high versus low time pressure. Further, to the extent
that more flexible contexts require effortful processing/control, we
expect ongoing task quality to be poorest (and quantity greatest),
when high time pressure is combined with contexts requiring more
cognitive flexibility (i.e., frequent PM events).

Method

Participants

Participants were recruited from the University of Western
Australia undergraduate research pool and provided informed
consent to participate. We required a sample of 48 participants to
fully counterbalance our experimental design. Fifteen participants’
data were replaced, because it was uninterpretable (i.e., the par-
ticipant: made no PM responses in at least one block; responded
randomly to the conflict detection task; missed or misunderstood the
training instructions). The likely reason for this relatively high
noncompliance rate was the high number of trials participants were
required to perform (3,200 per participant), which was more than
twice that of previous work using the same task (Boag, Strickland,
Heathcote, et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019).
Three additional replacement data sets, which were collected in
error, were excluded, because they duplicated an existing partici-
pant’s block order for counterbalancing purposes. We focused on
the fully counterbalanced sample of 48 participants (28 female,
20 male, Mage = 20.7 years, age range = 17–39 years). Participants
completed two 2-hr testing sessions and received course credit plus a
monetary incentive of up to $40 AU based on their task perfor-
mance. The study was approved by the University of Western
Australia Human Research Ethics Committee.

Design Considerations

The most crucial design consideration for cognitive modeling is
the number of trials per participant, which determines the individual-
level measurement precision (P. L. Smith & Little, 2018). To this
end, we had 48 participants each perform 3,200 trials. For within-
subjects designs, our 48 participants aremost appropriately viewed as
48 independent replications of our within-subject effects (P. L. Smith
& Little, 2018). To justify the suitability of our data for individual
Bayesian cognitive modeling, we provide a detailed parameter
recovery study (reported in the Supplemental Materials), following
best practices (Heathcote, Brown, & Wagenmakers, 2015).

Another consideration is the number of participants, which de-
termines our ability to generalize to the population and contributes
to statistical power for our descriptive mixed-effects analyses
(where power is a function of both the number of trials and the
number of participants). In the Supplemental Materials, we provide
a detailed power analysis based on data from a previous study
(Boag, Strickland, Heathcote, et al., 2019) that manipulated time
pressure and PM load in the same simulated ATC conflict-detection
task. Our simulations indicated that our design achieves >95%
power for all considered effects.

Conflict Detection Task

The ATC conflict detection task (Figure 2; Fothergill et al., 2009)
was used as the ongoing task. The task display showed a circular en
route sector of airspace with two aircraft on converging flight paths
that intersected in the center of the display. The total rectangular area
on the display corresponded to 1 80 × 112.5 nautical miles (nmi).
A data block beside each aircraft showed the call sign, aircraft type,
current and cleared flight level, and airspeed in tens of knots (nmi
per hour). Probe vector lines indicated the heading and predicted
position of aircraft 1 min into the future. The display contained a
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10 × 20 nmi scale marker, used for judging aircraft separation, fixed
on the left-hand side, and a countdown timer showing the seconds
remaining in the current trial.
On each trial, participants were required to classify a pair of aircraft

cruising at the same altitude as either a “conflict” or “nonconflict”
based on whether the aircraft would violate 5 nmi lateral minimum
separation. On some trials, one aircraft would also contain a PM target
feature, to which participants were required to make a PM response
instead of the conflict or nonconflict response. Trials ended either
when a response was made or when the timer reached zero (a
nonresponse). Participants had no control over the flight levels,
speeds, or headings of the aircraft.

Experimental Stimuli

To generate the different conflict and nonconflict stimuli, each
aircraft pair was assigned a distance of minimum separation (i.e., the
distance between aircraft at their point of closest approach) sampled
uniformly from0 to 3 nmi for conflicts and 7 to 10 nmi for nonconflicts.
Flight level was fixed at 37,000 ft. Angle of convergence was fixed at
90° to avoid potential interactions between angle and perceived conflict
status (Loft et al., 2009; Vuckovic et al., 2013). To prevent participants
from basing decisions on recognition of prior instances (Loft et al.,
2004), other spatial features of the aircraft were varied randomly. These
included aircraft speed, time to minimum separation, and the direction
of approach toward the central crossing point, which were sampled
uniformly from the values shown in Table 1. Additionally, the order in
which aircraft passed the crossing point (i.e., whether the faster or
slower aircraft passed first) was randomly shuffled across trials, with an

equal number of faster and slower first trials. Varying these features
ensured that participants could not use them as predictive cues
(Bowden & Loft, 2016; Loft, Neal, & Humphreys, 2007).

To generate PM items, an equal number of conflict and non-
conflict aircraft were randomly assigned a PM target call sign,
defined as any call sign containing two matching letters (e.g.,
VTV680). This PM task is nonfocal to the conflict detection task
(because attending to call signs is not informative of conflict status
and vice versa; Einstein & McDaniel, 2005). On PM target trials,
only one aircraft contained a PM call sign. On non-PM trials, neither
call sign contained two matching letters.

Experimental Design

Our experimental design crossed two levels of time pressure (3- vs.
6-s trial deadline) with two levels of PM presentation frequency
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Figure 2
ATC Conflict Detection Task Display Showing Two Aircraft on Converging Flight Paths

Note. Information blocks beside each aircraft show call sign (e.g., VTV680), aircraft type (B737, i.e., Boeing 737), current and
cleared flight level (e.g., 370> 370, i.e., 37,000 ft.), and airspeed in 10s of knots (e.g., 68, i.e., 680 knots). The two aircraft shown
are going to conflict and the aircraft with call sign VTV680 is a PM target, since it contains two matching letters. The countdown
timer shows that there are 5 s remaining in the current trial. A 10 × 20 nmi scale marker is fixed on the left of the display. PM =
prospective memory; ATC = air traffic control. See the online article for the color version of this figure.

Table 1
Range of Uniformly Sampled Aircraft Features

Spatial variable LL UL Unit

Conflict dmin 0 3 Nautical miles
Nonconflict dmin 7 10 Nautical miles
Airspeed 400 700 Knots
tmin 120 210 Seconds
Direction of approach 0 360 Degrees

Note. dmin = distance of minimum separation; tmin = time to minimum
separation; LL = lower limit; UL = upper limit.
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(10% vs. 30% PM targets), yielding four experimental blocks
(Table 2). Each block contained a randomized sequence of 400
trials, and 24 unique block orders were counterbalanced across
participants. In both testing sessions, each participant completed
their sequence of four blocks in the same order (but with a different
set of randomized stimuli), resulting in 3,200 total trials per par-
ticipant. Before each block, participants were told the following:

Each trial will have a time limit of 3/6 s. If you fail to make a response
before this deadline, an error will be recorded, and your score reduced.
In addition, redirects (i.e., PM targets) will be relatively frequent/rare. It
is crucial that you try to not miss any.

Two response key mappings were counterbalanced across partici-
pants (Key map 1: s = conflict, d = nonconflict, j = PM; Key map 2:
k = conflict, j = nonconflict, d = PM). A complete counterbalance
thus required 48 participants (24 block orders × 2 key mappings).

Procedure

The first testing session consisted of a training phase and a test
phase. In the training phase, participants read a set of instructions
that introduced the conflict detection task. Next, they viewed a
demonstration showing examples of conflict and nonconflict trials.
Participants then completed 40 training trials, including feedback
following each response. PM targets were not presented during
training. In the test phase, the PM task was introduced with the
following instruction:

In addition to detecting conflicts, you must also look out for aircraft
with special call signs. These flights must be redirected using the
‘redirect’ button. Target call signs are those containing two matching
letters, e.g., ATA123, JKJ900. When you see an aircraft with a call sign
like this, press the redirect button instead of the conflict/nonconflict
buttons.

Participants were informed that incorrect responses, missed PM
responses, and nonresponses would reduce their performance score
and subsequent monetary bonus.
Participants completed four experimental blocks of 400 trials,

which only included feedback for incorrect responses and responses
not submitted before the trial deadline (e.g., “Incorrect! This pair
was in conflict”). A generic error message of “Incorrect!” followed
missed PM targets. Responses were made by pressing the conflict,
nonconflict, or PM response keys. Responses not made within the
trial deadline were recorded as nonresponses. The text “Press
[Space] to continue” was displayed between each trial.
Participants took self-paced breaks every 200 trials (i.e., between

and in the middle of each block) and were permitted short breaks at
any point. Accuracy feedback was presented at the end of each block

in the form of percent correct for conflicts and nonconflicts.
Subjective workload was assessed after each block using the six-
scale NASA Task Load Index (Hart & Staveland, 1988). Three
scales measured the perceived mental, physical, and temporal
demand of the block, and three measured participants’ perceived
performance, effort, and frustration experienced during the block.

In the second testing session, participants viewed a set of short
refresher instructions and completed the same four experimental
blocks according to the same procedure as the previous session.
Upon completion of both sessions, participants received a monetary
bonus of up to $40 AU based on their overall task performance
(calculated as $40 AU × Grand Mean Accuracy).

Transparency and Openness

Our experimental design, procedure, and analysis choices are
described and motivated in detail throughout the article. We report
all data exclusions, all manipulations, and all measures obtained in
the study. All data, analysis code, and research materials are freely
available at https://osf.io/34tru/. Data were collected in the year
2022. Data were analyzed using the R programming language
(R Core Team, 2021), the lme4 (Bates et al., 2015) and ggplot2
(Wickham, 2016) packages, and the DMC software suite (Heathcote et
al., 2019). This study’s design and its analyses were not preregistered.
Preregistration is less important for analyses based on explicit
computational theories, since such models are inherently confirmatory
(i.e., their parameter meanings place strong a priori constraints on
hypotheses; Heathcote, 2019; Oberauer & Lewandowsky, 2019).

Behavioral Results

We first report conventional statistical analyses of accuracy and
mean RT. To model accuracy, we used generalized linear mixed-
effects models with a binomial probit link function fitted to the
accuracy (i.e., correct or incorrect) of every trial. To model RT, we
used linear mixed-effects models fitted to mean RT. All models
included random intercepts by participant. Since our aim was to
identify strong effects, we used a significance criterion of p < .005
(Benjamin et al., 2018). All accuracy effects are reported in units of
percentage correct. All RT effects are reported in seconds. Standard
errors use the bias-corrected method for within-subjects designs
(Morey, 2008). All significance tests and follow-up contrasts are
tabulated in Supplemental Materials. We excluded nonresponses
and fast outliers (i.e., RT < 0.2 s; Table 3). Two types of rare
responses, incorrect ongoing task responses to PM stimuli and PM
false alarms, were retained when fitting our cognitive models but are
not analyzed further.
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Table 2
Experimental Conditions

Condition Time pressure (s) PM frequency (%) Total trials per participant

Low TP/low PM 6 10 800
Low TP/high PM 6 30 800
High TP/low PM 3 10 800
High TP/high PM 3 30 800

Note. TP = time pressure; PM = prospective memory.
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Conflict Detection Accuracy

There were main effects of stimulus, time pressure, PM fre-
quency, and testing session on conflict detection accuracy. There
were two-way interactions between PM frequency and time pres-
sure, and stimulus and testing session. There were no higher order
interactions. Accuracy was lower for nonconflict stimuli than for
conflict stimuli in the first testing session (conflict: M = 76.1, SE =
0.72; nonconflict:M = 74.0, SE = 0.77) but not the second (conflict:
M = 79.9, SE = 0.65; nonconflict: M = 80.2, SE = 0.59). Conflict
detection accuracy was lower with 30% PM than with 10% PM
under high time pressure (10% PM:M = 75.9, SE = 0.67; 30% PM:
M= 74.2, SE= 0.73) but not low time pressure (10% PM:M= 80.1,
SE = 0.61; 30% PM: M = 80.1, SE = 0.73). That this effect was
observed under high but not low time pressure is suggestive of the
more frequent PM task drawing capacity away from the ongoing
task. Conflict detection accuracy was lower in high compared to low
time pressure conditions in the first testing session (low time
pressure [TP]:M = 78.0, SE = 0.73; high TP:M = 72.1, SE = 0.69)
and the second (low TP:M= 82.2, SE= 0.55; high TP:M= 78.0, SE
= 0.64). Conflict detection accuracy was higher in the second testing
session than in the first (Day 1: M = 75.0, SE = 0.65; Day 2: M =
80.0, SE = 0.54) for all stimuli and conditions, consistent with an
effect of practice or task familiarity.

Conflict Detection RT

There were main effects of stimulus, time pressure, PM frequency,
and testing session on conflict detection RT. There was a two-way
interaction between time pressure and testing session. There were no
higher order interactions. RT was faster for nonconflict stimuli than
conflict stimuli (conflict:M = 2.30 s, SE = 0.04 s; non-conflict:M =
2.20 s, SE= 0.03 s). Conflict detection RTwas slower with 30% PM
than with 10% PM under high time pressure (10% PM:M = 1.90 s,
SE = 0.02 s; 30% PM: M = 2.00 s, SE = 0.02 s) but not under
low time pressure (10% PM:M= 2.59 s, SE= 0.04 s; 30% PM:M =
2.59 s, SE= 0.074 s). This stronger PM frequency effect at high time
pressure is consistent with the idea that the cognitive process
underlying response to more frequently presented additional (PM)
task demandsmay affect ongoing task performance to a greater extent
in the “red zone” (i.e., when task demands likely exceed capacity).
Consistent with increased time pressure, conflict detection RT was
faster in high compared to low time pressure conditions in the first
testing session (low TP:M= 2.88 s, SE= 0.03 s; high TP:M= 2.03 s,
SE= 0.02 s) and in the second (low TP:M= 2.30 s, SE= 0.02 s; high
TP:M = 1.87 s, SE= 0.01 s). Consistent with practice, RT was faster
in the second testing session than the first (Day 1: M = 2.50 s, SE =
0.04 s; Day 2:M = 2.10 s, SE = 0.02 s) for all stimuli and conditions.

PM Accuracy

There were main effects of stimulus, time pressure, PM fre-
quency, and testing session on PM accuracy. There was a two-way
interaction between time pressure and testing session. There were no
higher order interactions. PM accuracy was lower for PM non-
conflict stimuli than for PM conflict stimuli (PM conflict:M = 79.0,
SE = 1.0; PM nonconflict: M = 77.0, SE = 1.0), possibly owing to
faster ongoing task responses to nonconflict stimuli more often
preempting the PM response. Consistent with attention being shifted
toward the more frequent PM task, PM accuracy was higher with
30% PM than with 10% PM under high time pressure (10% PM:
M = 65.3, SE = 1.29; 30% PM:M = 82.1, SE = 0.73) and low time
pressure (10% PM:M = 76.8, SE = 0.98; 30% PM:M = 88.4, SE =
0.62). To the best of our knowledge, this is the first time a PM
accuracy benefit with more frequent PM has been reported in a
complex task outside of the basic Einstein and McDaniel’s (1990)
paradigm. PM accuracy was lower in high compared to low time
pressure conditions in the first testing session (low TP: M = 80.8,
SE = 1.00; high TP:M = 69.1, SE = 1.38) and the second (low TP:
M = 84.4, SE = 0.88; high TP:M = 78.2, SE = 0.99). PM accuracy
was higher in the second testing session than in the first (Day 1:M =
75.0, SE = 1.13; Day 2: M = 81.0, SE = 0.84), consistent with
increased familiarity with the PM task with practice.

PM RT

There were main effects of time pressure, PM frequency, and
testing session on PM RT. There was no main effect of stimulus.
There were two-way interactions between time pressure and PM
frequency, time pressure and testing session, and PM frequency and
testing session. There were no higher order interactions. Consistent
with greater capacity being directed to the more frequent PM task,
PM RT was faster with 30% PM than with 10% PM in the first
testing session (10% PM: M = 1.71 s, SE = 0.02 s; 30% PM: M =
1.48 s, SE= 0.01 s) and the second (10% PM:M= 1.47 s, SE= 0.01 s;
30% PM: M = 1.36 s, SE = 0.01 s). Additionally, this difference in
PM RT due to PM frequency was larger under low (10% PM: M =
1.67 s, SE = 0.02 s; 30% PM:M = 1.46 s, SE = 0.01 s) compared to
high time pressure conditions (10% PM: M = 1.51 s, SE = 0.02 s;
30% PM: M = 1.38 s, SE = 0.01 s). Consistent with participants
adapting to tighter deadlines, PM RT was faster in high compared to
low time pressure conditions in the first testing session (low TP:M=
1.69 s, SE= 0.02 s; high TP:M= 1.51 s, SE= 0.02 s) and the second
(low TP:M= 1.45 s, SE= 0.01 s; high TP:M= 1.39 s, SE= 0.01 s).
Consistent with practice or task familiarity, PM RT was faster in the
second testing session than the first (Day 1:M = 1.60 s, SE = 0.02 s;
Day 2: M = 1.40 s, SE = 0.01 s) for all conditions.

NASA Task Load Index Subjective Workload Ratings

Workload, which had a possible range of 1–21, was rated greater
in high compared to low time pressure conditions (low TP: M =
9.70, SE = 0.17; high TP: M = 12.33, SE = 0.19), consistent with
perceived workload being higher with shorter deadlines. Workload
ratings did not differ by PM frequency (10% PM:M = 10.88, SE =
0.22; 30% PM:M = 11.16, SE = 0.23), and there was no interaction
between time pressure and PM frequency on workload ratings.
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Table 3
Percentages of Rare and Excluded Response Types

Trial type %

Fast outliers (< 200 ms) 0.03
Nonresponses 1.5
Incorrect ongoing task responses to PM stimuli 0.87
PM false alarms 0.23

Note. PM = prospective memory.
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Summary

To summarize, we found that heightened time pressure resulted in
faster and less accurate decisions for both the ongoing and PM tasks.
We found that contexts favoring flexibility (i.e., 30% PM frequency)
resulted in faster and more accurate PM performance relative to
contexts favoring stability (i.e., 10% PM). Additionally, under high
time pressure (but not low time pressure), contexts favoring flex-
ibility (30% PM) resulted in slower and less accurate ongoing task
performance than contexts favoring stability (10% PM). To gain
insight into the attentional capacity and control processes underlying
these effects, we applied prospective memory decision control
(PMDC; Strickland et al., 2018), a quantitative cognitive (evidence
accumulation) model of decision making.

Modeling Results

Modeling Approach

Our modeling approach involved fitting a set of candidate models
to the data (model estimation) and choosing the model that provided
the best trade-off between parsimony and goodness-of-fit (model
selection). Next, we assessed the ability of the winning model
to accurately describe the data (model fit). We then tested how
parameters of the winning model changed across conditions to
address our hypotheses (parameter tests) and assessed the winning
model’s ability to recover known parameter values from simulated
data (parameter recovery) to confirm that the model can be inter-
preted with confidence. Next, we explored the model by running
simulations with different mechanisms turned on/off to assess their
contribution to observed performance (model exploration). Finally,
we assessed the descriptive validity of the winning model by as-
sessing across-participant correlations between model mechanisms
and observed performance (describing individual differences).
These steps are summarized in Table 4.

Model Design

We compared a flexible “top” model to several more constrained
variants. For the top model, accumulation rates and thresholds were
allowed to vary by time pressure and PM frequency. Rates also
varied by stimulus and match type (matching/mismatching latent
response), and a separate threshold was estimated for each response
(conflict/nonconflict/PM). One nondecision time parameter and one
parameter controlling the range of evidence accumulation start
points were estimated per participant. Accumulation rate variability
was allowed to vary by stimulus.3 To satisfy the scaling property of
response time models (Donkin et al., 2009), we kept PM rate
variability fixed at 0.5. For additional constraint, we estimated only
one PM accumulation rate per condition (i.e., one rate for PM
conflicts and PM nonconflicts) and one overall accumulation rate for
PM false alarms (i.e., PM accumulation on non-PM trials). For the
constrained models, we selectively removed model mechanisms,
such as capacity sharing or proactive/reactive control, by fixing
parameters across time pressure and PM frequency conditions.

Model Estimation

Models were estimated using the Dynamic Models of Choice
software (DMC; Heathcote et al., 2019). We sampled from the

posterior parameter distributions using the Differential Evolution
Markov Chain Monte Carlo sampling algorithm (Turner et al.,
2013), which can sample from highly correlated parameter spaces
that can occur with evidence accumulation models. For each model,
the number of chains used in sampling was three times the model’s
number of parameters. Chains were thinned by 10 (i.e., one iteration
in 10 was kept). We defined mildly informative prior distributions
that spanned plausible ranges of parameter values. Sampling ran
until a Gelman’s multivariate potential scale reduction factor (a
measure of between-to-within chain variability) less than 1.1 was
reached (Brooks & Gelman, 1998; Gelman et al., 2013), indicating
that chains were converged, well mixed, and stationary. For each
participant, we retained the same number of posterior samples (e.g.,
the winning model had 100 Sampling Iterations × 159 Chains =
15,900 samples per parameter per participant).

Model Selection

We fit several restricted models, with various model mechanisms
removed/held constant across conditions, to examine whether they
provided a favorable trade-off between parsimony and fit relative
to the most flexible top model. To select the best models, we
computed the deviance information criterion (DIC; Spiegelhalter
et al., 2014). The DIC measures how closely a model fits data while
penalizing for model complexity (i.e., the functional form and
number of free parameters). Models with lower DIC values are to
be preferred, and a DIC difference of 10 indicates a strong (>99%)
preference for the model with the lower DIC (Wagenmakers &
Farrell, 2004).4 We report DICs in terms of differences from the
top model (i.e., DICtop model—DICrestricted model). The magnitude of
this difference indicates the relative importance of the excluded
model mechanism(s) in fitting the data, relative to costs in model
complexity. DICs were calculated for each individual participant
and then summed over participants. DIC statistics for all models
are summarized in Table 5.

The preferred model for most (75.0%) participants was the most
flexible top model (DIC = 376742.8) in which rates and thresholds
were both required to explain the observed time pressure and PM
frequency effects. To examine the relative importance of ongoing
task capacity sharing and proactive control over ongoing task
thresholds, we fit models in which each of these mechanisms was
selectively removed. For the model without capacity sharing, we fit
a model that estimated one set of non-PM trial ongoing task
accumulation rates across time pressure and PM frequency con-
ditions. This model without capacity sharing was less favorable than
the top model (DIC difference = −12,926.2). For the model without
proactive control over ongoing task thresholds, we fit a model that
estimated one set of ongoing task thresholds across time pressure
and PM frequency conditions. This model also performed worse
than the top model (DIC difference = −5,060.8) but was preferred
over the model without capacity sharing and was the preferred
model for one participant. These results imply that capacity sharing
was more important for predictive accuracy than was proactive
control over ongoing task thresholds.
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3 All key model effects were preserved or increased in effect size in a
simpler model containing only one accumulation rate variability parameter.

4 Wagenmakers and Farrell (2004) analyzed the Akaike information
criterion, of which the DIC is a hierarchical generalization.
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We also examined the importance of model mechanisms that
primarily influence performance on PM trials (i.e., reactive inhi-
bition of ongoing task rates on PM trials, PM accumulation rates,
and PM thresholds). We expect these mechanisms to have smaller
effects on DIC owing to the fact that trials requiring PM responses
were rarer than trials requiring ongoing task responses (especially
for the 10% PM condition). For the model without reactive inhi-
bition, we estimated the same set of ongoing task accumulation rates
on PM and non-PM trials. This model was less favored than the top
model (DIC difference = −3,641.0) and was the preferred model for
6.25% of participants. A model in which PM accumulation rate was
held constant across time pressure and PM frequency conditions was
less favored than the top model (DIC difference = −754.8), as was a
model in which PM thresholds were fixed across time pressure and
PM frequency conditions (DIC difference = −598.7). A minority
of participants favored the fixed PM rate (10.4%) and fixed PM
threshold (6.25%) models. These results justify the inclusion of
PM rate and threshold effects in our model. However, they are
relatively less important for predictive accuracy than reactive
inhibition. The remainder of our analysis focuses on the majority-
preferred top model.

Model Fit

To assess whether the winning model accurately describes the
data, we generated 100 simulated data sets (of the same size and
shape as the observed data) from the winning model and compared
the predictions to the observed data. This was achieved by
repeatedly sampling from the posterior distributions of the winning
model and generating a choice-RT prediction based on each set of

sampled parameters. As shown in Figure 3, the winning model
closely fit accuracy for both the ongoing task and the PM task across
all experimental conditions. The model closely fit the 0.1, 0.5, and
0.9 RT quantiles for both correct and incorrect ongoing task re-
sponses in all design cells (Figure 4). As shown in Figure 5, the
model provided close fits to RT quantiles for correct PM responses
to PM stimuli. Figure 5 also indicates that the model closely cap-
tured the RT quantiles for PMmisses (i.e., ongoing task responses to
PM stimuli), with some uncertainty in the tail edge RTs in low time
pressure conditions in which PM misses were rare.

Parameter Tests

To test parameter effects, we report Bayesian p values, which
represent the one-tailed probability that the effect does not run in the
expected direction (Meng, 1994). To convey effect size, we report Z
scores (i.e., the posterior mean of the effect divided by its standard
deviation). Parameters not used to explain experimental effects are
reported in Table 6.

Ongoing Task Rate Quality

Rate effects are illustrated in Figure 6. Consistent with heightened
time pressure reducing focus, ongoing task quality (the difference
between latent matching and mismatching accumulation rates) was
lower under high compared to low time pressure (Mdiff. = 0.057,
SD = 0.004, Z = 16.14, p < .001), replicating previous work (Boag,
Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019). This difference (i.e., loss of focus as function time
pressure) was larger when facing 30% PM compared to 10% PM
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Table 5
Model Selection Statistics

Model Parameters (N) DIC difference from winning model Participants favoring model (%)

Top model 53 0 75.0
No capacity sharing 41 −12,926.2 0
No proactive control 47 −5,060.8 2.1
No reactive inhibition 37 −3,641.0 6.25
PM rates fixed 50 −754.8 10.4
PM thresholds fixed 50 −598.7 6.25

Note. DIC = deviance information criterion; PM = prospective memory.

Table 4
Summary of Modeling Approach

Analysis step Explanation/procedure

Data exclusions Apply exclusion criteria to raw data
Model estimation Fit candidate models to data
Model selection Compare models using a quantitative goodness-of-fit measure (e.g., deviance information criterion) and choose

winning model
Model fit Assess the ability of the winning model to accurately describe the data
Parameter tests Conduct hypothesis-specific tests of parameter effects using posterior inference (Bayesian p values)
Parameter recovery Confirm robustness of model estimation by assessing the ability of winning model to recover known parameter

values from simulated data
Model exploration Simulate from model with different mechanisms turned on/off to assess their contribution to observed

performance
Describing individual differences Examine descriptive validity by assessing across-participant correlations in how model mechanisms relate to

observed behavior
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task demands (Mdiff. = 0.023, SD = 0.007, Z = 3.40, p < .001),
consistent with capacity sharing between the PM and ongoing tasks.
Consistent with participants reallocating attentional focus from the
ongoing task to the PM task in contexts requiring greater flexibility,
ongoing task quality was lower with 30% PM compared to 10% PM
(Mdiff. = 0.017, SD = 0.003, Z = 5.07, p < .001).

Ongoing Task Rate Quantity

Consistent with participants exerting greater effort or urgency
when facing heightened task demands, ongoing task quantity (the
average of latent matching and mismatching accumulation rates)
was greater under high compared to low time pressure (Mdiff. =
0.482, SD = 0.005, Z = 95.34, p < .001), replicating previous work
(Boag, Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019). This difference was slightly larger when facing
10% PM compared to 30% PM (Mdiff. = 0.032, SD = 0.009, Z =
3.78, p < .001). Consistent with participants deploying greater
effort/urgency in contexts requiring greater flexibility (i.e., with

more frequent PM targets), ongoing task quantity was higher with
30% PM compared to 10% PM (Mdiff. = 0.10, SD = 0.004, Z =
23.15, p < .001).

PM Accumulation Rate

There was no credible difference in PM accumulation by time
pressure. However, PM accumulation was higher with 30% PM
compared to 10% PM (Mdiff. = 0.212, SD = 0.013, Z = 16.12, p <
.001), consistent with participants directing greater attentional
capacity to the more frequent PM task (Figure 6). There was no
credible interaction between time pressure and PM frequency on PM
accumulation.

Reactive Inhibition

Ongoing task accumulation was lower on PM target trials than
on non-PM trials (Mdiff. = 0.372, SD = 0.007, Z = 51.58, p <
.001), consistent with reactive inhibitory control of ongoing task
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Figure 3
Posterior Predictive Fits to Ongoing Task Accuracy and PM Accuracy

Note. Observed data are represented by unfilled circles. Model posterior median predictions are represented by filled circles
with error bars corresponding to 95% credible intervals. PM = prospective memory.
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accumulation (Figure 7; Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019). Contrary to ex-
pectations, the magnitude of reactive inhibition did not differ by
PM frequency but was weaker when participants were under high
compared to low time pressure (Mdiff. = 0.128, SD = 0.015, Z =
8.77, p < .001). Using less inhibition of ongoing task accumu-
lation is a desirable strategy under heightened time pressure,
since excessively slow accumulation increases the risk of missing
the deadline.

Ongoing Task Thresholds

Threshold effects are illustrated in Figure 8. Notably, participants
set higher ongoing task thresholds when under high time pressure
compared to low time pressure (Mdiff. = 0.243, SD = 0.009, Z =
27.63, p < .001). This contrasts with most previous modeling of
speed–accuracy trade-off effects (e.g., Boag, Strickland, Heathcote,
et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019; Bogacz
et al., 2010; Rae et al., 2014), in which participants generally set

lower thresholds when facing higher time pressure to ensure re-
sponses are executed on time (i.e., before the deadline). However, in
the context of a PM task, lowering ongoing task thresholds increases
the risk of preempting PM responses and consequently reducing PM
accuracy to unacceptable levels (Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019). Hence, when
facing higher time pressure, our participants increased the quantity
of ongoing task accumulation (i.e., an increase in effort/urgency),
which increases speed but potentially reduces accuracy. Concurrently,
however, they raised ongoing task thresholds to maintain accuracy
on both the ongoing and PM tasks. This is a novel finding in the
PM and speed–accuracy trade-off literatures. Further supporting
this interpretation, heightened time pressure led participants to
raise ongoing task thresholds more when facing 30% PM com-
pared to 10% PM (Mdiff. = 0.153, SD = 0.016, Z = 9.70, p < .001).
That is, participants used more of this proactive control strategy,
when greater flexibility was required (i.e., when facing more
frequent PM events). Consistent with PM-induced proactive
control, participants set higher ongoing task thresholds with 30%
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Figure 4
Posterior Predictive Fits to Ongoing Task RT Quantiles (0.1, 0.5, 0.9)

Note. Observed data are represented by unfilled circles. Model posterior median predictions are represented by filled circles
with error bars corresponding to 95% credible intervals. PM = prospective memory; RT = response time.
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PM compared to 10% PM (Mdiff. = 0.259, SD = 0.008, Z = 32.60,
p < .001).

PM Thresholds

Consistent with proactive control over PM thresholds, partici-
pants set lower PM thresholds when facing high compared to low

time pressure (Mdiff. = 0.081, SD = 0.016, Z = 5.20, p < .001),
replicating previous work (Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019). Participants
also set lower PM thresholds with 30% PM compared to 10% PM
(Mdiff. = 0.129, SD = 0.016, Z = 8.18, p < .001), consistent with
participants treating the more frequent PM task with greater pri-
ority relative to the ongoing task (e.g., Boag, Strickland, Loft, &
Heathcote, 2019; Strickland et al., 2018). There was no credible
interaction between time pressure and PM frequency on PM
thresholds.

Ongoing Task Response Bias

Overall, participants were biased toward making nonconflict
responses versus conflict responses (i.e., participants set lower
nonconflict than conflict thresholds; Mdiff. = 0.203, SD = 0.009,
Z = 23.47, p < .001), consistent with previous modeling of the
same conflict detection task (Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019). This bias was
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Figure 5
Posterior Predictive Fits to RT Quantiles (0.1, 0.5, 0.9) for Correct PM Responses (Top) and Ongoing Task
Responses to PM Stimuli (Bottom)

Note. Observed data are represented by unfilled circles. Model posterior median predictions are represented by filled circles
with error bars corresponding to 95% credible intervals. PM = prospective memory; RT = response time.

Table 6
Mean and Standard Deviation of Parameters That Did Not Vary
Over Experimental Conditions

Parameter M SD

Nondecision time 0.26 0.005
Range of start point distribution (A) 1.54 0.009
Conflict rate variability 0.29 0.002
Nonconflict rate variability 0.31 0.003
Accumulation rate for PM false alarms −0.52 0.028

Note. PM = prospective memory.
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slightly larger in high time pressure conditions (Mdiff. = 0.028,
SD = 0.016, Z = 1.82, p = .035) and with 30% PM relative to 10%
PM (Mdiff. = 0.051, SD = 0.015, Z = 3.35, p = .001). Moreover,
time pressure and PM frequency interacted, such that the difference

in bias between 30% PM and 10% PM conditions was larger at
higher time pressure (Mdiff. = 0.051, SD = 0.031, Z = 1.72, p =
.042). However, due to its small effect size, we view this interaction
with some skepticism.
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Figure 6
Accumulation Rate Effects

Note. Central symbols represent posterior means. Error bars represent ±1 posterior standard deviation. PM = pro-
spective memory; v = accumulation rate. See the online article for the color version of this figure.

Figure 7
Reactive Inhibition of Ongoing Task Rates

Note. Central symbols represent posteriormeans.Error bars represent ±1 posterior standard deviation. PM= prospective
memory; v = accumulation rate. See the online article for the color version of this figure.
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Parameter Recovery and Model Exploration

We conducted a parameter recovery study to assess the model’s
ability to recover known parameter values from simulated data. The
simulation procedure and visualizations of parameter recovery are
presented in Supplemental Materials. As shown in Supplemental
Figures S3–S7, all key parameters were recovered closely and
without bias, confirming that the tests in the previous section can be
interpreted with confidence.
To better understand the complex relationships between model

mechanisms and observed data, we conducted a model exploration
study in which we assessed how different model mechanisms
contributed to observed task performance in the winning model. In
this procedure, we simulated from the model with different me-
chanisms (e.g., proactive and reactive control) selectively turned on
or off and examined the misfit caused by doing so. Turning off or
removing a mechanism can be accomplished by replacing a set of
target parameters with the parameter values from a baseline con-
dition. The size and direction of misfit due to removing a given
mechanism quantifies its role in driving that effect in the full model.
The results of these simulations are visualized in Supplemental
Figures S8–S15 and are summarized here.
To assess the role of capacity sharing (i.e., shifts in ongoing

task accumulation quality and quantity) in explaining ongoing
task performance, we simulated from a model with ongoing task
accumulation rates on non-PM trials set equal to their baseline
values in the lower time pressure/10% PM frequency condition. This
model failed to capture the observed changes in ongoing task
accuracy and RT, especially in higher time pressure conditions. It
overpredicted PM RT in lower PM frequency conditions. Overall,
this suggests that participants’ ability to distribute and redistribute
attentional capacity between the ongoing and PM tasks was crucial
for explaining observed ongoing and PM task performance.

To assess the role of reactive and proactive control mechanisms,
we simulated frommodels in which we selectively removed reactive
inhibition of ongoing task rates and/or proactive control over
ongoing task thresholds. Removing reactive inhibition involved
setting ongoing task accumulation rates on PM trials to their cor-
responding non-PM trial values. As expected, this model did not
affect predictions of ongoing task accuracy and RT since reactive
inhibition only occurs on PM trials. However, this model predicted
substantially lower PM accuracy than observed, suggesting that
reactive inhibition is important for PM accuracy. Removing pro-
active control involved setting ongoing task thresholds to their
baseline values in the lower time pressure/10% PM frequency
condition. In general, this model predicted less accurate ongoing
task and PM responses than observed, particularly in high time
pressure conditions. Notably, it underpredicted both PM and
ongoing task accuracy the most in the higher time pressure/30% PM
frequency condition, suggesting that proactive control is important
for maintaining PM and ongoing task accuracy when facing
heightened time pressure and high behavioral flexibility demands.
This model also tended to predict faster ongoing task responses,
especially in the higher time pressure/30% PM frequency condition,
consistent with proactive control driving PM cost effects. Removing
both reactive and proactive control led to a similar pattern of misfit
but with more pronounced underprediction of PM accuracy in all
conditions, implying that control over ongoing task decisions was
important for successful PM.

Finally, we assessed the effect of removing PM accumulation rate
and/or threshold effects on PM task performance. To remove PM
rate effects, we set PM rates equal to the PM rate in the baseline
lower time pressure/10% PM frequency condition. Fixing PM rates
caused the model to underpredict PM accuracy in 30% PM fre-
quency conditions and to overpredict PM RT in lower time pressure
conditions. To remove PM threshold effects, we set PM thresholds
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Figure 8
Threshold Effects

Note. Central symbols represent posterior means. Error bars represent ±1 posterior standard deviation. PM = pro-
spective memory; B = threshold. See the online article for the color version of this figure.
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equal to the PM threshold in the baseline lower time pressure/10%
PM frequency condition. Fixing PM thresholds had little effect on
PM accuracy but caused the model to overpredict PM RT in all
conditions. Removing both PM rate and PM threshold effects re-
sulted in similar underprediction of PM accuracy to the fixed PM
rate model, with more pronounced overprediction of PM RT in all
conditions than the fixed PM threshold model.
Overall, these simulations suggest that the sharing of attentional

capacity, reactive/proactive control, and PM rate/threshold me-
chanisms are each implicated in coordinating trade-offs between
stability and flexibility and speed and accuracy.

Describing Individual Differences

To further test the descriptive validity of our model (Heathcote,
2019), we examined across-participant correlations in how the model
mechanisms related to observed behavior. Rather than explaining
individual differences, correlations between a parameter and behav-
ioral measures that are consistent with the meaning of that parameter
lend support to the descriptive validity of the model. To this end, we
examined across-participant correlations between parameter effects
and observed task performance measures (e.g., accuracy and RT) by
computing the across-participant Pearson’s correlation for each
posterior sample (Ly et al., 2017). Doing so yields the posterior
distribution of the correlation. A transformation was applied to each
correlation distribution to correct for uncertainty in generalizing in-
ferences from our sample to the wider population (Ly et al., 2018). In
the summary below, we report posterior means and 95% credible
intervals for correlations for which the 95% credible interval did not
include zero.
Ongoing task quality was positively correlated with ongoing task

accuracy (r = 0.791 [0.655, 0.879]). Likewise, PM accumulation
rate was positively correlated with PM accuracy (r = 0.284 [0.001,
0.525]). These findings are consistent with task accuracy tracking
the focus of attention. The strength of reactive inhibitory control was
positively correlated with PM accuracy (r = 0.326 [0.036, 0.567])
and PM RT (r = 0.330 [0.042, 0.569]). This is consistent with the
role of reactive inhibition in facilitating PM accuracy but slowing
down responding. At both high and low time pressure, the amount of
increased proactive control individuals exerted with increased PM
frequency was positively correlated with the increase in PM
accuracy from 10% to 30% PM (low TP: r = 0.366 [0.096, 0.587];
high TP: r = 0.407 [0.144, 0.618]). That is, individuals who exerted
more proactive control over ongoing task thresholds attained larger
increases in PM accuracy when shifting from a stable (PM less
frequent) control mode to a more flexible (PM more frequent)
control mode. No model mechanisms correlated with NASA Task
Load Index subjective workload ratings.

General Discussion

Summary

This study examined the cognitive underpinnings of the stability–
flexibility dilemma in and out of the “red zone” (Wickens et al.,
2015). Wemanipulated time pressure (high vs. low) and whether the
task context promoted stable versus flexible ongoing task perfor-
mance (10% vs. 30% PM target frequency). As expected, higher
time pressure resulted in faster and less accurate responding for both

the ongoing and PM tasks. Additionally, under high but not low time
pressure, contexts favoring flexibility (i.e., 30% frequent PM) pro-
duced slower and less accurate ongoing task performance compared
with contexts favoring stability (i.e., 10% PM). By contrast, contexts
favoring flexibility produced faster and more accurate PM perfor-
mance compared with contexts favoring stability.

Our evidence accumulation model explained these effects in
terms of cognitive resource allocation (e.g., the sharing of attention
between the ongoing and PM tasks) and the use of proactive and
reactive cognitive control strategies in an adaptive, goal-driven
manner (Braver, 2012). Stable ongoing task performance involved a
high degree of attentional focus directed toward the ongoing task
and minimal use of effortful proactive cognitive control strategies.
By contrast, flexible ongoing task performance relied upon greater
use of effortful proactive control strategies and the repurposing
(sharing) of ongoing task resources to monitor for the more frequent
PM events. In both stability- and flexibility-promoting contexts,
heightened time pressure reduced the quality of processing and led
individuals to make greater use of effortful proactive control. These
findings are highly consistent with leading theories of goal-directed
cognitive control andmeta-control (Braver et al., 2014; Egner, 2023;
Egner & Siqi-Liu, 2024; Eppinger et al., 2021; Hommel & Wiers,
2017; Miller & Cohen, 2001), and the PMDC modeling of these
effects has potential to inform measurement and work design in
modern workplaces.

Theoretical Implications

We found that participants directed attention to the ongoing and
alternative tasks in proportion to their relative expected PM response
frequency. Promoting flexibility by increasing the frequency of PM
events led to poorer quality ongoing task processing and faster PM
accumulation. Conversely, contexts that promoted stable ongoing
task performance (i.e., with rare PM events) led to higher quality
ongoing task processing and slower accumulation for PM responses.
This processing trade-off is a critical demonstration of capacity
sharing (Navon & Gopher, 1979; Wickens, 2008) and indicates that
participants shifted attentional focus from the ongoing task to the
PM task, as the demands for behavioral flexibility increased. This
finding is consistent with theories of meta-control (Egner & Siqi-
Liu, 2024) and with evidence accumulation modeling in simulated
ATC tasks showing that individuals distribute (share) attentional
resources among the ongoing and PM tasks in a strategic, goal-
driven manner (e.g., to adapt to changes in task priority; Boag,
Strickland, Loft, & Heathcote, 2019; Strickland et al., 2019), but
critically also extends it by demonstrating that attention can be
shared in proportion to relative expected response or task-switch
rates in complex multitasking settings.

Increasing time pressure by imposing shorter deadlines further
reduced the quality of ongoing task processing (i.e., lower atten-
tional focus) but did not credibly affect the rate of PM accumulation.
This time pressure effect interacted with PM frequency, such that
ongoing task quality was most impaired by time pressure in contexts
with more frequent PM events. This explains why contexts favoring
flexibility produced less accurate ongoing task performance but only
under high time pressure. Since PM accumulation was unaffected by
time pressure but ongoing task processing was impaired, this finding
is another example of capacity sharing in which participants re-
purposed attention from the ongoing task to the PM task to protect
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PM performance. This is consistent with work showing that time
pressure can lead to strategic reallocation of resources between the
ongoing and PM tasks (Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019; Strickland et al., 2019).
As confirmed by model simulations, capacity sharing between PM
and the ongoing task was an important driver of the observed speed
and accuracy effects for both tasks. Further, individual differences in
ongoing task quality and PM accumulation were positively corre-
lated with ongoing task accuracy and PM accuracy, respectively.
Overall, this suggests that participants’ ability to flexibly shift
attentional focus between the ongoing and PM tasks was important
for successful ongoing and PM task completion.
We found that both increased PM frequency and heightened time

pressure led participants to invest greater attentional gain in the
ongoing task. This was indicated by increases in the quantity of
ongoing task processing, that is, higher overall accumulation aver-
aged over matching and mismatching latent responses. In evidence
accumulation models, rate quantity primarily controls the speed of
responding and is typically interpreted as ameasure of cognitive effort
or urgency (Ballard et al., 2019; Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019). Indeed, the same
pattern of ongoing task quality and quantity effects (i.e., lower
quality/focus and higher quantity/gain) due to increased time pressure
has been found in studies that modeled performance in similarly
cognitively demanding tasks, including ATC conflict detection
(Boag, Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019) andmaritime surveillance (Strickland et al., 2019).
However, the present finding that increased PM frequency led to
greater processing gain on the ongoing task is a novel contribution.
Turning now to proactive control, our participants strategically

controlled ongoing task and PM thresholds in opposite directions to
manage anticipated task demands. Specifically, we found that
increased PM frequency and heightened time pressure led partici-
pants to set lower thresholds for PM responses and higher thresholds
for ongoing task responses. That is, participants delayed ongoing
task responses relative to PM responses to facilitate behavioral
flexibility. This strategy of delaying ongoing task responses relative
to PM responses via proactive control of thresholds has been widely
replicated in the PM literature (Ball & Aschenbrenner, 2018; Boag,
Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019; Boywitt & Rummel, 2012; Heathcote, Loft, &
Remington, 2015; Horn et al., 2011; Strickland et al., 2019, 2018).
Individuals use this strategy to avoid preempting PM targets with the
more routine ongoing task responses and, consequently, to attain a
higher PM hit rate than would have otherwise been possible
(Strickland et al., 2018). This account is consistent with our indi-
vidual differences analysis showing that the amount of proactive
control over ongoing task thresholds that an individual used was
positively correlated with their observed increase in PM accuracy
between stability- and flexibility-promoting conditions. Model si-
mulations confirmed that proactive control over ongoing task
thresholds contributed to both ongoing task accuracy and PM
accuracy, particularly when simultaneously facing heightened time
pressure and high behavioral flexibility demands. By contrast, control
over PM thresholds primarily influenced the speed of PM responses.
This work is the first to show that individuals increase proactive
control over ongoing task thresholds based on the need for greater
behavioral flexibility. Our results are consistent with evidence
accumulation modeling showing that individuals adopt higher

ongoing task thresholds and lower PM thresholds, when PM is
prioritized over ongoing activities or, conversely, adopt lower
ongoing task thresholds and higher PM thresholds when ongoing
activities are prioritized over PM (Boag, Strickland, Loft, &
Heathcote, 2019; Strickland et al., 2018). Furthermore, the present
results agree with theoretical work (Braver, 2012) and neurological
data (Burgess & Braver, 2010) suggesting that individuals rely more
on proactive control in contexts that require greater behavioral
flexibility. Our finding that individuals used more proactive control
and exerted greater cognitive effort (higher gain) in contexts requiring
greater flexibility is consistent with theories of cognitive control as
effortful (Kool & Botvinick, 2018; Kool et al., 2010, 2017; Kurzban
et al., 2013; Shenhav et al., 2017, 2021), in which individuals
consider both the effort associated with engaging control and its
potential benefits to performance when deciding whether to increase
the amount of control in a particular context (Grahek et al., 2023;
Musslick & Cohen, 2021). Further, this finding lends empirical
support to Dreisbach and Fröber’s (2019) proposal that two distinct
mechanisms can promote behavioral flexibility, namely, (1) lowering
the threshold for updating or switching from the current task set in
working memory and (2) increasing the activation state of goal-
relevant information in working memory. The former mechanism is
analogous to our finding that participants lowered PM thresholds
and raised ongoing task thresholds, making it easier to trigger
(switch to) a PM response when necessary. The latter mechanism is
analogous to our finding of heightened effort/urgency, that is,
greater overall activation (accumulation) across all goals (latent
responses) in contexts requiring flexibility. Our model unifies these
mechanisms with other relevant control processes (e.g., selective
attention and reactive inhibitory control) in an explanatory, quan-
titative measurement framework.

A surprising finding was that, under heightened time pressure,
participants adopted higher ongoing task thresholds. Such a strategy
seems counterintuitive, because responses with higher thresholds
require more evidence to trigger and are consequently slower on
average, which is at odds with the goal of responding within a
shorter deadline. Indeed, this finding stands in contrast against the
vast majority of previous evidence accumulation modeling of the
speed–accuracy trade-off (e.g., Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019; Bogacz et al.,
2010; Rae et al., 2014), in which heightened time pressure led
individuals to adopt lower thresholds to ensure responses were
executed on time. However, in the context of a PM task, lowering
ongoing task thresholds too far is not an ideal strategy, since it
increases the risk that PM responses will be preempted and PM
accuracy reduced to unacceptable levels (Boag, Strickland, Heathcote,
et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019). Thus, when
facing higher time pressure, our participants solved this problem by
increasing the quantity of ongoing task accumulation (i.e., investing
greater effort or urgency), which increases speed but can reduce
accuracy. Concurrently, they raised ongoing task thresholds to
maintain accuracy on both the ongoing and PM tasks. Model si-
mulations confirmed that this proactive control mechanism was
especially important for maintaining ongoing and PM task accuracy
when concurrently facing heightened time pressure and more fre-
quent PM events. That is, the ability of the model to predict PM
accuracy without using proactive control was poorest when facing
both more frequent PM events and heightened time pressure.
Overall, these findings further confirm that this form of proactive
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control (Heathcote, Loft, & Remington, 2015; Strickland et al.,
2018) is important for maintaining accurate PM performance when
task demands (e.g., time pressure or the need for greater behavioral
flexibility) increase (e.g., Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019).
We are aware of one other study in which heightened time

pressure led individuals to adopt higher thresholds (Daneshi et al.,
2020). In this study, a single accumulator model (one-boundary
diffusion; Ratcliff & Strayer, 2014; Ratcliff & Van Dongen, 2011)
was fitted to response times from a simulated driving task performed
with and without time pressure (i.e., speed instructions vs. no time
limit). Time pressure led to higher thresholds and faster accumu-
lation rates. Daneshi et al. attributed their participants’ increased
response caution to potentially greater uncertainty surrounding
decisions made under time pressure. Our results are consistent with
this interpretation, that is, that working to a tighter deadline may
have increased decision uncertainty (e.g., by reducing the quality of
evidence entering the decision process), which necessitated a more
conservative response criterion. However, we note that the one-
boundary diffusion model used by Daneshi et al. suffered from an
identifiability issue whereby only two decision parameters out of the
three that were estimated (i.e., threshold, accumulation rate, and
between-trial rate variability) can be uniquely identified (Ratcliff &
Strayer, 2014; Ratcliff & Van Dongen, 2011). Consequently, the
reliability of the threshold effect in Daneshi et al.’s is unclear.
Moreover, differences in experimental tasks, methodology, and
modeling framework make it difficult to directly compare our results
with Daneshi et al.’s
A further similar result was found by Stevenson et al. (2024) in

two reinforcement learning tasks with time pressure, which were
modeled using a hierarchical racing diffusion architecture with
feedback-driven learning (Miletić et al., 2020, 2021). Stevenson
et al. found that individual differences in an evidence-independent
urgency signal (i.e., higher baseline input to all accumulators;
Trueblood, Heathcote, et al., 2021) were positively correlated with
response caution (i.e., higher thresholds). Although changes in both
thresholds and evidence-independent urgency affect the speed of
responding, only threshold adjustments affect the probability of
making a correct response5 (Miletić & vanMaanen, 2019; Trueblood,
Heathcote, et al., 2021). That is, higher urgency increases the
probability of making any response, whereas higher thresholds give
more time to make the correct response. This finding suggests that
participants who performed tasks with greater urgency adopted higher
thresholds in an effort to achieve greater accuracy. Our present finding
of greater ongoing task quantity paired with higher thresholds when
under heightened time pressure is consistent with the interpretation of
Stevenson et al.
Nevertheless, it is important to ask why our participants re-

sponded to increased time pressure by setting higher ongoing task
thresholds whereas in other work, which used very similar ATC
ongoing and PM tasks, individuals set lower ongoing task thresholds
under increased time pressure (Boag, Strickland, Heathcote, et al.,
2019; Boag, Strickland, Loft, & Heathcote, 2019). One point of
divergence between this and previous work that may explain this
difference is the prevalence of PM targets. Specifically, in our
previous studies, participants were only exposed to one PM fre-
quency (20%) across all conditions (Boag, Strickland, Heathcote, et
al., 2019; Boag, Strickland, Loft, & Heathcote, 2019). By contrast,
we varied the PM frequency (10% or 30%) from block to block.

Varying the PM frequency (and the additional task instructions
explaining the PM frequency manipulation) may have inadvertently
signaled to participants that the PM task was the focus of the
experiment or otherwise more important than the ongoing task,
leading them to adopt a control strategy focused on benefitting
PM performance (i.e., involving greater control over ongoing task
thresholds). This account is consistent with previous modeling in
which individuals exerted greater proactive control (set higher ongoing
task thresholds), when the PM task was prioritized over ongoing tasks
(Boag, Strickland, Loft, & Heathcote, 2019; Strickland et al., 2018).
Moreover, it is consistent with our present finding that proactive
control over ongoing task thresholds was most pronounced (i.e.,
participants raised ongoing task thresholds more) with 30% PM.
Further research is needed to shed light on the conditions that lead
participants to modulate their use of proactive control in this
manner.

Participants also used transient reactive control (Braver, 2012) to
inhibit accumulation for competing ongoing task responses on PM
trials. That is, evidence for the ongoing task accumulated more
slowly on PM trials than it did on non-PM trials, despite the ongoing
task evidence being on average the same. In our model, when PM
target features are detected, feedforward inhibitory input is sent to
the ongoing task accumulators, which slows the rate of evidence
accumulation for ongoing task responses (Strickland et al., 2018).
As confirmed by model simulations, this slowing increases the
probability of the PM accumulator outpacing the more habitual
ongoing task responses when a PM target occurs, while not
unnecessarily affecting ongoing task performance on non-PM trials.
Further, individual differences in the strength of reactive inhibition
were positively correlated with PM accuracy and PM RT. That is,
individuals who deployed more reactive inhibition tended to attain
higher PM accuracy at the expense of slower PM responses. Overall,
these reactive inhibition findings are consistent with previous evi-
dence accumulation of reactive control (Boag, Strickland, Heathcote,
et al., 2019; Boag, Strickland, Loft, & Heathcote, 2019; Strickland et
al., 2018, 2019) and are consistent with theoretical (Bugg et al., 2013)
and neuroscientific (McDaniel et al., 2013) work suggesting that
reactive inhibitory control is important for PM. Our findings are also
consistent with broader theories of human error which propose that
reactive response inhibition is essential to allow atypical task actions
to compete for retrieval against more habitual or strongly activated
actions (Norman, 1981; Reason, 1990).

We found that the magnitude of reactive inhibition (i.e., the
amount of inhibition sent to the ongoing task accumulators) did not
differ by PM frequency but was weaker when participants faced
heightened time pressure. The finding that reactive inhibition dif-
fered according to time pressure is inconsistent with previous work
in which time pressure was found to have no or ambiguous effects
on reactive inhibition (Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019). However, it makes
strategic sense to use less inhibition (i.e., to slow responses less)
under heightened time pressure, since slower responses have a
greater risk of being submitted after the deadline. The finding that
reactive inhibition did not differ by PM frequency is also somewhat
unexpected, because previous work has found reactive control to be
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5 We note that urgency may affect accuracy in models with stochastic
(noisy) evidence accumulation, since there is less time available to integrate
out within-trial noise.
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sensitive to changes in the relative priority of the ongoing and PM
tasks (Boag, Strickland, Loft, & Heathcote, 2019; Strickland et al.,
2018). That is, reactive inhibition has been found to be stronger
when PM is prioritized and weaker when the ongoing task is pri-
oritized. Moreover, some theories of cognitive control predict that
the cognitive system will be more reliant on reactive control (and
less reliant on proactive control) in contexts that promote stable
ongoing task performance (e.g., Burgess & Braver, 2010). Our
finding that participants used less proactive control without altering
the amount of reactive control in stable contexts is partially con-
sistent with such a view. That is, participants were proportionally
more reliant on reactive control than on proactive control in
stability-promoting contexts.
To summarize, our findings further understanding of the latent

cognitive processes used to manage trade-offs between stable and
flexible ongoing task performance. Our model suggests that stable
ongoing task performance (i.e., when the expected probability of
making a competing task response was lower) entails high atten-
tional focus on the ongoing task and less reliance on effortful
proactive control. At low time pressure, this strategy enabled fast
and accurate ongoing task performance. However, this strategy was
compromised at high time pressure, which reduced ongoing task
focus, increased the need for proactive control, and increased the
effort/urgency with which individuals approached the ongoing task
(Grahek et al., 2023). By contrast, adopting a more flexible mode
(i.e., when the expected probability of making a competing task
response was higher) entailed redistributing attention from the
ongoing task toward the PM task to increase the likelihood that
atypical PM events would be detected. This more flexible response
mode required substantially greater use of proactive control, which
was important for PM accuracy. In flexible contexts, heightened
time pressure again compromised ongoing task focus and increased
the need for effortful proactive control, as individuals attempted to
balance the competing demands of time pressure (faster ongoing
task responses) and the need for behavioral flexibility (slower
ongoing task responses).
Overall, our modeling approach and findings are highly con-

sistent with perspectives that seek to “characterize the multidi-
mensional mechanisms that underlie cognitive flexibility versus
stability at different levels of information processing” (Dreisbach
et al., 2024, p. 636), with relevance to current debates over whether
stability and flexibility are inversely related along a one-dimensional
continuum or potentially independent dimensions of a broader
control space (Egner, 2023; Mayr & Grätz, 2024). In line with
Dreisbach et al., when achieving stable or flexible performance
relies on the same underlying mechanisms (e.g., raising vs. lowering
thresholds), our model predicts an inverse relationship between
stability and flexibility, consistent with one-dimensional models of
the stability–flexibility trade-off (Hommel, 2015; Hommel &Wiers,
2017). By contrast, settings in which stability and flexibility can be
achieved through different mechanisms would allow for more
independent control of stability and flexibility, consistent with
emerging multidimensional views (Egner, 2023; Geddert & Egner,
2022; Mayr & Grätz, 2024). Crucially, the specific set of me-
chanisms used for controlling stability and flexibility is likely to be
task-dependent. For example, when facing distractor stimuli, sta-
bility might be increased by allocating attention away from dis-
tractors and toward relevant stimuli (an accumulation rate effect).
By contrast, when facing heightened time pressure, stability might

be increased by proactively controlling speed–accuracy settings
(a threshold effect). Our model provides a valuable tool for dis-
entangling the mechanisms that underlie cognitive stability and
flexibility in different task contexts.

Practical Implications

Following on from our PMDC modeling contributions to under-
standing the latent cognitive mechanisms underlying adaption to time
pressure and task priority (Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, &Heathcote, 2019), ourmodel offers themost
comprehensive account to date for practitioners seeking to understand
the latent cognitive mechanisms underlying adaption to the relative
prevalence of competing (PM) task responses (e.g., Czernochowski
et al., 2012; Graf & Uttl, 2001; Loft et al., 2008). Stable ongoing task
performance, when the expected probability of competing task re-
sponses is lower, entailed high attentional focus on the ongoing task,
with less reliance on effortful proactive cognitive control strategies.
At low time pressure, this enabled fast and accurate ongoing task
performance. Critically, however, this strategy would not produce
these behavioral outcomes at higher time pressure, which instead
required reduced ongoing task focus, increased proactive control, as
well as increased urgency toward the ongoing task.

These outcomes suggest several practical implications for hu-
mans working in dynamic, information-rich, operational settings
(Boag et al., 2023; Loft et al., 2019). We found that the need for
greater behavioral flexibility led to a loss of focus for the ongoing
task, which reduced the quality of the evidence on which individuals
based their ongoing task decisions. Such a reduction in quality can
occur when individuals repurpose attention from the ongoing task
toward monitoring for PM events or because individuals satisfice,
that is, process ongoing task information less deeply (e.g., by
attending to less diagnostic information) as task demands increase
(Artinger et al., 2022; Donkin et al., 2014; Simon, 1956; Todd &
Gigerenzer, 2007). Poorer quality or slower accumulation can cause
operator decisions to become slower and less accurate. In some
operational settings, this may not pose a problem, if operators are
able to employ strategies to counteract potential performance deficits
(e.g., by relying more on automated systems or other human team
members; Carver & Scheier, 2001; Hockey, 1997; Loft, Sanderson, et
al., 2007; Loft et al., 2023; Spearandio, 1971). However, slow
accumulation is undesirable in settings that require operators to make
fast and accurate actions or to maintain a high degree of attentional
focus on ongoing task duties. As a human performance model (Byrne
& Pew, 2009; Gray, 2008), our approach could be used to identify and
quantify the impact of situations (i.e., “hot spots” in the operating
environment) in which demands for behavioral flexibility risk
compromising operational safety.

Our results also suggest that the well-studied and robust proactive
control strategy of setting higher ongoing task thresholds to facilitate
PM is undesirable when the human operator is also under high time
pressure. That is, longer deadlines allow individuals to exert more
proactive control (i.e., raise ongoing task thresholds further), and
thus achieve higher PM accuracy. By contrast, tighter deadlines
impose a limit on how far individuals can raise thresholds, since less
time is available for sampling evidence. This has practical im-
plications for settings in which operators face tight deadlines. In
terms of work design, designers of work systems should—to the
extent realistically possible—seek to keep time pressure within
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manageable limits for critical decisions, especially during periods
requiring behavioral flexibility (e.g., when encountering frequent
PM events). Doing so will ensure operators have sufficient time to
engage proactive control strategies (if needed) and can sample
enough evidence to make reliable ongoing decisions and hence
avoid critical decision errors (e.g., quickly misclassifying aircraft
heading for a conflict as safely separated). Allowing sufficient time
for proactive control can also facilitate PM accuracy, which is
desirable in settings where correctly identifying PM events is
critical. In situations without time pressure, PM may benefit from
task interventions designed to delay ongoing task responses to
encourage successful PM performance, such as by imposing an
external delay on the execution of ongoing task actions (Loft &
Remington, 2013) or by training operators to wait longer before
acting (Heathcote, Loft, & Remington, 2015; Strickland et al.,
2018). More generally, our computational model can be used to
characterize performance fluctuations in safety-critical work con-
texts and thus to predict and manage risks associated with the critical
red zones/lines in which operators have little or no capacity to meet
further task demands (Wickens et al., 2015). By doing so, our model
can inform how performance can be protected by work design
interventions.
Crucially, with the use of posterior exploration, in which we

investigate counterfactuals about how removing model mechan-
ism(s) would affect performance, the model lets us quantify the
importance of these mechanisms that underlie the stability–flexibility
trade-off. Doing so increases understanding of the complex re-
lationships between model mechanisms and observed performance
data. PMDC could thus be a useful tool, not only for identifying the
latent effects of training or work design interventions but also for
quantifying how much an intervention directly affected an attentional
or cognitive control mechanism of interest and the relationship of that
to observed behavior (this would require a hierarchical model of the
population parameters).

Limitations and Future Directions

One limitation of the present work is that, even in conditions
intended to favor stable ongoing task performance, participants
encountered PMevents relativelymore frequently (10%) than is typical
in some naturalistic settings (Dismukes, 2010, 2012; Graf & Uttl,
2001). Relatively high PM frequencies were necessary to obtain en-
ough observations for reliable modeling. Intentions for more rare PM
events (i.e.,<10% frequency) are likely more susceptible to attentional
lapses (e.g., failure to notice the PM target event), forgetting, and
interference from ongoing activities than occurred in our task (Loft et
al., 2008; McDaniel & Einstein, 2000; McDaniel et al., 2004). Future
work examining how the cognitive system handles rarer PM events
could further our understanding of PM in more naturalistic settings.
A related limitation is that our model does not contain an explicit

mechanism to account for “trigger failures” (Matzke et al., 2017;
Skippen et al., 2020). Trigger failures refer to failures to retrieve the
PM intention. When this occurs, the PM accumulator does not enter
the race against the ongoing task accumulators. Trigger failures
become increasingly likely the less frequently PM events occur.
This is because infrequent intentions (i.e., that are only rarely re-
freshed or reminded by environmental cues) may be less strongly
activated in memory or more weakly associated with PM retrieval
cues in the task environment (Loft et al., 2008; Loft & Yeo, 2007;

McDaniel et al., 2004; Scullin et al., 2013; R. E.Smith & Bayen,
2004), which reduces the likelihood of the intention being retrieved
at the appropriate time. Our model was able to provide close fits to
the data without requiring an explicit trigger failure mechanism.
However, in settings with less frequent PM events, it may be
increasingly important to account for trigger failures, as has been
done in other evidence accumulation modeling (Matzke et al., 2019;
Skippen et al., 2019; Weigard et al., 2019).

A further related point is that the less frequently PM events occur,
the more heterogeneous will be the set of intervening tasks an
individual engages in before encountering a PM target. This con-
trasts with our paradigm in which individuals performed just one
ongoing task that was the same regardless of the expected frequency
of competing task (PM) events. Naturalistic settings that require
individuals to balance infrequent PM actions with the demands of
multiple ongoing activities would likely place greater demands on
reactive control processes (Burgess & Braver, 2010), since in-
dividuals are likely to be more engrossed in ongoing activities and
less engaged in monitoring for PM events. We did not find any
difference in reactive inhibition between our 30% and 10% PM
conditions. However, it is possible that individuals may increase the
strength of reactive inhibition in settings with less frequent PM
events or with more heterogeneous ongoing activities. Moreover, to
the extent that more heterogeneous ongoing tasks require increased
flexibility (e.g., due to more frequent task switches), individuals
may exert more proactive control over ongoing task decisions (e.g.,
controlling response bias and speed–accuracy settings), which could
improve PM. We leave it to future work to investigate how in-
dividuals manage such situations.

Further opportunities lie in exploring the links between our PM
paradigm and other task-switching paradigms used to study cog-
nitive flexibility (e.g., Bryck&Mayr, 2008;Monsell &Mizon, 2006;
for a review, Dreisbach & Fröber, 2019). We used a blocked
manipulation of flexibility that varied the proportion of PM trials that
were randomly interspersed among ongoing task trials, with the
focus being on contextual (block-wise) differences in cognitive
control. By contrast, other approaches focus on explaining transient
(trial-wise) differences between, for example, task-switch and task-
repeat trials or trials with longer or shorter preparatory intervals (e.g.,
Bryck &Mayr, 2008; Monsell &Mizon, 2006). Our design could be
modified to obtain such measures, such as by presenting alternating
runs of task-switch (PM response)/repeat (ongoing task) trials within
blocks. Doing so would potentially allow us to disentangle shorter
timescale task-switching or task-set reconfiguration costs from more
sustained control adjustments (e.g., Miletić et al., 2024).

Constraints on Generality

Our findings provide insight into how individuals manage the
stability–flexibility dilemma in a complex applied task with time
pressure and PM demands. However, caution should be exercised in
generalizing our findings to expert air traffic controllers, who may
adopt strategies different to those used by nonexperts (e.g., applying
larger aircraft trajectory safety margins; Loft et al., 2009, 2023). We
aimed to obtain reliable individual measurement (P. L. Smith &
Little, 2018) of the latent cognitive processes underlying the
stability–flexibility trade-off. We achieved this by having nonexpert
student participants each perform 3,200 trials of a task that is
representative of work settings in which human operators monitor
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perceptually demanding displays. We expect our results to gener-
alize to similar situations in which nonexpert participants perform
cognitively demanding tasks (e.g., driving, maritime surveillance,
and submarine track management) with concurrent PM demands
(e.g., Strickland et al., 2019). Supporting this generalizability, our
present results replicated previous model-based findings with non-
expert participants, including the ubiquitous “PM delay” strategy that
causes ongoing task RTs to slow under PM load (Ball &
Aschenbrenner, 2018; Boag, Strickland, Heathcote, et al., 2019;
Boag, Strickland, Loft, & Heathcote, 2019; Heathcote, Loft, &
Remington, 2015; Horn & Bayen, 2015; Strickland et al., 2017; 2018,
2019) and capacity sharing between PM and ongoing task processing
(Boag, Strickland, Heathcote, et al., 2019; Boag, Strickland, Loft, &
Heathcote, 2019; Strickland et al., 2019).We have no reason to believe
that the results depend on other characteristics of the participants
(beyond expertise), materials, or context.

Concluding Remarks

Managing the trade-off between stability and flexibility places
considerable demands on human attention and cognitive control
processes. Consistent with leading theories of goal-directed cognitive
(meta)control, our model indicated that stable ongoing task perfor-
mance involved high attentional focus directed toward the ongoing
task and less reliance on effortful proactive cognitive control. By
contrast, flexibility-promoting contexts led to substantially greater use
of proactive control and the repurposing (sharing) of ongoing task
resources tomonitor for atypical PM events. In both stable and flexible
contexts, heightened time pressure reduced the quality of processing
and further increased the need for effortful proactive control. This
work furthers our understanding the latent cognitive processes that
individuals use to manage the stability–flexibility trade-off.
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Marković, D., Goschke, T., & Kiebel, S. J. (2021). Meta-control of the
exploration-exploitation dilemma emerges from probabilistic inference over a
hierarchy of time scales. Cognitive, Affective & Behavioral Neuroscience,
21(3), 509–533. https://doi.org/10.3758/s13415-020-00837-x

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

THE DYNAMICS OF STABILITY AND FLEXIBILITY 1725

https://doi.org/10.1073/pnas.1002007107
https://doi.org/10.1073/pnas.1002007107
https://doi.org/10.1073/pnas.1002007107
https://doi.org/10.1037/0096-3445.130.2.169
https://doi.org/10.1037/0096-3445.130.2.169
https://doi.org/10.1037/0096-3445.130.2.169
https://doi.org/10.1037/0096-3445.130.2.169
https://doi.org/10.1037/0096-3445.130.2.169
https://doi.org/10.1037/0096-3445.132.1.47
https://doi.org/10.1037/0096-3445.132.1.47
https://doi.org/10.1037/0096-3445.132.1.47
https://doi.org/10.1037/0096-3445.132.1.47
https://doi.org/10.1037/0096-3445.132.1.47
https://doi.org/10.3758/CABN.9.2.202
https://doi.org/10.3758/CABN.9.2.202
https://doi.org/10.3758/CABN.9.2.202
https://doi.org/10.3758/CABN.9.2.202
https://doi.org/10.3758/CABN.9.2.202
https://doi.org/10.1126/science.1142995
https://doi.org/10.1126/science.1142995
https://doi.org/10.1126/science.1142995
https://doi.org/10.1126/science.1142995
https://doi.org/10.1126/science.1088545
https://doi.org/10.1126/science.1088545
https://doi.org/10.1126/science.1088545
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1016/j.tics.2007.04.005
https://doi.org/10.1038/s41562-018-0401-9
https://doi.org/10.1038/s41562-018-0401-9
https://doi.org/10.1037/a0020198
https://doi.org/10.1037/a0020198
https://doi.org/10.1002/9781118920497.ch10
https://doi.org/10.1002/9781118920497.ch10
https://doi.org/10.1002/9781118920497.ch10
https://doi.org/10.1017/S0140525X12003196
https://doi.org/10.1017/S0140525X12003196
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1016/j.tics.2004.12.004
https://doi.org/10.1037/0096-1523.19.6.1183
https://doi.org/10.1037/0096-1523.19.6.1183
https://doi.org/10.1037/0096-1523.19.6.1183
https://doi.org/10.1037/0096-1523.19.6.1183
https://doi.org/10.1037/0096-1523.19.6.1183
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.20982/tqmp.16.2.p107
https://doi.org/10.3758/s13415-021-00884-y
https://doi.org/10.3758/s13415-021-00884-y
https://doi.org/10.3758/s13415-021-00884-y
https://doi.org/10.1177/0963721414545214
https://doi.org/10.1177/0963721414545214
https://doi.org/10.1037/a0016118
https://doi.org/10.1037/a0016118
https://doi.org/10.4324/9781351000154-11
https://doi.org/10.4324/9781351000154-11
https://doi.org/10.4324/9781351000154-11
https://doi.org/10.1037/1076-898X.10.3.173
https://doi.org/10.1037/1076-898X.10.3.173
https://doi.org/10.1037/1076-898X.10.3.173
https://doi.org/10.1037/1076-898X.10.3.173
https://doi.org/10.1037/1076-898X.10.3.173
https://doi.org/10.3758/MC.36.1.139
https://doi.org/10.3758/MC.36.1.139
https://doi.org/10.3758/MC.36.1.139
https://doi.org/10.3758/MC.36.1.139
https://doi.org/10.3758/MC.36.1.139
https://doi.org/10.1037/0096-1523.33.4.938
https://doi.org/10.1037/0096-1523.33.4.938
https://doi.org/10.1037/0096-1523.33.4.938
https://doi.org/10.1037/0096-1523.33.4.938
https://doi.org/10.1037/0096-1523.33.4.938
https://doi.org/10.1037/a0018900
https://doi.org/10.1037/a0018900
https://doi.org/10.1080/17470218.2012.750677
https://doi.org/10.1080/17470218.2012.750677
https://doi.org/10.1080/17470218.2012.750677
https://doi.org/10.1080/17470218.2012.750677
https://doi.org/10.1518/001872007X197017
https://doi.org/10.1518/001872007X197017
https://doi.org/10.1518/001872007X197017
https://doi.org/10.1016/B978-0-12-420139-2.00018-6
https://doi.org/10.1016/B978-0-12-420139-2.00018-6
https://doi.org/10.1016/B978-0-12-420139-2.00018-6
https://doi.org/10.1016/B978-0-12-420139-2.00018-6
https://doi.org/10.3758/BF03193447
https://doi.org/10.3758/BF03193447
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.95.4.492
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/0033-295X.108.2.393
https://doi.org/10.1037/a0035230
https://doi.org/10.1037/a0035230
https://doi.org/10.3758/BF03197535
https://doi.org/10.3758/BF03197535
https://doi.org/10.1002/9781119159193.ch34
https://doi.org/10.1002/9781119159193.ch34
https://doi.org/10.1002/9781119159193.ch34
https://doi.org/10.1111/stan.12111
https://doi.org/10.1111/stan.12111
https://doi.org/10.1111/stan.12111
https://doi.org/10.1038/nrn.2017.111
https://doi.org/10.1038/nrn.2017.111
https://doi.org/10.1038/nrn.2017.111
https://doi.org/10.1038/nrn.2017.111
https://doi.org/10.3758/s13415-020-00837-x
https://doi.org/10.3758/s13415-020-00837-x


Marr, D. (2010). Vision: A computational investigation into the human
representation and processing of visual information. MIT Press. https://
doi.org/10.7551/mitpress/9780262514620.001.0001

Matos, P., Pereira, D. R., Albuquerque, P. B., & Santos, F. H. (2020). How
does performing demanding activities influence prospective memory? A
systematic review. Advances in Cognitive Psychology, 16(3), 268–290.
https://doi.org/10.5709/acp-0302-0

Matzke, D., Curley, S., Gong, C. Q., & Heathcote, A. (2019). Inhibiting
responses to difficult choices. Journal of Experimental Psychology:
General, 148(1), 124–142. https://doi.org/10.1037/xge0000525

Matzke, D., Love, J., & Heathcote, A. (2017). A Bayesian approach for
estimating the probability of trigger failures in the stop-signal paradigm.
Behavior Research Methods, 49(1), 267–281. https://doi.org/10.3758/
s13428-015-0695-8

Mayr, U., &Grätz, D. (2024). Does cognitive control have a general stability/
flexibility tradeoff problem? Current Opinion in Behavioral Sciences, 57,
Article 101389. https://doi.org/10.1016/j.cobeha.2024.101389

McDaniel,M. A., &Einstein, G. O. (2000). Strategic and automatic processes in
prospective memory retrieval: A multiprocess framework. Applied Cognitive
Psychology, 14(7), S127–S144. https://doi.org/10.1002/acp.775

McDaniel, M. A., Guynn, M. J., Einstein, G. O., & Breneiser, J. (2004). Cue-
focused and reflexive-associative processes in prospective memory
retrieval. Journal of Experimental Psychology: Learning, Memory, and
Cognition, 30(3), 605–614. https://doi.org/10.1037/0278-7393.30.3.605

McDaniel, M. A., Lamontagne, P., Beck, S. M., Scullin, M. K., & Braver,
T. S. (2013). Dissociable neural routes to successful prospective memory.
Psychological Science, 24(9), 1791–1800. https://doi.org/10.1177/09567
97613481233

McGuire, J. T., & Botvinick, M. M. (2010). Prefrontal cortex, cognitive
control, and the registration of decision costs. Proceedings of the National
Academy of Sciences of the United States of America, 107(17), 7922–
7926. https://doi.org/10.1073/pnas.0910662107

Meng, X. L. (1994). Posterior predictive p-values. Annals of Statistics, 22(3),
1142–1160. https://doi.org/10.1214/aos/1176325622

Meyer, D. E., & Kieras, D. E. (1997). A computational theory of executive
cognitive processes and multiple-task performance: Part 1. Basic me-
chanisms. Psychological Review, 104(1), 3–65. https://doi.org/10.1037/
0033-295X.104.1.3
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