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Abstract
This project bridges gaps between decision making, prospective memory, and applied
cognition by presenting a comprehensive computational modeling framework to
quantitatively measure latent cognitive control and attentional processes involved in
performing a complex applied task with dynamic time pressure and memory demands. The
empirical chapters find robust resource availability and reallocation effects associated with
PM demand and time pressure using a cognitively demanding applied task, illustrating the
utility of studying PM in representative environments. In such environments, PM load
significantly affects the attentional system, whereas it does not in the simple laboratory tasks
previously studied. This project extends previous work by modelling distinct attentional gain
and focus mechanisms to give a finer picture of how the attentional system supports decision
making depending on the reward and demand structure of the environment. This approach
could be used to inform improvements in safety and efficiency in a range of applied settings.
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Chapter One:
General Introduction

1.0 Preface
This chapter introduces the aims and theoretical context of the thesis and outlines the scope
of the empirical chapters.
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This thesis investigates decision making in simulated air traffic control and examines
how operators handle different time pressure and prospective memory demands while
performing an ongoing conflict detection task. Time pressure refers to constraints on the time
available to gather information from the environment before committing to a response or
course of action. Time pressure can be internal, in which the decision to stop deliberating and
execute a response or action is self-imposed, or external, in which the time available for
deliberation is limited by aspects of the task itself (e.g., decisions that must be made before a
deadline) or changes in the task environment (e.g., when increased workload requires more
decisions to be made per unit time; Wickelgren, 1977). Increased time pressure is associated
with poorer safety outcomes in many safety-critical settings, including road safety (Ratcliff &
Strayer, 2014; Shinar, 1998) and aviation (Sarter & Schroeder, 2001).
Similarly, much real-world decision making is performed under prospective memory
load (Dismukes, 2012). Prospective memory (PM) refers to the ability to remember to
perform deferred task actions either at a later point in time (known as time-based PM; Park,
Hertzog, Kidder, Morrell, & Mayhorn, 1997) or when a particular stimulus or event is
encountered in the future (event-based PM; Einstein & McDaniel, 1990). Failures of PM can
have important safety implications (Dismukes, 2012), and recent work has suggested that PM
presents a particular challenge for decision making in complex and dynamic environments
such as air traffic control whose unpredictability often requires deferring a critical action to
deal with more immediate problems as they unfold (Grundgeiger et al., 2013; Grundgeiger,
Sanderson, MacDougall, & Venkatesh, 2010; Loft, 2014).
As such, there has been a significant recent effort to model the cognitive processes
involved in prospective remembering (Anderson, Rummel, & McDaniel, 2018; Ball &
Aschenbrenner, 2017; Strickland, Heathcote, Remington, & Loft, 2017; Strickland, Loft,
Remington, & Heathcote, 2018). A robust finding in the PM literature is that people make
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slower ongoing task responses when required to hold concurrent PM intentions, a
phenomenon known as PM cost (Einstein & McDaniel, 2005; Hicks, Marsh, & Cook, 2005;
Loft & Yeo, 2007; Smith, 2003), and that this cost reflects the cognitive processes underlying
prospective remembering. However, PM modelling studies have only examined performance
on basic laboratory tasks (e.g., lexical decision). It is currently unclear whether inferences
drawn from such studies can be generalized to explain decision making in more complex
applied settings in which individuals have PM demands and are under time pressure.
This thesis develops a comprehensive computational theory of the cognitive processes
underlying decision making in a complex and dynamic simulated ATC task. This work
extends recent computational models developed for simple choice tasks to explain how
individuals adapt their decision-making strategies in response to changes in traffic load, time
pressure, relative response importance, and concurrent PM demands during a demanding
simulated conflict detection task. This thesis investigates PM in the context of air traffic
control because it is representative of many safety-critical work systems (e.g., submarine
track management, emergency medicine, military command-and-control) that require
operators to flexibly manage competing task demands and respond to events as they unfold.
The contribution of this research is twofold. From a theoretical perspective, the
current work extends theories and models of simple choice to account for decisions made
under conditions of competing task demands and over longer time scales than are typically
studied (> 1 second). In doing so, this thesis speaks to current theoretical debate about
whether increases in factors such as task demand (number of items on the perceptual display),
time pressure (amount of time available to complete the task), and PM demands (requirement
to remember to perform an atypical intended action when a particular event occurs) affect
decision making because they compete for limited-capacity cognitive resources or whether
changes reflect an adaptive cognitive control strategy used when individuals perceive tasks
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becoming more or less difficult (Boag, Neal, Loft, & Halford, 2006; Boywitt & Rummel,
2012; Dambacher & Hübner, 2015; Eidels, Donkin, Brown, & Heathcote, 2010; Heathcote,
Loft, & Remington, 2015; Loft, Pearcy, & Remington, 2015).
Second, from a practical perspective, there is currently a need for more detailed,
psychologically principled computational models that can explain human performance in
complex and dynamic work settings like air traffic control (Loft, 2014; Loft, Sanderson,
Neal, & Mooij, 2007; Vuckovic, Kwantes, Humphreys, & Neal, 2014). In such safety-critical
systems, failures to manage PM demands can have dire consequences (e.g., an airline pilot
forgetting to set the flaps before take-off; Dismukes & Nowinski, 2007; an emergency
physician forgetting to check the patient’s heart rhythm; Soar et al., 2015). However, to date
most theories of decision making in complex command-and-control tasks have only been
specified at the verbal level and thus often derive similar predictions to each other (Loft et al.,
2007). This makes it difficult to determine exactly which latent cognitive processes are
driving observed performance, which is required to distinguish between competing theories
and explanations of effects (Hintzman, 1991; Lewandowsky & Farrell, 2010). By being more
precise, formal model-based analyses provide practical insight into what kinds of
interventions (e.g., training, automation systems, decision aids) could potentially be effective
at reducing human error in safety-critical work environments (Dismukes & Nowinski, 2007,
p. 201; Dismukes, 2012; Vuckovic, Kwantes, & Neal, 2013).
To bridge this apparent gap between the theoretical and applied literatures, this thesis
develops a comprehensive computational model of how individuals make decisions about
aircraft conflict likelihood (whether presented aircraft pairs will violate minimum separation
in the future) using the Linear Ballistic Accumulator (LBA) model of decision making
(Brown & Heathcote, 2008). The LBA has a long history of application on a wide variety of
perceptual decision-making tasks (Heathcote & Love, 2012; Rae, Heathcote, Donkin,
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Averell, & Brown, 2014), and is a reliable and valid measure of the latent cognitive processes
(e.g., response threshold, accumulation rate, bias) that influence the speed and accuracy of
decisions (Donkin, Brown, & Heathcote, 2011). Applying the LBA to the air traffic control
task will shed light on how different cognitive processes change as a function of traffic load,
time pressure, and PM demands, which will give insight into the underlying cognitive
processes that produce observed behaviour in a complex and dynamic environment. The next
section discusses several theoretical issues regarding modelling task demands in simulated air
traffic control.
1.1 Modelling Task Demands in Air Traffic Control
Air traffic controllers are responsible for ensuring the safe passage of aircraft through
designated sectors of airspace (Durso & Manning, 2008). A key part of ensuring safe passage
involves detecting and resolving potential conflicts between aircraft. Conflict detection
involves making decisions about which aircraft are likely to violate minimum lateral and
vertical separation standards in the future, and taking appropriate action to prevent this from
occurring. Controllers must preserve this ability to detect conflicts quickly and accurately
under highly dynamic time-pressured conditions. For example, controllers frequently face
changes in traffic load (number of aircraft in the sector), time pressure (amount of time
available to detect and resolve conflicts), dynamic changes in relative importance of task
goals (e.g., resolving an unfolding conflict may temporarily take priority over less critical
takes, such as accepting new aircraft into the sector), and whether or not they have concurrent
PM demands (requirement to remember to perform an intended action when a particular
event occurs, such as remembering to redirect an aircraft once it reaches a certain altitude;
Loft, 2014; Shorrock, 2005).
Each of these factors can have substantial negative effects (i.e., costs) on the speed
and accuracy with which controllers identify potential conflicts and thus decrease the
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capacity of operators to manage future task demands (Loft, 2014). Increases in traffic load
(i.e., more aircraft in the sector) have been associated with reduced accuracy and longer
response times to detect conflicts in simulated air traffic control (Metzger & Parasuraman,
2001; Nunes & Scholl, 2005). Likewise, the addition of PM demands produces slower and
less accurate conflict detection decisions (Loft, 2014). In contrast, time pressure has been
found to result in faster conflict detection decisions (Vuckovic et al., 2014) but reduced
conflict detection accuracy (Wickens, Mavor, & McGee, 1997). Manipulating the relative
importance of different task responses also affects the speed and accuracy of decision making
(Loft, Kearney, & Remington, 2008), but this has not yet been studied in the context of
simulated air traffic control.
However, there are many cognitive processes that can lead to changes in overt
response speed and accuracy, and measures of mean RT or accuracy alone cannot distinguish
between them (Liu & Watanabe, 2012). Evidence accumulation models, such as the LBA
(Brown & Heathcote, 2008) and diffusion (Ratcliff, 1978) models, address this limitation by
accounting for the entire distribution of RTs for each response type at the individual level and
produce psychologically meaningful parameters which represent latent (i.e., unobserved)
cognitive components of decision speed and accuracy (Donkin et al., 2011; Voss, Voss, &
Klauer, 2010). Evidence accumulation models have provided important insights into human
decision making in a wide range of basic lab tasks, and recent work has suggested they may
be usefully applied to more complex and dynamic applied tasks (Palada et al., 2016).
The central feature of evidence accumulation models is that decision making is
conceptualized as a process of taking repeated samples of information from the environment
until enough evidence has been obtained to trigger a response. Examining how model
parameters change across experimental conditions allows inferences to be made about latent
cognitive constructs such as the quality of information processing, response thresholds and
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biases, and non-decision processes like early stimulus encoding and motor response time.
Evidence accumulation models provide a full quantitative account of both RT distributions
and the accuracy of decisions in benchmark empirical phenomena occurring in simple
decision tasks, including trade-offs between speed, accuracy and response bias, and subtle
interactions between the speed of correct and error responses (see Rae, Heathcote, Donkin,
Averell, & Brown, 2014, for perceptual-, lexical-, and memory-based examples).
A great deal has been learned about how the cognitive system manages time pressure
and PM demands using tightly controlled laboratory paradigms (e.g., Einstein & McDaniel,
2005; Horn & Bayen, 2015). From this work, two key concepts – cognitive control and
cognitive capacity – have emerged as central to theorizing about the effects of task demands
and dual-task interference. Cognitive control refers to processes that adapt the cognitive
system to meet specific task demands (Braver, 2012; Braver & Barch, 2002; Miller & Cohen,
2001; Miyake et al., 2000). Cognitive capacity refers to a theoretical finite pool of cognitive
resources involved in information processing (e.g., attention, working memory) which can be
allocated to various features of the task environment and whose limited nature gives rise to
resource bottlenecks (Kahneman, 1973; Navon & Gopher, 1979). As will be discussed, the
role of cognitive control in PM is currently relatively clear. However, efforts to characterise
the role of capacity has had a somewhat more difficult history.
1.2 Capacity for PM in Basic Paradigms
In terms of the role of capacity in PM, most theories assume that PM cost to non-PM
trials results from reduced ongoing task capacity, the idea being that monitoring for PM
draws attentional resources away from the ongoing task (Einstein & McDaniel, 2005; Smith,
2003). Verbal PM theories infer the presence of capacity sharing between PM and ongoing
task processing from costs to mean ongoing task RT due to PM load. From a computational
perspective capacity sharing is typically tested by comparing accumulation rates to non-PM
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items in PM blocks with accumulation rates to non-PM items in control blocks. Contrary to
the capacity sharing account, however, most evidence accumulation modelling of PM costs in
basic paradigms have reported no change in either the quality or quantity of evidence
accumulation to non-PM items across PM and control blocks, suggesting PM processing does
not draw attentional capacity away from the ongoing task (Ball & Aschenbrenner, 2017;
Heathcote et al., 2015; Horn & Bayen, 2015; Strickland et al., 2017, 2018).
However, this does not imply that PM never draws resources from ongoing task
processes. In more complex settings like simulated air traffic control, for example, observed
costs to concurrent task performance include slower acceptance and hand-off of aircraft,
slower detection of conflicts between aircraft, and increased rates of missed conflicts (Loft,
Bolland, Humphreys, & Neal, 2009; Loft, Chapman, & Smith, 2016; Loft, Smith, &
Bhaskara, 2011; Loft & Remington, 2010; Loukopoulos, Dismukes, & Barshi, 2009).
Although not modelled, the costs observed by Loft and colleagues, which have affected both
accuracy and RT, are more consistent with capacity sharing than cognitive control,
suggesting that PM could draw capacity from ongoing task processing given a sufficiently
demanding ongoing task. As such, an important goal of this work is to provide a framework
for modelling capacity effects in more complex applied settings. However, the concept of
capacity has had a contentious history in cognitive psychology. The next section gives a brief
overview of this history before introducing the PMDC model and empirical chapters of this
thesis.
1.3 The Difficult History of Capacity
The concept of capacity has been central to theorizing about the processes involved in
PM and multi-tasking more generally. Thinking in signal-processing and informationtheoretic terms, the first theories of capacity (Broadbent, 1957; Welford, 1952) proposed that
the cognitive system processes information through a single ‘channel’ and that interference
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between concurrent tasks is due to the limited through-put capacity of the channel (i.e., a
single-channel bottleneck). Selective attention was suggested as a necessary mechanism in
protecting the channel from overload and ensuring that only relevant information occupies
the channel (e.g., Treisman, 1969). Single resource theories (e.g., Kahneman, 1973; Moray,
1967; Norman & Bobrow, 1976; Posner & Boies, 1971) (inspired by similar processing and
space-allocation problems in computing) extended these ideas to view attentional capacity as
a resource that could be directed or allocated to selected activities or features of the
environment. Interference occurs when the pool is exhausted (i.e., resources are fully
occupied) at which point concurrent tasks are forced to share resources (Navon & Gopher,
1979; Norman & Bobrow, 1976).
Key to these theories is the idea that attentional capacity can be allocated voluntarily
in order to control performance. However, problems with the single capacity account soon
arose. Modality-specific interference effects (Treisman & Davies, 1973) suggested that a
single resource pool that limits all processing was theoretically inadequate, thus leading
multiple resource theories (Navon & Gopher, 1979) to propose that tasks may draw from
multiple distinct resource pools depending on their processing requirements. However,
Navon (1984) showed that multiple resource theory, as it currently stood, was unfalsifiable
and thus of little theoretical value, which discouraged attention researchers from thinking in
terms of capacity as a finite resource. Research into the development of automaticity (i.e.,
automatic processing) (Logan, 1980, 1985, 1988, 1992; Palmeri, 1997, 1999), which sought a
mechanism by which attentional capacity demands could diminish with practice, increasingly
turned to unlimited capacity (except by experience) instance-based models to explain human
performance (see Kruschke, 2011 for a review).
In the 1980s there was a brief return to interest in capacity limits in terms of
bottlenecks in serial versus parallel processing, which were being studied in visual search
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(Treisman & Gelade, 1980) and dual-task interference paradigms (Pashler, 1984). The
essential finding of this work was that processing tended to be serial when tasks had high
computational requirements (e.g., with integral-feature stimuli, conjunctive search) and
parallel when computational requirements were low (e.g., separable-feature stimuli, singlefeature search), which served to highlight the specific role of the task environment and its
particular computational demands (Egeth, Virzi, & Garbart, 1984). The idea of limited
attentional capacity was then mostly used in a “pre-theoretical” or intuitive sense, in which a
limited capacity pool is simply assumed, and data interpreted based on its properties, without
consideration of the logical problems Navon (1984) had pointed out earlier (Lavie, 1995).
Mathematical psychology has generally taken more of a measurement approach to
capacity (Townsend, 1990; Townsend & Altieri, 2012; Townsend & Wenger, 2004), treating
capacity as a rate of information processed per unit time (Band, Van Der Molen, & Logan,
2003; Bundesen, 1998) (i.e., as a descriptive measure rather than a mechanistic explanation).
This research has focused primarily on identifying whether capacity is fixed, limited, or
unlimited, and whether information is processed serially, in parallel, or begins in separate
streams before being combined later, as occurs in ‘coactive’ models (Little, 2012). However,
the problems identified in Navon’s (1984) critique of multiple resource theory remain.
Limited-, unlimited-, and fixed-capacity models tend to mimic each other, and all predict
poorer performance as the computational demands of the task environment increase.
Moreover, such approaches often depend on data from specialized experimental designs and
a high degree of control over stimulus and environmental features that is often not possible to
obtain in complex and dynamic task environments.
Current computational and neural approaches to attentional capacity have, however,
attempted to provide a more principled mechanistic account of the processes by which
attentional capacity is modulated (Carandini & Heeger, 2012; Corbetta & Shulman, 2002;
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Egner & Hirsch, 2005; Herrmann, Montaser-Kouhsari, Carrasco, & Heeger, 2010; Hillyard,
Vogel, & Luck, 1998; Reynolds & Heeger, 2009). This view moves away from capacity as a
fixed or limited resource, and instead sees capacity effects as arising from the operation of socalled ‘canonical’ neural computations responsible for modulating attention (and many other
perceptual and cognitive processes) at the neural level (Carandini & Heeger, 2012). The
central idea common to such models is that they instantiate variable attentional gain and
focus mechanisms, which correspond to a broadly-tuned gain or signal-boost mechanism, and
a more finely-tuned attentional focus, within a single computational ‘normalization’
framework (Reynolds & Heeger, 2009; Schwartz & Simoncelli, 2001).
Intuitively, this view represents a return to earlier views of attention as a ‘spotlight’
with variable intensity and focus (called sensitivity and selectivity by Posner & Boies, 1971),
which serves to ensure relevant information in the environment is detected and selected for
processing (e.g., Broadbent, 1957; Kahneman, 1973; Posner & Boies, 1971). The key
difference is that the canonical spotlight’s gain and focus mechanisms are biologically
plausible and assumed to operate on neurons or populations of neurons (e.g., by scaling and
sharpening tuning curves that govern firing rate and amplitude) (Busse, Wade, & Carandini,
2009; Carandini & Heeger, 2012; Heeger, 1992). As one would expect, computer simulations
of these modern process accounts converge with current neurophysiological data on
attentional control and modulation, which has implicated functionally distinct brain regions
involved in attentional “amplification” (i.e., gain) and “selective control” (i.e., focus)
(Hillyard, Vogel, & Luck, 1998; see also Carandini & Heeger, 2012, and Corbetta &
Shulman, 2002). However, most instantiations of these models are currently limited to
simulation by ‘hand-tuning’ parameters and are not easily fit to behavioural data.
In an attempt to bridge this apparent gap between quantitative measurement and
recent neurologically-inspired process approaches, this thesis presents a quantitative

33

evidence-accumulation framework for measuring two canonical computational processes –
gain (broadly-tuned signal-boosting mechanism) and focus (finely-tuned selective attention
mechanism) – that drive attentional capacity effects. The following section introduces the
general architecture of the model that will be used to measuring cognitive control and
attentional capacity, before outlining the empirical chapters.
1.4 Computational Framework: Prospective Memory Decision Control
Recently, Strickland et al. (2018) developed prospective memory decision control
(PMDC), a three-accumulator model based on the LBA which provided the first
comprehensive computational account of PM and ongoing task decision processes across a
series of PM experiments using a basic (lexical decision) paradigm. PMDC is an instance of
the linear ballistic accumulator model (Brown & Heathcote, 2008), which models decisionmaking as the linear accumulation of evidence from a stimulus or its memory trace. Each
potential response is associated with its own evidence accumulator. All accumulators race to
cross a predefined decision threshold and the first accumulator to reach the threshold
determines the overt response. PMDC uses three racing LBA accumulators; two for the
ongoing task responses and a third for the PM task response (Figure 1.1 shows how this
applies to an air traffic control conflict detection task with an additional PM requirement).
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Figure 1.1. An LBA model of a PM task with a concurrent conflict detection task. Evidence for each response is
initially drawn from a uniform distribution on the interval [0, A]. Over time, evidence accumulates towards each
response at rates drawn from independent normal distributions with mean v, and standard deviation sv. The ﬁrst
accumulator to reach its threshold, b, determines the overt response. The results sections of the empirical
chapters refer to B, which is b – A, where B > 0 and so b > A. Total RT is determined by accumulation time plus
non-decision time.

The aim of fitting PMDC to data is to measure the psychological quantities that
underlie performance, and to ascertain what those quantities suggest about cognitive control
and attentional capacity. The model separates the latent cognitive aspects of each decision,
such as processing speed and response thresholds from non-decision processes like early
visual encoding and motor response production. Each of these components is associated with
a psychologically interpretable parameter that gives insight into the latent cognitive processes
underlying the observed speed and accuracy of decisions (Brown & Heathcote, 2008). In the
context of air traffic control conflict detection, PMDC allows formal quantification of the
latent cognitive processes that contribute to changes in the speed and accuracy of conflict
detection decisions as a function of traffic load, time pressure, PM demands, and relative
response importance.
Key to the present work, PMDC instantiates the proactive and reactive cognitive
control mechanisms specified by Braver’s (2012) dual-mechanisms theory, as well as
providing measures of how attentional capacity is directed among tasks. Proactive control
refers to ‘top-down’ processes used to "bias attention, perception and action systems in a
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goal-driven manner" (Braver, 2012, p. 2). Proactive processes are deployed deliberately, in an
anticipatory manner. That is, they are activated in advance of the target stimulus or event so
that they are already active when the target stimulus is encountered. Proactive control should
thus be observable in differences between the latent processes underlying responses to (nonPM) ongoing task items in PM blocks and control blocks. In the model, participants
proactively control task demands by setting higher response thresholds in PM blocks, so that
on PM trials the ongoing task accumulators are less likely to complete before the PM
accumulator, thereby reducing the probability of a PM miss. This follows from the fact that in
evidence accumulation models, thresholds are the locus of a priori strategies that drive
mechanisms such as the speed-accuracy trade-off (Liu & Watanabe, 2012) and response
biases (Donkin, Brown, & Heathcote, 2011; Mulder, Wagenmakers, Ratcliff, Boekel, &
Forstmann, 2012). Strickland et al. (2018) found that participants set higher ongoing task
thresholds in PM blocks, consistent with proactive control. Participants set even higher
ongoing task thresholds when instructed that the PM task was important and also exerted
control over PM thresholds (i.e., the evidence required to make a PM response).
Reactive control refers to ‘bottom-up’ stimulus-driven processes deployed to
influence responding "only as needed, in a just-in-time manner" (Braver, 2012, p. 2).
Reactive control is assumed to operate automatically in response to inputs signalling the
critical event, which means reactive control processes relevant to PM should only occur on
PM target trials. The central claim of reactive control is that as PM stimulus inputs are
processed on PM trials, stimulus features consistent with PM excite the PM accumulator,
increasing its accumulation rate, while inhibiting other accumulators (i.e., reactive
inhibition), decreasing their accumulation rates. Thus, in addition to PM accumulation being
faster on PM trials than non-PM trials, accumulation towards ongoing task decisions should
be lower on PM trials than non-PM trials. Strickland et al. (2018) found that that ongoing task
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accumulation rates were lower on PM trials, consistent with reactive control, and that this
inhibition was critical to PM performance.
Attentional capacity is measured via the accumulation rate parameters, as has been
done in other models for measuring ongoing task capacity (Boywitt & Rummel, 2012; Horn
et al., 2011). Accumulation rates correspond to capacity because they estimate processing
speed, which the majority of attention theory assumes should vary in proportion to the
attentional capacity available (e.g., Bundesen, 1990; Gobell, Tseng, & Sperling, 2004;
Kahneman, 1973; Navon & Gopher, 1979; Wickens, 1980). Empirical work has also justified
this connection, with rates converging with other measures of cognitive capacity (Donkin et
al., 2014; Eidels, Donkin, Brown & Heathcote, 2010), and manipulations of capacity (e.g.,
adding a dual-task load) having the expected effects on rates (Castro, Strayer, Matzke &
Heathcote, 2018; Logan et al., 2014).
These results inform the following predictions. PM demands should encourage
individuals to increase their response thresholds, opting for a more cautious response strategy
to ensure PM targets are not pre-empted by ongoing task responses (Heathcote et al., 2015;
Loft & Remington, 2013). If PM demands draw capacity from ongoing task processing, one
would expect poorer quality evidence accumulation for ongoing task responses in PM blocks
compared to control blocks. If PM stimuli inhibit processing of ongoing task stimuli (i.e.,
reactive control), ongoing task accumulation rates should be lower on PM trials compared
with non-PM trials (in PM blocks). Time pressure should lead individuals to lower their
response thresholds, adopting a faster but less cautious (and less accurate) response strategy
(Ratcliff & McKoon, 2008), and may also reduce the quality of evidence accumulation
(Palada et al., 2016). Operators may also adopt response biases to manage time pressure. For
example, operators may lower their threshold to respond ‘conflict’ when under high time
pressure to ensure that no conflicts are missed (Loft et al., 2009).
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Manipulations of relative response importance should also influence threshold and
rate parameters in theoretically informative ways. Emphasizing the importance of the PM
task should lead participants to divert more ongoing task resources to PM, resulting in higher
quality PM processing and lower quality ongoing task processing (relative to neutral or
ongoing-important instructions). Emphasizing the importance of the ongoing task should
have the converse effect: higher quality ongoing task processing and poorer PM processing
compared with neutral or PM-important. Emphasizing the speed of responding should lead
participants to set lower thresholds overall and may also result in poorer quality processing.
In addition, task importance could also lead operators to perform additional processing
outside of the evidence accumulation stage (e.g., by pausing to double-check responses),
which would likely be reflected in non-decision time (Horn & Bayen, 2015; Horn, Bayen, &
Smith, 2011). Given the large number of factors that potentially contribute to decision speed
and accuracy, and the possibility of complex interactions between them, the proposed modelbased analysis is well positioned to distinguish between the various theoretical explanations
(e.g., proactive control, reactive control, capacity sharing) outlined above and to identify the
most important cognitive factors underlying conflict detection decisions.
Chapter 2 of this thesis presents the first empirical study, which introduces the general
experimental paradigm and modeling approach (used in all experiments) and demonstrates
that the model provides a close account of observed accuracy and RT distributions in a
complex and dynamic simulated air traffic control task. This chapter establishes that the
model provides a theoretically informative account of the effects of time pressure, PM
demand, and traffic load on the latent cognitive processes that underlie observed
performance. The modelling implicates Braver’s (2012) dual-mechanisms theory of cognitive
control in explaining how operators exert both proactive and reactive control over decision
processes in line with the demands of the task environment. Robust capacity-sharing effects
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further suggest that PM places significant demands on the attentional system when studied in
the context of a sufficiently demanding ongoing task.
Chapter 3 replicates and extends Chapter 2 by introducing a between-subjects
manipulation of relative task importance. Four groups performed the air traffic control task
from Experiment 1 under a different task importance instruction, which indicated which
aspect of the task they were to focus on (i.e., neutral, ongoing-important, speed-important,
PM-important). This manipulation was designed to gain further insight into how attentional
resources are distributed between tasks. Between-subjects comparisons of model parameters
revealed two distinct components of attentional capacity (corresponding to attentional gain
and focus mechanisms) that operators use to allocate and focus attention based on the reward
structure of the environment. Chapter 4 summarizes the key findings of the two empirical
chapters and discusses their broader theoretical implications and potential directions for
extending the present work.
1.5 Overview of Empirical Studies
Study 1. The primary goal when designing Experiment 1 was to reliably model both
ongoing task and PM responses in a more complex and dynamic task than is typically used in
PM research. To do this, 49 participants performed a simulated air traffic control conflict
detection task with and without a concurrent prospective memory requirement, under several
levels of time pressure (i.e., trial deadline). Participants were required to classify pairs of
aircraft as either 'conflict' or 'non-conflict' depending on whether the aircraft would violate a
5 nautical mile minimum separation distance at some point during their flight. Participants
performed this task by itself (in control blocks) and with a concurrent PM task (in PM
blocks). In PM blocks, on some trials, one of the two aircraft would also contain a PM target
feature which required execution of a PM response instead of the typical conflict or nonconflict ongoing task response. Comparing ongoing task performance between control and
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PM blocks allows assessment of how holding a PM intention affects ongoing task
performance and the underlying processes responsible (e.g., raised thresholds, poorer
processing quality).
In addition, participants performed the task under several levels of time pressure
(average available time per conflict detection decision), created by manipulating trial load
(decisions per trial) and trial duration (overall time available to respond to all decisions
within a trial). Each trial had a load of either 2 or 5 (i.e., 2 or 5 aircraft pairs presented) with
an associated trial duration. This resulted in 4 unique trial-load by trial-duration
combinations; one with 6s per decision, two blocks with 4s per decision and one block with
2s per decision. This allowed performance to be assessed under several different levels of
task demand and investigate the effects of time pressure on PM and ongoing task processing.
The PMDC model provided good fits to ongoing task and PM accuracy and closely
accounted for the full distribution of empirical RTs for both ongoing task and PM responses
across all experimental manipulations. The model accounted for changes in accuracy and RT
across different levels of time pressure and fit all PM cost effects. The model also provided
out-of-sample predictions of non-response proportions that closely matched observed nonresponse data. The model fits implicated Braver’s (2012) proactive control (increased
ongoing task thresholds in PM blocks) and reactive control (inhibited ongoing task
accumulation rates to PM items) in PM performance, replicating work with the PMDC model
on simple laboratory paradigms (e.g., Strickland et al., 2018). Extending previous work, this
study found evidence that PM demand affected ongoing task processing capacity. The
modeling indicated that time pressure and PM demand both affected the attentional system,
leading to shifts in the availability and allocation of resources.
Study 2. The primary goal for the experiments in Study 2 was twofold. The first aim
was to replicate the capacity-sharing effects obtained in Study 1. The second aim was to
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further investigate the apparent two-component nature of the capacity effects, which
implicated distinct gain and focus mechanisms via the quantity and quality of processing. To
this end, this study added a manipulation of task importance designed to selectively influence
processing quality (i.e., where the focus of attention is directed). Four experimental groups
(246 participants total) performed the same task as Study 1 but received an additional task
importance instruction (i.e., neutral, ongoing-important, speed-important, PM-important)
indicating which task to focus on (e.g., the ongoing task, the PM task, avoiding non-response
misses, or all aspects equally). The neutral group were instructed to “place equal importance
on performing all aspects of the task”. The ongoing-important group were told to “place
primary importance on performing the conflict detection task”. The speed-important group
were instructed to “place primary importance on avoiding non-response misses”. The PMimportant group were told to “place primary importance on performing the ‘call-sign’ (PM)
task”.
For all four importance groups, PMDC again closely fit the full distribution of RTs
for both ongoing task and PM responses across all experimental factors. The model generated
out-of-sample predictions of non-response proportions that closely matched empirical nonresponse data, capturing both within- and between-subjects non-response trends. Consistent
with Study 1, this study found robust capacity-sharing and cognitive control effects,
highlighting the role of each in adapting to the particular time pressure, PM load, and task
importance requirements of the environment. Extending Study 1, this study was able to
decompose attentional capacity to measure distinct gain and focus mechanisms, thus giving a
finer picture of how the attentional system supports decision making consistent with the
reward and demand structure of the task environment.

41

1.6 References
Anderson, F. T., Rummel, J., & McDaniel, M. A. (2018). Proceeding with care for successful
prospective memory: Do we delay ongoing responding or actively monitor for cues?
Journal of Experimental Psychology: Learning, Memory, and Cognition. Retrieved
from
https://www.researchgate.net/publication/323859395_Proceeding_With_Care_for_Su
ccessful_Prospective_Memory_Do_We_Delay_Ongoing_Responding_or_Actively_
Monitor_for_Cues
Ball, B. H., & Aschenbrenner, A. J. (2017). The importance of age-related differences in
prospective memory: Evidence from diffusion model analyses. Psychonomic Bulletin
& Review, 1–9.
Band, G. P., Van Der Molen, M. W., & Logan, G. D. (2003). Horse-race model simulations
of the stop-signal procedure. Acta Psychologica, 112(2), 105–142.
Boag, C., Neal, A., Loft, S., & Halford, G. S. (2006). An analysis of relational complexity in
an air traffic control conflict detection task. Ergonomics, 49(14), 1508–1526.
Boywitt, C. D., & Rummel, J. (2012). A diffusion model analysis of task interference effects
in prospective memory. Memory & Cognition, 40(1), 70–82.
Braver, T. S. (2012). The variable nature of cognitive control: a dual mechanisms framework.
Trends in Cognitive Sciences, 16(2), 106–113.
Braver, T. S., & Barch, D. M. (2002). A theory of cognitive control, aging cognition, and
neuromodulation. Neuroscience & Biobehavioral Reviews, 26(7), 809–817.
Broadbent, D. E. (1957). A mechanical model for human attention and immediate memory.
Psychological Review, 64(3), 205.
Brown, S. D., & Heathcote, A. (2008). The simplest complete model of choice response time:
Linear ballistic accumulation. Cognitive Psychology, 57(3), 153–178.

42

Bundesen, C. (1998). A computational theory of visual attention. Philosophical Transactions
of the Royal Society of London B: Biological Sciences, 353(1373), 1271–1281.
Busse, L., Wade, A. R., & Carandini, M. (2009). Representation of concurrent stimuli by
population activity in visual cortex. Neuron, 64(6), 931–942.
Carandini, M., & Heeger, D. J. (2012). Normalization as a canonical neural computation.
Nature Reviews Neuroscience, 13(1), 51.
Corbetta, M., & Shulman, G. L. (2002). Control of goal-directed and stimulus-driven
attention in the brain. Nature Reviews Neuroscience, 3(3), 201.
Dambacher, M., & Hübner, R. (2015). Time pressure affects the efficiency of perceptual
processing in decisions under conflict. Psychological Research, 79(1), 83–94.
Dismukes, R. K., & Nowinski, J. (2007). Prospective memory, concurrent task management,
and pilot error. Attention: From Theory to Practice, 225–236.
Dismukes, R. Key. (2012). Prospective Memory in Workplace and Everyday Situations.
Current Directions in Psychological Science, 21(4), 215–220.
https://doi.org/10.1177/0963721412447621
Donkin, C., Brown, S., & Heathcote, A. (2011). Drawing conclusions from choice response
time models: A tutorial using the linear ballistic accumulator. Journal of
Mathematical Psychology, 55(2), 140–151.
Durso, F. T., & Manning, C. A. (2008). Air traffic control. Reviews of Human Factors and
Ergonomics, 4(1), 195–244.
Egeth, H. E., Virzi, R. A., & Garbart, H. (1984). Searching for conjunctively defined targets.
Journal of Experimental Psychology: Human Perception and Performance, 10(1), 32.
Egner, T., & Hirsch, J. (2005). Cognitive control mechanisms resolve conflict through
cortical amplification of task-relevant information. Nature Neuroscience, 8(12), 1784.

43

Eidels, A., Donkin, C., Brown, S. D., & Heathcote, A. (2010). Converging measures of
workload capacity. Psychonomic Bulletin & Review, 17(6), 763–771.
Einstein, G. O., & McDaniel, M. A. (1990). Normal aging and prospective memory. Journal
of Experimental Psychology: Learning, Memory, and Cognition, 16(4), 717.
Einstein, G. O., & McDaniel, M. A. (2005). Prospective memory: Multiple retrieval
processes. Current Directions in Psychological Science, 14(6), 286–290.
Grundgeiger, T., Sanderson, P. M., Beltran Orihuela, C., Thompson, A., MacDougall, H. G.,
Nunnink, L., & Venkatesh, B. (2013). Prospective memory in the ICU: The effect of
visual cues on task execution in a representative simulation. Ergonomics, 56(4), 579–
589.
Grundgeiger, T., Sanderson, P., MacDougall, H. G., & Venkatesh, B. (2010). Interruption
management in the intensive care unit: Predicting resumption times and assessing
distributed support. Journal of Experimental Psychology: Applied, 16(4), 317.
Heathcote, A., Loft, S., & Remington, R. W. (2015). Slow down and remember to remember!
A delay theory of prospective memory costs. Psychological Review, 122(2), 376.
Heathcote, A., & Love, J. (2012). Linear deterministic accumulator models of simple choice.
Frontiers in Psychology, 3, 292.
Heeger, D. J. (1992). Normalization of cell responses in cat striate cortex. Visual
Neuroscience, 9(2), 181–197.
Herrmann, K., Montaser-Kouhsari, L., Carrasco, M., & Heeger, D. J. (2010). When size
matters: attention affects performance by contrast or response gain. Nature
Neuroscience, 13(12), 1554.
Hicks, J. L., Marsh, R. L., & Cook, G. I. (2005). Task interference in time-based, eventbased, and dual intention prospective memory conditions. Journal of Memory and
Language, 53(3), 430–444.

44

Hillyard, S. A., Vogel, E. K., & Luck, S. J. (1998). Sensory gain control (amplification) as a
mechanism of selective attention: electrophysiological and neuroimaging evidence.
Philosophical Transactions of the Royal Society of London B: Biological Sciences,
353(1373), 1257–1270.
Hintzman, D. L. (1991). Why are formal models useful in psychology? Relating Theory and
Data: Essays on Human Memory in Honor of Bennet B. Murdock, 39–56.
Horn, S. S., & Bayen, U. J. (2015). Modeling criterion shifts and target checking in
prospective memory monitoring. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 41(1), 95.
Horn, S. S., Bayen, U. J., & Smith, R. E. (2011). What can the diffusion model tell us about
prospective memory? Canadian Journal of Experimental Psychology/Revue
Canadienne de Psychologie Expérimentale, 65(1), 69.
Kahneman, D. (1973). Attention and effort (Vol. 1063). Citeseer.
Kruschke, J. K. (2011). Models of attentional learning. Formal Approaches in
Categorization, 120.
Lavie, N. (1995). Perceptual load as a necessary condition for selective attention. Journal of
Experimental Psychology: Human Perception and Performance, 21(3), 451.
Lewandowsky, S., & Farrell, S. (2010). Computational modeling in cognition: Principles and
practice. Sage Publications.
Little, D. R. (2012). Numerical predictions for serial, parallel, and coactive logical rule-based
models of categorization response time. Behavior Research Methods, 44(4), 1148–
1156.
Liu, C. C., & Watanabe, T. (2012). Accounting for speed–accuracy tradeoff in perceptual
learning. Vision Research, 61, 107–114.

45

Loft, S. (2014). Applying psychological science to examine prospective memory in simulated
air traffic control. Current Directions in Psychological Science, 23(5), 326–331.
Loft, S., Bolland, S., Humphreys, M. S., & Neal, A. (2009). A theory and model of conflict
detection in air traffic control: Incorporating environmental constraints. Journal of
Experimental Psychology: Applied, 15(2), 106.
Loft, S., Chapman, M., & Smith, R. E. (2016). Reducing prospective memory error and costs
in simulated air traffic control: External aids, extending practice, and removing
perceived memory requirements. Journal of Experimental Psychology: Applied,
22(3), 272.
Loft, S., Kearney, R., & Remington, R. (2008). Is task interference in event-based
prospective memory dependent on cue presentation? Memory & Cognition, 36(1),
139–148.
Loft, S., Pearcy, B., & Remington, R. W. (2015). Varying the complexity of the prospective
memory decision process in an air traffic control simulation. Zeitschrift Für
Psychologie.
Loft, S., & Remington, R. W. (2010). Prospective memory and task interference in a
continuous monitoring dynamic display task. Journal of Experimental Psychology:
Applied, 16(2), 145.
Loft, S., & Remington, R. W. (2013). Wait a second: Brief delays in responding reduce
focality effects in event-based prospective memory. Quarterly Journal of
Experimental Psychology, 66(7), 1432–1447.
Loft, S., Sanderson, P., Neal, A., & Mooij, M. (2007). Modeling and predicting mental
workload in en route air traffic control: Critical review and broader implications.
Human Factors, 49(3), 376–399.

46

Loft, S., Smith, R. E., & Bhaskara, A. (2011). Prospective memory in an air traffic control
simulation: External aids that signal when to act. Journal of Experimental
Psychology: Applied, 17(1), 60.
Loft, S., & Yeo, G. (2007). An investigation into the resource requirements of event-based
prospective memory. Memory & Cognition, 35(2), 263–274.
Logan, G. D. (1980). Attention and automaticity in Stroop and priming tasks: Theory and
data. Cognitive Psychology, 12(4), 523–553.
Logan, G. D. (1985). Skill and automaticity: Relations, implications, and future directions.
Canadian Journal of Psychology/Revue Canadienne de Psychologie, 39(2), 367.
Logan, G. D. (1988). Automaticity, resources, and memory: Theoretical controversies and
practical implications. Human Factors, 30(5), 583–598.
Logan, G. D. (1992). Attention and preattention in theories of automaticity. The American
Journal of Psychology, 317–339.
Loukopoulos, L. D., Dismukes, K., & Barshi, I. (2009). The multitasking myth: Handling
complexity in real-world operations. Ashgate Publishing, Ltd.
Metzger, U., & Parasuraman, R. (2001). The role of the air traffic controller in future air
traffic management: An empirical study of active control versus passive monitoring.
Human Factors, 43(4), 519–528.
Miller, E. K., & Cohen, J. D. (2001). An integrative theory of prefrontal cortex function.
Annual Review of Neuroscience, 24(1), 167–202.
Miyake, A., Friedman, N. P., Emerson, M. J., Witzki, A. H., Howerter, A., & Wager, T. D.
(2000). The unity and diversity of executive functions and their contributions to
complex “frontal lobe” tasks: A latent variable analysis. Cognitive Psychology, 41(1),
49–100.
Navon, D. (1984). Resources—A theoretical soup stone? Psychological Review, 91(2), 216.

47

Navon, D., & Gopher, D. (1979). On the economy of the human-processing system.
Psychological Review, 86(3), 214.
Nunes, A., & Scholl, B. J. (2005). Interactions between convergence angle, traffic load, and
altitude distribution in air traffic control. Human Performance, Situation Awareness,
and Automation: Current Research and Trends HPSAA II, Volumes I and II, 180.
Palada, H., Neal, A., Vuckovic, A., Martin, R., Samuels, K., & Heathcote, A. (2016).
Evidence accumulation in a complex task: Making choices about concurrent
multiattribute stimuli under time pressure. Journal of Experimental Psychology:
Applied, 22(1), 1.
Palmeri, T. J. (1997). Exemplar similarity and the development of automaticity. Journal of
Experimental Psychology: Learning, Memory, and Cognition, 23(2), 324.
Palmeri, T. J. (1999). Theories of automaticity and the power law of practice.
Park, D. C., Hertzog, C., Kidder, D. P., Morrell, R. W., & Mayhorn, C. B. (1997). Effect of
age on event-based and time-based prospective memory. Psychology and Aging,
12(2), 314.
Pashler, H. (1984). Processing stages in overlapping tasks: evidence for a central bottleneck.
Journal of Experimental Psychology: Human Perception and Performance, 10(3),
358.
Posner, M. I., & Boies, S. J. (1971). Components of attention. Psychological Review, 78(5),
391.
Rae, B., Heathcote, A., Donkin, C., Averell, L., & Brown, S. (2014). The Hare and the
Tortoise: Emphasizing speed can change the evidence used to make decisions.
Journal of Experimental Psychology: Learning, Memory, and Cognition, 40(5), 1226.
Ratcliff, R. (1978). A theory of memory retrieval. Psychological Review, 85(2), 59.

48

Ratcliff, R., & McKoon, G. (2008). The diffusion decision model: theory and data for twochoice decision tasks. Neural Computation, 20(4), 873–922.
Ratcliff, R., & Strayer, D. (2014). Modeling simple driving tasks with a one-boundary
diffusion model. Psychonomic Bulletin & Review, 21(3), 577–589.
Reynolds, J. H., & Heeger, D. J. (2009). The normalization model of attention. Neuron,
61(2), 168–185.
Sarter, N. B., & Schroeder, B. (2001). Supporting decision making and action selection under
time pressure and uncertainty: The case of in-flight icing. Human Factors, 43(4),
573–583.
Schwartz, O., & Simoncelli, E. P. (2001). Natural signal statistics and sensory gain control.
Nature Neuroscience, 4(8), 819.
Shinar, D. (1998). Aggressive driving: the contribution of the drivers and the situation1.
Transportation Research Part F: Traffic Psychology and Behaviour, 1(2), 137–160.
Shorrock, S. T. (2005). Errors of memory in air traffic control. Safety Science, 43(8), 571–
588.
Smith, R. E. (2003). The cost of remembering to remember in event-based prospective
memory: investigating the capacity demands of delayed intention performance.
Journal of Experimental Psychology: Learning, Memory, and Cognition, 29(3), 347.
Soar, J., Nolan, J. P., Böttiger, B. W., Perkins, G. D., Lott, C., Carli, P., … Smith, G. B.
(2015). European resuscitation council guidelines for resuscitation 2015: section 3.
Adult advanced life support. Resuscitation, 95, 100–147.
Strickland, L., Heathcote, A., Remington, R. W., & Loft, S. (2017). Accumulating evidence
about what prospective memory costs actually reveal. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 43(10), 1616.

49

Strickland, L., Loft, S., Remington, R. W., & Heathcote, A. (2018). Racing to Remember: A
Theory of Decision Control in Event-Based Prospective Memory. Psychological
Review, 21, 03.
Townsend, J. T. (1990). Serial vs. parallel processing: Sometimes they look like Tweedledum
and Tweedledee but they can (and should) be distinguished. Psychological Science,
1(1), 46–54.
Townsend, J. T., & Altieri, N. (2012). An accuracy–response time capacity assessment
function that measures performance against standard parallel predictions.
Psychological Review, 119(3), 500.
Townsend, J. T., & Wenger, M. J. (2004). The serial-parallel dilemma: A case study in a
linkage of theory and method. Psychonomic Bulletin & Review, 11(3), 391–418.
Treisman, A. M., & Davies, A. (1973). Divided attention to ear and eye. Attention and
Performance IV, 101–117.
Treisman, A. M., & Gelade, G. (1980). A feature-integration theory of attention. Cognitive
Psychology, 12(1), 97–136.
Voss, A., Voss, J., & Klauer, K. C. (2010). Separating response-execution bias from decision
bias: Arguments for an additional parameter in Ratcliff’s diffusion model. British
Journal of Mathematical and Statistical Psychology, 63(3), 539–555.
Vuckovic, A., Kwantes, P. J., Humphreys, M., & Neal, A. (2014). A sequential sampling
account of response bias and speed–accuracy tradeoffs in a conflict detection task.
Journal of Experimental Psychology: Applied, 20(1), 55.
Vuckovic, A., Kwantes, P. J., & Neal, A. (2013). Adaptive decision making in a dynamic
environment: A test of a sequential sampling model of relative judgment. Journal of
Experimental Psychology: Applied, 19(3), 266.

50

Welford, A. T. (1952). The ‘psychological refractory period’and the timing of high-speed
performance—a review and a theory. British Journal of Psychology. General Section,
43(1), 2–19.
Wickelgren, W. A. (1977). Speed-accuracy tradeoff and information processing dynamics.
Acta Psychologica, 41(1), 67–85.
Wickens, C. D., Mavor, A. S., & McGee, J. P. (1997). Flight to the Future. Human Factors in
Air Traffic Control.

51

52

Chapter Two:
Cognitive Control and Capacity for Prospective Memory
in Complex Dynamic Environments

2.0 Preface
This is the first empirical chapter of the thesis. In February 2019 the Journal of Experimental
Psychology: General agreed to publish this content as a journal article. I have altered the
thesis copy slightly from the journal copy.
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2.1 Abstract
Performing deferred actions in the future relies upon Prospective Memory (PM). Often, PM
demands arise in complex dynamic tasks. Not only can PM be challenging in such
environments, the processes required for PM may affect the performance of other tasks. To
adapt to PM demands in such environments, humans may use a range of strategies, including
flexible allocation of cognitive resources and cognitive control mechanisms. We sought to
understand such mechanisms by using the Prospective Memory Decision Control (Strickland
et al., 2018) model to provide a comprehensive, quantitative account of dual task
performance in a complex dynamic environment (a simulated air traffic control conflict
detection task). We found that PM demands encouraged proactive control over ongoing task
decisions, but that this control was reduced at high time pressure to facilitate fast responding.
We found reactive inhibitory control over ongoing task processes when PM targets were
encountered, and that time pressure and PM demand both affect the attentional system,
increasing the amount of cognitive resources available. However, as demands exceeded the
capacity limit of the cognitive system, resources were reallocated (shared) between the
ongoing and PM tasks. As the ongoing task used more resources to compensate for additional
time pressure demands, it drained resources that would have otherwise been available for PM
task processing. This study provides the first detailed quantitative understanding of how
attentional resources and cognitive control mechanisms support PM and ongoing task
performance in complex dynamic environments.
Keywords: prospective memory; cognitive control; capacity; resource theory; linear
ballistic accumulator model
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Event-Based Prospective Memory (PM) refers to the ability to remember to perform
deferred task actions when a particular stimulus or event is encountered in the future
(Einstein & McDaniel, 1990). Both at work, and in everyday life, people have to manage PM
demands in complex dynamic environments. For example, air traffic controllers, pilots,
surgeons, nurses and emergency response personnel often have to defer taking a critical
action in order to deal with higher priority tasks (Dismukes, 2012; Grundgeiger, Sanderson,
MacDougall, & Venkatesh, 2010; Loft, 2014). This means that these experts need to be able
to manage the demands of the PM task alongside the demands of ongoing tasks, which can be
difficult when those ongoing tasks are highly demanding, and there is significant time
pressure. Errors of PM (i.e., failing to execute a deferred intention) can have serious
consequences both at work and in everyday life, making it important to understand how
people coordinate the demands of PM with that of ongoing tasks.
Over the past 30 years, a great deal has been learnt about PM using tightly controlled
laboratory paradigms. One of the most consistent findings has been that PM interferes with
ongoing task performance. In a typical PM study, participants complete a relatively simple
ongoing decision-making task (e.g., lexical decision, categorization) by itself, or with a
concurrent PM task. For example, the ongoing task might be a lexical decision task, and the
PM instruction might be to press an alternative key if presented a category of word. Under
PM load, individuals are slower to respond to items which do not require a PM response, a
phenomenon known as PM cost (e.g., Einstein & McDaniel, 2005; Hicks, Marsh, & Cook,
2005; Loft & Yeo, 2007; Smith, 2003). It is typically assumed that PM costs result from
resource bottlenecks, in which the two tasks compete for the same limited-capacity cognitive
resources (Navon & Gopher, 1979; Norman & Bobrow, 1976), and that the extent of PM cost
reflects the extent to which resources are shared between the PM and ongoing task (Einstein
& McDaniel, 2005; Scullin, McDaniel, & Shelton, 2013; Smith, 2003).
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It has long been recognized that dual tasks may also engage cognitive control
processes, which adapt the cognitive system to meet specific task demands (Braver, 2012;
Braver, Barch, Gray, Molfese, & Snyder, 2001; Miller & Cohen, 2001; Miyake et al., 2000).
Recently Strickland, Loft, Remington and Heathcote (2018) proposed a quantitative model of
PM, Prospective Memory Decision Control (PMDC), which is able to disentangle the
contributions of capacity sharing and cognitive control to PM and ongoing task performance.
Applying PMDC to basic laboratory tasks indicated that the PM cost observed in the standard
laboratory paradigm arises because participants set higher decision thresholds for the ongoing
task when under PM load. This suggests that, rather than cost resulting from capacity sharing,
it results from participants delaying ongoing task decisions to avoid pre-empting the PM
decision (also see for example Heathcote, Loft, & Remington, 2015; Horn & Bayen, 2015;
Strickland, Heathcote, Remington, & Loft, 2017; Strickland et al., 2018). Strickland et al.’s
model revealed that cognitive control, and not capacity sharing with ongoing tasks, was
critical to PM accuracy.
We do not yet know whether the findings that PM relies upon cognitive control over
ongoing task decisions, and does not affect capacity for the ongoing task, reflect essential
characteristics of PM, or are more specifically tied to the types of tasks often used in the
study of PM in the laboratory. The ongoing tasks used in laboratory studies of PM are often
relatively simple and may not fully engage cognitive capacity. In this case, idle resources
could be recruited when PM demands are added without reducing ongoing task capacity. In
everyday life, however, PM can occur in the context of primary tasks that are highly
demanding, and which generate significant time pressure. In these types of environments, the
ongoing task may entirely occupy capacity such that additional capacity required for the PM
task must be drawn from ongoing task resources. Furthermore, simple laboratory paradigms
may omit aspects of PM that are important in more representative conditions. That is, the
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relative contribution of cognitive control versus attentional resources in supporting PM in
more complex dynamic environments tasks may differ from those previously identified for
basic PM tasks.
The aim of the current work is to investigate the potential of PMDC to explain how
individuals deal with PM demands and time constraints in complex dynamic environments.
To do this, we have participants perform an air traffic control conflict detection task while
having to remember to carry out a deferred action. The conflict detection task was used
because it is a prototypical example of a broad range of work tasks that require people to
remember to perform deferred task actions while making judgements about objects moving
on task displays (e.g., maritime surveillance, train control, unmanned vehicle control, air
battle management, submarine track management; Dismukes, 2010, 2012; Loft, 2014). We fit
PMDC to the accuracy and response time (RT) data from both the ongoing task and PM task
simultaneously, enabling inferences to be drawn regarding the cognitive processes that drive
both tasks, which prior to Strickland et al. (2018) had not previously been achieved in PM
research. Our model provides the first detailed quantitative understanding of the attentional
resources and cognitive control mechanisms that support PM and ongoing task performance
in complex dynamic task environments.
2.2 Prospective Memory Decision Control
PMDC belongs to the broad class of evidence accumulation models (e.g., Brown &
Heathcote, 2008; Ratcliff, 1978), which assume that decisions are made by accumulating
evidence from the environment until a threshold amount is reached. Evidence accumulation
models provide a full quantitative account of both RT distributions and the accuracy of
decisions in benchmark empirical phenomena occurring in simple decision tasks, including
trade-offs between speed, accuracy and response bias, and subtle interactions between the
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speed of correct and error responses (see Rae, Heathcote, Donkin, Averell, & Brown, 2014,
for perceptual-, lexical-, and memory-based examples).
PMDC is an instance of the linear ballistic accumulator model (LBA; Brown &
Heathcote, 2008), which formalizes decision making as a process of evidence accumulation
among independent racers. The PMDC model uses three racing LBA accumulators; two
correspond to the ongoing task responses and a third corresponds to the PM task response.
Correct PM responses (PM hits) occur on PM trials when the PM accumulator reaches
threshold before either of the ongoing task accumulators. PM misses occur when one of the
ongoing task accumulators finishes before the PM accumulator. In Figure 2.1, we depict how
this would apply in a relative trajectory judgment (conflict detection) task (e.g., deciding
whether two aircraft are in conflict) with an additional PM requirement. There are three
possible response alternatives, which correspond to indicating that the stimulus is a conflict, a
non-conflict, or a PM target. Each response choice has its own accumulator that accrues
evidence linearly (arrows in Figure 2.1), starting from points (uniformly distributed over the
interval 0-A) representing random trial-to-trial biases. Evidence increases over time in a
linear manner until the total in one accumulator reaches its response threshold (b). To avoid
circularity, b is assumed to be set prior to the trial – if it could be altered contingent on the
identity of the stimulus there would be no need to make a decision. The rate of accumulation
– which varies normally from trial to trial with mean v and standard deviation sv –
corresponds to the strength of evidence for a choice, and it is determined both by the quality
of information available to the decision maker and the degree to which he or she attends to
that information. The time for non-decision processes (e.g., stimulus encoding and response
selection, ter) is estimated by the difference between the observed RT and decision time (i.e.,
the time that evidence in the winning accumulator first equals the threshold).
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Figure 2.1. An LBA model of a PM task with a concurrent conflict detection task. Evidence for each response is
initially drawn from a uniform distribution on the interval [0, A]. Over time, evidence accumulates towards each
response at rates drawn from independent normal distributions with mean v, and standard deviation sv. The ﬁrst
accumulator to reach its threshold, b, determines the overt response. We refer in our results to B, which is b – A,
where B > 0 and so b > A. Total RT is determined by accumulation time plus non-decision time.

The aim of fitting the PMDC model is to measure the psychological quantities that
underlie performance, and to ascertain what those quantities suggest about resource allocation
and cognitive control. PMDC instantiates the proactive and reactive cognitive control
mechanisms specified by Braver’s (2012) dual-mechanisms theory and measures the overall
availability of resources, as well as the degree to which resources are shared between ongoing
task processing and PM task processing. We now review how PMDC instantiates these
mechanisms, and what has been found in the basic laboratory work with PMDC and other
evidence accumulation models.
Proactive control. Proactive control refers to processes used to "bias attention,
perception and action systems in a goal-driven manner" (Braver, 2012, p. 2). Consistent with
current theoretical (Bugg, McDaniel, & Einstein, 2013) and empirical PM research (e.g., Ball
& Brewer, 2018), proactive processes are deployed deliberately, in advance of the target
stimulus so that they are already active when the target stimulus is encountered. Proactive
control should thus be observable in differences between the latent processes underlying
responses to (non-PM) ongoing task items in PM blocks and control blocks. Under PMDC,
participants proactively control task demands by raising their thresholds in PM blocks, so that
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on PM trials the ongoing task accumulators are less likely to complete before the PM
accumulator, thereby reducing the probability of a PM miss. This claim, originally made by
the delay theory of PM cost (Heathcote et al., 2015), follows from the fact that in evidence
accumulation models, thresholds are the locus of a priori strategies that drive mechanisms
such as the speed-accuracy trade-off (Liu & Watanabe, 2012) and response biases (Donkin,
Brown & Heathcote, 2011; Mulder, Wagenmakers, Ratcliff, Boekel & Forstmann, 2012).
Every evidence accumulation modeling study to date that has compared ongoing task
performance between control and PM blocks has found elevated thresholds in the latter
(Anderson, Rummel & McDaniel, 2018; Ball & Aschenbrenner, 2017; Heathcote et al., 2015;
Horn & Bayen, 2015; Horn et al., 2011, 2013; Strickland et al., 2017, 2018), consistent with
proactive control. Further implicating control, Strickland et al. (2018) showed that
participants increased their ongoing task thresholds further when instructed that the PM task
was important. Moreover, participants also exerted control over PM thresholds (i.e., the
evidence required to make a PM response) as a function of PM demands. PM thresholds were
lower when the PM task was important versus not important, and lower when the features
that need to be assessed to detect PM targets were focal to ongoing task processing
requirements, as compared to non-focal, indicating that ongoing task thresholds and PM
thresholds are both important loci of proactive cognitive control strategies.
Reactive control. In contrast to proactive control, reactive control refers to automatic,
stimulus-driven cognitive mechanisms that are deployed to influence responding "only as
needed, in a just-in-time manner" (Braver, 2012, p. 2). Reactive control mechanisms are
'bottom-up' processes and are assumed to operate automatically in response to inputs
signalling the critical event. As such, reactive control processes relevant to PM occur
specifically on PM trials. PMDC’s reactive control mechanisms are depicted in Figure 2.2.
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Figure 2.2. Reactive control of accumulation rates in PMDC, using the example of an air traffic control conflict
detection task in which participants have a concurrent PM task. The encoding process includes detectors
(rectangles) for each possible response to the task: ‘conflict’, ‘non-conflict’, and ‘PM’. The detectors receive
input from stimulus features. Output from the detectors can directly increase (solid lines) the input to the
corresponding evidence accumulator (excitation) or reduce (dashed lines) the input to competing accumulators
(inhibition).

PMDC claims that as PM stimulus inputs are processed on PM trials, stimulus
features consistent with PM excite the PM accumulator, increasing accumulation speed, and
inhibit other accumulators (reactive inhibition), decreasing their accumulation speed. Thus, in
addition to PM accumulation being faster on PM trials than non-PM trials, accumulation
towards ongoing task decisions should be slower on PM trials than non-PM trials.1 The latter
is the hallmark of reactive control. In line with this, Strickland et al. (2018) found that
ongoing task accumulation rates were inhibited (reduced) on PM trials, and that this response
1

Readers familiar with the intention superiority effect, in which ongoing task RTs are faster on PM target trials
than non-PM trials, may wonder whether reactive inhibition of rates on PM target trials is incompatible with the
faster RTs observed in the intention superiority literature (e.g., Marsh, Hicks, & Watson, 2002). However, on
PM target trials, accumulators for the ongoing task responses must compete with a much faster PM response
accumulator. Overt ongoing task responses on PM trials are therefore more likely to be fast errors that outpace
the PM accumulation process, a phenomenon known as statistical facilitation (Raab, 1962). As such, fast PM
miss RTs are not incompatible with lower PM miss accumulation rates. In fact, we find both effects (see Table
S2.5 in the supplementary materials and Model Analysis section below).
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competition brought about by reactive control was critical to PM performance in basic PM
laboratory paradigms. This converges with other theoretical work (Bugg et al., 2013) and
neurological data (McDaniel, LaMontagne, Beck, Scullin, & Braver, 2013) implicating
reactive control in PM, as well as broader approaches to human error that contend that
response inhibition is required for atypical task responses to be able to compete for retrieval
with task responses more strongly associated with common environmental cues (Norman,
1981; Reason, 1990).
Capacity Sharing. PMDC measures capacity with the accumulation rate parameters,
as have other models for measuring ongoing task capacity (Boywitt & Rummel, 2012; Horn
et al., 2011). Rates correspond to capacity because they estimate processing speed, which the
majority of attention theory assumes should vary in proportion to the attentional capacity
available (e.g., Bundesen, 1990; Gobell, Tseng, & Sperling, 2004; Kahneman, 1973; Navon
& Gopher, 1979; Wickens, 1980). Empirical work has also justified this connection, with
rates converging with other measures of cognitive capacity (Donkin et al., 2014; Eidels,
Donkin, Brown & Heathcote, 2010), and manipulations of capacity (e.g., adding a dual-task
load) having the expected effects on rates (Castro, Strayer, Matzke & Heathcote, 2018; Logan
et al., 2014).
The PMDC model allows for finer-grained analysis of capacity effects than do simple
resource theories. For example, the model distinguishes the quantity of evidence
accumulation from the quality of evidence accumulation. The quantity of accumulation is
given by summing the rates for the matching and mismatching accumulators (‘matching’
refers to the accumulator for the response that matches the stimulus, i.e., the ‘correct’
response; ‘mismatching’ refers to the accumulator for the response that does not match the
stimulus, i.e., the ‘incorrect’ response), whereas the quality of accumulation is given by the
difference between the rates for the matching and mismatching accumulators. This distinction
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between the quantity and quality of accumulation is not as apparent in the diffusion decision
model (DDM; Ratcliff, 1978), which has been a commonly used measure of PM cost (e.g.,
Horn & Bayen, 2015).2
As reviewed, most PM theories assume that PM cost to non-PM trials results from
reduced ongoing task capacity, the idea being that individuals need to orient attention towards
monitoring for PM in case they are presented a PM item (e.g., Einstein & McDaniel, 2005;
Smith, 2003). Testing this idea requires comparing ongoing task performance with and
without PM demand (i.e., comparing accumulation rates to non-PM items in PM blocks with
accumulation rates to non-PM items in control blocks). The majority of studies modeling PM
costs have reported no change in either the quality or quantity of evidence accumulation to
non-PM items across PM and control blocks, suggesting no change in the allocation or
availability of resources as a result of PM (Ball & Aschenbrenner, 2017; Heathcote et al.,
2015; Horn & Bayen, 2015; Strickland et al., 2017, 2018). In contrast, one recent study did
find some evidence of reduced processing quality under PM load (Anderson et al., 2018).
However, this experiment did not counterbalance PM and control conditions, so it is possible
that the evidence of reduced capacity was due to order effects rather than PM. Further
contributing to the ambiguity of this effect, it only appeared in the diffusion decision model,
and not in the LBA which provided a better fit to the data.
2.3 Prospective Memory in Complex Dynamic Tasks
To summarize the reviewed findings, it appears that in basic laboratory paradigms,
individuals primarily manage PM demands by exerting cognitive control over ongoing task
and PM processes, and that the capacity of the ongoing task is not affected by PM demands.
However, the previous data does not imply that PM monitoring never affects ongoing task
2

Ratcliff, Voskuilen, and Teodorescu (2018) have recently suggested that similar distinctions may be made
with the DDM by jointly examining mean accumulation rates and rate variability.
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resources. Indeed, a benchmark of resource theory is that tasks drawing on the same pool of
resources may not interfere with each other unless the total demand for resources exceeds the
capacity limit of the cognitive system (Navon & Gopher, 1979; Norman & Bobrow, 1976).
As such, basic laboratory tasks may leave resources idle, meaning that there is sufficient
capacity available for monitoring in PM blocks without diverting resources from the ongoing
task or increasing the amount of available resources (see Rummel, Smeekens, & Kane; 2017).
This may render basic paradigms unable to detect capacity effects of PM that emerge when
greater demands are placed on the cognitive system.
Air traffic control is a prototypical example of a job in which people need to manage
the demands of PM in a complex and dynamic environment (see Dismukes, 2010, 2012; Loft,
2014). Air traffic controllers are frequently faced with the requirement to remember to
perform deferred actions. For example, a controller might need to remember to provide
information to an aircraft when it passes a waypoint or reaches its top of descent.
Alternatively, a controller might need to remember to change the route or level of one aircraft
after giving a clearance to another aircraft, or to put an aircraft into a holding pattern.
Controllers often do this when they are under significant time pressure (Loft et al., 2007). For
these reasons there is a growing body of both laboratory and field research examining PM
using air traffic control tasks. These studies have shown that PM produces numerous
performance costs, including slower acceptance and hand-off of aircraft, slower detection of
conflicts between aircraft, and increased rates of missed conflicts (Loft, Chapman, & Smith,
2016; Loft, Finnerty, & Remington, 2011; Loft, Pearcy, & Remington, 2015; Loft, Smith, &
Remington, 2013; Loft & Remington, 2010; Loft, Smith, & Bhaskara, 2011; Loukopoulos,
Dismukes, & Barshi, 2009). These costs observed by Loft and colleagues, which affected
both accuracy and RT, appear more consistent with resource sharing than increased
thresholds, inconsistent with the results from basic PM paradigms in which raised ongoing
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task thresholds typically allow participants to maintain similar ongoing task accuracy in
control and PM blocks (e.g., Ball & Aschenbrenner, 2017; Heathcote et al., 2015; Horn &
Bayen, 2015; Strickland et al., 2017, 2018).
In the current study, we apply the PMDC model so that we can measure capacity and
control as has been done in the basic research. In our study, participants make decisions about
whether two aircraft will come into conflict at some point in the future. In some blocks of
trials, in addition to detecting conflicts, participants are required to press an alternative PM
response key instead of a conflict or non-conflict ongoing task response for aircraft with a
callsign containing two of the same letter (e.g., APA169, RTR451). Comparing model
parameters between control and PM blocks allows us to examine how PM affects attentional
resources (e.g., capacity-sharing) and cognitive control mechanisms. To further test the role
of capacity sharing in PM cost, we introduce a further within-subjects manipulation of
ongoing task demands: time pressure. This allows us to examine whether capacity for PM
and ongoing processes trades off across different levels of time pressure, which is important
because such trade-offs are a critical indicator of capacity sharing (Navon & Gopher, 1979).
To impose time pressure on responses, we manipulated the number of items that needed to be
sequentially responded to (trial load), and the total time available to make that set of
responses (trial duration). This was done to check whether trial load and time available both
induce quantitatively similar time pressure effects, since this is not always the case in air
traffic control or similar complex dynamic tasks (Loft et al., 2007; also see Hendy, Liao, &
Milgram, 1997; Palada, Neal, Tay, & Heathcote, 2018). We now discuss testing the PMDC
model as it would apply to the air traffic control task.
2.4 Testing Capacity and Cognitive Control
One question of interest is whether PMDC is capable of fitting the performance data
from our conflict detection task. Evidence accumulation models have proved useful for
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understanding conflict detection in the past (Neal & Kwantes, 2009; Vuckovic, Kwantes,
Humphreys, & Neal, 2014; Vuckovic, Kwantes, & Neal, 2013), accounting for accuracy and
RT, and providing sensible psychological interpretations of the effects of manipulations of
bias and speed-accuracy instructions. However, previous models required task-specific inputs
such as relative speed and angle of approach, and thus have limited generalizability beyond
the specific scenarios on which they are trained. Our goal here is a more general model,
which requires fitting the model to each individual’s RT distributions and observed responses
simultaneously. For the most part, evidence accumulation models have only been fit in this
way to short time scale decisions (typically < 1 second), but recent studies have revealed
promise for fitting to longer time scale decisions. For example, Lerche and Voss (2017)
demonstrated good fits of the diffusion decision model to decisions with mean RTs over 7
seconds. Further, they found that tests of selective influence held, that is, manipulations
affected rates where they were expected to (e.g., stimulus quality increased rates), and
thresholds where they were expected to (e.g., strategy influenced thresholds). Palada et al.
(2016; 2018) also found that evidence accumulation models (DDM and LBA) could fit slow
RTs, pass tests of selective influence, and measure various forms of cognitive capacity, when
fitting performance to a complex dynamic unmanned aerial vehicle surveillance task. Thus,
we have reasonable grounds to expect that PMDC may fit to our data. Providing it can, the
way in which it does so can give insight into the latent cognitive control and resource
allocation mechanisms underlying the data, as we discuss further below.
Proactive control. We expect that participants will use cognitive control to manage
demands associated with time pressure, in line with previous modeling of the speed-accuracy
trade off (e.g., Dutilh, Wagenmakers, Visser, & van der Maas, 2011; Forstmann et al., 2011;
Usher, Olami, & McClelland, 2002). For example, participants may adjust their ongoing task
thresholds to avoid hitting trial deadlines under high pressure (i.e., when there is little time
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available per decision), or to take advantage of lax trial deadlines under low pressure (i.e.,
when there is more time available per decision; Ratcliff & Rouder, 1998). Raising thresholds
allows one to gather more evidence before responding, which results in slower but more
accurate decisions. Lowering thresholds allows one to spend less time gathering evidence and
make faster responses at the expense of accuracy. Participants may also adapt to time
pressure via control over response bias (i.e., prioritizing one response over another). For
example, in air traffic control, failing to detect a conflict has far greater safety implications
than erroneously classifying a non-conflict as a conflict. As such, expert controllers
strategically shift bias towards making conflict responses under time pressure to ensure
aircraft remain separated (Loft, Bolland, Humphreys & Neal, 2009). In terms of the model,
response bias is reflected in differences in thresholds between competing accumulators,
whereby responding is biased in favour of the accumulator with the lower threshold.
We also expect to replicate the consistent findings from basic paradigms that
individuals manage PM task demands by exerting proactive cognitive control over ongoing
task thresholds (e.g., Heathcote et al., 2015; Strickland et al., 2017, 2018). That is, we expect
to find higher ongoing task thresholds in PM blocks than in control blocks. Our relatively
high PM frequency (see further below) may encourage stronger proactive control of ongoing
task thresholds than in basic paradigms, as may the highly non-focal nature of the PM task.
Further, if PM demands do decrease ongoing task capacity (also discussed further below),
caution may also increase with PM to reduce ongoing task errors (as has been recently found
with dual-task capacity costs; Castro, Strayer, Matzke & Heathcote, 2018).
The demands associated with time pressure and PM load may interact, leading
different cognitive control strategies to trade off. For example, when time pressure is low,
participants have little reason not to increase their ongoing task thresholds in PM blocks,
whereas when time pressure is high, increasing ongoing task thresholds too much could lead
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to failing to perform responses before the deadline (Palada et al., 2018). Thus, ongoing task
thresholds in PM blocks should increase more (relative to control blocks) at lower time
pressures compared to higher time pressures. Participants may also lower PM thresholds with
increased time pressure to ensure that a PM response, if appropriate, is made before the
response deadline.
Capacity Sharing. As with previous work, we examine how task demands affect the
availability and allocation of resources by comparing ongoing task accumulation rates
between different experimental conditions. We test for differences in resource availability in
terms of the quantity (sum of matching and mismatching) of accumulation rates. Quantity
reflects the total amount of resources deployed by the cognitive system, which might increase
and decrease to meet task demands. For example, the quantity of available resources may
increase as time pressure increases. PM load may place demands on the cognitive system
similar to time pressure, and thus have similar effects on resource availability. In particular,
quantity may increase in PM blocks if PM load increases the resources needed to perform the
task, and perhaps also to compensate for PM-induced proactive control over ongoing task
thresholds, which makes it difficult to respond before trial deadlines. Moreover, ongoing task
and PM rates may trade-off across different levels of time pressure (i.e., capacity may be
shunted from PM to ongoing processes as demands increase). Such a trade-off would
demonstrate capacity sharing.
We also compare the quality of evidence accumulation (matching – mismatching
accumulator ongoing task rates) across PM load and time pressure conditions. Palada et al.
(2018) found that time pressure could cause a ‘redline’ to be crossed, after which
performance rapidly degraded. Imposing shorter trial deadlines led to reduced processing
quality, which participants attempted to compensate for by increasing their rate of
information processing (i.e., quantity). This suggests that higher time pressure blocks should
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be more demanding than lower time pressure blocks, leading participants to divert resources
from lower priority tasks to higher priority tasks when under heightened time pressure. PM
load may also affect the quality of ongoing task processing. Lower quality processing for
ongoing task decisions under PM load would indicate that resources are being repurposed
from the ongoing task to the PM task. Capacity effects may also occur because the PM cues
(callsign) in our task are visually separate from the stimulus cues relevant to the ongoing
conflict detection task (circular icons representing aircraft, speed indicator, relative distance
of aircraft from the intersection), meaning that detecting callsign cues will likely require
participants to orient attention away from the visual location of the primary task, towards the
PM cue.
In addition to our behavioural measures of quantity and quality, we include subjective
measures of effort, mental-, and temporal-demand (three subscales of the NASA-TLX; Hart
& Staveland, 1988). This will let us check whether participants’ subjective experiences of
PM demands and time pressure align with the resource availability and resource allocation
mechanisms in our model.
Reactive control. Trivially, we expect ‘reactive excitation’, in which PM
accumulation rates are higher to PM items than non-PM items. In addition, previous
applications of PMDC have found inhibition of ongoing task accumulation rates to PM items.
That is, accumulation rates for conflict and non-conflict decisions should be lower for PM
items, as compared with non-PM items from PM blocks. Because reactive control only
affects responses to ongoing task stimuli when a PM item is present, it does not slow down
overall responding very much, and so decreasing reactive control with increased time
pressure is not likely to much improve the probability of meeting response deadlines. Thus,
we do not have a strong reason to expect different levels of reactive control at different time
pressures.
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2.5 Method
2.6 Participants
Of 49 participants two were excluded (see Results), with 47 participants remaining
(31 females). Participants were recruited from the UWA undergraduate research pool and had
no prior experience with the air traffic control task. Ages ranged from 18 to 62 years (M =
25.19, SD = 9.99). Participants completed one two-hour testing session. All procedures were
approved by the UWA Human Research Ethics Office.
2.7 Air Traffic Control Conflict Detection Task
The conflict detection task was designed by Fothergil, Loft and Neal (2009) in
consultation with subject matter experts using principles of representative design in order to
balance the competing demands of task fidelity, generality, and experimental control. The
task has been previously used to develop and test a performance theory and computational
model of expert conflict detection in air traffic control (Loft et al., 2009) and study PM (Loft,
Smith, & Bhaskara, 2011). As illustrated in Figure 2.3, each trial of the conflict detection task
presented a single pair of aircraft cruising at identical altitudes and converging on a common
intersection in a fictitious en-route sector. The total area of the airspace was 180 nm (nautical
miles) by 112.5 nm. Each aircraft had a data block that displayed the callsign, the aircraft
type, the flight level, and the speed in knots (nautical miles per hour). Aircraft appeared
within a circular air traffic control sector with a neutral grey background and flew straight
paths (indicated by black lines) which converged at a 90-degree angle in the centre of the
display. Aircraft position was updated every 20 ms. Participants had no control over the flight
levels, velocities, or headings of the aircraft. They were required to classify each pair of
aircraft as either 'conflict' or 'non-conflict' depending on whether the aircraft would violate a
5 nm minimum separation distance at some point during their flight. On some trials one of
the two aircraft would also contain a PM target feature which required execution of a PM
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response instead of the conflict or non-conflict ongoing task response. Within each trial, pairs
of aircraft were presented sequentially; each pair disappearing from the screen once a
response was made. As shown in Figure 2.3, the display included a countdown timer
indicating the seconds remaining in each trial. Trials ended when the timer reached zero, after
which any remaining aircraft not responded to would disappear and be recorded as nonresponses. A 10 nm by 20 nm (approximately 2 cm by 4 cm on screen) scale marker, used as
a reference for judging relative aircraft distance, was fixed on the left side of the display.
Each aircraft had a probe vector line which showed the aircraft's heading and predicted
position one minute into the future.

Figure 2.3. Air traffic control simulator display. Information blocks next to each aircraft show callsign (e.g.,
RHS534), aircraft type (B737), current and cleared altitude (e.g., 308>308), and airspeed (e.g., 57). Note that the
airspeed indicator omits the ending zero of the true speed (e.g., ‘57’ actually stands for 570 knots).

2.8 Experimental Stimuli and Design
Table 2.1 specifies the range of values for the features of aircraft pairs and the
distribution they were drawn from. The angle of approach between aircraft was fixed at 90
degrees to avoid interactions between angle and perceived conflict status (e.g., Loft et al,
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2009; Vuckovic et al, 2013). The flight level for all aircraft was fixed at 37,000 feet. To
create the different conflict and non-conflict stimuli, each aircraft pair was assigned a miss
distance (dmin: the distance between the aircraft at their point of closest approach) either less
than or greater than the 5 nm separation standard. For conflict stimuli, dmin values were drawn
from the uniform distribution [0,3] nm. For non-conflict stimuli, dmin values were drawn from
the uniform distribution [7,10] nm. Because our primary interest here was in stable conflict
detection performance, free from learning effects, we allowed other aircraft features to vary
randomly. These features were speed, direction of approach, time to minimum separation
(tmin), and order of passing at the crossing (i.e., faster aircraft first versus slower aircraft first).
This ensured participants could not learn to use these features as predictive cues (Bowden &
Loft, 2016; Loft, Neal, & Humphreys, 2007; Loft, Humphreys, & Neal, 2004).
Table 2.1
Range of spatial variables of aircraft stimuli
Spatial variable

Lower

Upper

Units

dmin (Conflicts)

0

3

nm

dmin (Non-conflicts)

7

10

nm

400

700

knots

0

360

degrees

120

210

seconds

0

1

0 = fastest first, 1 = slowest first

Airspeed
Direction of approach
tmin
Order of passing

Aircraft with callsigns containing two of the same letter (e.g., APA169, RTR451)
were PM targets, thereby emulating the general task demand that operators monitoring
perceptually-demanding displays can face to remember to perform a deferred task action in
the future when they observe a particular event (Loft, 2014). The PM target is non-focal to
conflict detection (Einstein & McDaniel, 2005), meaning that the evidence required to make
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PM decisions (i.e., assess aircraft callsign) is not required to make ongoing task conflict/nonconflict decisions (e.g., which requires assessing airspeed, relative distance, and position). On
PM target trials only one of the aircraft on screen ever contained a PM target, never both.
Participants were instructed to respond to PM targets by pressing an alternate PM key (e.g.,
‘j’ or ‘d’) instead of the typical ongoing task (conflict/non-conflict) keys.
As illustrated in Table 2.2, participants performed four sets of trials, each containing a
block of control trials and a block of PM trials. Block order (control- or PM-first) was
counterbalanced between participants. In control blocks, participants were presented with a
randomized sequence of 80 aircraft pairs (40 conflict and 40 non-conflict), with no PM
targets. In PM blocks, participants were presented with a randomized sequence of 240 aircraft
pairs (120 conflict and 120 non-conflict). Of these, a random 48 (24 conflict and 24 nonconflict) contained a PM target. Thus 20% (48/240) of PM block stimuli were PM targets.
Table 2.2
Details of experimental blocks with number of control and PM stimuli presented
Trial load
(Decisions per trial)

Trial duration (s)
(Overall time available)

Time pressure (s)
(Average time available
per decision)

Control block
trials

PM block
trials

2

12

6

80

240

2

8

4

80

240

5

20

4

80

240

5

10

2

80

240

To create time pressure (average available time per conflict detection decision), we
manipulated trial load (decisions per trial) and trial duration (overall time available to
respond to all decisions within a trial). Each trial had a load of either 2 or 5 (i.e., 2 or 5
aircraft pairs presented) with an associated trial duration (see Table 2.2). This resulted in 4
unique trial-load by trial-duration combinations; one with 6s per decision, two blocks with 4s
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per decision and one block with 2s per decision. Presentation order was counterbalanced
across participants. We intentionally did not orthogonally cross trial load with trial duration.
This was done to ensure trial load and trial duration remained at a reasonably engaging level
of demand while also not becoming impossibly difficult. Participants were informed of the
trial load and trial duration prior to each block, giving them opportunity to adjust their
strategies accordingly.
2.9 Procedure
Our primary goal when designing this experiment was to reliably model both ongoing
task and PM responses in a more complex and dynamic task than is typically used in PM
research. To this end, our task deviated slightly from traditional PM paradigms. Most PM
studies conducted using the Einstein and McDaniel (1990) paradigm present only a small
number of PM targets, and as such they do not produce enough data to reliably constrain a
model of PM processes. Moreover, because the conflict detection task involves much slower
RTs than typical laboratory paradigms, we were limited in the number of trials we could
present to participants in a single 2-hour testing session. As such, we modified the paradigm
by increasing the ratio of PM target trials to ongoing task trials to 1 in 5 trials (i.e., 20% of
PM block stimuli were PM targets). This gives us more PM trials, which serve to reliably
constrain our model, and increase the accuracy and precision of model fitting.
Each testing session consisted of a training phase and a test phase with total duration
of 2 hours. During training participants received verbal task instructions, watched an onscreen demonstration, and completed a block of 40 training trials which included feedback
after each response. PM targets were not included in training. During the experimental phase
participants completed eight blocks of experimental trials, which did not include feedback.
Participants responded to each aircraft pair by pressing the conflict key or the nonconflict key. Participants were told that each aircraft pair would be presented sequentially
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(i.e., only two aircraft would appear on screen at a time), that all aircraft would be moving
towards each other on converging flight paths which crossover in the centre of the display,
and that a number of spatial properties of the aircraft would vary from trial to trial, including
their starting distance from the central crossing point, relative speed, and miss distance.
Before each block of trials, participants saw visual instructions reminding them of the trial
load and trial duration for that block. Depending on the block, participants received either
control or PM instructions. Before control blocks, participants were instructed that they only
needed to make conflict and non-conflict responses. Before PM blocks, participants were
instructed to press a PM response key instead of the conflict or non-conflict keys when they
detected a PM target. Participants then completed a short distractor task and saw a final
reminder to respond as quickly and accurately as possible before commencing the block.
Four response key assignments were counterbalanced across participants; 1) s =
conflict, d = non-conflict, j = PM, 2) d = conflict, s = non-conflict, j = PM, 3) k = conflict, j =
non-conflict, d = PM, and 4) j = conflict, k = non-conflict, d = PM. So that we could assume
equal motor response time in our modeling (see Voss, Voss, & Klauer, 2010), participants
were instructed to rest their fingers on their particular response key combination throughout
the task. A screen with the text 'Press [Space] to continue' preceded each trial, and each trial
began once the space-bar was pressed.
Trials ended when either all aircraft pairs had been responded to (2 pairs during
blocks of low-load trials; 5 pairs during blocks of high-load trials) or when the response
deadline expired (i.e., the timer reached zero). Aircraft pairs not responded to within the
response deadline were recorded as non-responses. Participants were informed that conflict
detection misses (responding non-conflict to conflict), conflict detection false alarms
(responding conflict to non-conflict), PM misses (failing to make a PM response to a PM
target), PM false alarms (making a PM response to a non-target), and non-responses, would
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be penalized equally. Aside from the training trials, no further feedback was given
concerning task performance. Participants took self-paced breaks between each block of trials
and were also permitted short breaks at any point between trials if required. Subjective task
demand after each block was assessed using the NASA Task Load Index (Hart & Staveland,
1988). The NASA-TLX comprises six items: three that tap task demand (i.e., mental,
physical, and temporal demand) and three which tap the individual's subjective perception of
exertion and task performance (i.e., performance, effort, and frustration). Each item is rated
on a 21-point numerical scale, with higher scores being indicative of higher workload.
2.10 Results
Conventional statistical analyses are reported first in order to check whether our
experimental manipulations had the expected effects on RT, accuracy, and non-response
(miss) rate. Data from two participants was excluded; one participant who failed to complete
all experimental blocks and one who made no PM responses at all. We excluded trials with
outlying RTs, defined as less than 0.2s or 3 times the inter-quartile range / 1.349 (a robust
measure of standard deviation) above the mean (1.52% of responses overall). Outliers were
censored separately for each different time pressure condition. Overall, 6.3% of the data
comprised non-response misses, ranging from 2.5% in the lowest time pressure condition, to
14.8% in the highest. Two kinds of extremely rare responses – incorrect ongoing task
responses to PM items (1.5% of PM block responses), and PM responses to control-block
ongoing-task stimuli (0.4% of all responses) – are not analysed further. The conventional
statistical analyses compare mean accuracy and RT by stimulus type (conflict, non-conflict,
PM) PM block (control, PM) and time pressure. Because trial load and trial duration were not
crossed orthogonally, time pressure is compared separately for each level of trial load. That
is, at low trial load (2 decisions per trial) we compare time pressures of 6 and 4 seconds per
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decision, and at high trial load (5 decisions per trial) we compare time pressures of 4 and 2
seconds per decision.
In our significance testing for accuracy effects we used generalized linear mixed
models with a probit link function. In our significance testing for mean correct RTs we used
general linear mixed models.3 Analyses were conducted using the R package lme4 (Bates,
Machler, Bolker, & Walker, 2015), and significance assessed with Wald's chi-square tests
(Fox & Weisberg, 2011), using an alpha level of 0.05. Post hoc tests applied Bonferroni’s
correction for alpha inflation. The results of our analyses are tabulated in the supplementary
materials (Tables S2.1-S2.4). All standard errors reported in text and displayed in graphs
were calculated using the within-subject bias-corrected method (Morey, 2008).
2.11 Conflict Detection (Non-PM) Trials
Accuracy was lower for conflicts (67.4%) compared with non-conflicts (80.6%) and
slightly lower under PM load compared with control (Control: M = 74.9%, SE = 3.2%; PM:
M = 73.1%, SE = 3.3%). Conflict detection accuracy decreased as time pressure increased,
under both low trial-load (6s: M = 76.9%, SE = 2.7%; 4s: M = 74.8%, SE = 2.7%) t = 2.60, df
= 46, p = .012, Cohen’s d = 0.38, and high trial-load conditions (4s: M = 75.7%, SE = 2.5%;
2s: M = 68.6%, SE = 2.6%) t = 7.82, df = 46, p < .001, d = 1.14. Conflict detection accuracy
was not significantly affected by trial load when comparing cells with equal time pressure.
There was a significant interaction between PM block and time pressure on accuracy, such
that the cost to PM block accuracy was greatest when trial load and time pressure were also
3

We used two methods of analysis to check that the inferences derived from each method agreed. For our
accuracy analyses, we compared a binomial model with a probit link function on accuracy to a binary logistic
regression model. The inferences derived from both methods were the same. For our RT analyses, we compared
a Gaussian model on mean RT to a Gaussian model on the logarithm of raw RT, the latter having more
statistical power than the former. The inferences derived from both were the same. The log(RT) method
revealed two interactions (stimulus by PM block, and time pressure by PM block) on RT that were not present
in the less powerful mean RT model, but because these effects were small and not of theoretical importance we
report the mean RT analysis. Visual inspection of residual plots revealed that residuals were approximately
normally distributed for accuracy, mean RT, and log(RT) models.
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high (Control: M = 70.9%, SE = 2.1%; PM: M = 66.3%, SE = 2.5%), t = 4.25, df = 46, p <
.001, d = 0.62.
Mean RT was slower for conflicts (3.09s) compared with non-conflicts (2.75s),
slower for errors (2.99s) compared with correct responses (2.91s), and slower during PM
blocks than control blocks (Control: M = 2.65s, SE = 0.17s; PM: M = 3.07s, SE = 0.17s).
Mean RTs were significantly faster under higher time pressure for both low trial-load (6s: M
= 3.65s, SE = 0.14s; 4s: M = 2.80s, SE = 0.08s) t = 7.14, df = 46, p < .001, d = 1.04, and high
trial-load conditions (4s: M = 2.95s, SE = 0.10s; 2s: M = 2.04s, SE = 0.07s) t = 12.26, df = 46,
p < .001, d = 1.79. Mean RTs were also slower under high trial load compared with low trial
load when comparing cells with equal time pressure, t = -2.17, df = 46, p = .035, d = 0.32,
although this effect was small. There was no significant interaction between PM block and
time pressure on mean RT.
To summarize, the addition of PM load resulted in slower (Mean Difference = 0.42s)
and slightly less accurate (Mean Difference = 1.8%) ongoing conflict detection task
performance, while increased time pressure led to faster (Mean Difference = 0.88s) but less
accurate (Mean Difference = 4.6%) ongoing conflict detection task performance.
2.12 PM Trials
PM responses were scored correct if the participant made a PM response instead of an
ongoing task (conflict/non-conflict) response on PM target trials. PM accuracy decreased as
time pressure increased during both low trial-load (6s: M = 81.7%, SE = 1.8%; 4s: M =
74.1%, SE = 2.1%) t = 3.19, df = 46, p = .003, d = 0.47, and high trial-load conditions (4s: M
= 73.8%, SE = 1.9%; 2s: M = 58.6%, SE = 2.7%) t = 4.94, df = 46, p < .001, d = 0.72. PM
accuracy was not significantly affected by trial load when comparing cells with equal time
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pressure. PM accuracy was weakly positively correlated with ongoing task accuracy (r = .21,
p < .001).4
Mean RT was slower for PM errors (2.73s) compared with correct PM responses
(1.77s) (in PM blocks). Mean RT for correct PM responses was significantly faster at higher
levels of time pressure during both low trial-load (6s: M = 2.00s, SE = 0.05s; 4s: M = 1.78s,
SE = 0.05s) t = 3.96, df = 43, p < .001, d = 0.60, and high trial-load conditions (4s: M = 1.89s,
SE = 0.05s; 2s: M = 1.58s, SE = 0.05s) t = 6.40, df = 44, p < .001, d = 0.95. PM RTs were
slower under high trial load compared with low trial load when comparing cells with equal
time pressure, t = -2.13, df = 43, p = .039, d = 0.32, although this was a relatively small
effect. There were no significant differences in PM accuracy or PM RT between conflict PM
targets and non-conflict PM targets. PM false alarms (i.e., PM responses to non-PM stimuli in
PM blocks) occurred on 0.56% of PM block trials with a mean RT of 2.45s. Mean PM RT
was moderately positively correlated with mean ongoing task RT (r = .48, p < .001). To
summarize, as with the ongoing task, increased time pressure led to faster (Mean Difference =
0.27s) but less accurate PM performance (Mean Difference = 11.4%).
2.13 Non-responses
We ran a linear mixed effects model (Table S2.6 in the supplementary materials) to
examine the effects of PM block and time pressure on non-response (miss) proportions (nonresponses included non-responses to PM and ongoing task stimuli). Non-responses were
slightly more frequent in PM blocks compared with control (Control: M = 5.8%, SE = 1.6%;
PM: M = 5.9%, SE = 1.8%), and became more frequent as time pressure increased during
both low trial-load (6s: M = 2.2%, SE = 1.0%; 4s: M = 4.4%, SE = 0.9%) t = 2.71, df = 46, p
4

The correlation between ongoing task and PM accuracy is consistent with the strong role of proactive control
(discussed below) over ongoing task thresholds in PM blocks in this study (i.e., higher thresholds lead to both
higher ongoing task accuracy and higher PM accuracy). The correlation between ongoing task and PM RT is
likely due to individual differences in response caution, or statistical facilitation (i.e., slower PM accumulators
win more frequently against slower ongoing task accumulators).
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= .009, d = 0.4, and high trial-load conditions (4s: M = 3.0%, SE = 0.8%; 2s: M = 13.8%, SE
= 1.7%) t = 6.29, df = 46, p < .001, d = 0.92. The proportion of non-responses was not
significantly affected by trial load when comparing cells with equal time pressure, t = -1.89,
df = 46, p = .07, d = 0.28. There was a significant interaction between PM block and time
pressure on non-responses, such that the increase in non-responses from control to PM blocks
was greatest when trial load and time pressure were both high (Control: M = 12.0%, SE =
1.4%; PM: M = 14.7%, SE = 1.7%), t = 2.17, df = 46, p = .04, d = 0.32. This suggests a
drawback of using the proactive control strategy under high time pressure. That is, higher
ongoing task thresholds caused decisions to exceed the trial deadline more often, resulting in
more non-responses to ongoing task stimuli.
2.14 NASA-TLX Demand Ratings
We ran a linear mixed effects model (Tables S2.7-S2.9 in the supplementary
materials) to examine the effects of PM block and time pressure on self-report effort, mental-,
and temporal-demand ratings. Effort was significantly higher in PM blocks than control
blocks (Control: M = 12.08, SE = 0.68; PM: M = 13.50, SE = 0.71). Effort was also higher in
high time pressure blocks during both low trial-load (6s: M = 11.38, SE = 0.57; 4s: M =
13.13, SE = 0.52) t = 2.80, df = 46, p = .007, d = 0.41, and high trial-load conditions (4s: M =
11.48, SE = 0.51; 2s: M = 15.18, SE = 0.46) t = 6.93, df = 46, p < .001, d = 1.01. Effort was
lower during high trial load compared with low trial load when comparing cells with equal
time pressure, t = 2.93, df = 46, p = .005, d = 0.43. There was no interaction between PM
block and time pressure on effort.
Similarly, mental demand was significantly higher in PM blocks than control blocks
(Control: M = 12.31, SE = 0.57; PM: M = 14.60, SE = 0.58). Mental demand was also higher
at higher levels of time pressure during both low trial-load (6s: M = 12.47, SE = 0.48; 4s: M =
13.41, SE = 0.39) t = 2.16, df = 46, p = .036, d = 0.31, and high trial-load conditions (4s: M =
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12.35, SE = 0.44; 2s: M = 15.60, SE = 0.51) t = 6.55, df = 46, p < .001, d = 0.96. Mental
demand was lower during high trial load compared with low trial load when comparing cells
with equal time pressure, t = 2.78, df = 46, p = .008, d = 0.41. There was no interaction
between PM block and time pressure on mental demand.
Temporal demand was significantly higher in PM blocks than control blocks (Control:
M = 11.75, SE = 0.82; PM: M = 13.37, SE = 0.97). Temporal demand was also higher at
higher levels of time pressure during both low trial-load (6s: M = 9.48, SE = 0.56; 4s: M =
13.15, SE = 0.56) t = 6.02, df = 46, p = < .001, d = 0.88, and high trial-load conditions (4s: M
= 10.61, SE = 0.61; 2s: M = 17.01, SE = 0.54) t = 9.80, df = 46, p < .001, d = 1.43. Temporal
demand was lower during high trial load compared with low trial load when comparing cells
with equal time pressure, t = 3.58, df = 46, p = .001, d = 0.52. There was no interaction
between PM block and time pressure on temporal demand. Taken together, the effort, mental, and temporal-demand findings give us confidence that our PM and time pressure
manipulations were effective at inducing different levels of subjective task demand.5
2.15 Model Analysis
Our design includes several factors over which model parameters can vary, including
latent response (i.e., conflict, non-conflict, and PM accumulators), and three manifest factors,
stimulus type, time pressure/trial load, and PM demand. The latent response factor refers to
the accumulators that can lead to each response (conflict, non-conflict, PM). The latent
response factor corresponds to the accumulators, and not the response that was actually
observed; the observed response is predicted by, not included in, the model. The stimulus
type factor had four levels: non-PM conflict, non-PM non-conflict, PM conflict, and PM non5

The correlations between the subjective effort ratings and various model parameters (e.g., rate quality and
quantity) were small (r = 0.1-0.2) and mostly non-significant, but trended in sensible directions (i.e., rate
quantity was positively correlated with effort, rate quality was negatively correlated with effort). The lack of
statistical significance was likely due to the sample size and coarse nature of the self-report effort ratings.
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conflict. Since the trial-load (2 versus 5 decisions per trial) and task-duration factors were not
crossed orthogonally, they were captured by a four-level composite factor created by
manipulating trial load and trial duration with the following levels: 6s per decision (2
decisions per trial), 4s per decision (2 decisions per trial), 4s per decision (5 decisions per
trial), 2s per decision (5 decisions per trial). The PM demand factor had two levels: control
(i.e., no PM demand) and PM.
To reduce model complexity, we applied several theoretically sensible a priori
constraints on which factors each parameter could vary. First, we estimated one common A
parameter for all accumulators and conditions, as is common practice in LBA modeling.
Second, we allowed the sv parameter to vary by stimulus and accumulator factors but not
over PM block or time pressure. This is more flexible than most previous LBA modeling,
which typically only allows sv to vary as a function of whether the latent accumulator
matches or does not match the stimulus6 (but see Heathcote & Love, 2012; Osth, Bora,
Dennis, & Heathcote, 2017; Strickland et al., 2018, for exceptions). We used this more
flexible approach because in our model there are two types of 'correct' response for PM trials
(i.e., correct PM and correct ongoing task decision). We fixed the sv parameter for PM false
alarms (i.e., 'PM' responses to non-PM stimuli) at 0.5, because one accumulator parameter
must be fixed to an arbitrary value as a scaling parameter (Donkin, Brown, & Heathcote,
2009).
Third, we estimated only one non-decision time (ter) parameter for each participant.
This was done because our design minimized any potential differences in the motor
movement required to make each response (i.e., participants kept their fingers positioned
above the response key which were all located on one keyboard row). In addition, previous
6

We also fit a version of the model with only one sv parameter. This model had fewer parameters (75),
produced visually similar fits, and either preserved or exaggerated the direction of all effects found in the more
flexible model.
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research has shown non-decision time does not play a role in PM cost for the LBA (e.g.,
Anderson et al., 2018; Heathcote et al., 2015; Strickland et al., 2017, 2018). Finally, due to
very low numbers of PM false alarms (PM responses to non-PM stimuli in PM blocks) we
pooled estimates of both accumulation rate and variance (v and sv) across all experiment
factors to give one PM false alarm rate and one corresponding sv parameter (which was used
as a fixed scaling parameter as mentioned above). These a priori restrictions resulted in an 89
parameter most flexible 'top' model with one A, one ter, 20 B, 57 v, and 10 sv parameters. We
compared this flexible top model against several simpler, more constrained variants as
outlined in the Model Selection section below.
2.16 Sampling
We estimated model parameters using the DMC software (Heathcote, et al., 2018) to
perform Bayesian estimation, which results in probability distributions that reflect the
certainty about parameter values. Although in principle we could have fit a hierarchical
model to estimate the common population distributions of each parameter, we estimated
parameters separately for each participant for several reasons. First, since this is the first time
that such a model has been fit to this kind of task, we did not have adequate knowledge of the
appropriate form of the population-level distributions. Because inappropriate population-level
assumptions can introduce inappropriate shrinkage effects in hierarchical models, fitting to
individual participants avoids such issues. Second, because of the large number of
participants in our sample and the complexity of our models, hierarchical methods proved too
computationally expensive to fit (estimated at several months of multi-core server time per
fit).
Bayesian analysis requires that the researcher specify prior beliefs about the
probabilities of parameters and the form of their distributions before observing the data.
However, because of our large sample sizes and use of inference based on posterior
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probability distributions, the influence of our particular choice of priors on the final
parameter estimates was negligible. Since these analysis techniques have not been used on a
dynamic complex task, we did not have strong reasons to prefer one particular set of priors
over others. We used relatively non-informative priors similar to Strickland et al. (2018), but
with higher threshold priors to account for our slower mean RTs (Table 2.3). All prior values
were the same over control and PM blocks and the different levels of time pressure.
Posterior parameter distributions were estimated using the differential evolution
Markov-chain Monte-Carlo (DE-MCMC) algorithm (Turner, Sederberg, Brown, & Steyvers,
2013). DE-MCMC is more adept than conventional samplers at handling the high parameter
correlations common to accumulate-to-threshold models. The number of chains was three
times the number of parameters (e.g., for an 84-parameter model there were 252 chains per
parameter). Chains were thinned by 20, meaning that one iteration in every 20 was kept.
Sampling continued for each participant until a small Gelman's (2014) multivariate potential
scale reduction factor (<1.1) indicated convergence, stationarity, and mixing. Convergence,
stationarity, and mixing were verified by visual inspection. We retained the same number of
samples for each participant: each of the 252 chains was 120 iterations long, producing
30,240 samples of each parameter's posterior distribution for each participant.
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Table 2.3
Prior distributions
Parameter

Distribution

Mean

SD

Lower

Upper

A

Truncated normal

3

1

0

10

B

Truncated normal

2

1

0

None

v (Matching ongoing task response)

Truncated normal

1

2

None

None

v (Mismatching ongoing task response)

Truncated normal

0

2

None

None

v (PM hit)

Truncated normal

1

2

None

None

v (PM false alarm)

Truncated normal

0

2

None

None

sv

Truncated normal

0.5

1

0

None

ter

Uniform

1

0.1

1

2.17 Model Results
2.18 Model Fits: Accuracy and RT
To evaluate fit, we sampled 100 posterior predictions for each participant and then
averaged over participants. The model provided good fits to both ongoing task and PM
accuracy (Figures S2.1-S2.2 in the supplementary materials) and gave a good account of the
entire distribution of response times (Figures S2.3-S2.5). The model provided a close fit to
the differences in manifest accuracy and RT observed across PM and control blocks and
across different time pressures.
2.19 Model Fits: Non-response Proportions
As noted earlier, our data contained significant differences in non-response
proportions between time pressure blocks. Because non-responses were not included in
model fitting, this gave us an opportunity to test PMDC’s consistency with unseen data. That
is, we assessed how well the model could make out-of-sample predictions of empirical nonresponse proportions. In order to do this, we simulated data out of the selected model (see
Table 2.4) and matched the order of the simulated stimuli and responses to the actual
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presentation order experienced by each participant (this was done to ensure that the simulated
trials had the same stimulus-response content as the empirical trials). Whenever the
cumulative sum of simulated RTs within a trial exceeded that trial's deadline, a non-response
was predicted. Using this method, 100 posterior predictions for non-response proportions
were sampled for each participant and predictions were then averaged over all participants.
We then compared the predicted non-responses with observed non-response proportions
across the different levels of time pressure (i.e., different response deadlines) for both low
and high trial-load conditions in control and PM blocks. Figure 2.4 shows observed versus
predicted non-response proportions. Predicted non-response proportions closely match the
empirical non-response proportions, demonstrating the ability of the model to predict data out
of sample.

Figure 2.4. Model fits to non-response proportions by PM block and time pressure. Data effects are represented
by unfilled circles. Model predictions are represented by filled circles with 95% credible intervals.
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2.20 Model Selection
We applied model selection to assess whether we could justify constraining model
parameters over blocked experimental conditions (e.g., PM block, time pressure) to obtain a
simpler model with fewer parameters. To select between models, we used the Deviance
Information Criterion (DIC; Spiegelhalter, Best, Carlin, & Van Der Linde, 2002), a measure
which considers both goodness of fit and model complexity (number of parameters). In
general, models with smaller DIC values are to be preferred. Table 2.4 shows each model we
compared, its number of parameters, and DIC value.
Table 2.4
DIC model selection. Lower DIC indicates more preference for the model.
Parameters

DIC

DIC – minimum DIC

Top model

89

187068

976

Selected model

84

186092

0

Thresholds fixed over PM block

81

190690

4598

Rates fixed over PM block

73

188370

2278

Thresholds fixed over time pressure

74

190640

4548

Rates fixed over time pressure

47

190742

4650

Model

Starting with the fully flexible top model, we built several simpler variants by
systematically constraining ongoing task threshold and ongoing task rate parameters over PM
and time pressure. This allowed us to assess whether it was necessary to vary ongoing task
thresholds and/or rates to account for the observed PM demand and time pressure effects (i.e.,
to test whether proactive control and/or capacity-sharing were necessary mechanisms in the
model). PM thresholds and rates were left free. We compared the following four constrained
models to the top model: a model in which rates could vary across PM and control blocks but
thresholds could not; a model in which thresholds could vary across PM and control blocks
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but rates could not; a model in which rates could vary by time pressure but thresholds could
not; and a model in which thresholds could vary by time pressure but rates could not.
As Table 2.4 shows, in each case the simpler model was rejected in favour of the fully
flexible top model, suggesting that it is necessary to allow both ongoing task threshold and
ongoing task rate parameters to vary over PM and time pressure (i.e., both parameters are
influenced by PM and time pressure manipulations and are important in explaining the
observed data).
Finally, we tested an additional model (the selected model) that, like the top model,
allowed both rates and thresholds to vary over both PM and time pressure but included a
slight simplification: the PM rate parameter was constrained to not vary over stimulus type
(i.e., PM conflicts and PM non-conflicts had the same rate). This simplification makes
theoretical sense, since the evidence used to make a PM decision was independent of the
evidence used to make either conflict or non-conflict ongoing task decisions. This slightly
simpler model produced the smallest DIC value and was thus selected as our preferred model
for further analysis.
The results of model selection suggest that both rates and thresholds have some role in
explaining ongoing task and PM accuracy and RT under different levels of PM demand and
time pressure. However, we wanted to further break down how each part of the model
contributes to observed accuracy and RT. To this end, in the next section we test the direction
and magnitude of differences between conditions in the parameters of the selected model.
Testing the direction of effects is important because it allows us to identify how cognitive
control and resource allocation mechanisms contribute to performance, and thus to
distinguish between competing theories of PM and task demand, whose predictions are also
directional (e.g., capacity-sharing theories predict lower rates in PM blocks than in control
blocks). Testing the magnitude of effects is similarly important, as it indicates which
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processes contribute the most to a given effect (such as costs to accuracy and RT) and which
are most affected by a given experimental manipulation (such as time pressure).
2.21 Model Summary
To summarize the parameters of the group of participants, we created a subjectaverage posterior distribution. This was obtained by computing the mean of each posterior
sample over all participants for each parameter. Our primary theoretical interest was in
threshold and rate parameters for the ongoing and PM tasks, which we explore in detail in the
following sections. The other parameters all had reasonable values. The non-decision time
mean of the subject-average posterior distribution was 0.35 seconds (posterior SD = 0.01
seconds). The A posterior mean was 3.34 (posterior SD = 0.04). The sv posterior means and
SDs are summarized in Table 2.5. Consistent with other LBA studies, sv parameters for the
ongoing task are lower for matching response accumulators compared with mismatching
response accumulators when it was a non-PM stimulus. For PM stimuli there was little
difference in sv between accumulators. The accumulation rate for PM false alarms was -1.30
(posterior SD = 0.05).
Table 2.5
Mean (SD) of the average posterior sv parameter samples
Stimulus
Accumulator

Conflict

Non-conflict

PM (Conflict)

PM (Non-conflict)

Conflict

0.35 (0.01)

0.54 (0.01)

0.52 (0.02)

0.59 (0.03)

Non-conflict

0.53 (0.01)

0.46 (0.01)

0.53 (0.03)

0.63 (0.02)

PM

Fixed at 0.5

1.14 (0.03)

The direction and magnitude of differences in ongoing and PM threshold and rate
parameters for the selected model across conditions were examined to assess how well they
correspond to the theoretical predictions of capacity sharing, proactive control, reactive
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control, and arousal/availability. We calculated posterior distributions of the differences
between experimental conditions. For example, to test the difference between ongoing task
response thresholds in control and PM blocks (i.e., testing the proactive control account of
PM costs), we subtracted the control block threshold from the PM block threshold for every
posterior sample, thus obtaining the posterior probability distribution of the difference
between control and PM thresholds. Differences were calculated independently for each
participant before being averaged across participants to create a subject-averaged posterior
difference distribution. For each subject-averaged difference distribution we report a
Bayesian p-value (Klauer, 2010), which indicates the one-tailed probability that the effect
does not run in the most sampled direction.
Due to the large number of trials per participant in our design, almost all our observed
parameter differences have p-values very close to zero, indicating a very high probability that
an effect was present. However, some of our parameter differences were much larger in
magnitude than others. As such, we illustrate the magnitude of the effect by reporting the
standardized difference between parameters (i.e., M / SD of the posterior difference
distribution). Because our posterior parameter distributions are approximately normal, this
standardized statistic can be interpreted in a similar way to a Z-score. We therefore refer to
this statistic as Z from here on. Z-score effect sizes and p-values for parameter comparisons
are shown in Tables S2.10-S2.19 in the supplementary materials.
2.22 Proactive Control of Thresholds under Time Pressure and PM Demand
Figure 2.5 (top panel) compares ongoing task thresholds across control and PM
blocks for each time pressure condition (averaged over accumulators). Consistent with
proactive control, ongoing task thresholds were higher in PM than control blocks for both
conflict (Z = 35.80, p < .001) and non-conflict (Z = 44.32, p < .001) accumulators. In both
control and PM blocks, average ongoing task thresholds decreased as time pressure increased,
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under both low trial-load (Control: Z = 3.09, p = .001; PM: Z = 7.16, p < .001) and high trialload (Control: Z = 4.33, p < .001; PM: Z = 21.34, p < .001) conditions. Average ongoing task
thresholds were also slightly lower in high trial-load compared to low trial-load conditions
when comparing cells with equal time pressure (Control: Z = 2.84, p = .002; PM: Z = 3.33, p
< .001). These effects suggest that participants adapt to PM and time pressure demands by
making a priori threshold adjustments, consistent with proactive control.
PM-induced proactive control of ongoing task thresholds interacted with time
pressure. Specifically, the magnitude of ongoing task threshold adjustments between control
and PM blocks got smaller as time pressure increased. As shown in the top panel of Figure
2.5, the average size of PM block-control block threshold differences decreased under high
time pressure relative to low time pressure during both low trial-load (Z = 2.67, p = .004) and
high trial-load (Z = 12.38, p < .001) conditions. The magnitude of PM block-control block
ongoing task threshold differences was not significantly affected by trial load when
comparing cells with equal time pressure (Z = 0.25, p = .40).
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Figure 2.5. Average ongoing task and PM thresholds by time pressure and PM block. Central symbols represent
posterior means. Error bars represent +/- 1 posterior standard deviation.

Figure 2.5 (bottom panel) shows PM thresholds under different levels of time pressure
for low trial-load (2 decisions per trial) and high trial-load (5 decisions per trial) conditions.
PM thresholds decreased under high time pressure relative to low time pressure during both
low trial-load (Z = 7.98, p < .001) and high trial-load (Z = 8.64, p < .001) conditions, but did
not differ significantly by trial load when comparing cells with equal time pressure (Z = 0.73, p = .23). Overall, these shifts in PM thresholds with time pressure are consistent with
prior modeling of the speed-accuracy trade-off and support a proactive control account in
which thresholds are strategically lowered to facilitate fast responding at the expense of
accuracy.
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2.23 Proactive Control of Response Bias under Time Pressure
Figure 2.6 plots response threshold bias (i.e., the difference between conflict and nonconflict thresholds) by time pressure. The dotted horizontal line represents the zero-bias
point; the point where conflict and non-conflict thresholds are equal. Values above the zeroline indicate that non-conflict thresholds were lower than conflict thresholds (i.e., a bias
toward responding 'non-conflict'). Likewise, values below the zero-line indicate that conflict
thresholds were lower than non-conflict thresholds (i.e., a bias toward responding 'conflict').
Response bias tended to shift from favouring non-conflict responses under lower levels of
time pressure to favouring conflict responses when time pressure is higher during PM blocks.
This occurs under both low trial-load (Z = 1.76, p = .04) and high trial-load (Z = 2.07, p =
.02) conditions. The same trend occurred (i.e., increased bias towards responding 'conflict')
during control blocks but did not reach significance. Figure 2.6 shows that the same trend
occurred from control blocks to PM blocks, suggesting the additional demands of the PM
task also led to a shift in bias. Overall, this indicates that as task demands increase,
participants tended to set lower conflict thresholds relative to non-conflict thresholds,
although we note that these effects were relatively small. This strategy facilitates faster
conflict responses and helps ensure that conflicts are not mis-categorised as non-conflicts but
increases the frequency of conflict false alarms (i.e., ‘conflict’ responses to non-conflicts).
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Figure 2.6. Ongoing task threshold bias by time pressure. Central symbols represent posterior mean difference
between conflict and non-conflict thresholds. Error bars represent +/- 1 posterior standard deviation. Dotted
horizontal line represents the zero-bias point (i.e., equal thresholds). Above the zero-line indicates lower nonconflict than conflict thresholds. Below indicates lower conflict than non-conflict thresholds.

2.24 Capacity Sharing (Resource Quantity and Quality)
Quantity. As can be seen in Figure 2.7 (top panel), ongoing task rates increased as
time pressure increased. To assess changes in processing quantity with time pressure, we
compared the summed total of matching and mismatching ongoing task rates in lower time
pressure blocks with the summed total of matching and mismatching rates in higher time
pressure blocks. The total processing quantity (matching + mismatching rates) increased from
lower to higher time pressure blocks under both low trial-load (Conflicts: Z = 19.94, p < .001;
Non-conflicts: Z = 16.24, p < .001), and high trial-load conditions (Conflicts: Z = 31.10, p <
.001; Non-conflicts: Z = 24.76, p < .001). Total accumulation decreased, however, from low
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to high trial load when comparing cells with equal time pressure (Conflicts: Z = -7.83, p <
.001; Non-conflicts: Z = -6.20, p < .001).

Figure 2.7. Average ongoing task and PM accumulation rates by time pressure and PM block. Central symbols
represent posterior means. Error bars represent +/- 1 posterior standard deviation.

We also examined the effects of PM demands on ongoing task processing quantity.
The total amount of available ongoing task resources (matching + mismatching rates)
increased from control to PM blocks (Conflicts: Z = 19.58, p < .001; Non-conflicts: Z =
13.99, p < .001), indicating that more resources were deployed under PM demand. Overall,
this indicates that PM demands and greater time pressure led to greater resource availability;
participants deployed more resources under PM load, and as the time available to complete
the task decreased.

95

In contrast to the quantity of ongoing task accumulation rates, rates for the PM
accumulator decreased with time pressure under both low trial-load (Z = -3.78, p < .001) and
high trial-load (Z = -3.62, p < .001) conditions, as can be seen in Figure 2.7 (bottom panel).
PM accumulation rates tended to be lower during high versus low trial load when comparing
cells with equal time pressure, although this trend did not reach significance (Z = -1.34, p =
.09). This indicates a trade-off in how resources are allocated or shared between the ongoing
and PM tasks, which is affected by changes in time pressure. Specifically, as the ongoing task
uses more resources to compensate for additional time pressure demands, it usurps resources
that would have otherwise been allocated to the PM task.
Quality. To test for changes in processing quality at different levels of time pressure,
we compared the difference between matching and mismatching ongoing task rates in lower
time pressure blocks with the difference between matching and mismatching rates in higher
time pressure blocks. Figure 2.7 (top panel) shows rates for ongoing task stimuli (i.e.,
conflicts and non-conflicts that were not PM targets) across different levels of time pressure.
With the exception of low trial-load conflicts, the quality of ongoing task processing was
poorer in higher time pressure blocks compared with lower time pressure blocks during both
low trial-load (Conflicts: Z = -1.24, p = .11; Non-conflicts: Z = -5.99, p < .001), and high
trial-load conditions (Conflicts: Z = -6.55, p < .001; Non-conflicts: Z = -7.85, p < .001).
Increased time pressure, therefore, reduced the quality of ongoing task processing. Processing
quality improved, however, from low to high trial load when comparing cells with equal time
pressure (Conflicts: Z = 2.04, p = .021; Non-conflicts: Z = 3.03, p = .001).
We also tested how ongoing task processing quality varies with PM demands.
Consistent with a capacity-sharing effect, the difference between matching and mismatching
rates was smaller under PM load compared with control (Conflicts: Z = -7.63, p < .001; Nonconflicts: Z = -5.80, p < .001). That is, the quality of ongoing task processing was poorer in
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PM blocks compared with control. There was no significant interaction between time
pressure and PM block on ongoing task processing quality.
Taken together, these results are indicative both of an overall increase in the quantity
of available resources under time pressure and PM demand, and a degradation in processing
quality under time pressure and PM demand. Increasing time pressure produced a decrease in
processing quality, which individuals compensated for by increasing the overall rate of
information processing (i.e., by working faster). PM load produced similar effects consistent
with resource demands: poorer quality processing under PM load, accompanied by an
increase in processing quantity. Increasing processing quantity under PM load may have also
served to compensate for the slowing associated with higher ongoing task thresholds in PM
blocks. We found that higher ongoing task demand led to larger ongoing task quantity but
less PM accumulation. This trade-off between ongoing task and PM rates across time
pressure conditions demonstrates capacity sharing. That is, individuals shared resources
between the ongoing and PM tasks as time pressure increased (i.e., when the available
resources were insufficient to compensate for the increased time-pressure demands). The
effects of PM load and time pressure on the ongoing task are thus both consistent with a
capacity-sharing/resource account.
2.25 Reactive Control (PM versus Non-PM Trial Accumulation)
Previous PMDC modeling found ongoing task rates to be lower on PM trials than on
non-PM trials due to reactive or stimulus-driven inhibitory control by the PM stimulus
detector. Figure 2.8 shows rates for ongoing task stimuli that did, and did not, contain a PM
target. Consistent with previous results, ongoing task rates were lower for stimuli containing
a PM target compared with stimuli that did not contain a PM target (Conflicts: Z = 13.36, p <
.001; Non-conflicts: Z = 13.04, p < .001). This supports the idea that, when the PM detector
identifies a PM target, the accumulation process for the competing ongoing task response is
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suppressed or inhibited. These findings are consistent with accumulators competing with each
other based on their inputs; in the presence of a PM item, evidence accumulation processes
for conflicts and non-conflicts are inhibited relative to when a PM item is absent.
The strength of the reactive control effect did not interact with time pressure, although
the difference in reactive control strength for non-conflict error accumulation rates did reach
significance, with stronger inhibition in higher time pressure blocks (see Table S2.16).
Overall, however, reactive control processes were mostly unaffected by changes in time
pressure.

Figure 2.8. Ongoing task accumulation rates with PM item present versus absent. Central symbols represent
posterior means. Error bars represent +/- 1 posterior standard deviation.

2.26 Model Exploration
In this section we attempt to tease out the individual contribution to accuracy and RT
provided by different parameters and mechanisms in the model. It is our aim to give a clearer
picture of the relative importance of key mechanisms in accounting for the observed effects.
To do this, we first replace the parameter of interest with the average either across
control/PM blocks or across time pressure levels (e.g., replacing control block and PM block
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ongoing task thresholds with the average of the two), and examine the associated misfit of the
model with the removed effect relative to the full model with the effect included.
We generated posterior predictions for all PM and time pressure effects for the
selected model, and then separately for models with two different sets of parameters averaged
over either PM or time pressure blocks: ongoing task rates, and ongoing task thresholds. In
the supplementary materials, we include fit graphs comparing the full model to the two
versions with proactive (threshold) and reactive (rate) mechanisms systematically turned off.
Here we focus our discussion on time pressure and PM effects and the contribution of
each cognitive mechanism. First, we assess how much of the PM accuracy and RT effects
were accounted for by the different models, and whether each model adequately fit these
effects. Second, we assess how much of the time pressure accuracy and RT effects were
accounted for by the different models, and whether each model adequately fit these effects.
Finally, we examine the misfit associated with selectively turning off proactive control
mechanisms, reactive control mechanisms, or both in terms of fit to overall accuracy and RT.
Time Pressure Effects. The selected model provided a very close account of
accuracy differences across different levels of time pressure under both low and high trial
load (Figure S2.6). The selected model also closely fit RT differences between time pressure
blocks for both correct and error ongoing task responses and PM responses. Averaging
ongoing task thresholds made the model over-predict the cost to ongoing task accuracy under
increased time pressure for conflicts, that is, the model predicted lower conflict accuracy in
the high time pressure blocks than was observed. Conversely, the model under-predicted the
cost to ongoing task accuracy under increased time pressure for non-conflicts, that is, it
predicted higher non-conflict accuracy in the high time pressure blocks than was observed.
Similarly, the averaged-threshold model under-predicted RT differences between
higher and lower time pressure blocks for both correct and error ongoing task responses (i.e.,
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it predicted less of a speed-up from lower to higher time pressure than was observed). That is,
the primary consequence of lowering ongoing task thresholds under high time pressure was
an overall increase in the speed of responding. This provides further evidence that proactive
control mechanisms are critical for explaining empirical speed-accuracy trade-offs in ongoing
task performance under different levels of time pressure.
Averaging ongoing task rates resulted in a model that under-predicted the cost to
ongoing task accuracy under increased time pressure (actually predicting an accuracy
advantage for conflicts under higher time pressure instead of the observed cost). Likewise,
the averaged-rates model under-predicted RT differences between high and low time pressure
blocks for both correct and error ongoing task responses, predicting less of a speed-up from
low to high time pressure than was observed. That is, changes in accumulation rates between
low and high time pressure conditions increased the speed but reduced the accuracy of
ongoing task responses in high time pressure blocks, which is consistent with our findings of
increased availability and of reduced quality of ongoing task processing when there is less
time available to complete the task(s) at hand.
The averaged-threshold model maintained close fits to PM accuracy, but severely
under-predicted PM RT differences between high and low time pressure (Figure S2.7). In
contrast, the averaged-rates model maintained close fits with PM RT, but under-predicted PM
accuracy differences between high and low time pressure (i.e., predicted higher PM accuracy
under high time pressure than was observed). That is, PM RT was more dependent on
ongoing task thresholds than rates, while PM accuracy was more affected by ongoing task
rates than thresholds. Taken together, both proactive and reactive control mechanisms appear
necessary to account for the full range of accuracy and RT differences in ongoing task and
PM performance under different levels of time pressure.
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PM Effects. As shown in Figure S2.8 (supplementary materials), the selected model
accounted for the costs to ongoing task accuracy and RT associated with PM demand,
providing close fits to the difference between control and PM accuracy for both conflict and
non-conflict stimuli, and to correct and error ongoing task RT. Averaging ongoing task
thresholds between control and PM blocks made the model over-predict the cost to ongoing
task accuracy, more so for conflicts than non-conflicts, and dramatically under-predict the
cost to both correct and error ongoing task RT (so much so that the model in fact predicted a
PM advantage to ongoing task RT rather than a cost). That is, the model predicts that
reallocating resources from the ongoing task to the PM task would have had more of a cost to
accuracy if proactive control had not been used. Adopting higher ongoing task thresholds
under PM load, therefore, facilitated accurate ongoing task performance under PM load, but
was also the primary driver of the PM costs in terms of ongoing task RT. This further
indicates that proactive control of thresholds is an important mechanism in explaining PM
costs effects, particularly costs to ongoing task RT.
In contrast, averaging ongoing task rates between control and PM blocks caused the
model to under-predict costs to ongoing task accuracy (predicting an accuracy advantage for
conflicts) and over-predict costs to both correct and error ongoing task RT. That is, changes
in accumulation rates between control and PM blocks improved the speed but reduced the
accuracy of ongoing task performance under PM load. This is consistent with our findings of
increased resource availability and of resources being reallocated from the ongoing task in
PM blocks, and it supports the idea that cognitive control of rates is an important mechanism
in explaining the differences in ongoing task accuracy and RT that occur under PM demand.
Importance of Cognitive Control for PM Performance. Finally, we examine the
overall importance of proactive and reactive control mechanisms in terms of how well the
model fits observed accuracy and RT on PM trials. As shown in Figure S2.9, the full model
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(which includes both proactive and reactive control mechanisms) provided an almost exact fit
to PM accuracy (100.02% of the effect), while slightly over-predicting overall PM RT (RT
over-predicted by 1.44%).
In contrast, when proactive control of ongoing task thresholds is removed, and the
model only allows for reactive control, we get severe misfit to both overall PM accuracy and
RT, with the model under-predicting both effects by a large margin (PM accuracy underpredicted by 17.1% of the effect [i.e., ~60% versus ~72%], PM RT under-predicted by 8.7%).
Similarly, when reactive control is removed from the model and only proactive control
included, we get less severe but still substantial under-prediction of both PM accuracy and
RT (PM accuracy under-predicted by 9.8% of the effect [i.e., ~65% versus ~72%], PM RT
under-predicted by 4.4%).
Lastly, when both proactive and reactive control mechanisms are turned off (i.e., the
model includes neither mechanism), the model produces the worst overall fit to PM accuracy
and RT, under-predicting both by a larger margin than either the proactive-only or reactiveonly models (PM accuracy under-predicted by 30.2% of the effect [i.e., ~50% versus ~72%],
PM RT under-predicted by 15.8%). This provides strong evidence that both proactive and
reactive cognitive control mechanisms play critical and complimentary roles in accounting
for the speed and accuracy of PM task performance.
2.27 General Discussion
We used PMDC, a comprehensive computational model of PM, to investigate the
cognitive mechanisms underlying performance as a function of PM load and time pressure in
a complex dynamic conflict detection task. Our primary aim was to assess the utility of
PMDC in modeling a more complex and dynamic task than has been previously studied in
the PM literature and gain insight into how cognitive control processes and the quality and
quantity of resources drive performance. PMDC provided good fits to ongoing task and PM
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accuracy and closely accounted for the full distribution of RTs for both ongoing task and PM
responses across all of our experimental manipulations. The model accounted for changes in
accuracy and RT across different levels of time pressure and fit all PM cost effects. In
addition, the model provided out-of-sample predictions of non-response proportions that
closely matched empirical non-response data.
Our model fits implicated Braver’s (2012) proactive control (increased ongoing task
thresholds in PM blocks) and reactive control (inhibited ongoing task accumulation rates to
PM items) in PM performance, replicating work with the PMDC model on simple laboratory
paradigms in a complex dynamic task environment (Strickland et al., 2018). As discussed in
the sections below, we also extend Strickland et al by finding evidence that PM load affected
ongoing task capacity (i.e., the quality of rates was poorer in PM compared to control
blocks). Furthermore, manipulating time pressure caused a trade-off between ongoing task
accumulation and PM accumulation – higher ongoing task demand led to larger ongoing task
quantity but less PM accumulation. That is, while the resources available to the cognitive
system increased under time pressure and PM load (increased arousal), with higher time
pressure more resources were allocated to the ongoing task at the expense of the PM task,
consistent with capacity sharing. Time pressure also reduced the quality of information
entering the decision process. Finally, we extended Strickland et al. by showing that PM
load-induced proactive control over ongoing task decisions was reduced under higher time
pressure.
2.28 Capacity Sharing and Resource Availability: Quantity and Quality
Quantity. We found that the total amount of ongoing task information processed
(matching + mismatching accumulation rates) was higher in PM blocks than in control
blocks, and higher during periods of high time pressure compared with low time pressure.
These findings suggest an increase in the amount of resources available to the cognitive
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system under PM load, and under high time pressure. However, as demands exceeded the
capacity limit of the system, resources were reallocated (shared) between the ongoing and
PM tasks. This was particularly evident in the trade-off between ongoing task and PM
accumulation rates across different levels of time pressure; as the ongoing task used more
resources to compensate for additional time pressure demands, it drained resources that
would have otherwise been available for PM task processing. This is the critical test of
capacity sharing (Navon & Gopher, 1979). Our participants’ subjective reports of effort,
mental demand, and temporal demand supported this account, and it is consistent with
research suggesting that the reallocation of resources amongst competing tasks requires
cognitive control (Hockey, 2013; Hockey, Coles, & Gaillard, 1986; Kleinsorge, 2001;
Sanders, 1983; Schmidt, Kleinbeck, & Brockmann, 1984; Spitz, 1988; Wickens, 1986). We
also note that modeling this trade-off between concurrent tasks provides another way of
revealing capacity-sharing effects that does not rely on comparing performance to a separate
‘control’ block, which is often not feasible for some tasks or experimental settings.
Quality. PMDC indicated that the quality of ongoing task processing was reduced
during high time pressure blocks (when there was less time available) compared with low
time pressure blocks, in terms of smaller differences in accumulation rate between the
matching and mismatching accumulators. This is consistent with modeling studies showing
reduced accumulation rates7 during high versus low time pressure or when the speed of
responding is emphasized (e.g., Heitz & Schall, 2012; Ho, Brown, van Maanen, Forstmann,
Wagenmakers, & Serences, 2012; Rae, et al., 2014; Starns, Ratcliff, & McKoon, 2012;
Vandekerckhove, Tuerlinckx, & Lee, 2008). These studies have argued that time pressure
reduces the quality of information entering the decision process, either because less
7

These studies did not distinguish between accumulation rate quality and quantity, but note that DDM rates
correspond most closely to our concept of quality.
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diagnostic information can be sampled during the shorter response window, or because
certain cognitive processes become less efficient at extracting stimulus information. Our
findings are also consistent with applied research showing that sufficient time pressure can
induce a ‘redline’ or performance bottleneck (e.g., Palada et al., 2018), whereby increased
task demands lead to poorer quality processing.
Similarly, quality was poorer in PM blocks compared with control blocks, consistent
with participants reallocating attention from ongoing task decisions towards the PM task
when under PM demand. This contrasts with previous studies that used simple laboratory
tasks and found no capacity effects (Ball & Aschenbrenner, 2017; Heathcote et al., 2015;
Horn & Bayen, 2015; Strickland et al., 2017, 2018). This may be because the task was more
demanding, exhausting the cognitive system such that any more capacity used for PM
monitoring required repurposing resources from the ongoing task. It may also be because our
PM targets were highly non-focal as they required a different locus of visual attention
(callsign) than ongoing task decisions (comparing aircraft location, speed and trajectory)
(Einstein & McDaniel, 2005). Overall this suggests that the mixed results regarding capacity
sharing and resource allocation in the basic PM literature may be partly due to typical
laboratory ongoing tasks being insufficiently demanding to fully engage capacity.
In terms of overt performance, a reduction in processing quality should mainly lead to
lower accuracy. At low time pressure, any reduction in accuracy due to the decline in
processing quality from control to PM blocks appears to have been washed out by the higher
ongoing task thresholds during PM blocks (proactive control), which allowed similar levels
of accuracy to be maintained. However, at high time pressure, there was a robust 5% PM
block cost to ongoing task accuracy, which was not present at low time pressure. This shows
that, at high time pressure and when under PM load, proactive control was not effective in
maintaining the accuracy of ongoing task decisions. One important implication of this is that
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capacity-sharing effects that may not affect performance under low time pressure can produce
errors under high time pressure. This also highlights that our modeling approach can detect
the action of resource-sharing mechanisms whose overt effects may be masked by
compensatory mechanisms (e.g., proactive control), and thus not evident in manifest accuracy
and RT.
Taken together, these quantity and quality effects are indicative both of an overall
increase in arousal under PM load and time pressure, and a degradation in processing quality
under PM load and time pressure, consistent with capacity-sharing/resource demand effects.
Arousal may increase because the ongoing task becomes subjectively more difficult or
engaging when PM demand and time pressure are introduced, leading participants to
compensate for greater demands/poorer quality by deploying more resources and changing
how resources are allocated between various subtasks. There is a strong neurological basis for
this idea (e.g., Banquet, Smith, & Guenther, 1992; Beierholm, Guitart-Masip, Economides,
Chowdhury, Düzel, Dolan, Dayan, 2013; Botvinick & Braver, 2015; Chiew & Braver, 2013;
Gallistel, 1985); studies have suggested that heightened task demands lead to the potentiation
of neural structures related to cognitive processing, for example by increasing the probability
that certain neurotransmitters will be released (Jimura, Locke, & Braver, 2010; Niv, Daw, &
Dayan, 2007; Schmidt, Lebreton, Clery-Melin, Daunizeau, & Pessiglione, 2012). This has the
effect of boosting processing intensity or increasing the signal strength of evidence sampled
from stimuli, thus facilitating the flow of information (Kleinsorge, 2001; Wickens, 1986). In
the model, such effects would be reflected in changes in the quantity and/or quality of
evidence accumulation. An interesting avenue for future research would be to map neural
activity to changes in model parameters under different time pressure and task demand
manipulations.
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Importantly, our findings reveal a potential limitation with using simple laboratory
tasks to study PM, which the present work addresses. That is, certain resource availability
and allocation effects may not manifest in simple laboratory tasks if the demands of the task
rarely exceed the supply of resources (i.e., if the cognitive system is rarely pushed to its
capacity limit). In contrast, the current work shows that such effects become readily apparent
in more complex paradigms that impose sufficient demands on the cognitive system. Indeed,
this issue may have led some of our previous PM research to underemphasize the role of
capacity and resource allocation mechanisms, at least when trying to explain PM in the wild.
In contrast to the basic literature, cognitive control and resource management mechanisms
play important roles in explaining decision making under PM demand in complex dynamic
task environments.
2.29 Cognitive Control Processes
Proactive Control. Consistent with proactive control (Braver, 2012), ongoing task
thresholds were higher in PM blocks than control blocks, indicating that subjects strategically
delayed ongoing task decisions to avoid pre-empting the PM process (Heathcote et al., 2015).
The model indicated that this control was the cause of PM cost (i.e., the slower ongoing task
RTs in PM blocks). This is consistent with many modeling studies from simple paradigms
that indicate costs are driven by increased thresholds to make ongoing task decisions (e.g.,
Ball & Aschenbrenner, 2017; Heathcote et al., 2015; Horn & Bayen, 2015; Strickland et al.,
2017, 2018). Further, the model indicated that proactive control over ongoing task thresholds
contributed to PM accuracy (about 12% of observed PM responses would have been omitted
without proactive control over ongoing task thresholds [i.e., ~60% versus ~72% observed]).
Ongoing task and PM thresholds decreased as time pressure increased, meaning
participants set lower thresholds when there was less time available. This is consistent with
much choice-RT modeling of the speed-accuracy trade-off which indicates individuals
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strategically control thresholds in favour of fast responding when time pressure is high (e.g.,
Dutilh, Wagenmakers, Visser, & van der Maas, 2011; Forstmann et al., 2011; Usher, Olami,
& McClelland, 2002). More interesting, however, was the novel finding that PM-induced
proactive control interacted with time pressure. Specifically, the difference between control
block and PM block ongoing task thresholds got smaller as time pressure increased. This
suggests that strategic adjustments to PM demand were smaller under high time pressure
compared with low time pressure. That is, higher levels of time pressure induced a trade-off
between raising thresholds to give the PM accumulator more time to finish and lowering
thresholds to respond within the trial deadline. This was consistent with the observed drop in
PM accuracy in high time pressure blocks, and the observed PM-control differences in
ongoing task accuracy and non-response rates, which only reached significance under high
time pressure. The drop in PM accuracy under high time pressure indicates that participants
were unable to delay responding long enough (due to the short deadline) to prevent ongoing
task accumulators out-pacing the PM response. These findings suggest that people may be
particularly prone to making PM errors during periods of heightened time pressure, and that
the way in which time pressure and PM demands interact could be important to consider in
situations in which high PM accuracy is important.
Time pressure also affected threshold bias for the ongoing task (i.e., the amount of
evidence required to respond ‘conflict’ versus ‘non-conflict’). Bias shifted from favouring
non-conflict responses at lower levels of time pressure to favouring conflict responses at
higher levels of time pressure. Under high time pressure, subjects set lower conflict
thresholds relative to non-conflict thresholds, which facilitates faster conflict responses but
increases the frequency of conflict false alarms, reducing overall accuracy. This finding is in
line with Loft et al. (2009), who reported that air traffic controllers apply larger safety
margins by shifting bias towards conflict responses when under perceived time pressure.
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Although this strategy increases the frequency of conflict false alarms, the bias has the effect
of ensuring safety over strict accuracy. That non-expert (novice) participants adopted a
conflict bias in the current study without an explicit incentive to do so speaks to the face
validity of the conflict detection task. That is, participants treat missing an aircraft conflict
(i.e., possible passenger fatalities) as worse than making a false alarm (i.e., possibly
increasing aircraft travel time) (see Neal & Kwantes, 2009; Vuckovic et al., 2013, 2014).
This finding supports the idea that people can make deliberate strategic adjustments to
threshold bias in order to avoid failing to detect critical events (e.g., potential conflicts).
Together, these threshold findings highlight the dynamic ways individuals can exert cognitive
control over their own decision making in order to balance competing objectives (e.g., safety
of aircraft versus efficient traffic flow). An interesting avenue for future research would be to
manipulate the relative importance of the ongoing task responses to see if participants adopt
different biases based on which types of response are associated with more serious safety
consequences.
Reactive Control. Consistent with PMDC’s reactive inhibition mechanism, ongoing
task accumulation rates were lower on PM trials compared with non-PM trials. That is, rates
were lower for stimuli containing a PM target compared with the same stimuli not containing
a PM target. This supports the idea that, when a PM item is present, the PM detector inhibits
input to the competing ongoing task accumulators. At a strategic level, inhibiting ongoing
task rates on PM trials increases the likelihood that the PM accumulator will reach threshold
and trigger a PM response before either of the ongoing task accumulators. This finding
replicates the reactive control demonstrated by Strickland et al. (2018) in simple laboratory
PM tasks, and is in line with theoretical work (Bugg et al. 2013), neurological data
(McDaniel et al. 2013), and broader approaches to human error (Norman, 1981; Reason,
1990) that have implicated reactive control in PM. Norman (1981), for example, contends
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that response inhibition is required for atypical task responses to be able to compete for
retrieval with task responses more strongly associated with common environmental cues.
In general, the strength of reactive control was unaffected by changes in time
pressure, meaning the level of inhibition did not vary under different levels of time pressure.
This lack of interaction is consistent with Braver’s (2012) description of reactive control as
an automatic, stimulus-driven control process. Moreover, because reactive control is only
active on PM trials, any potential differences in the strength of reactive control can only have
a modest effect on overall accuracy in a given block of trials, meaning it would not be an
effective mechanism for dealing with changes in time pressure that affect entire blocks of
trials.
2.30 Trial Load
Trial load (compared across cells with equal time pressure) had several effects.
Higher trial load was associated with lower resource availability (quantity) and slightly
slower RTs (ongoing and PM). However, higher trial load also led to improved processing
quality, slightly lower ongoing task thresholds, and lower subjective reports of effort, mental
demand, and temporal demand. This suggests participants found it easier to discriminate
conflicts from non-conflicts when they were given 20s to make five decisions, than when
they were given 8s to make two decisions, with the lower thresholds and reduced availability
possibly reflecting some degree of ‘satisficing’ via a reduction in the depth of processing
(e.g., Donkin, Little, & Houpt, 2014). This pattern of results is consistent with research on
temporal discounting (e.g., Ballard, Vancouver, & Neal, 2018), showing that individuals tend
to work harder when given more immediate deadlines. Our participants likely perceived
having 20s to make five decisions to be a less demanding deadline than having 8s to make
two decisions, despite having equal time available per decision on average. One potential
explanation for this is the possibility of a fixed start-up time on each trial, which would leave
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more subsequent processing time on 20-second/5-decision trials compared with 8-second/2decision trials.
2.31 Summary and Further General Implications
In work and everyday life, people must often adapt to PM demands and time
constraints in complex and dynamic environments. In the current paper, we present and test a
model of the cognitive control and capacity allocation mechanisms that enable PM
performance in such settings. Our model provides a cogent explanation for a complex set of
empirical phenomena that would be difficult to interpret using standard statistical analyses of
observed behaviour, producing several implications for theories of PM. The theoretical
insights provided by our model, summarized below, are critical to understanding both PM
processes and multiple task performance more generally. For example, the
comprehensiveness of PMDC’s account is critical for safety-critical work contexts where a
characterization of performance fluctuations is necessary to predict and manage risks
associated with worst-case performance. The critical ‘redline’ of workload is the breakpoint
of performance as individuals enter the ‘overload region’, such that they have no capacity to
meet further demands and performance deteriorates (Hart & Wickens, 2010). Prior work has
typically used self-reported workload to identify the overload region (e.g., Colle & Reid,
2005), but self-reported workload is often dissociated from performance (Yeh & Wickens,
1988). This is because whether performance degrades depends on the strategy that the
individual uses (Loft et al., 2007). The PMDC model can be used to explain why
performance does or does not decline as workload increases, how performance is protected,
and to predict when performance will degrade considerably in a given situation with the use
of a specific cognitive strategy or process. By identifying the cognitive redline and the
specific cognitive processes responsible for performance decrements under different
conditions, our approach can potentially aid the development of work design interventions
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(e.g., automation, training, decision aids, interface design) to improve decision making and
PM in complex dynamic environments (see Byrne & Pew, 2009).
Our findings demonstrate the importance of using sufficiently demanding tasks to
study capacity allocation. As mentioned, our demanding relative judgment task allowed us to
detect two robust capacity cost effects: a within-subjects trade-off between PM and ongoing
task accumulation rates as task demand (time pressure) increased, and a cost to ongoing task
processing quality from PM load, an effect that had been unclear or absent in data from
simple laboratory PM paradigms (e.g., Ball & Aschenbrenner, 2017; Heathcote et al., 2015;
Horn & Bayen, 2015; Strickland et al., 2017, 2018). Going forward it will be important for
researchers to study PM processes in sufficiently representative tasks to get a clear picture of
the processes potentially involved in a given applied task setting (Morrow, 2018; Stokes,
2011).
Overall, our capacity allocation effects are in line with the ecological rationality
approach to human behaviour, which contends that decision makers compensate and adapt to
environmental constraints in order to achieve the most effective possible outcomes
(Brunswick, 1943; Simon, 1956; Todd & Gigerenzer, 2007). Poorer quality ongoing task
processing under PM load and time pressure could reflect participants reducing the amount of
information processed (i.e., satisficing) by changing their depth of processing (Donkin, Little,
& Houpt, 2014) or by using heuristics (Gigerenzer & Gaissmaier, 2011). The finding that PM
demand and time pressure led to heightened resource availability is in line with observations
that arousal levels can change while a person is performing a task (Stearman & Durso, 2016).
For example, it is possible that a rapid increase in demand, caused by a sudden increase in the
number of stimuli to be processed, can produce an increase in arousal, thus providing
additional resources to meet task demands. However, although more resources may become
available to meet task demands, the current modeling results highlight that the cognitive
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system is limited; when demands exceed the capacity of the system, resources must be
reallocated from lower priority tasks to higher priority tasks. The present work is a case in
point that researchers cannot rely solely on generalizing findings from simple laboratory
paradigms to PM in complex dynamic tasks.
It is important to note, however, that our capacity allocation effects were small in
comparison to the proactive and reactive control effects we found here and in previous work
(e.g., Heathcote et al., 2015; Strickland et al., 2017; 2018). Moreover, our novel finding that
PM-induced proactive control interacted with time pressure (i.e., the size of ongoing task
threshold adjustments between control and PM blocks got smaller as time pressure increased,
producing costs to PM-block accuracy that were largest under high time pressure) suggests
that although attentional capacity is clearly a useful concept for our understanding of PM and
ongoing task decision making, it needs to be situated within a cognitive control framework in
order to form a complete picture of the processes that drive overt performance.
2.32 Limitations and Future Directions
We used an aircraft conflict detection task because it is representative of a broad
range of work tasks that require people to remember to perform deferred task actions while
making judgements about objects moving on task displays, such as maritime surveillance and
submarine track management. The task captured the essential elements of the target
phenomenon, because it requires participants to rapidly assess whether moving objects on
crossing trajectories will, or will not, violate the applicable separation standard, whilst
maintaining an intention to perform a deferred action. Nevertheless, the need for modeling
constraints and the need for experimental control dictated that the task be simpler than
conflict detection in air traffic control in several ways. For example, in our task, subjects
were presented with one stimulus (aircraft pair) at a time. This is simpler than real air traffic
control, in which operators are often required to attend to many aircraft and simultaneously
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monitor many unfolding potential conflicts with variable onsets and durations. Multi-stimulus
environments should be even more demanding than our task and should therefore elicit
greater resource reallocation and capacity-sharing effects than seen here. Extending the
present modeling to multi-stimulus environments where individuals are free to switch
attention among several stimuli represents an interesting avenue for future PMDC work.
However, it represents a complex modeling problem, because it removes one of the major
constraints on the way participants can adapt to changes in time pressure; they can respond
not only by changing threshold, bias and managing cognitive resource availability and
allocation, but also how they allocate spatial attention. For example, participants may use a
serial strategy, in which they focus on a single stimulus until they make a response,
prioritising on the basis of order of onset or deadline. Alternatively, they may use an
interleaving strategy, in which many small increments in evidence are made by rapidly
switching among stimuli depending on the effort required to move attention, and the
dynamically unfolding priority or expected value of the stimuli (see Wickens, Goh, Horrey,
Helleberg, & Talleur, 2003).
In our task, subjects made PM responses instead of the typical ongoing task response.
This was done because, in many real-world settings, the most serious PM errors are often due
to ‘habit capture’, whereby the individual intends to substitute an atypical action for a
habitual one, but inadvertently executes the unintended habitual action (Grundgeiger,
Sanderson, & Dismukes, 2015; Reason, 1990). However, this paradigm differs from ‘dualtask’ PM (Bisiacchi et al., 2009), in which PM responses are made in addition to the ongoing
response. Because proactive and reactive control strategies involve some degree of
competition between responses, it is unclear whether similar effects will be present in dualtask paradigms in which subjects are instructed to make both responses. Heathcote et al.
(2015) modeled ongoing task trials in a dual-task PM paradigm and found similar proactive
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control effects. However, because PM trials have not yet been modeled in dual-task PM, it is
unclear whether reactive control processes will operate in a similar way.
A further point, with potential implications for PM theory, is that the current model
did not include a mechanism for PM ‘trigger failures’ (Matzke, Love, & Heathcote, 2017) –
trials on which the PM intention is not retrieved in the first place (i.e., where the PM
accumulator does not enter the race). In PMDC, the PM accumulator always runs on PM
trials, meaning PM failures are always due to the PM accumulator losing the race to one of
the ongoing task responses. As such, the current modeling framework cannot distinguish
between PM failures due to PM evidence not reaching threshold and those due to complete
failures to run the PM process. This may be an issue for modeling tasks in which PM errors
are expected to be due to retrieval failures, or in designs with features expected to induce
forgetting (e.g., spatial context manipulations, see Loft, Finnerty et al., 2011; very low
frequency PM targets, see Loft et al., 2016; time-based PM, see Huang, Loft, & Humphreys,
2014; remembering to perform a task after a significant period of interruption, see Wilson,
Farrell, Visser, & Loft, 2018). Extending the model to include a trigger-failure mechanism
would be relatively straightforward and could allow future work to titrate the two kinds of
PM failures.
Finally, future work should look at how cognitive control (proactive/reactive) and
resource allocation mechanisms (quantity/quality) are affected by the relative importance of
different aspects of the task (Walter & Meier, 2014). One might expect the magnitude of
proactive and reactive control effects to be larger when the PM task is prioritized over the
ongoing task compared with when the ongoing task or speed of responding are the main
priority. Similarly, one might expect greater ongoing task capacity costs (i.e., reduced
ongoing task quality) when the PM task is prioritized (e.g., due to more resources being
shunted to the PM task), or heightened arousal (i.e., increased quantity) when the speed of
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responding is emphasized. As such, a useful follow-up to the present work would be to
investigate how individuals adjust cognitive control and resource allocation strategies to meet
the demands of different task priorities.
2.33 Conclusion
This study applied the PMDC model to account for PM and ongoing task performance
in a complex dynamic conflict detection task designed to be representative of many realworld environments in which PM is performed. Drawing on Braver’s (2012) dualmechanisms theory of cognitive control, our analyses showed that resource allocation and
cognitive control mechanisms each have an important role in explaining the effects of PM
and time pressure on decision making in demanding task environments. Our finding of robust
resource availability and reallocation effects associated with PM demand and time pressure,
using a cognitively demanding task performed under sufficient time pressure, illustrates the
utility of studying PM in representative environments. This work provides the first
comprehensive quantitative understanding of how attentional resources and cognitive control
mechanisms support PM and ongoing task performance in complex dynamic environments.
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2.35 Supplementary Materials

Figure S2.1. Model fits to ongoing task accuracy. Data effects are represented by unfilled circles. Model
predictions are represented by filled circles with 95% credible intervals.
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Figure S2.2. Model fits to PM accuracy. Data effects are represented by unfilled circles. Model predictions are
represented by filled circles with 95% credible intervals.
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Figure S2.3. Model fits to ongoing task RT (low trial load). Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. RT distributions are summarized
with three order statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile
(i.e., the median), and the 0.9 quantile which captures the tail of the distribution.
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Figure S2.4. Model fits to ongoing task RT (high trial load). Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. RT distributions are summarized
with three order statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile
(i.e., the median), and the 0.9 quantile which captures the tail of the distribution.
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Figure S2.5. Model fits to PM RT. Data effects are represented by unfilled circles. Model predictions are
represented by filled circles with 95% credible intervals. RT distributions are summarized with three order
statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile (i.e., the median),
and the 0.9 quantile which captures the tail of the distribution.
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Figure S2.6. Model exploration: Comparison of ongoing task accuracy and RT fits for models with ongoing task
thresholds or rates averaged over time pressure conditions. Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions
per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Figure S2.7. Model exploration: Comparison of PM trial accuracy and RT fits for models with ongoing task
thresholds or rates averaged over time pressure conditions. Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions
per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Figure S2.8. Model exploration: Comparison of accuracy and RT fits for models with ongoing task thresholds or
rates averaged over PM and control blocks. Data effects are represented by unfilled circles. Model predictions
are represented by filled circles with 95% credible intervals.
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Figure S2.9. Model exploration: Comparison of PM trial accuracy and RT fits for models with cognitive control
mechanisms selectively removed. Data effects are represented by unfilled circles. Model predictions are
represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions per trial; B: 4s per
decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.
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Table S2.1
Significance testing linear predictors of ongoing task accuracy. Accuracies were analysed with a generalized
linear model with a binomial probit link function which predicts the outcome of every trial. Tests for
significance use Wald's chi-square test with an alpha level of .05.

Factor

Chi-square

df

p

1129.02

1

<.001

13.70

1

<.001

326.27

3

<.001

4.57

1

.033

Stimulus by Time Pressure

52.25

3

<.001

PM Block by Time Pressure

14.72

3

.002

5.64

3

.13

Stimulus
PM Block
Time Pressure
Stimulus by PM Block

Stimulus by PM Block by Time Pressure

Table S2.2
Significance testing linear predictors of ongoing task RT. RT was analysed with a general linear model which
predicted mean correct RT for each participant. Tests for significance use Wald's chi-square test with an alpha
level of .05.

Factor

Chi-square

df

p

Stimulus

82.04

1

<.001

PM Block

106.17

1

<.001

Time Pressure

809.29

3

<.001

0.13

1

.72

Stimulus by Time Pressure

14.62

3

.002

PM Block by Time Pressure

2.61

3

.46

Stimulus by PM Block by Time Pressure

0.91

3

.82

Stimulus by PM Block
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Table S2.3
Significance testing linear predictors of PM accuracy. Accuracies were analysed with a generalized linear
model with a binomial probit link function which predicts the outcome of every trial. Tests for significance use
Wald's chi-square test with an alpha level of .05.

Factor
Stimulus
Time Pressure
Stimulus by Time Pressure

Chi-square

df

1.24

p
1

345.54

.26

3 <.001

1.95

3

.58

Table S2.4
Significance testing linear predictors of PM RT. PM RT was analysed with a general linear model which
predicted mean PM RT for each participant. Tests for significance use Wald's chi-square test with an alpha
level of .05.

Factor
Stimulus
Time Pressure
Stimulus by Time Pressure

Chi-square

df

p

0.03

1

.86

90.26

3

<.001

0.40

3

.94

Table S2.5
Significance testing for differences in ongoing task RTs between PM and non-PM trials. RT was analysed with a
general linear model which predicted mean correct RT for each participant. Tests for significance use Wald's
chi-square test with an alpha level of .05.

Factor
Stimulus
Time Pressure
Stimulus by Time Pressure

Chi-square

df

p

85.96

3 <.001

638.33

3 <.001

15.27

9 .084
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Table S2.6
Significance testing for differences in non-response proportions. Non-responses were analysed with a
generalized linear model which predicted mean non-response proportions for each participant. Tests for
significance use Wald's chi-square test with an alpha level of .05.

Factor
PM Block
Time Pressure
PM Block by Time Pressure

Chi-square

df

p

7.88

1

.005

2262.15

3

<.001

33.88

3

<.001

Table S2.7
Significance testing for differences in NASA-TLX effort ratings. Effort was analysed with a general linear model
which predicted effort ratings for each participant. Tests for significance use Wald's chi-square test with an
alpha level of .05.

Factor

Chi-square

df

p

PM Block

18.79

1 <.001

Time Pressure

88.22

3 <.001

PM Block by Time Pressure

4.80

3

.19

Table S2.8
Significance testing for differences in NASA-TLX mental demand ratings. Mental demand was analysed with a
general linear model which predicted mental demand ratings for each participant. Tests for significance use
Wald's chi-square test with an alpha level of .05.

Factor

Chi-square

df

p

PM Block

71.36

1 <.001

Time Pressure

92.76

3 <.001

PM Block by Time Pressure

3.08

3

.38
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Table S2.9
Significance testing for differences in NASA-TLX temporal demand ratings. Temporal demand was analysed
with a general linear model which predicted temporal demand ratings for each participant. Tests for
significance use Wald's chi-square test with an alpha level of .05.

Factor

Chi-square

PM Block
Time Pressure
PM Block by Time Pressure

df

p

20.31

1 <.001

258.18

3 <.001

6.23

3

.10

Table S2.10
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
capacity sharing. The difference distribution was calculated by subtracting control block rates from PM block
rates for non-PM trials. Thus a positive difference indicates higher accumulation rates under PM load. A: 6s
per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per
trial; D: 2s per decision, 5 decisions per trial.

Contrast

Conflict

Non-conflict

Conflict (Error)

Non-conflict (Error)

A: PM-Control

7.05 (<.001)

7.97 (<.001)

7.69 (<.001)

4.48 (<.001)

B: PM-Control

9.86 (<.001)

9.40 (<.001)

9.97 (<.001)

7.27 (<.001)

C: PM-Control

8.43 (<.001)

3.32 (.001)

9.12 (<.001)

5.38 (<.001)

D: PM-Control

-0.94 (.17)

1.28 (.10)

6.18 (<.001)

4.69 (<.001)
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Table S2.11
Z-values (with associated posterior predictive p-values in brackets) for response threshold contrasts relevant to
proactive control. The difference distribution was calculated by subtracting control block ongoing task
thresholds from PM block ongoing task thresholds. Thus a positive difference indicates higher ongoing task
thresholds under PM load. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

Contrast

Conflict

Non-conflict

A: PM-Control

20.59 (<.001)

27.17 (<.001)

B: PM-Control

19.87 (<.001)

27.01 (<.001)

C: PM-Control

22.33 (<.001)

26.34 (<.001)

D: PM-Control

13.21 (<.001)

17.12 (<.001)

Table S2.12
Z-values (with associated posterior predictive p-values in brackets) for response threshold contrasts relevant to
proactive threshold shifts under time pressure. The difference distribution was calculated by subtracting high
time pressure ongoing task thresholds from low time pressure ongoing task thresholds. Thus a positive
difference indicates lower ongoing task thresholds under high time pressure. A: 6s per decision, 2 decisions per
trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.

Contrast

Control

PM

A-B

3.09 (.001)

7.16 (<.001)

B-C

2.84 (.002)

3.33 (<.001)

C-D

4.33 (<.001)

21.34 (<.001)

144

Table S2.13
Z-values (with associated posterior predictive p-values in brackets) for response threshold contrasts relevant to
the interaction of proactive control with time pressure. The difference distribution was calculated by subtracting
the PM-Control threshold difference during high time pressure from the PM-Control threshold difference
during low time pressure. Thus a positive difference indicates greater proactive control under low time
pressure. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5
decisions per trial; D: 2s per decision, 5 decisions per trial.

Contrast

Conflict

Non-conflict

A-B

2.46 (<.001)

1.29 (.10)

B-C

-1.31 (.09)

1.82 (.04)

C-D

8.97 (<.001)

8.73 (<.001)

Table S2.14
Z-values (with associated posterior predictive p-values in brackets) for response threshold difference contrasts
relevant to proactive shifts in threshold bias under time pressure. The difference distribution was calculated by
subtracting the difference between conflict and non-conflict thresholds in low time pressure blocks from the
difference between conflict and non-conflict thresholds in high time pressure ongoing task thresholds. A positive
difference indicates a shift from non-conflict bias to conflict bias under high time pressure. A: 6s per decision, 2
decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per
decision, 5 decisions per trial.

Contrast

Control

PM

Shift in Bias: A-B

0.25 (.40)

1.76 (.04)

Shift in Bias: B-C

0.45 (.33)

-2.71 (.004)

Shift in Bias: C-D

1.24 (.11)

2.07 (.02)
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Table S2.15
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
reactive inhibition (i.e., difference between ongoing task rates on PM versus non-PM trials during PM blocks).
The difference distribution was calculated by subtracting ongoing task rates on PM target trials from ongoing
task rates on non-PM trials (in PM blocks). Thus a positive difference indicates lower ongoing task rates on PM
target trials. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per
decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

Response
Contrast

Conflict

Non-conflict

Conflict (Error)

Non-conflict (Error)

A: NonPM-PM

8.12 (<.001)

8.34 (<.001)

6.96 (<.001)

5.17 (<.001)

B: NonPM-PM

7.84 (<.001)

8.73 (<.001)

7.56 (<.001)

7.99 (<.001)

C: NonPM-PM

8.04 (<.001)

8.08 (<.001)

6.78 (<.001)

4.96 (<.001)

D: NonPM-PM

7.81 (<.001)

7.07 (<.001)

7.11 (<.001)

9.02 (<.001)

Table S2.16
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
reactive inhibition by time pressure (i.e., magnitude of reactive inhibition effect by time pressure). The
difference distribution was calculated by subtracting ongoing task rates on PM target trials from ongoing task
rates on non-PM trials (in PM blocks) and then comparing the size of this difference between time pressure
blocks. Thus a positive value indicates less inhibition under higher time pressure. A: 6s per decision, 2 decisions
per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
Response
Reactive control effect size contrast

Conflict

Non-conflict Conflict (Error) Non-conflict (Error)

A-B

1.33 (.09)

0.18 (.43)

-0.03 (.48)

-1.96 (.03)

B-C

1.05 (.15)

1.06 (.14)

0.77 (.22)

2.67 (.003)

C-D

-0.20 (.42)

2.05 (.02)

1.01 (.16)

-1.83 (.03)
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Table S2.17
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
quantity effects by time pressure (i.e., sum total of matching and mismatching accumulation rates in high versus
low time pressure). The difference distribution was calculated by subtracting the sum total of matching and
mismatching rates in lower time pressure blocks from the sum total of matching and mismatching rates in
higher time pressure blocks. Thus a positive value indicates an increase in the sum total of matching and
mismatching rates (i.e., increased quantity) under higher time pressure. A: 6s per decision, 2 decisions per
trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
Stimulus
Summed match/mismatch accumulation rate contrast

Conflict

Non-conflict

B-A

19.94 (<.001) 16.24 (<.001)

C-B

-7.83 (<.001) -6.20 (<.001)

D-C

31.10 (<.001) 24.76 (<.001)

Table S2.18
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
capacity effects by time pressure (i.e., difference between matching and mismatching accumulation rates in high
versus low time pressure). The difference distribution was calculated by subtracting the difference between
matching and mismatching rates in lower time pressure blocks from the difference between matching and
mismatching rates in higher time pressure blocks. Thus a negative value indicates a reduction in the difference
between matching and mismatching rates (i.e., a capacity cost) under higher time pressure. A: 6s per decision, 2
decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per
decision, 5 decisions per trial.
Stimulus
Difference between matching and mismatching accumulation rate contrast

Conflict

Non-conflict

B-A

-1.24 (.107) -5.99 (<.001)

C-B

2.04 (.021)

D-C

3.03 (.001)

-6.55 (<.001) -7.85 (<.001)
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Table S2.19
Z-values (with associated posterior predictive p-values in brackets) for PM accumulation rate contrasts by time
pressure. The difference distribution was calculated by subtracting PM rates in higher time pressure blocks
from PM rates in lower time pressure blocks. A negative difference indicates a reduction in PM accumulation
rates in the higher time pressure block. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions
per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

PM rate contrast

Z

B-A

C-B

D-C

-3.78 (<.001)

-1.34 (.089)

-3.62 (<.001)
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Chapter Three:
Cognitive Control and Capacity in a Complex DualTask Environment

3.0 Preface
This is the second empirical chapter of the thesis. This chapter is currently under review by the
journal Cognition. I have altered the thesis copy slightly from the journal copy.
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3.1 Abstract
Human performance in complex multiple-task environments depends critically on the interplay
between cognitive control and cognitive capacity. In this paper we propose a tractable
computational model of how cognitive control and capacity influence the speed and accuracy of
decisions made in the event-based prospective memory (PM) paradigm, and in doing so test a
new quantitative formulation that measures two distinct components of cognitive capacity (gain
and focus) that apply generally to choices among two or more options. Consistent with prior
work, individuals used proactive control (increased ongoing task thresholds under PM load) and
reactive control (inhibited ongoing task accumulation rates to PM items) to support PM
performance. Individuals used cognitive gain to increase the amount of resources allocated to the
ongoing task under time pressure and PM load. However, when demands exceeded the capacity
limit, resources were reallocated (shared) between ongoing task and PM processes. Extending
previous work, individuals used cognitive focus to control the quality of processing for the
ongoing and PM tasks based on the particular demand and payoff structure of the environment
(e.g., higher focus for higher priority tasks; lower focus under high time pressure and with PM
load). Our model provides the first detailed quantitative understanding of cognitive gain and
focus as they apply to evidence accumulation models, which – along with cognitive control
mechanisms – support decision-making in complex multiple-task environments.
Keywords: cognitive control; cognitive capacity; prospective memory; selective attention;
multi-tasking; Bayesian evidence accumulation model
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Human performance in complex multiple-task environments depends critically on the
interplay between cognitive control and cognitive capacity. Cognitive control refers to processes
that adapt the cognitive system to meet specific task demands (Braver, 2012; Braver & Barch,
2002; Miller & Cohen, 2001; Miyake et al., 2000). Cognitive capacity refers to a finite pool of
cognitive resources involved in information processing (e.g., attention, working memory) that
can be allocated to various features of the task environment and whose limited nature gives rise
to resource bottlenecks (Kahneman, 1973; Navon & Gopher, 1979). In this paper we propose a
computational model of how cognitive control and capacity influence the speed and accuracy of
decisions made in the event-based prospective memory paradigm, and within that model
introduce and validate a new quantitative formulation that identifies two distinct components of
cognitive capacity that apply more broadly to making choices among two or more options.
Event-based Prospective Memory (PM) refers to the ability to remember to perform
deferred task actions when a particular stimulus or event is encountered in the future (Einstein &
McDaniel, 1990). PM tasks often arise in complex, dynamic, and safety critical task
environments such as aviation and healthcare (Dismukes, 2012; Grundgeiger, Sanderson,
MacDougall, & Venkatesh, 2010; Loft, 2014), in which failures to manage PM demands can
have dire consequences (e.g., an airline pilot forgetting to set the flaps before take-off; Dismukes
& Nowinski, 2007; an emergency physician forgetting to check the patient’s heart rhythm; Soar
et al., 2015). As such, there has been a significant effort to understand the cognitive processes
involved in PM, and when and why those processes fail (e.g., Einstein & McDaniel, 2005; Hicks,
Marsh, & Cook, 2005; Scullin, McDaniel, & Shelton, 2013; Smith & Bayen, 2004; Strickland,
Loft, Remington, & Heathcote, 2018).
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In a typical PM study, participants perform two tasks: a primary decision-making task
(e.g., lexical decision), referred to as the ongoing task, and a secondary PM task (e.g., press an
alternative key for an animal word; Einstein & McDaniel, 1990). In control blocks participants
perform only the ongoing task. In PM blocks, participants perform the same ongoing task, but on
some trials will encounter a PM target. Often, individuals are slower to respond to non-target
ongoing task items in PM blocks than in control blocks, even when no PM response is required
(e.g., Marsh, Hicks, Cook, Hansen, & Pallos, 2003; Smith, 2003). This slowing is referred to as
PM cost to the ongoing task. The concepts of cognitive control and cognitive capacity have
emerged as central to theories regarding the psychological mechanisms underlying costs and PM.
To measure the cognitive control processes and cognitive capacity underlying PM,
Strickland et al. (2018) developed a quantitative model, Prospective Memory Decision Control
(PMDC). They found that, with a relatively simple ongoing task (lexical decision), PM was
supported by proactive and reactive cognitive control mechanisms that delay ongoing decisions
relative to PM decisions so that the former do not pre-empt the latter. PMDC indicated no role
for capacity sharing between monitoring for PM targets and performing the ongoing task, a
mechanism often proposed by verbally specified PM theories (e.g., Smith, 2003, Einstein &
McDaniel, 2005). Recently, however, Boag, Strickland, Neal, Heathcote, and Loft (2019)
applied PMDC to an air traffic control conflict detection task and did find evidence for capacity
sharing between PM monitoring and ongoing task decisions, likely due to the high cognitive
demands of the conflict detection paradigm.
In the current manuscript we fit PMDC to a large-scale experiment in which almost 250
participants attended two-hour sessions of an air traffic control conflict detection task where
demands of the PM and ongoing task approached the limit of human capacity. We introduce a
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formal theory of capacity that maps two features of the PMDC model – the quality and quantity
of information processing – to two distinct components of cognitive capacity – gain and focus, in
line with neurologically-inspired computational models and neurophysiological data (Carandini
& Heeger, 2012). We manipulate gain and focus by varying PM demand, time pressure, and
strategic payoffs, while holding bottom-up components of information processing constant (i.e.,
the task and stimuli have the same perceptual characteristics across experimental conditions).
Our model provides the first detailed quantitative understanding of cognitive gain and focus as
they apply to evidence accumulation models, which – along with cognitive control mechanisms –
can support PM and ongoing task performance in complex dynamic task environments.
3.2 Prospective Memory Decision Control
PMDC belongs to the broad class of evidence accumulation models (e.g., Brown &
Heathcote, 2008; Ratcliff, 1978), which assume that decisions are made by sampling evidence
from the environment until an evidence threshold is reached. Evidence-accumulation models
provide a comprehensive account of numerous empirical phenomena observed in simple
decision-making tasks, including differences in the speed of correct and error responses, speedaccuracy trade-offs, and response biases (see Rae, Heathcote, Donkin, Averell, & Brown, 2014,
for perceptual-, lexical-, and memory-based examples). PMDC formalizes decision making as a
process of evidence accumulation among independent racing linear ballistic accumulators (LBA;
Brown & Heathcote, 2008). In PM paradigms three accumulators are required: two for the
ongoing task responses and a third for the PM response. Correct PM responses (i.e., PM hits)
occur on PM trials when the PM accumulator reaches threshold before either of the ongoing task
accumulators. Incorrect PM responses (i.e., PM misses) occur when one of the ongoing task
accumulators reaches threshold before the PM accumulator (Strickland et al., 2018).

153
Figure 3.1 shows the PMDC architecture applied to an air traffic control conflict
detection task, in which participants decide whether pairs of aircraft will violate a minimum
separation standard, with an additional PM requirement. There are three accumulators that
correspond to deciding a stimulus is a conflict, a non-conflict, or a PM target. In each
accumulator, evidence accrues linearly (arrows in Figure 3.1), from points on the uniform
interval [0-A] (which represent random trial-to-trial biases), until the total in one accumulator
reaches its threshold (b), triggering a response. Thresholds are assumed to be set prior to the trial
without reference to the nature of the upcoming stimulus in order to avoid circularity (i.e., if
thresholds could be altered contingent on the identity of the stimulus there would be no need to
accumulate evidence). The rate of evidence accumulation corresponds to the strength of evidence
for a response and varies normally from trial to trial with mean v and standard deviation sv.
Accumulation rate is determined both by top-down processes (e.g., cognitive capacity devoted to
processing the stimulus) and bottom-up factors (e.g., the sensory information available from the
stimulus). The time for non-decision processes (e.g., stimulus encoding and motor response
execution), ter, is the observed RT minus the decision (evidence accumulation) time.

154

Figure 3.1. An LBA model of a PM task with a concurrent conflict detection task. Evidence for each response is
initially drawn from a uniform distribution on the interval [0, A]. Over time, evidence accumulates towards each
response at rates drawn from independent normal distributions with mean v, and standard deviation sv. The ﬁrst
accumulator to reach its threshold, b, determines the overt response. We refer in our results to B, which is b – A,
where B > 0 and so b > A. Total RT is determined by accumulation time plus non-decision time.

The aim of fitting PMDC to data is to measure the psychological quantities that underlie
performance, and to ascertain what those quantities suggest about cognitive control and cognitive
capacity. PMDC instantiates the proactive and reactive cognitive control mechanisms specified
by Braver’s (2012) dual-mechanisms theory. Key to the present work, it also provides measures
of processing capacity and the degree to which capacity is shared between concurrent tasks. For
example, the quantity of evidence accumulation is distinct from the quality of evidence
accumulation. The quantity of accumulation is given by summing the rates for the ongoing-task
accumulators, and it mainly determines the overall speed of responding. The quality of
accumulation corresponds to the difference between the rates for the accumulator corresponding
to the ongoing-task stimulus (the “matching” accumulator) and the accumulator corresponding to
the incorrect response (the “mismatching” accumulator), and it mainly determines accuracy. As
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will be formalized below, we propose a way in which these quantities can be mapped to two
distinct components of cognitive capacity: a gain or signal-boost mechanism, which we call gain
capacity, and a cognitive focus mechanism that improves the signal-to-noise ratio for the choice,
which we call focus capacity. We now explain how PMDC instantiates these mechanisms and
review several benchmark findings regarding proactive and reactive cognitive control in PM,
before discussing recent results implicating cognitive capacity in PM.
3.3 Proactive and Reactive Control
Proactive control refers to top-down processes used to "bias attention, perception and
action systems in a goal-driven manner" (Braver, 2012, p. 2) in advance of a goal-related event,
so that they are already active when the event is encountered. According to PMDC, participants
can proactively control ongoing task decisions by raising thresholds in PM blocks, so that on PM
trials the ongoing-task accumulators are less likely to complete before the PM accumulator,
thereby reducing the probability of a PM miss. This follows from the fact that in evidence
accumulation models, thresholds are the locus of a priori strategies that drive mechanisms such
as the speed-accuracy trade-off (Liu & Watanabe, 2012) and response biases (Donkin, Brown, &
Heathcote, 2011; Mulder, Wagenmakers, Ratcliff, Boekel, & Forstmann, 2012).
To date, every evidence accumulation modeling study that has compared ongoing task
performance between control and PM blocks has found elevated thresholds in the latter,
consistent with proactive control (Anderson et al., 2018; Ball & Aschenbrenner, 2017; Boag et
al., 2019; Heathcote, Loft & Remington, 2015; Horn & Bayen, 2015; Horn, Bayen, & Smith,
2011, 2013; Strickland et al., 2017, 2018). In Strickland et al. (2018), participants set even higher
ongoing task thresholds when instructed that the PM task was important. Participants also
exerted control over PM thresholds (i.e., the evidence required to make a PM response) as a
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function of the importance of the PM task relative to the ongoing task: PM thresholds were
reduced when the PM task was important (Strickland et al., 2018).
Reactive control, in contrast, refers to automatic ‘stimulus-driven’ processes deployed to
influence responding "only as needed, in a just-in-time manner" (Braver, 2012, p. 2). Thus,
reactive control processes relevant to PM are expected to occur on PM-target trials. The model’s
reactive control mechanism is depicted in Figure 3.2.

Figure 3.2. Reactive control of accumulation rates in PMDC, using the example of an air traffic control conflict
detection task in which participants have a concurrent PM task. The encoding process includes detectors (rectangles)
for each possible response to the task: ‘conflict’, ‘non-conflict’, and ‘PM’. The detectors receive input from stimulus
features. Output from the detectors can directly increase (solid lines) the input to the corresponding evidence
accumulator (excitation) or reduce (dashed lines) the input to competing accumulators (inhibition).
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As PM stimulus inputs are processed on PM trials, stimulus features consistent with PM
excite the PM accumulator, increasing its accumulation rate, while inhibiting other accumulators
in a feedforward manner (reactive inhibition), decreasing their accumulation rates. Thus, in
addition to PM accumulation being faster on PM trials than non-PM trials, accumulation towards
ongoing task decisions should be lower on PM trials than non-PM trials.8 Consistent with
theoretical (Bugg, Scullin, & McDaniel, 2013) and neurological (McDaniel, LaMontagne, Beck,
Scullin, & Braver, 2013) work implicating reactive control in PM, recent empirical work has
demonstrated that reactive control is critical to PM responses being correctly made when
individuals are concurrently making ongoing lexical decisions (Strickland et al., 2018) or while
making demanding ongoing air traffic control conflict detections (Boag et al., 2019).
3.4 Capacity for PM in Basic Paradigms
Several early studies on capacity for PM in basic paradigms (e.g., Marsh et al., 2003;
Smith, 2003) suggested that PM monitoring and retrieval processes can draw attentional focus
away from the ongoing task, resulting in increased response latency and/or poorer accuracy for
ongoing task responses when under PM load. Moreover, ongoing task performance was most
negatively affected by PM tasks involving non-focal PM items (i.e., low overlap between the
information that needs to be assessed to detect the PM target and the information that needs to be
assessed to perform the ongoing task), tasks with multiple PM items to be remembered, and tasks

8

Reactive inhibition of rates on PM target trials may appear incompatible with the faster RTs observed in the
intention superiority literature (e.g., Marsh, Hicks, & Watson, 2002). However, on PM target trials, accumulators for
the ongoing task responses must compete with a much faster PM response accumulator. Overt ongoing task
responses on PM trials are therefore more likely to be fast errors that outpace the PM accumulation process, a
phenomenon known as statistical facilitation (Raab, 1962). As such, fast PM miss RTs are not incompatible with
lower PM miss accumulation rates.
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with weak PM item-PM response associations, thus suggesting some degree of capacity sharing
between ongoing task and PM processing (Einstein et al., 2005; Marsh et al., 2003).
This early work mostly used the term capacity in a narrative sense (but see Smith &
Bayen, 2004), in which a limited capacity resource pool is assumed, and data interpreted based
on its properties, without a strict formal justification of capacity or the underlying logical
assumptions involved (see Navon, 1984, for a critique of this approach). PMDC takes a
measurement approach, in which the accumulation rate parameters are used as a measure of
capacity (as have other models for measuring ongoing task capacity in PM; Boywitt & Rummel,
2012; Horn et al., 2011). Rates have been argued to measure capacity because they estimate
processing speed, which the majority of attention theory assumes should vary in proportion to
the capacity available (e.g., Bundesen, 1990; Gobell, Tseng, & Sperling, 2004; Kahneman, 1973;
Navon & Gopher, 1979; Wickens, 1980).9 Most PM theories assume that PM cost to the ongoing
task results from reduced ongoing task capacity, such that monitoring for PM targets draws
cognitive resources away from the ongoing task (e.g., Einstein & McDaniel, 2005; Marsh et al.,
2003; Smith, 2003). Under this account, PM costs occur when cognitive resources are fully
occupied, at which point concurrent tasks are forced to share resources, which is reflected in
reduced ongoing task accumulation rates under PM load.
To date, most evidence accumulation modeling of PM costs in basic paradigms has not
found changes to the quality or quantity of evidence accumulation to non-PM items across PM
and control blocks, suggesting PM processing does not draw cognitive capacity away from the

9

Empirical work also justifies this connection: rates converge with other measures of cognitive capacity (Donkin,
Little, & Houpt, 2014; Eidels, Donkin, Brown, & Heathcote, 2010) and manipulations of capacity (e.g., adding a
secondary task) have the expected effects on rates (Castro, Strayer, Matzke & Heathcote, 2018; Logan et al., 2014).
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ongoing task (e.g., Ball & Aschenbrenner, 2017; Heathcote et al., 2015; Horn & Bayen, 2015;
Strickland et al., 2017, 2018). Given this apparent lack of costs to concurrent processing in basic
PM paradigms, a formally grounded theory of capacity for PM has not been explored further.
However, as we discuss next, recent work has demonstrated that PM-induced costs to ongoing
task information processing can occur in paradigms where the ongoing task is sufficiently
demanding so as to fully occupy cognitive resources (Boag et al., 2019; Strickland, Elliott,
Wilson, Loft, Neal, & Heathcote, 2019). These findings motivate the current article, in which we
develop a formal framework for understanding cognitive capacity in PMDC.
3.5 PM in Demanding Task Environments
In a cognitively demanding simulation of air traffic control conflict detection, Boag et al.
(2019) recently found robust evidence of PM costs to ongoing task accumulation rates. In their
task, participants classified stimuli (pairs of aircraft on converging trajectories) as conflict or
non-conflict depending on whether they would violate a 5 nautical mile minimum separation
standard during their flight. In PM blocks, some aircraft stimuli were PM targets (aircraft with
certain callsigns) that required a PM response. PMDC indicated that PM demands affected both
the quantity and the quality of ongoing-task processing. The quantity of ongoing-task processing
increased with both time pressure and PM demands, consistent with an increase in the overall
availability of resources or cognitive capacity, possibly due to an increase in effort (e.g.,
Kahneman, 1973). The quality of processing for the ongoing and PM tasks, however, indicated a
two-way trade off: ongoing-task quality decreased when PM demand was added (i.e., capacity
was diverted from ongoing to PM), but as time pressure increased resources were diverted from
the PM task to the ongoing task to compensate for the extra capacity demands generated by
working to a shorter deadline (i.e., capacity was diverted from the PM task to the ongoing task).
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There is currently no mathematical framework explaining the manner in which Boag et
al. (2019) found that ongoing task capacity was affected by PM demands. However, the finding
that PM demands induced costs to ongoing-task processing quality, but increased ongoing-task
processing quantity, suggests that PM may affect two separable components of ongoing-task
capacity. This aligns with current computational and neural theories of selective attentional
modulation of information processing (e.g., Carandini & Heeger, 2012; Corbetta & Shulman,
2002; Egner & Hirsch, 2005; Herrmann, Montaser-Kouhsari, Carrasco, & Heeger, 2010;
Hillyard, Vogel, & Luck, 1998; Reynolds & Heeger, 2009), which instantiate variable attentional
gain and focus mechanisms corresponding to a broadly-tuned gain or signal-boost mechanism,
and a more finely-tuned attentional focus, within a single computational ‘normalization’
framework (e.g., Reynolds & Heeger, 2009; Schwartz & Simoncelli, 2001). These theories
propose that capacity effects arise from the operation of canonical computations that modulate
attention (as well as many other perceptual and cognitive processes) at the neural level (see
Carandini & Heeger, 2012). This echoes early views of visual attention as a ‘spotlight’ with
variable intensity and focus (called sensitivity and selectivity by Posner & Boies, 1971) that serve
to ensure relevant information in the environment is detected and selected for processing (e.g.,
Broadbent, 1957; Kahneman, 1973; Posner & Boies, 1971). The key difference between the
early non-neurological models and current neural models is that in the latter the canonical
mechanisms are assumed to operate on neurons or populations of neurons (e.g., by scaling and
sharpening tuning curves that govern firing rate and amplitude; Busse, Wade, & Carandini, 2009;
Carandini & Heeger, 2012; Heeger, 1992).
Computer simulations of neural models of selective attention converge with current
neurophysiological data on attentional control and modulation in implicating functionally distinct
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brain regions involved in attentional “amplification” (i.e., gain) and “selective control” (i.e.,
focus) (Hillyard, Vogel, & Luck, 1998; see also Carandini & Heeger, 2012, and Corbetta &
Shulman, 2002). However, these models are currently limited to simulation by ‘hand-tuning’
parameters and are not easily fit to behavioural data. To bridge this gap between practical
quantitative measurement and recent neurologically-inspired process approaches, we present a
tractable evidence-accumulation framework for measuring two computational processes (gain
and focus) that drive cognitive capacity effects. Our framework includes two components of
cognitive capacity: one we term focus capacity (Cf), which is the sole determinant of the quality
of resources allocated among tasks (e.g., ongoing vs. PM), and one we term gain capacity (Cg),
which primarily controls the quantity of resources deployed, although quantity is also a function
of focus capacity. In the next section, we provide a quantitative mapping of gain and focus to the
quality and quantity of evidence accumulation. This mapping is generic to any accumulatorbased theory of decision making among any number of choices, but we exemplify it here in
terms of PMDC’s three-choice architecture (i.e., a binary-choice ongoing task with one PM
accumulator).
3.6 A Dual-Capacity Theory of Accumulator Models
3.7 Gain and Focus
Our general modeling architecture consists of a set of i = 1 … n accumulators, each of
which receives a specific bottom-up input Ii  0 that is monotonic increasing with the match
between each accumulator’s preferred stimulus and the encoding of that stimulus, and a nonspecific input that adds the same amount 1/f, where f > 0, to the bottom-up inputs for all
accumulators. Note that as 1/f increases, the ability of the accumulators to discriminate inputs
decreases. The term f is proportional to top-down attention focus, so increased focus results in
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better discrimination. Finally, we assume that the sum of the specific and non-specific inputs is
multiplied by a top-down cognitive-gain parameter, g, that is the same for all accumulators.
We rescale these inputs into a set of relative bottom-up inputs, si = 1/f + Ii, which sum to
one. Hence the overall input to accumulator i, is gsi  0. Note that we have been working with
input as a positive quantity in order to relate it to the idea of capacity, which we assume is a
positive quantity with a zero-point defining the value below which capacity cannot be depleted
(i.e., where capacity is exhausted). However, we assume that the mean rate of evidence
accumulation, v, can range over the real line, and map it to overall input by a logarithmic
transformation: vi = ln(gsi).10
3.8 Capacity Limitation
Our model assumes that the two attention components, f and g, are limited in the sense
that fn + F  Cf and gn + G  Cg, where Cf and Cg denote the maximum capacity available for
focus and gain, and F and G are focus and gain demands from other cognitive processes. For
example, the accumulator system under consideration might support decisions for a binary
ongoing task. Suppose that FC and GC are the demands associated with a control condition and
that having to maintain a PM intent increases these demands by additive amounts FP and GP (we
note that ongoing and PM tasks are assumed to draw on the same pool of capacity). Suppose
further that fn + FC < Cf and gn + GC < Cg. There are two scenarios when the PM load is added,
either

10

Although the logarithmic transformation is a natural choice among smooth and monotonic increasing (i.e., order
preserving) functions, and widely used for this purpose in mathematics (Bland, Altman, & Rohlf, 2013), we know of
no empirical evidence bearing on the form of this transformation and acknowledge that other choices are possible.
The logarithmic choice is responsible for gain having exactly the same effect on all accumulator rates, and hence not
affecting rate differences among accumulators (i.e., quality) as ln(gsi) = ln(g) + ln(si).
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1) (fn + FC + FP)  Cf and (gn + GC + GP)  Cg, in which case ongoing task performance is
unaffected, or
2) (fn + FC + FP) > Cf and/or (gn + GC + GP) > Cg, in which case ongoing task performance
is impacted.
Assuming FP and GP are fixed under the same PM task load, then under (2) ongoing-task
attention focus is reduced to f’= (Cf – FC – FP)/n, and attention gain to g = (Cg – GC – GP)/n, so
that capacity usage equals Cf and Cg respectively.
3.9 Testing Capacity Effects in Binary Accumulators
In the binary case (i.e., a two-choice ongoing task) the difference between accumulator
rates (i.e., quality), v1 – v2, is purely a function of attention focus, f, and unaffected by attention
gain:
v1 – v2 = ln(gs1) – ln(gs2) = ln(g) + ln(1/f + I1) – ln(g) – ln(1/f + I2)
= ln(1/f + I1) – ln(1/f + I2)
In particular, if v1 is the rate for the matching accumulator and v2 the rate for the mismatching
accumulator then I1 > I2 and exp(v1 – v2) = (1/f + I1) / (1/f + I2) is evidently a decreasing function
of f, with a minimum at 1 (and hence a rate difference of zero) as f approaches zero and a
maximum of I1/I2 as f increases (i.e., maximum focus). Hence, if we assume I1 and I2 are
invariant over two conditions then the one with the larger value of v1 – v2 must have a larger f.
Processing quality (i.e., the difference between matching and mismatching accumulation rates) is
thus purely a measure of the cognitive focus directed to the task, with higher quality reflecting
increased focus. Note that quality refers specifically to the information determining the ongoing
task choice, which is binary. Thus, our derivation focuses on the two-accumulator case (i.e., it
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does not include the PM accumulator) in order to compare ongoing task processing in the control
and PM conditions.
The sum of accumulation rates (i.e., quantity), v1 + v2, is monotonic increasing in
attention gain, g, but it is also a function of f:
v1 + v2 = 2ln(g) + ln(s1) + ln(s2) = 2ln(g) + ln(1/f + I1) + ln(1/f + I2)
In particular, exponentiating reveals the sum to be a decreasing function of f:
exp(v1 + v2) = g2(1/f2 + (I1 + I2)/f + I1I2)
Hence, if we assume I1 and I2 are invariant over two conditions then the one with the larger value
of v1 + v2 must have a larger g and/or a smaller f.
In summary, for a two-choice ongoing task, processing quality is purely a measure of the
cognitive focus directed to that task, with higher quality reflecting greater focus. Processing
quantity, in contrast, depends on both gain and focus; higher quantity could reflect increased gain
and/or reduced focus. Assuming that the ongoing and PM tasks draw on the same pool of
capacity, this formulation allows us to assess the effect of PM demand on gain and focus for our
(binary) ongoing task. The next section explains how we propose to test this formulation of gain
and focus using PMDC, and it also introduces our predictions derived from the theory.
3.10 Current Study
We designed the experiment we report here to test our theory of cognitive gain and focus.
To this end, we used the air traffic control conflict detection task that Boag et al. (2019)
demonstrated imposed sufficient demands on cognitive capacity. In addition, we included three
manipulations intended to affect focus and gain: PM demand, time pressure, and task
importance, as discussed further below.
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In our task, participants made decisions about whether two aircraft would come into
conflict at some point in the future. They were presented with aircraft pairs sequentially (i.e.,
only two aircraft on screen at a time), cruising at the same altitude and converging on a common
intersection. Participants responded to each aircraft pair by pressing the conflict or non-conflict
response key to indicate whether the aircraft would violate the 5 nautical mile (nm) lateral
minimum separation standard in the future. In some blocks of trials, in addition to detecting
conflicts, participants were required to press an alternative PM response key instead of a conflict
or non-conflict ongoing task response for any aircraft with a callsign containing two of the same
letter (e.g., APA169, RTR451). This is an ecologically representative PM target, since
controllers may need to look out for a specific flight number to perform a deferred task action
(e.g., put QF217 in a holding pattern after it reaches a specific waypoint; Loft, 2014). This PM
target is non-focal to conflict detection (Einstein & McDaniel, 2005), meaning that the evidence
required to make PM decisions (i.e., assess aircraft callsign) is not required to make ongoing task
(conflict/non-conflict) decisions (e.g., assess the relative airspeed and relative distance of the two
aircraft from the common intersection; Vuckovic, Kwantes, Humphreys, & Neal, 2014).
To impose time pressure, we manipulated the number of aircraft pairs that needed to be
sequentially responded to (trial load), and the total time available to make that set of responses
(trial duration). This combination was used to check whether trial load and time available both
induced quantitatively similar time pressure effects, since this is not always the case in work
contexts such as air traffic control (Loft, Sanderson, Neal, & Moiij, 2007) and other similar
applied tasks (e.g., Hendy, Liao, & Milgram, 1997; Palada, Neal, Tay, & Heathcote, 2018).
To test for differences in capacity for gain and focus we also included a between-subjects
manipulation of task importance. Four experimental groups received one of four importance
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instructions (neutral, PM important, ongoing important, and ongoing-speed important) that
indicated which task(s) outcomes were most important: the accuracy of both tasks equally, the
accuracy of the PM task, the accuracy of the ongoing task, or the speed of the ongoing task. The
latter instruction encouraged participants to avoid non-response misses (i.e., failing to respond to
all pairs in the allocated time). The neutral importance condition was essentially a full replication
of Boag et al.’s (2019) design,11 with the other three importance conditions differing only by
incentive structure.
As outlined in our formulation above, we test for differences in cognitive gain in terms
of the quantity (sum of matching and mismatching) of ongoing task accumulation rates. Quantity
is an increasing function of gain, reflecting the overall amount of cognitive capacity involved in
processing a given task, and has been shown to both increase and decrease to meet task demands
(Boag et al., 2019; Rae et al., 2014). In line with previous results, we expect quantity to increase
as time pressure increases and to be higher in PM blocks compared with control blocks.
Consistent with Boag et al. (2019), we also expect ongoing-task quantity to trade off with PM
accumulation rates across different levels of time pressure (i.e., capacity should be shunted from
PM to ongoing processes as demands increase); such a trade-off is a critical indicator of capacity
sharing (Navon & Gopher, 1979).
The three importance manipulations were included to specifically test our new gain and
focus formulation of cognitive capacity. We included the speed-important condition to test our
formulation of gain. Our reasoning is that since quantity primarily controls the speed of
responding rather than accuracy (which is more a function of quality), then we should expect
11

One difference is that in the current study the neutral group received specific instructions to treat each task
equally. No such instruction was given in Boag et al. (2019) because there was only one experimental group.
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quantity to be highest in the speed-important group compared with the other three importance
groups (i.e., neutral, ongoing-important, PM-important). Further, a unique prediction of our
framework is that because quantity is also a decreasing function of focus, we expect quantity to
decrease for the most important task (i.e., where focus should be greatest). Emphasizing the
ongoing task should thus lead to lower ongoing-task quantity relative to the other three groups.
Emphasizing the PM task (i.e., shifting focus away from the ongoing task) should increase
ongoing-task quantity, however, participants may repurpose any additional resources to PM
processing, which would increase PM quantity at the expense of ongoing-task resources.
We test for changes in cognitive focus in terms of the quality of evidence accumulation
(matching – mismatching accumulator ongoing task rates). Quality measures the cognitive focus
directed to a given task and is negatively affected by increases in task demands including PM
and time pressure (e.g., Boag et al., 2019; Palada et al., 2018; Rae et al., 2014). Consistent with
previous work, we expect ongoing-task quality (focus) will decrease as time pressure increases,
due to less time being available to processes the stimulus during the shorter response window,
and to be lower in PM blocks compared with control blocks, due to focus being shared between
the ongoing and PM tasks.
Our importance manipulations were also intended to test our formulation of focus. The
speed-important instruction was intended to increase ongoing task gain and hence reduce quality,
consistent with speed emphasis negatively affecting processing quality (Rae et al., 2014). The
ongoing- and PM-important instructions were aimed at selectively shifting focus between the
ongoing and PM tasks, leading to higher quality processing for the emphasized task (relative to
the neutral condition). Specifically, emphasizing the accuracy of the ongoing versus PM tasks
should shift the focus of attention (which controls accuracy) between the ongoing and PM tasks
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without requiring a change in response speed (which is primarily controlled by quantity).
Emphasizing the ongoing task should thus increase ongoing-task quality relative to the other
three groups, whereas emphasizing the PM task should increase PM accumulation rates
(reflecting the greater focus on the PM task) and lead to poorer ongoing-task quality.
In terms of cognitive control mechanisms, we expect that participants will use proactive
control of thresholds to manage demands associated with time pressure, setting lower ongoing
task thresholds when trial deadlines are short to avoid misses (Boag et al., 2019), and higher
thresholds when deadlines are long to improve accuracy (Ratcliff & Rouder, 1998). Similarly,
we expect that participants will set higher ongoing task thresholds in PM blocks than in control
blocks (i.e., proactive control), and that the amount of proactive control will decrease as time
pressure increases, because higher levels of time pressure induce a trade-off between raising
thresholds to give the PM accumulator more time to finish and lowering thresholds to respond
within the trial deadline (Boag et al., 2019). We also expect participants to set lower PM
thresholds when under high time pressure in order to ensure that a PM response, if appropriate, is
made before the response deadline. Following Strickland et al. (2018), we expect that increasing
the importance of the PM task will lead participants to set higher ongoing task thresholds, and
that participants will set lower PM thresholds in PM-important versus PM-unimportant
conditions.
In terms of reactive control, we expect ‘reactive excitation’ in which PM accumulation
rates are higher on PM target trials than on non-PM trials. We also expected inhibition of
ongoing task accumulation rates on PM target trials (Strickland et al., 2018). That is,
accumulation rates for conflict and non-conflict decisions should be lower on PM target trials, as
compared with non-PM trials in PM blocks. Previous work suggests that reactive control is not
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affected by time pressure (Boag et al., 2019), but that it can be adjusted in line with the relative
importance of the PM and ongoing tasks, as Strickland et al. (2018) found that reactive inhibition
increased when the importance of the PM task was emphasized compared with when the ongoing
task was emphasized. This is also in line with fMRI data showing that motivating participants via
rewards can increase the strength of reactive response inhibition (Boehler et al., 2014).
3.11 Method
3.12 Participants
Two-hundred and forty-six people participated across four between-subject conditions
(see Table 3.1). Age ranged from 18 to 57 years. Participants completed one two-hour testing
session. All procedures were approved by the University of Western Australia Human Research
Ethics Office.
Table 3.1
Participant summary
N participants

Mean (SD) age

Neutral Condition

62 (47 female)

20.94 (3.99)

Ongoing-important Condition

60 (41 female)

22.20 (7.41)

Speed-important Condition

60 (49 female)

22.85 (5.28)

PM-important Condition

64 (48 female)

24.24 (10.28)

3.13 Air Traffic Control Conflict Detection Task
The conflict detection task (Fothergil, Loft, & Neal, 2009) was designed using principles
of representative design to achieve a balance of task fidelity, generality, and experimental
control. The task has been used previously to study PM (Loft, 2014) and to develop and test a
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performance theory and computational model of expert conflict detection in air traffic control
(Loft et al., 2009). As illustrated in Figure 3.3, each trial of the air traffic control conflict
detection task presented a single pair of aircraft traversing a fictitious en-route sector. The total
area of the airspace was 180 nm (nautical miles) by 112.5 nm. A data block next to each aircraft
displayed the callsign, the aircraft type, the flight level, and the speed in knots (i.e., nautical
miles per hour). Aircraft appeared within a circular air traffic control sector with a neutral grey
background and flew straight orthogonal paths (indicated by black lines) that converged at the
centre of the display. Aircraft position was updated every 20 ms. Participants could not alter the
flight levels, velocities, or headings of the aircraft.

Figure 3.3. Air traffic control simulator display. Information blocks next to each aircraft show callsign (e.g.,
UQJ363), aircraft type (B737), current and cleared altitude (e.g., 320>320), and airspeed (e.g., 54). Note that the
airspeed indicator omits the ending zero of the true speed (e.g., ‘54’ stands for 540 knots). The countdown timer
indicates that there are 15 seconds remaining in the trial.
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Participants’ primary (ongoing) task was to classify each pair of aircraft as either 'conflict'
or 'non-conflict' depending on whether the aircraft would violate a 5 nm minimum separation
distance at some point during their flight. On some trials one of the two aircraft would also
contain a PM target feature which required participants to make a PM response instead of the
conflict or non-conflict ongoing task response. Pairs of aircraft were presented sequentially and
disappeared from the screen once a response was made. A countdown timer showed the seconds
remaining in each trial. Trials ended when the timer reached zero. Any remaining aircraft not
responded to would disappear and be recorded as non-responses. A probe vector line on each
aircraft indicated the aircraft's heading and predicted position one minute into the future. A 10
nm by 20 nm (approximately 2 cm by 4 cm on screen) scale marker was fixed on the left side of
the display for use as a reference for judging relative aircraft distance.
3.14 Experimental Stimuli and Design
Table 3.2 gives the range of values for the features of aircraft pairs and the distribution
they were drawn from. We fixed the angle of approach between aircraft at 90 degrees to avoid
interactions between angle and perceived conflict status (e.g., Vuckovic, Kwantes, & Neal,
2013). The flight level for all aircraft was fixed at 37,000 feet. To create the different conflict
and non-conflict stimuli, each aircraft pair was assigned a miss distance (dmin: the distance
between the aircraft at their point of closest approach) either less than or greater than the 5 nm
separation standard. For conflict stimuli, dmin values were drawn from the uniform distribution
[0,3] nm. For non-conflict stimuli, dmin values were drawn from the uniform distribution [7,10]
nm. We allowed the speed, direction of approach, time to minimum separation (tmin), and order
of passing at the crossing (i.e., faster aircraft first vs. slower aircraft first) to vary randomly

172
(within the ranges specified in Table 3.2) from trial to trial to ensure participants could not learn
to use these features as predictive cues (Bowden & Loft, 2016; Loft, Humphreys, & Neal, 2004).
Table 3.2
Range of spatial variables of aircraft stimuli
Spatial variable

Lower

Upper

Units

dmin (Conflicts)

0

3

nm

dmin (Non-conflicts)

7

10

nm

400

700

knots

0

360

degrees

120

210

seconds

0

1

0 = fastest first, 1 = slowest first

Airspeed
Direction of approach
tmin
Order of passing

Aircraft with callsigns containing two of the same letter (e.g., APA169, RTR451) were
PM targets. On PM target trials only one of the aircraft on screen ever contained a PM target,
never both. Participants were instructed to respond to PM targets by pressing an alternate PM
key (e.g., ‘j’ or ‘d’) instead of the ongoing task (conflict/non-conflict) keys.
As illustrated in Table 3.3, participants performed four sets of trials, each containing a
block of control trials and a block of PM trials. Block order (control- or PM-first) was
counterbalanced between participants. In control blocks, participants were presented with a
randomized sequence of 80 aircraft pairs (40 conflict and 40 non-conflict), with no PM targets.
In PM blocks, participants were presented with a randomized sequence of 240 aircraft pairs (120
conflict and 120 non-conflict). Of these, a random 48 (24 conflict and 24 non-conflict) contained
a PM target. Thus, 20% (48/240) of PM block stimuli were PM targets. As raised in the General
Discussion section, this is a higher ratio of PM target trials to ongoing task trials than is
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traditionally used in PM studies, but gives us more PM trials, which serve to reliably constrain
our model, and increase the accuracy and precision of fitting PMDC to data.
Table 3.3
Details of experimental blocks with number of control and PM stimuli presented
Trial load
(decisions per trial)

Trial duration (s)
(overall time available)

Time pressure (s)
(average time available per
decision)

Control block
trials

PM block
trials

2

12

6

80

240

2

8

4

80

240

5

20

4

80

240

5

10

2

80

240

To create time pressure (average available time per conflict detection decision), we
manipulated trial load (decisions per trial) and trial duration (total time available to respond to all
decisions within a trial). Each trial had a load of either 2 or 5 aircraft pairs presented with an
associated trial duration (see Table 3.3). This resulted in 4 unique trial-load by trial-duration
combinations; one with 6s per decision, two blocks with 4s per decision and one block with 2s
per decision. The order in which blocks were presented was counterbalanced across participants.
We note that trial load and trial duration were not crossed orthogonally. This was done
intentionally to ensure trial load and trial duration remained at a reasonably engaging level of
demand while also not becoming impossibly difficult. Participants were informed of the trial
load and trial duration before each block and could thus adjust their strategies accordingly.
In addition, we included a between-subjects manipulation of task importance. The four
conditions received one of four importance instructions (neutral, ongoing-important, speedimportant, PM-important) that indicated which task to focus on (e.g., the accuracy of both tasks
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equally, PM task accuracy, ongoing task accuracy, ongoing task speed) and the associated
incentive structure (see Procedure for more details).
3.15 Procedure
Our procedure was identical to Boag et al. (2019), except that we included an additional
between-subjects manipulation of task importance. Each testing session comprised a training
phase and a test phase, which took 2 hours in total to complete. During the training phase
participants received verbal task instructions, watched an on-screen demonstration of the task,
and completed 40 training trials that included feedback after each response. The PM task was not
included in training. During the experimental phase participants completed eight blocks of
experimental trials without feedback.
Participants responded to each aircraft pair by pressing either the conflict or non-conflict
key. Participants were informed that each aircraft pair would be presented sequentially and
contain two aircraft moving towards each other on converging flight paths with a crossover point
at the centre of the display. They were told that several spatial properties of the aircraft would
vary from trial to trial, including their starting distance from the central crossing point, relative
speed, and distance of minimum separation. Before each block of trials, participants saw visual
instructions reminding them of the trial load and trial duration for that block. Depending on the
block, participants then received either control or PM instructions. Before control blocks,
participants were instructed that they only needed to make conflict and non-conflict responses.
Before PM blocks, participants were instructed to press a PM response key instead of the conflict
or non-conflict keys when they detected a PM target.
In addition, each condition received one of four task importance instructions (neutral,
ongoing-important, speed-important, PM-important). The neutral condition was instructed to
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“place equal importance on performing all aspects of the task accurately” and shown a points
table in which correct (incorrect) ongoing task and PM responses were rewarded (penalized)
equally. The ongoing-important condition was told to “place primary importance on performing
the conflict detection task accurately” and shown a points table in which ongoing task rewards
and penalties were double those of the PM task. The speed-important condition was instructed to
“place primary importance on avoiding non-response misses” and shown a points table in which
the penalty for non-responses was double the penalty for ongoing task and PM errors. The PMimportant condition was told to “place primary importance on performing the ‘call-sign’ (PM)
task accurately” and shown a points table in which PM task rewards and penalties were double
those of the ongoing task. The relevant importance instruction was also displayed on a sign on
the participant’s desk as a reminder. As an additional incentive to follow the instructions,
participants were told they could win up to $5 based on their score (all participants were given
$5 upon completing the task regardless of score). Participants completed a short distractor task
and saw a final reminder to respond as quickly and accurately as possible before commencing
the block.
Using a standard QWERTY keyboard, four response key assignments were
counterbalanced across participants; 1) s = conflict, d = non-conflict, j = PM, 2) d = conflict, s =
non-conflict, j = PM, 3) k = conflict, j = non-conflict, d = PM, and 4) j = conflict, k = nonconflict, d = PM. Participants were instructed to rest their fingers on their particular response key
combination throughout the task so that we could assume equal motor response time in our
modeling (see Voss, Voss, & Klauer, 2010). Each trial was preceded by a screen with the text
'Press [Space] to continue', pressing the space-bar initiated the trial. Trials ended when the trial
deadline expired (i.e., when the timer reached zero). Any aircraft pairs not responded to within
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the deadline were recorded as non-responses. Besides the training trials, participants received no
further feedback about their performance. Participants took self-paced breaks between each
block of trials and were permitted short breaks at any point between trials as needed.
3.16 Results
We first report conventional statistical analyses to check whether our experimental
manipulations had the expected effects on RT, accuracy, and non-response (miss) rate. Excluded
data are summarized in Table S3.1 in the supplementary materials. We excluded trials with
outlying RTs, defined as less than 0.2s or greater than 3 times the inter-quartile range / 1.349 (a
robust measure of standard deviation) above the mean, censoring outliers separately by time
pressure and importance instruction. We also excluded non-response misses and PM responses to
control-block ongoing-task stimuli (Table S3.1). Incorrect ongoing task responses to PM items
(~1% of responses) were included in model fitting but are not analysed further. For each
importance condition, conventional statistical analyses compare mean accuracy and RT by
stimulus type (conflict, non-conflict, PM), PM block (control, PM), and time pressure. Because
trial load and trial duration were not crossed orthogonally, time pressure is compared separately
for each level of trial load. At low trial load (2 decisions per trial) we compared time pressures of
6 and 4 seconds per decision; at high trial load (5 decisions per trial) we compared time pressures
of 4 and 2 seconds per decision. Between-subjects analyses are used to assess the effects of our
importance manipulation.
We used generalized linear mixed models with a probit link function in our significance
testing for accuracy effects. We used general linear mixed models with a Gaussian link function
in our significance testing for mean correct RTs. Analyses were conducted using the R package
lme4 (Bates, Machler, Bolker, & Walker, 2015). Significance was assessed using Wald's chi-
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square tests (Fox & Weisberg, 2011) with a two-tailed alpha level of .05. Post hoc tests applied
Bonferroni’s correction for alpha inflation. The results of our analyses are tabulated in the
supplementary materials (Tables S3.2-S3.8). All standard errors reported in text and displayed in
graphs were calculated using Morey’s (2008) within-subject bias-corrected method.
3.17 Conflict Detection (Non-PM Stimuli) Trials
For all four importance groups, conflict detection accuracy was lower for conflicts
compared with non-conflicts and slightly lower under PM load compared with control (Table
3.4). Conflict detection accuracy decreased as time pressure increased, under both low trial-load
and high trial-load (Table 3.5). We note that this effect did not reach significance for the
ongoing-important group when under low-load. That this effect disappears when the ongoing
task was prioritized suggests higher capacity for the ongoing task that is modulated by
importance (we explore this effect further in the Model Summary section below). When
comparing cells with equal time pressure, conflict detection accuracy was not significantly
affected by trial load for any of the importance groups.
Table 3.4
Mean (SE) ongoing task accuracy (%).
Stimulus
Most Important Task

PM Block

Time Pressure/Trial Load

Conflict

Non-conflict

Control

PM

A

B

C

D

Neutral

71.1 (2.2)

83.2 (2.1)

77.4 (2.4)

76.9 (2.5)

80.4 (1.8)

78.1 (1.8)

78.5 (2.0)

71.7 (2.1)

Ongoing

75.0 (2.3)

80.0 (2.3)

78.4 (2.3)

76.6 (2.5)

79.5 (2.0)

78.5 (1.7)

79.1 (1.9)

72.9 (2.0)

Speed

71.8 (2.3)

77.3 (2.3)

75.9 (2.3)

73.2 (2.4)

78.0 (1.9)

74.9 (1.9)

75.6 (1.8)

69.6 (1.9)

PM

73.4 (2.6)

80.1 (2.6)

78.1 (2.4)

75.4 (2.8)

80.2 (2.1)

77.2 (2.1)

78.2 (1.9)

71.5 (2.3)

A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Table 3.5
Ongoing task accuracy (%) time pressure contrasts
A-B

B-C

C-D

Most Important
Task

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Neutral

2.29

3.12

61

.003

0.40

-0.34

-0.47

61

0.64

0.06

6.71

8.84

61

<.001

1.12

Ongoing

0.98

0.94

59

0.35

0.12

-0.58

-0.82

59

0.41

0.11

6.23

7.07

59

<.001

0.91

Speed

3.10

4.13

59

<.001

0.53

-0.60

-0.80

59

0.43

0.10

5.96

6.35

59

<.001

0.82

PM

2.98

4.29

63

<.001

0.54

-0.96

-1.24

63

0.22

0.16

6.62

8.18

63

<.001

1.02

Bold values indicate significance at alpha = .05 (two-tailed). A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

There was a significant interaction between PM block and time pressure on conflict
detection accuracy, such that the cost to accuracy in PM blocks (as compared to control blocks)
was greatest when trial load and time pressure were high (Table 3.6). We note that this effect
was most pronounced in the PM-important group. Conflict detection accuracy did not differ
significantly by importance (Tables 3.14 & 3.15).
Table 3.6
Ongoing task accuracy (%) and RT (s) cost contrasts
Difference between PM and control blocks during high time pressure and high load
Accuracy (%)
Most Important Task

RT (s)

Mean Diff.

t

df

p

d

Mean Diff.

t

df

p

d

Neutral

3.18

3.81

61

<.001

0.48

-0.29

-10.68

61

<.001

1.36

Ongoing

3.47

3.90

59

<.001

0.50

-0.29

-9.05

58

<.001

1.18

Speed

3.81

3.91

59

<.001

0.50

-0.25

-7.48

59

<.001

0.97

PM

5.00

5.74

63

<.001

0.72

-0.39

-13.35

62

<.001

1.68

Bold values indicate significance at alpha = .05 (two-tailed).
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In general, mean RT was slower for conflicts compared with non-conflicts, slower for
errors compared with correct responses, and slower during PM blocks than control blocks
(Tables 3.7 & 3.8). Mean RTs were significantly faster under higher time pressure for both low
trial-load and high trial-load conditions (Table 3.9). Mean RTs were also slower under high trial
load compared with low trial load when comparing cells with equal time pressure, although this
effect was small and did not reach significance for the ongoing- and speed-important groups. For
the neutral and speed-important groups there was as significant interaction between PM block
and time pressure on mean ongoing task RT (Table S3.3), such that the cost to PM block RT
became smaller as time pressure increased. This effect was not significant for the ongoing- and
PM-important groups. Mean RT was fastest in the speed-important group; RTs were around
180ms faster on average than the other three importance groups (Tables 3.14 & 3.15).
Table 3.7
Mean (SE) ongoing task RT (s)
Stimulus
Most Important Task

PM Block

Time Pressure/Trial Load

Conflict

Non-conflict

Control

PM

A

B

C

D

Neutral

2.91 (0.15)

2.51 (0.13)

2.49 (0.13)

2.93 (0.14)

3.45 (0.11)

2.67 (0.07)

2.84 (0.08)

1.89 (0.06)

Ongoing

2.94 (0.15)

2.67 (0.13)

2.60 (0.14)

3.01 (0.13)

3.57 (0.10)

2.80 (0.07)

2.93 (0.08)

1.91 (0.06)

Speed

2.77 (0.15)

2.52 (0.13)

2.43 (0.13)

2.87 (0.14)

3.35 (0.11)

2.65 (0.08)

2.78 (0.08)

1.80 (0.06)

PM

2.97 (0.14)

2.68 (0.12)

2.58 (0.13)

3.07 (0.13)

3.58 (0.10)

2.76 (0.06)

2.98 (0.08)

1.98 (0.06)

A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Table 3.8
Ongoing task correct and error RT contrasts
Ongoing Task

PM Task

Mean RT (s)
Most Important Task

Mean RT (s)

Correct

Error

t

df

p

d

Correct

Error

t

df

p

d

Neutral

2.80

2.93

-10.26

21436

<.001

0.10

1.74

2.56

-34.21

3391.9

<.001

0.95

Ongoing

2.89

3.01

-8.22

20264

<.001

0.09

1.83

2.63

-33.56

4545.8

<.001

0.83

Speed

2.75

2.77

-1.71

25599

.088

0.02

1.79

2.46

-29.56

4445.4

<.001

0.73

PM

2.91

3.01

-7.77

23104

<.001

0.08

1.69

2.59

-33.46

2773.4

<.001

1.07

Bold values indicate significance at alpha = .05 (two-tailed).

Table 3.9
Ongoing task RT (s) time pressure contrasts
A-B

B-C

C-D

Most Important
Task

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Neutral

0.78

9.88

61

<.001

1.25

-0.17

-3.15

61

.003

0.40

0.95

15.78

61

<.001

2.00

Ongoing

0.78

9.98

59

<.001

1.29

-0.13

-2.09

59

.041

0.27

1.02

16.63

58

<.001

2.17

Speed

0.71

6.96

59

<.001

0.90

-0.14

-1.69

59

0.10

0.22

0.98

15.65

59

<.001

2.02

PM

0.82

14.99

62

<.001

1.89

-0.20

-3.43

62

.001

0.43

0.99

14.98

62

<.001

1.89

Bold values indicate significance at alpha = .05 (two-tailed). A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

To summarize, the addition of PM load resulted in slower (Mean Difference = 0.45s) and
slightly less accurate (Mean Difference = 1.93%) conflict detection, while increased time
pressure led to faster (Mean Difference = 0.99s) but less accurate (Mean Difference = 4.39%)
conflict detection. Importance affected mean RT, such that conflict detection RT was fastest with
speed-important instructions, but there were no reliable effects of importance on accuracy.
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3.18 PM Trials
PM responses were scored correct if the participant pressed the PM response key instead
of an ongoing task (conflict/non-conflict) response key on PM target trials. For all four
importance groups, PM accuracy decreased as time pressure increased, during both low trial-load
and high trial-load conditions (Tables 3.10 & 3.11). Except for the neutral group, PM accuracy
was not significantly affected by trial load when comparing cells with equal time pressure. PM
accuracy was highest (by around 10%) in the PM-important group and lowest in the ongoingand speed-important groups (Tables 3.14 & 3.15). As will be discussed further in the Model
Summary section below, this suggests higher capacity for the PM task when it was emphasized,
indicating that importance directs how resources are allocated between tasks.
Table 3.10
Mean (SE) PM accuracy (%)
Stimulus
Most Important Task

Time Pressure/Trial Load

PM (Conflict)

PM (Non-conflict)

A

B

C

D

Neutral

77.4 (2.6)

74.3 (2.6)

84.7 (1.5)

76.0 (1.9)

80.9 (1.5)

61.7 (1.9)

Ongoing

68.5 (3.0)

67.3 (3.1)

78.2 (1.9)

71.6 (1.7)

72.7 (1.5)

49.0 (2.2)

Speed

70.6 (2.8)

69.2 (2.8)

78.3 (1.8)

73.1 (1.7)

72.7 (2.1)

55.4 (1.9)

PM

80.2 (2.0)

77.7 (2.2)

86.5 (1.2)

79.6 (1.4)

81.1 (1.3)

68.6 (1.7)

A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Table 3.11
PM accuracy (%) time pressure contrasts
A-B

B-C

C-D

Most Important
Task

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Neutral

8.63

5.14

61

<.001

0.65

-4.90

-2.73

61

.008

0.35

19.20

10.90

61

<.001

1.38

Ongoing

6.64

2.79

59

.007

0.36

-1.18

-0.63

59

0.53

0.08

23.72

9.92

59

<.001

1.28

Speed

5.19

2.48

59

0.016

0.32

0.41

0.17

59

0.87

0.02

17.31

6.76

59

<.001

0.87

PM

6.90

5.50

63

<.001

0.69

-1.52

-0.95

63

0.34

0.12

12.52

7.81

63

<.001

0.98

Bold values indicate significance at alpha = .05 (two-tailed). A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

Mean RT was slower for PM errors compared with correct PM responses (in PM blocks)
(Table 3.12). Mean RT for correct PM responses was significantly faster at higher levels of time
pressure during both low trial-load and high trial-load conditions (Tables 3.12 & 3.13). PM RT
was not significantly affected by trial load when comparing cells with equal time pressure. There
were no significant differences in PM accuracy or PM RT between conflict PM targets and nonconflict PM targets. PM false alarms (i.e., PM responses to non-PM stimuli in PM blocks)
occurred on around 0.6% of PM block trials in each importance group (see Table S3.1) with
mean RTs around 2.30s (Neutral: 2.27s, Ongoing-important: 2.16s, Speed-important: 2.33s, PMimportant: 2.39s). PM false alarms were most common in the PM-important group and least
common in the neutral group (Mean Difference = 0.55%) t = 1.88, df = 63.96, p = .065, d = 0.33.
PM RT was fastest in the PM-important group and slowest in the ongoing-important group
(Tables 3.14 & 3.15).
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To summarize, as with the ongoing task, increased time pressure led to faster (Mean
Difference = 0.27s) but less accurate PM performance (Mean Difference = 12.51%), whereas
PM-importance instructions led to faster and more accurate PM performance.
Table 3.12
Mean (SE) PM RT (s)
Stimulus
Most Important
Task

Outcome

Time Pressure/Trial Load

PM (Conflict)

PM (Conflict)

Correct

Error

A

B

C

D

Neutral

1.76 (0.06)

1.76 (0.06)

1.75 (0.07)

2.75 (0.16)

1.99 (0.05)

1.74 (0.03)

1.79 (0.05)

1.49 (0.04)

Ongoing

1.87 (0.07)

1.87 (0.07)

1.85 (0.08)

2.75 (0.16)

2.06 (0.05)

1.85 (0.04)

1.90 (0.04)

1.60 (0.05)

Speed

1.81 (0.06)

1.81 (0.06)

1.82 (0.07)

2.60 (0.16)

2.06 (0.04)

1.82 (0.04)

1.86 (0.04)

1.52 (0.04)

PM

1.72 (0.05)

1.72 (0.05)

1.72 (0.07)

2.81 (0.18)

1.96 (0.05)

1.69 (0.03)

1.73 (0.03)

1.51 (0.04)

A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.

Table 3.13
PM RT (s) time pressure contrasts
A-B

B-C

C-D

Most Important
Task

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Neutral

0.27

5.34

60

<.001

0.68

-0.05

-1.24

61

0.22

0.16

0.25

5.66

60

<.001

0.73

Ongoing

0.21

4.32

56

<.001

0.57

-0.07

-1.59

56

0.12

0.21

0.30

4.95

55

<.001

0.66

Speed

0.24

5.02

57

<.001

0.66

-0.04

-0.76

57

0.45

0.10

0.33

5.84

57

<.001

0.77

PM

0.28

5.35

61

<.001

0.68

-0.05

-1.56

60

0.12

0.20

0.21

7.50

59

<.001

0.97

Bold values indicate significance at alpha = .05 (two-tailed). A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.
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Table 3.14
Mean (SE) accuracy (%), RT (s), and non-response proportions (%) by importance
Most Important Task
Most Important Task

Neutral

Ongoing

Speed

PM

Ongoing Accuracy

77.2 (1.0)

77.5 (1.0)

74.5 (1.0)

76.8 (1.1)

PM Accuracy

76.2 (0.4)

68.4 (0.2)

70.3 (0.2)

79.2 (0.3)

Ongoing RT

2.71 (0.06)

2.80 (0.06)

2.65 (0.06)

2.83 (0.06)

PM RT

1.75 (0.03)

1.85 (0.03)

1.82 (0.02)

1.72 (0.02)

4.3 (0.5)

5.45 (0.5)

3.77 (0.4)

5.67 (0.6)

Non-response %

Table 3.15
Accuracy (%), RT (s), and non-response proportion (%) importance contrasts
Task Importance Contrast
PM-Ongoing

PM-Speed

Ongoing-Speed

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Ongoing
Accuracy

-0.7

0.58

121.92

.57

0.10

2.2

-1.60

117.29

.11

0.29

2.9

-2.13

114.49

.035

0.39

PM
Accuracy

10.8

-3.02

118.93

.003

0.54

9.0

-2.65

121.64

.009

0.48

-1.8

0.51

116.68

.61

0.09

Ongoing
RT

0.02

-0.30

119.90

.77

0.05

0.18

-2.37

120.63

.019

0.43

0.16

-2.14

116.92

.035

0.39

PM RT

-0.15

2.75

92.62

.007

0.52

-0.12

2.69

108.43

.008

0.49

0.02

-0.45

104.04

.65

0.09

0.7

-0.09

112.86

0.93

0.02

1.7

-2.10

108.53

.038

0.37

1.6

-2.45

117.3

.016

0.45

Measure

Nonresponse %

Bold values indicate significance at alpha = .05 (two-tailed).

3.19 Non-responses
We examined the effects of PM block and time pressure on non-response (miss)
proportions using a linear mixed effects model with a probit link function (Table S3.7 in the
supplementary materials). Non-responses included non-responses to PM and ongoing task
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stimuli. In all four importance groups, non-responses were slightly more frequent in PM blocks
compared with control blocks and became more frequent as time pressure increased during both
low trial-load and high trial-load conditions (Tables 3.16 & 3.17). The proportion of nonresponses was higher during low trial load versus high trial load when comparing cells with
equal time pressure. There was a significant interaction between PM block and time pressure on
non-responses, such that the increase in non-responses from control to PM blocks was greatest
when trial load and time pressure were both high. Non-responses were least frequent in the
speed-important group (3.8%) and most frequent in the ongoing- and PM-important groups
(5.5% and 5.7%) (Tables 3.14 & 3.15).
Table 3.16
Mean non-responses (%) by PM block, time pressure and importance
PM Block
Most Important Task

Time Pressure/Trial Load

Control

PM

A

B

C

D

Total %

Neutral

3.84

4.46

1.48

3.17

1.77

10.80

4.30

Ongoing

4.66

5.71

1.54

4.67

2.54

13.04

5.45

Speed

3.32

3.92

1.38

3.59

1.40

8.71

3.77

PM

4.64

6.01

1.44

4.59

3.13

13.53

5.67

A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Table 3.17
Non-response (%) time pressure contrasts
A-B

B-C

C-D

Most
Important Task

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Mean
Diff.

t

df

p

d

Neutral

-1.31

-4.02

61

<.001

0.51

1.13

3.14

61

.003

0.40

-8.50

-7.92

61

<.001

1.01

Ongoing

-2.81

-6.13

59

<.001

0.79

1.97

3.76

59

<.001

0.49

-10.10

-8.23

59

<.001

1.06

Speed

-1.89

-3.30

59

.002

0.43

1.82

3.14

59

.003

0.41

-6.78

-5.31

59

<.001

0.69

PM

-2.63

-4.17

63

<.001

0.52

1.02

2.30

63

.025

0.29

-9.66

-7.24

63

<.001

0.91

Bold values indicate significance at alpha = .05 (two-tailed). A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C:
4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

3.20 Model Analysis
We fit PMDC using a conventional parameterization in terms of separate mean rate (v)
estimates for each accumulator. We could have directly parameterized mean rates as functions of
gain and focus, but rather than imposing this framework we sought instead to test its implications
using the conventional rate estimates to calculate quality (i.e., the difference in mean rates
between matching and mismatching accumulators for the ongoing task) and quantity (i.e., the
sum of mean rates over matching and mismatching accumulators).
Within-subjects (i.e., within each importance condition), model parameters were allowed
to vary over latent response (i.e., the conflict, non-conflict, and PM accumulators that lead to
each response) and three manifest factors: stimulus type, time pressure/trial load, and PM block.
Note that the latent response factor corresponds to the accumulators, not the observed response,
meaning that the observed response is predicted by the model, not included in it. There were four
stimulus types: non-PM conflict, non-PM non-conflict, PM conflict, and PM non-conflict. There
were four levels of time pressure, created by manipulating trial load (2 vs. 5 decisions per trial)
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and trial duration: 6s per decision (2 decisions per trial), 4s per decision (2 decisions per trial), 4s
per decision (5 decisions per trial), 2s per decision (5 decisions per trial). There were two levels
of PM demand: control (i.e., no PM demand) and PM.
To reduce model complexity, we applied a number of theoretically sensible restrictions
on which experimental factors each parameter could vary over. As is common practice, we
estimated one common A parameter for all accumulators and conditions. We allowed the sv
parameter to vary by stimulus and accumulator but not by time pressure or PM block.12 Since
one accumulator parameter must be fixed to an arbitrary value as a scaling parameter (Donkin,
Brown, & Heathcote, 2009), we fixed the sv parameter for PM responses to non-PM items at 0.5.
Since our design minimized any potential differences in the motor movement required to
make each response (i.e., participants kept their fingers positioned above the response keys), one
non-decision time (ter) parameter was estimated for each participant. Moreover, previous
research has suggested that non-decision time does not play a role in PM cost for the LBA (e.g.,
Anderson et al., 2018; Heathcote et al., 2015; Strickland et al., 2017, 2018).13 Owing to very low
numbers of PM false alarms (PM responses to non-PM stimuli in PM blocks), estimates of both
accumulation rate and variance (v and sv) were pooled across time pressure and PM blocks to
12

We note that this approach is more flexible than most prior LBA modeling, in which sv is typically only allowed
to vary as a function of whether the latent accumulator is a ‘match’ or a ‘mismatch’ to the stimulus (but see
Heathcote & Love, 2012; Osth, Bora, Dennis, & Heathcote, 2017; Strickland et al., 2018, for exceptions). We used
this more flexible approach because in our model there are two types of 'correct' response for PM trials (i.e., correct
PM and correct ongoing task decision). A version of the model constrained to have only one sv parameter (75
parameters in total) produced visually similar fits and either preserved or exaggerated the direction of all effects
found in the more flexible model.
13
Note that we checked this by fitting a version of the model that allowed non-decision time to vary between
control and PM blocks. The more complex non-decision time model produced visually identical fits to choice
probabilities and response times as the selected model (see Model Selection) with non-decision time fixed across
control and PM blocks. However, the DIC measure of model parsimony favoured the simpler model (i.e., the model
with non-decision time fixed across control and PM blocks).
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give one PM rate for PM responses to non-PM items and one corresponding sv parameter (which
was used as a fixed scaling parameter as mentioned above) for each importance group. These
constraints resulted in an 89 parameter most flexible 'top' model with one A, one ter, 20 B, 57 v,
and 10 sv parameters. We compared this top model against several simpler variants that we
outline below (see Model Selection).
3.21 Sampling
Model parameters were estimated via Bayesian estimation using Heathcote et al.’s (2018)
DMC software, which gives probability distributions that reflect the degree of certainty
surrounding parameter values.14 Because of the large number of participants in our sample and
the complexity of our models, hierarchical methods proved too computationally expensive to fit
(estimated at several months of multi-core server time per fit), so we estimated parameters
separately for each participant.
In Bayesian analysis, the researcher is required to specify prior beliefs about the
probabilities of parameters and the form of their distributions before observing the data.
However, because of our large sample sizes and use of inference based on posterior probability
distributions, the influence of our particular choice of priors on the final parameter estimates was
negligible as we used relatively non-informative priors (Table 3.18), identical to Boag et al.

14

The Bayesian approach provides entire probability distributions of parameter values (in contrast to the single
point estimates provided by maximum likelihood-based methods). This allowed us to quantify uncertainty
surrounding parameter values, which is particularly important when modelling PM paradigms (in which PM
observations are necessarily rare), and reduces the risk of detecting false effects. Quantifying uncertainty via
Bayesian posterior distributions was also crucial for our use of posterior inference (which relies on sampling from
parameters’ posterior distributions) to compare parameters across conditions and draw inferences concerning
parameter differences.
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(2019). All prior values were the same over control and PM blocks, the same over time pressure,
and the same for each importance group.
Table 3.18
Prior distributions
Parameter

Distribution

Mean

SD

Lower

Upper

A

Truncated normal

3

1

0

10

B

Truncated normal

2

1

0

None

v (Matching ongoing task response)

Truncated normal

1

2

None

None

v (Mismatching ongoing task response)

Truncated normal

0

2

None

None

v (PM hit)

Truncated normal

1

2

None

None

v (PM false alarm)

Truncated normal

0

2

None

None

sv

Truncated normal

0.5

1

0

None

ter

Uniform

1

0.1

1

We estimated posterior parameter distributions using the differential evolution Markovchain Monte-Carlo (DE-MCMC) algorithm (Turner, Sederberg, Brown, & Steyvers, 2013). DEMCMC is especially adept at handling models with highly correlated parameters, as is common
in accumulate-to-threshold modelling. The number of chains used by the sampler was three times
the number of parameters (e.g., for an 84-parameter model there were 252 chains per parameter).
Chains were thinned by 20 (i.e., one iteration out of every 20 was kept) and sampling continued
until a Gelman's (2014) multivariate potential scale reduction factor less than 1.1 indicated
convergence, stationarity, and mixing. Convergence, stationarity, and mixing were verified via
visual inspection. For each participant, the posterior distribution for each parameter consisted of
30,240 samples (i.e., 252 chains with 120 iterations each).
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3.22 Model Results
3.23 Model Fits: Accuracy and RT
To evaluate fit, we sampled 100 posterior predictions for each participant and then
averaged over participants. The model provided good fits to both ongoing task and PM accuracy
(Figures S3.1 & S3.4 in the supplementary materials) and gave a good account of the entire
distribution of RTs (Figures S3.2-S3.4). The model provided a close fit to the differences in
manifest accuracy and RT observed across PM and control blocks and across different levels of
time pressure for each importance group. The model also provided accurate out-of-sample
predictions of non-response proportions across all experimental factors (Figure S3.5).
3.24 Model Selection
To assess whether we could justify constraining model parameters over experimental
factors (e.g., PM block, time pressure) to obtain a simpler model with fewer parameters, we used
the Deviance Information Criterion (DIC; Spiegelhalter, Best, Carlin, & Van Der Linde, 2002).
The DIC measure considers both the complexity of a model (i.e., the number of parameters) and
its goodness of fit. Models with smaller DIC values are typically to be preferred. The number of
parameters for each model and its DIC value are shown in Table 3.19.
Using the fully flexible top model as a starting point, we built several simpler variants by
systematically constraining ongoing task threshold and ongoing task rate parameters over time
pressure and PM block. We could thus establish whether it was necessary to vary ongoing task
thresholds and/or rates to account for the observed effects of time pressure and PM demand. We
compared four simpler variants to the top model: a model in which rates could vary across PM
and control blocks but thresholds could not; a model in which thresholds could vary across PM
and control blocks but rates could not; a model in which rates could vary by time pressure but
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thresholds could not; and a model in which thresholds could vary by time pressure but rates
could not.
Table 3.19
DIC model selection. Lower DIC indicates more preference for the model.
DIC – minimum DIC
Model

Parameters

Neutral

Ongoing

Speed

PM

Top model

89

303

178

491

495

Selected model

84

0

0

0

0

Thresholds fixed over PM block

81

5668

4371

4988

6821

Rates fixed over PM block

73

1549

1644

1674

2267

Thresholds fixed over time pressure

74

4008

4380

5819

4234

Rates fixed over time pressure

47

5925

6616

6188

5822

The DICs for the selected model were: Neutral = 238899, Ongoing = 247298, Speed = 246239, PM = 247860.

As illustrated in Table 3.19, the fully flexible top model was preferred over each simpler
variant, which suggests that it is necessary to allow both ongoing task threshold and ongoing task
rate parameters to vary over time pressure and PM demand factors. That is, both parameters play
an important role in explaining the empirical effects of time pressure and PM demand.
To further explore whether we could simplify the top model, we tested an additional
model (the selected model) that – like the top model – allowed both ongoing task thresholds and
ongoing task rates to vary over both time pressure and PM demand factors, but contained a slight
simplification in which the PM rate parameter was constrained to not vary by stimulus type (i.e.,
the same PM rate was estimated for PM conflicts and PM non-conflicts). This simplification
makes sense because the evidence used to make PM decisions was independent of the evidence
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used to make either conflict or non-conflict ongoing task decisions. This model obtained the
smallest DIC value of all the models tested and was thus selected as our preferred model for
further analysis. The results of model selection thus implicate both rates and thresholds in
explaining why ongoing task and PM accuracy and RT differ by time pressure and PM load.
3.25 Model Summary
In order to summarize the parameters at the group level, we created a subject-average
posterior distribution. To obtain this distribution, we computed the mean of each posterior
sample across participants for each parameter. In terms of theory, our main interest was in the
accumulation rate and threshold parameters for the ongoing and PM tasks (explored in detail in
the following sections). All other parameters had reasonable values consistent with prior studies.
The sv posterior means and SDs are summarized in Table S3.9 in the supplementary materials.
For non-PM stimuli, ongoing task sv parameters were lower for the matching accumulators than
the mismatching accumulators, consistent with other LBA modelling (e.g., Heathcote et al.,
2015; Heathcote & Love, 2012). PM sv was generally more variable than ongoing task sv, likely
due to the smaller number of PM observations. Table S3.10 shows the means of the subjectaverage posterior distribution for non-decision time, A, and the PM accumulation rate for PM
responses to non-PM items for each importance group. We note that non-decision time was
reliably faster in the speed-important group compared with the other three importance groups
and slowest in the PM-important group. As will be addressed further in the discussion, this is
consistent with some modulation of encoding and motor responses by task importance and/or
additional time spent checking for PM stimuli.
We tested the direction and magnitude of differences in ongoing task and PM threshold
and rate parameters for the selected model between conditions to assess how consistent the
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effects were with our theoretical predictions concerning time pressure, PM demand, and task
importance. To this end, we calculated posterior distributions of the differences between
experimental conditions. To test the proactive control account of PM costs, for example, we took
the difference between ongoing-task thresholds in control blocks and ongoing-task thresholds in
PM blocks for each posterior sample, which gives the posterior probability distribution of the
effect of PM load on ongoing task thresholds. We calculated differences for each participant
independently, before averaging over participants to produce a subject-averaged posterior
difference distribution. To assess significance of the differences we report Bayesian p-values
(Klauer, 2010) for each subject-averaged difference distribution that give the one-tailed
probability that the effect does not run in the most sampled direction.
Because of the high ratio of trials per participant in our design, most of the observed
differences between parameters had p-values close to zero, suggesting a very high probability of
an effect being present. To compare the magnitude of the effects, however, we report the
standardized difference between parameters (i.e., M / SD of the posterior difference distribution).
Our posterior parameter distributions were approximately normal in shape, so this value can be
interpreted analogously to a Z-score. As such, we refer to this statistic as Z herein. Tables S3.11S3.21 in the supplementary materials display the Z-score effect sizes and p-values for all
parameter comparisons.
3.26 Proactive Control
Figure 3.5 shows ongoing task thresholds (averaged over accumulators) plotted by PM
block and time pressure for each importance-instruction group. Ongoing task thresholds were
higher in PM than control blocks for both conflict and non-conflict accumulators (Table S3.11).
In both control and PM blocks, average ongoing task thresholds decreased as time pressure
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increased, under both low trial-load and high trial-load conditions (Table S3.12). Average
ongoing task thresholds also tended to be slightly lower in high trial-load compared to low trialload conditions when comparing cells with equal time pressure, although the opposite trend
occurred in the speed-important control block, and the effect was not reliable for the PMimportant group. These effects suggest that participants use thresholds adjustments to adapt to
PM and time pressure demands, consistent with proactive cognitive control.
Time pressure affected the amount that participants increased their ongoing task
thresholds by when under PM load. That is, the size of ongoing task threshold adjustments
between control and PM blocks became smaller as time pressure increased. As shown in Figure
3.4, the average size of PM block-control block threshold differences tended to be smaller under
high time pressure versus low time pressure during both low trial-load and high trial-load
conditions, although this effect sometimes did not reach significance at low time pressure (see
Table S3.13). PM block-control block ongoing task threshold differences also tended to be
smaller during high trial load versus low trial load when comparing cells with equal time
pressure. The amount of proactive control was also affected by task importance, such that the
PM-important group used the largest amount of proactive control, while the ongoing- and speedimportant groups used the least (all between-subjects importance effects are summarized in
Figure 3.8 and Table 3.20 below).
Figure 3.4 also shows PM thresholds under different levels of time pressure for low trialload (2 decisions per trial) and high trial-load (5 decisions per trial) conditions for all four
importance groups. As can be seen, PM thresholds decreased substantially under high time
pressure relative to low time pressure during both low trial-load and high trial-load conditions,
but tended to not differ much by load when comparing cells with equal time pressure (Table
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S3.14). Consistent with the increase in PM false alarms in the PM-important group, PM
thresholds were lower during PM-important instructions compared with the other three
importance conditions (Figure 3.4; see also Figure 3.8), particularly under high time pressure and
high load (Table 3.20). Overall, these shifts in PM thresholds with time pressure support a
proactive control account in which participants set thresholds strategically in order to manage
responses as a function of time pressure as well as to increase the probability of responding to
high- versus low-importance stimuli. However, as noted, this strategy can reduce PM accuracy
(under high time pressure) and increase PM false alarms (when PM is important).

Figure 3.4. Average ongoing task and PM thresholds by time pressure and PM block for each importance group.
Central symbols represent posterior means. Error bars represent +/- 1 posterior standard deviation.
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3.27 Capacity Effects (Quantity and Quality)
Quantity. As Figure 3.5 shows, ongoing task accumulation rates increased as time
pressure increased. To assess changes in processing quantity with time pressure, we compared
the sum of matching and mismatching ongoing task rates in lower time pressure blocks with the
sum of matching and mismatching rates in higher time pressure blocks. Processing quantity
(matching + mismatching rates) increased from lower to higher time pressure blocks under both
low trial-load and high trial-load conditions (Table S3.15). Quantity decreased, however, from
low to high trial load when comparing cells with equal time pressure.
We also investigated how PM demands affected ongoing-task quantity. Ongoing task
quantity (matching + mismatching rates) increased from control to PM blocks (Table S3.16),
suggesting that more resources were deployed to the ongoing task under PM demand. Adding
PM load thus had a similar effect to increasing time pressure, such that participants deployed
more resources under PM load and as the time available to complete the task decreased.
Confirming our framework’s prediction that quantity should be a decreasing function of
focus, quantity was lowest in the ongoing-important group (where ongoing task focus was
highest) and highest in the speed-important group (where ongoing task focus was lowest) (Figure
3.8 & Table 3.20). The latter effect is consistent with quantity being primarily related to the
speed of responding (in contrast to quality, which represents the signal-to-noise ratio of the
evidence and thus determines accuracy).
As shown in Figure 3.5, the PM accumulation rate decreased with time pressure under
both low trial-load and high trial-load conditions, although this was not significant for the speedor PM-important group at low trial load (possibly reflecting the overall emphasis on task
response speed in the first case, and the extra resources shunted to the PM task in the second)
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(Table S3.17). PM accumulation rates tended to be lower during high versus low trial load when
comparing cells with equal time pressure, although this trend only reached significance for the
neutral group. Overall, the PM rate effects suggest a time-pressure modulated trade-off in how
resources were allocated between the ongoing and PM tasks: as the ongoing task consumes more
resources to cope with additional time pressure demands, it draws on resources that would have
otherwise been allocated to the PM task.

Figure 3.5. Average ongoing task and PM accumulation rates by time pressure and PM block for each importance
group. Central symbols represent posterior means. Error bars represent +/- 1 posterior standard deviation.
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Importance also affected PM accumulation rates, such that PM rates were reliably higher
in the PM-important group compared with the other three importance conditions (Table 3.20).
PM rates were reliably lower in the ongoing- and speed-important groups compared with neutral
and PM-important (Figure 3.8). As will be discussed, this is consistent with participants directing
more resources to PM when the PM task is important and less resources to PM when the ongoing
task or response speed is more important.
Quality. We tested for changes in ongoing-task processing quality at different time
pressure by comparing the difference between matching and mismatching ongoing task
accumulation rates in lower time pressure blocks with the difference between matching and
mismatching rates in higher time pressure blocks. Ongoing task rates (i.e., rates for conflicts and
non-conflicts that were not PM targets) at different time pressure are illustrated in Figure 3.5 for
each importance group. Except for conflicts presented in low trial-load blocks, the quality of
ongoing-task processing was lower in higher time pressure blocks compared with lower time
pressure blocks during both low trial-load and high trial-load conditions (Table S3.18). Increased
time pressure thus reduced the quality of ongoing-task processing. This effect was also evident
between-subjects, such that overall ongoing-task quality was reliably lower in the speedimportant group compared with the other three importance conditions (Figure 3.8). Processing
quality was, in general, not reliably affected by trial load when comparing cells with equal time
pressure.
We also tested how ongoing-task quality varied with PM demands. Consistent with
capacity-sharing, the difference between matching and mismatching rates was smaller under PM
load compared with the control condition (Table S3.19). That is, the quality of ongoing-task
processing was poorer in PM blocks compared with control blocks. There was no significant
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interaction between time pressure and PM block on ongoing-task quality. In contrast to
processing quantity, which was highest in the speed-important group, ongoing-task quality was
highest in the ongoing-important group and lowest in the speed-important group (Figure 3.6). As
will be discussed, this is consistent with our conceptualization of quality as a measure of
selective cognitive focus that serves to increase accuracy (which we would expect to be shifted
around based on task importance) and quantity as measuring a more general gain mechanism that
serves to increase speed (which is less easily directed towards individual task components).
Interestingly, when comparing ongoing-task quality between neutral and PM-important
groups, quality tended to be lower under PM-important instructions, but this effect only
approached reliability in PM blocks (Table 3.20). This is also consistent with importancemodulated selective attention and demonstrates selective influence for this model mechanism
(i.e., we would only expect PM-importance instructions to take effect in PM blocks). As
summarized in Figure 3.6, together these results suggest that resources are flexibly allocated
between competing task goals based on the time pressure, PM load, and relative importance
characteristics of the task environment, and provide further support for the idea that capacity
involves distinct selective cognitive focus and gain mechanisms.
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Figure 3.6. Quality (top) and quantity (bottom) of ongoing-task processing by time pressure and PM block for
each importance group (shown as separate lines). Central symbols represent posterior means. Error bars represent
+/- 1 posterior standard deviation. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per
trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

3.28 Reactive Control (PM vs. Non-PM Trial Accumulation)
As illustrated in Figure 3.7, ongoing task rates were lower for stimuli containing a PM
target compared with stimuli that did not contain a PM target (Table S3.20). This is consistent
with reactive inhibition in which accumulation rates for competing ongoing task responses are
suppressed in the presence of a PM target.
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In general, the strength of the reactive control effect did not interact with time pressure,
with a mixture of positive, negative, and non-significant effects (see Table S3.21). Overall,
however (and considering the small effect sizes involved) it appears that reactive control
processes were mostly unaffected by changes in time pressure.
In contrast, the strength of reactive control was affected by task importance. As
illustrated in Figure 3.8, the average amount of reactive control (i.e., the strength of inhibition of
ongoing task stimuli) was highest under PM-important instructions (replicating Strickland et al.,
2018) and lowest under ongoing-important instructions (Table 3.20). This suggests that
importance modulates the strength with which irrelevant task information is inhibited.

Figure 3.7. Ongoing task accumulation rates with PM item present versus absent for each importance group.
Central symbols represent posterior means. Error bars represent +/- 1 posterior standard deviation.
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Table 3.20
Between-subjects importance contrasts
Task Importance Contrast
PM-Neutral
Measure
Mean Proactive Control

Mean Reactive Control

Mean PM B

Mean PM v

Mean Quantity

Mean Quality

Non-decision time

PM-Ongoing

Ongoing-Speed

Ongoing-Neutral

Condition

Z

p

Z

p

Z

p

Z

p

A

4.57

<.001

5.52

<.001

-2.01

.02

-1.11

.13

B

-2.15

.02

3.33

.001

-2.22

.01

-5.29

<.001

C

1.94

.03

6.22

<.001

0.26

.40

-4.30

<.001

D

6.65

<.001

11.75

<.001

0.68

.25

-5.62

<.001

A

0.44

.33

2.59

.005

-2.72

.004

-2.18

.01

B

1.07

.14

3.23

.001

-3.08

.001

-2.23

.01

C

2.46

.006

2.97

.001

-0.34

.37

-0.61

.27

D

0.97

.17

5.11

<.001

-3.8

<.001

-4.34

<.001

A

-1.41

.08

-2.04

.02

1.63

.05

0.62

.27

B

1.05

.15

-0.90

.18

-1.12

.13

1.83

.03

C

-1.75

.04

-0.99

.16

1.60

.06

-0.72

.23

D

-5.76

<.001

-4.34

<.001

0.04

.48

-1.12

.13

A

1.81

.03

5.45

<.001

2.56

.005

-3.62

<.001

B

5.61

<.001

8.82

<.001

-1.77

.04

-3.47

<.001

C

0.56

.29

7.65

<.001

-1.48

.07

-6.97

<.001

D

1.00

.16

7.62

<.001

-2.63

.005

-6.26

<.001

Control

-3.87

<.001

-3.29

.001

-3.37

.001

-0.50

.31

PM

-2.18

.02

2.06

.02

-4.70

<.001

-4.16

<.001

Control

0.38

.35

-1.65

.049

4.93

<.001

2.03

.02

PM

-1.54

.06

-3.90

<.001

7.51

<.001

2.36

.008

3.08

.002

-3.29

.001

-3.37

.001

-0.50

.31

Bold values indicate reliable effects (ps denote the Bayesian one-tailed probability that the effect does not run in the most sampled direction). A:
6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Figure 3.8. Summary of between-subjects importance effects. The panels on the left show capacity (PM v,
ongoing-task quantity, ongoing-task quality) and non-decision time effects. The panels on the right show
cognitive control effects (PM thresholds, mean proactive control, mean reactive control).

3.29 Relative Effects
We assessed the individual contribution to observed accuracy and RT of key model
parameters and mechanisms to gain insight into their relative influence on observed behaviour.
Our method involved comparing posterior predictions for all time pressure and PM effects for
the selected model with the predictions generated from models with parameters averaged over
either PM or time pressure blocks (see the Supplementary Materials for full details). The model
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exploration indicated that ongoing-task accumulation rates explained more of the effect of time
pressure on ongoing-task RT than did ongoing-task thresholds, whereas thresholds explained
more of the effect of time pressure on PM RT than did rates (Figures S3.6-S3.8). Ongoing-task
thresholds explained more of the PM-induced cost to ongoing-task RT than did ongoing-task
accumulation rates (Figure S3.9). Proactive control explained more of the effects on PM
accuracy and PM RT than did reactive control (Figure S3.10).
3.30 General Discussion
We used a cognitive model of event-based Prospective Memory (PM) based on an
evidence-accumulation decision processing framework, Strickland et al.’s (2018) PM Decision
Control (PMDC) model, to investigate how cognitive control and cognitive capacity mechanisms
interact and enable participants to adapt to the demands of a complex and demanding air traffic
control conflict detection task. We proposed a new quantitative approach to formalize the idea of
cognitive capacity in evidence-accumulation models in general, and PMDC in particular, in
terms of gain, a broadly-tuned amplification mechanism, and focus, a more finely-tuned relative
modulation mechanism controlling signal-to-noise ratios, consistent with both early conceptions
of visual attention (e.g., Posner & Boies, 1971) and more recent computational neuroscience
divisive normalization approaches (e.g., Busse, et al. 2009; Carandini & Heeger, 2012; Heeger,
1992; Reynolds & Heeger, 2009; Schwartz & Simoncelli, 2001).
The conflict detection task manipulated time pressure and PM load (i.e., whether or not
participants had to remember to perform a deferred task action) within subjects, with a between
subjects task priority manipulation using instructions to emphasise either the accuracy or speed
of the ongoing (conflict detection) task, the accuracy of the PM task, or neutral instructions that
replicated Boag et al. (2019). Our experimental design had the low measurement error necessary
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to precisely characterize individual performance (Kolossa & Kopp, 2018; Smith & Little, 2018),
with each participant performing more than one thousand decisions that each took several
seconds, and also included a large number of participants, 60 or more in each instructional
condition, required to support powerful between-subjects inferences and the generality of our
results across individuals. Hence, this design allowed the use of approximately 80 estimated
model parameters per participant to provide a fine-grained description of performance in terms
of a detailed characterisation of cognitive processes, revealing a complex interplay between
cognitive control and our new conception of cognitive capacity.
We found that cognitive control flexibly allocated cognitive capacity in order to manage
the competing demands of time pressure, PM load, and task priority. Focus, as measured by the
quality of the mean rate of evidence accumulation (i.e., the difference between rate for the
accumulator that matches the ongoing task stimulus and the accumulator that mismatches it) was
primarily influenced by task importance. Cognitive gain, which selectively determines the
quantity of evidence accumulation (i.e., the sum of the mean rates for matching and mismatching
accumulators) was primarily influenced by time pressure and PM load. Further, in a comparison
across instructional manipulations, we confirmed a specific prediction of the new cognitive
capacity framework, that increased focus not only increases quality, but also decreases quantity.
In some cases, our results supported trade-offs between ongoing and PM tasks that
implicate capacity sharing (Navon & Gopher, 1979), a key marker of human performance being
determined by a limited pool of cognitive capacity. In other cases, participants were able to
mobilize extra capacity, and in general the greatest capacity was allocated to the highest priority
task (see Walter & Meier, 2014, for a review of related findings). Our formal approach addresses
Navon’s (1984) critique of the circularity of the concept of capacity, by embedding it within a
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comprehensive model of task performance that takes account of human adaptations to task
demands through proactive and reactive control processes (Braver, 2012), and which grounds the
concept of capacity in well-defined and specific measures of latent information processing rates.
We found that the PMDC model was able to fit the full distribution of RTs for both
ongoing-task and PM responses across all experimental factors, accounting for observed
differences in accuracy and RT related to time pressure, PM demand, and task importance.
Although there was a clear role for capacity sharing and capacity mobilization mechanisms, we
also replicated previous work using an ongoing conflict detection task and other demanding
ongoing tasks (Boag et al., 2019; Strickland et al., 2019), and less demanding ongoing tasks such
as lexical decision (Ball & Aschenbrenner, 2017; Heathcote et al., 2015; Horn & Bayen, 2015;
Strickland et al., 2017, 2018), in finding that proactive and reactive control processes explained
the majority of variation in performance (however, as will be discussed, cognitive gain and focus
play critical roles in explaining certain effects). Hence, we first summarize our findings with
respect to cognitive control effects in order to provide an appropriate context for a more detailed
consideration of capacity-related effects.
3.31 Cognitive Control
Proactive. Participants set lower ongoing task thresholds as time pressure increased,
consistent with work showing individuals set lower thresholds to favour fast responding when
deadlines are short (i.e., a speed-accuracy trade-off) (Boag et al., 2019; Dutilh, Wagenmakers,
Visser, & van der Maas, 2011; Forstmann et al., 2011; Usher, Olami, & McClelland, 2002).
Consistent with prior modeling of PM costs (e.g., Ball & Aschenbrenner, 2017; Boag et al.,
2019; Heathcote et al., 2015; Horn & Bayen, 2015; Strickland et al., 2017, 2018), participants set
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higher ongoing task thresholds in PM blocks than control blocks, which drove PM cost effects
and increased the frequency of non-responses (in PM blocks).
PM-induced proactive control interacted with time pressure. That is, participants used
less proactive control as time pressure increased, making the ongoing task accumulators more
likely to pre-empt the PM response. This resulted in poorer PM accuracy and more frequent nonresponses in high time pressure PM blocks, consistent with prior work suggesting individuals are
particularly prone to making PM errors during periods of heightened time pressure (Boag et al.,
2019). Proactive control also depended upon the importance of the PM task relative to the
ongoing task. As expected, the PM-important group used the largest amount of proactive control
(i.e., proactive control was stronger when the PM task was emphasized; replicating Strickland et
al., 2018) and the ongoing- and speed-important groups used the least.
PM thresholds decreased with increased time pressure and were reliably lower for the
PM-important group, consistent with the increase in PM false alarms observed in that group, and
in line with previous modeling (Strickland et al., 2018). This shows that participants proactively
controlled PM decision processes to adapt PM task performance to the time pressure and reward
structure of the environment.
Overall, these effects support a proactive control account in which participants control
ongoing task and PM thresholds in order to facilitate fast responding as well as to increase the
probability of responding to high- versus low-importance stimuli. However, as noted, this
strategy can increase non-response misses (under high time pressure) and increase PM false
alarms (when PM is prioritised), which may have implications in settings where such outcomes
are undesirable.
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Reactive. Ongoing task accumulation rates were lower on PM trials than on non-PM
trials (i.e., rates were lower with a PM target present versus absent), consistent with inhibition
from the PM detector when activated by a PM stimulus (Boag et al., 2019; Strickland et al.,
2017, 2018). Inhibiting ongoing task rates on PM trials increases the probability that the PM
accumulator will out-pace the ongoing task accumulators. This is in line with theoretical work
(Bugg et al. 2013), neurological data (McDaniel et al. 2013), and broader approaches to human
error (Norman, 1981; Reason, 1990) suggesting such response inhibition is necessary to allow
atypical task responses (with weak associative strengths) to compete with common task
responses (with strong associative strengths) for retrieval and response selection.
Time pressure had no systematic effect on the strength of reactive control, in line with
Braver’s (2012) description of reactive control as an automatic, stimulus-driven control process.
Since reactive control is only active on PM trials, it would not be an effective mechanism for
dealing with changes in time pressure across entire blocks of trials.
Reactive control was strongest in the PM-important group and weakest in the ongoingimportant group (replicating Strickland et al., 2018), suggesting that individuals can modulate
the strength with which irrelevant task information is inhibited depending on the reward structure
of the environment. This is consistent with neurological work showing that reward motivations
can increase the strength of reactive response inhibition (Boehler et al., 2014). In terms of our
model, participants may adjust the reactive control inputs to ongoing task accumulators,
depending on the importance of the PM task. That is, participants may set their reactive control
architecture in anticipation of the upcoming reward context to favour stronger inhibitory control
when a PM item is encountered.
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3.32 Cognitive Capacity
Gain. The quantity of ongoing-task processing increased under both time pressure and
PM load, supporting the idea that greater task demands lead to heightened cognitive gain (i.e.,
gain increased at shorter trial deadlines and under PM load; Boag et al., 2019). Ongoing-task
quantity was highest for the speed-important group and lowest for the ongoing-important group
(i.e., where ongoing task focus was highest), confirming our framework’s prediction that
quantity should be a decreasing function of focus. These effects are consistent with prior
modeling (Rae et al., 2014) and support our framework’s formulation of cognitive gain as
primarily controlling the speed of responding, in contrast to focus, which controls the signal-tonoise ratio of the evidence and is thus a primary determinant of accuracy.
Focus. Consistent with prior work (Boag et al., 2019; Rae et al., 2014), ongoing-task
processing quality decreased under both time pressure and PM load, indicating that greater task
demands lead to a loss of cognitive focus. However, in terms of effect size, quality was much
less affected by time pressure and PM load (Z ~ 5) than was quantity (Z ~ 30). Ongoing task
focus was lowest in the speed-important group compared with the other three importance
conditions, consistent with previous reports of reduced quality during high versus low time
pressure or when the speed of responding is emphasized (e.g., Heitz & Schall, 2012; Ho et al.,
2012; Rae et al., 2014; Starns, Ratcliff, & McKoon, 2012; Vandekerckhove, Tuerlinckx, & Lee,
2008).
Taken together, these results suggest that increased time pressure and PM load lead to a
loss of cognitive focus, which reduces the quality of information entering the decision process.
This could occur because individuals focus on less diagnostic information under high time
pressure and because PM processes draw focus away from the ongoing task. We further note that
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this is consistent with the observed cost to ongoing task accuracy in PM blocks, which was
greatest when trial load and time pressure were high, and strongest in the PM-important group.
This contrasts with previous studies that found no capacity-sharing effects of PM load in less
demanding ongoing tasks (Ball & Aschenbrenner, 2017; Heathcote et al., 2015; Horn & Bayen,
2015; Strickland et al., 2017, 2018), further highlighting that PM-induced costs to ongoing-task
processing can occur in paradigms where the ongoing task is sufficiently demanding so as to
fully occupy cognitive resources.
Consistent with our formulation of quality as measuring cognitive focus, quality was a
sliding function of importance, with ongoing task focus highest in the ongoing-important group
and lowest in the speed-important group, with the neutral and PM-important groups in between.
In addition, ongoing task focus was marginally lower in the PM-important group compared with
the neutral instruction group in PM blocks but not control blocks (i.e., ongoing task focus was
lower only when the PM intention was active). This selective influence provides a further
demonstration of capacity sharing: PM-important instructions produced the greatest amount of
resource sharing from the ongoing task to the PM task, but only when the PM intention was
active. When the PM intention was inactive (i.e., in control blocks) the quality of ongoing-task
processing was the same as under neutral-importance instructions. These findings extend work
from the basic PM literature in which emphasizing the importance of the PM task did not reduce
the quality of ongoing-task processing (Strickland et al., 2018), and are consistent with the idea
that the degree to which the ongoing and PM tasks share cognitive capacity is proportional to
their relative importance (Walter & Meier, 2014).
PM Accumulation Rate. PM accumulation rates decreased as time pressure increased.
Recall that ongoing-task quantity increased as time pressure increased. This trade-off suggests
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that resources were diverted from PM processing to ongoing-task processing in order to cope
with the greater demands associated with performing the ongoing task under high time pressure
(i.e., with a shorter trial deadline), a critical demonstration of capacity sharing (Navon & Gopher,
1979). However, time pressure did not affect PM rates in the speed-important group, which
likely reflects that group’s overall emphasis on responding quickly to avoid non-responses. Time
pressure similarly did not affect PM rates in the PM-important group, which likely reflects the
significantly greater cognitive capacity available to the PM task when it was emphasized,
consistent with previous modeling (e.g., Strickland et al., 2018).
Compared with the neutral group, PM rates were higher in the PM-important group and
lower in the ongoing- and speed-important groups. This second trade-off further demonstrates
capacity sharing: resources were shared between the ongoing and PM tasks based on their
relative importance (i.e., the greatest cognitive capacity was allocated to the highest priority
task). The greater resources allocated to PM processing under PM-important instructions likely
explains why ongoing-task quantity was lower under PM-important instructions compared with
neutral, despite focus being directed away from the ongoing task (recall that quantity is a
decreasing function of focus). That is, the ‘missing’ ongoing task resources were allocated to PM
processing.
Consistent with ecological rationality approaches to cognition (Simon, 1956; Todd &
Gigerenzer, 2007), these findings demonstrate that individuals allocate cognitive resources
between the ongoing and PM tasks based on the reward and demand structure of the
environment. Our framework provides a cogent explanation for this complex set of empirical
phenomena that would be difficult to interpret using standard statistical analyses of observed
behaviour. Moreover, the trade-offs between PM and ongoing task rates (i.e., by time pressure
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and task importance) revealed by our model provide two critical demonstrations of capacity
sharing (Navon & Gopher, 1979) that do not suffer from circularity or unfalsifiability (Navon,
1984).
3.33 Trial Load Effects
Ongoing task RTs were marginally slower, and non-responses less frequent, under high
trial load compared with low trial load when comparing conditions with equal time pressure.
There were no significant effects of trial load on ongoing task accuracy, PM accuracy, or PM
RT. In terms of the model, however, higher trial load was associated with poorer processing
quantity, better processing quality, smaller proactive control effects, and lower PM accumulation
rates. This is consistent with slightly more cognitive capacity being focused on the ongoing task
versus the PM task during 20-second/5-decision trials compared with 8-second/2-decision trials,
despite there being equal time available per decision on average. A possible explanation for this
is that there was a fixed start-up time on each trial, which would have left more subsequent
processing time on 20-second/5-decision trials compared with 8-second/2-decision trials. We
note that this pattern of effects is similar to the differences that occurred between the ongoingand PM-important groups (discussed below), which suggests that the less temporally-demanding
context of the 20-second/5-decision trials led participants to focus more on the ongoing task
relative to the PM task (i.e., to treat the ongoing task as more important) than they did in 8second/2-decision trials. Nevertheless, we emphasize that the effects of trial load were extremely
small in comparison to the effect of the time per decision, which was the major determinant of
time pressure effects.
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3.34 Summary of Between-Subjects Importance Effects
Confirming our framework’s formulation of gain as a decreasing function of focus that
primarily controls the speed of responding, ongoing-task quantity was lowest when the ongoing
task was important (i.e., where focus was greatest) and highest when the speed of responding
was important. As mentioned, ongoing-task quantity was lower than expected under PMimportant instructions (compared with neutral), since directing focus away from the ongoing task
(i.e., decreasing focus) should increase quantity. However, the concomitant increase in PM
accumulation under PM-important instructions explains this via capacity sharing, that is, the
‘missing’ ongoing task resources were diverted to PM processing) (Navon & Gopher, 1979).
Quality was a sliding function of importance, consistent with participants shifting
cognitive focus between concurrent tasks in accordance with the reward structure of the
environment (i.e., attention was allocated in proportion to the importance of each task; Walter &
Meier, 2014). Similarly, the PM-important group used the largest amount of proactive control
and had the highest PM accumulation rates, while the ongoing- and speed- important groups
used the least amount of proactive control and had the lowest PM accumulation rates. These
effects were reflected in higher PM accuracy and slower ongoing task RTs observed in the PMimportant group compared with lower PM accuracy and faster ongoing task RTs in the ongoingand speed-important groups.15 The PM-important group also set lower PM thresholds than the

15

Average response latencies in control blocks (i.e., where the PM instruction should be irrelevant) were also longer
than control-block RTs in the other importance groups. This between-groups effect was further reflected in an
overall lower quantity and lower quality of ongoing task processing. This is consistent with the PM-important group
treating the ongoing task as generally less important than did the other importance groups, leading them to allocate
fewer attentional resources to the ongoing task, even in control blocks. This is likely because for the PM-important
group, the most profitable way to score points in the air-traffic control task was to respond accurately to PM stimuli,
which only occurred in PM blocks. Control blocks also contained far fewer trials than PM blocks and so contributed
relatively little to the PM-important group’s scoring opportunities. The PM-important group thus had less incentive
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other three groups, which was evident in the PM-important group’s faster empirical PM RTs and
significantly more frequent PM false alarms and non-responses. Average ongoing task and PM
thresholds were lowest in the speed-important group, which also had the fastest ongoing task
RTs and lowest frequency of non-response misses.
Non-decision time was also shortest in the speed-important group, which is consistent
with previous modeling showing reduced non-decision time in response to heightened time
pressure (e.g., Dambacher & Hübner, 2015) and is typically assumed to reflect a combination of
faster motor response execution and more efficient pre-decisional attentional selection (e.g.,
Ong, Sewell, Weekes, McKague, & Abutalebi, 2017; Ratcliff & Smith, 2010; Voss et al., 2010).
Non-decision time was longest in the PM-important group, which may reflect additional
processing related to the PM task that is not part of the evidence accumulation process, such as
double-checking or pre-decisional visual search. Reactive control was also strongest in the PMimportant group, and weakest in the ongoing-important group, demonstrating that task
importance modulates the strength with which irrelevant task information is inhibited (Strickland
et al., 2018).
Taken together, these findings demonstrate that cognitive control and cognitive gain and
focus mechanisms each contribute to explaining the complex ways the cognitive system adapts
to environmental demands to support decision making. However, we repeat that the capacity
effects were small in comparison to the proactive and reactive cognitive control effects we found
here and in previous work (e.g., Boag et al., 2019; Heathcote et al., 2015; Strickland et al., 2017,
2018). Specifically, model exploration showed that ongoing-task thresholds explained more of
to expend cognitive effort in control blocks compared to the other importance groups, and the resulting attentional
differences were reflected sensibly in the model.
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the effects on PM accuracy, PM RT, and PM-induced costs to ongoing-task RT than did
ongoing-task accumulation rates (Figures S3.9-S3.10), whereas ongoing-task accumulation rates
were more important in explaining the effects of time pressure on ongoing-task RT than were
ongoing-task thresholds. As such, although cognitive gain and focus are clearly useful concepts,
they should be situated within a cognitive control framework to form a complete picture of the
latent cognitive processes that control overt performance.
3.35 General Implications
This current work provides a significant theoretical advance, by offering a tractable
quantitative framework for measuring the complex set of cognitive control and cognitive
capacity processes that underlie performance in complex dynamic environments. More broadly,
our approach has the potential to provide insights into cognitive control and attention deficits
observed in certain clinical disorders including anxiety, depression, schizophrenia, and substance
dependence and abuse disorders (see White, Ratcliff, Vasey, & McKoon, 2010). For example,
individuals with high anxiety preferentially direct attention toward threatening information, a
phenomenon known as attentional bias (see Bar-Haim, Lamy, Pergamin, BakermansKranenburg, & Van Ijzendoorn, 2007). Current debate exists over the specific source of such
biases (e.g., early-stage attentional selection processes versus late-stage maintenance or failures
to disengage attention; see Bar-Haim et al., 2007). Our proactive and reactive control, cognitive
gain and focus, and non-decision time measures could prove useful in resolving these and similar
theoretical issues in clinical psychology. Proactive and reactive cognitive control deficits are also
thought to underlie the behavioural disorganization characteristic of schizophrenia (see Lesh,
Niendam, Minzenberg, & Carter, 2011; Lesh et al., 2013) and have been implicated in ADHD
(Iselin & DeCoster, 2009; Pani et al., 2013). The PMDC model provides a cogent framework for
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understanding a complex set of empirical phenomena that would be difficult to interpret using
standard statistical analyses of observed behaviour. In providing a detailed understanding of the
cognitive processes thought to underlie many clinical disorders, our model could be used to
improve assessment, classification, and treatment.
In work and everyday life, people are particularly prone to disruption from concurrent
tasks that compete for their limited attention. Our approach may thus prove useful for measuring
the disruptive effects of distractions and interruptions16 on attention and performance (Altmann,
Trafton, & Hambrick, 2014; Monk, Boehm-Davis, Mason, & Trafton, 2004; Trafton & Monk,
2007; Wilson, Farrell, Visser, & Loft, 2018). Distractions (i.e., when attention is partially
diverted from the primary task; Graydon & Eysenck, 1989) and interruptions (i.e., when
attention is entirely diverted from the primary task; Gillie & Broadbent, 1989) have been linked
to negative outcomes in safety-critical contexts including aviation (Dismukes, Young, Sumwalt
III, & Null, 1998; Loukopoulos, Dismukes, & Barshi, 2001, 2003), driving (Bowden, Loft,
Wilson, Howard, & Visser, 2019; Ratcliff & Strayer, 2014; Strayer et al., 2015), and medicine
(Coiera & Tombs, 1998; Tucker & Spear, 2006). For example, a ringing mobile phone can draw
cognitive focus away from the road scene, leading to slower braking times and more severe lane
deviations (Ratcliff & Strayer, 2014; Waard & Brookhuis, 1997) (see Averty, Collet, Dittmar,
Athènes, & Vernet-Maury, 2004; Metzger & Parasuraman, 2001; for examples from air traffic
control). Although it may be challenging to achieve the experimental control and number of
trials required for model fitting, our approach could prove useful in such contexts, giving a
comprehensive decomposition of cognitive capacity and the sources of attentional degradation.

16

Dodhia and Dismukes (2009) have argued that interruptions are essentially one-off PM tasks, in which an
intention to resume the interrupted task must be formed, stored, and later retrieved once the interruption is over.
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3.36 Limitations and Future Directions
One limitation of our modelling approach is that we do not include an explicit memory
mechanism, so our model makes no claims about how PM intentions are stored, retrieved, or
forgotten. Forgetting irrelevant and outdated information is critical in dynamic task environments
in which to-be-remembered information changes frequently (Garland, Stein, & Muller, 1999;
Hopkin, 1980). PM in air traffic control, for example, often involves a dynamic process of
coordination between controllers and pilots, meaning intentions are encoded and updated on a
moment-to-moment basis (Loft, Smith, & Bhaskara, 2011) rather than a single fixed intention
encoded at the beginning of a trial. Failing to forget outdated PM intentions has been shown to
cause PM commission errors and increase susceptibility to PM lures (i.e., non-PM items that
share features with genuine PM targets; e.g., Meier, Zimmermann, & Perrig, 2006; Scullin,
Bugg, & McDaniel, 2012). As such, although our approach provided a comprehensive and
theoretically informative account of a complex set of data, the present modeling necessarily
omitted some processes likely to be consequential in real work systems.
Extending the model to include explicit mechanisms of retrieval/forgetting could prove
useful for investigating situations in which PM errors are expected to be due to retrieval failures.
Retrieval failures are likely to occur when PM processing is interrupted and must then be
resumed (Wilson et al., 2018), when PM retrieval must be triggered internally (as in time-based
PM tasks; e.g., Huang, Loft, & Humphreys, 2014), and when individuals lack information about
the context in which PM events will occur (Loft, Finnerty et al., 2011). Adding a
retrieval/forgetting mechanism to the model could also provide insight into how people manage
tasks with multiple concurrent PM intentions (e.g., Cohen, Jaudas, & Gollwitzer, 2008; Einstein
& McDaniel, 2005) and intentions that require updating over time (Bugg & Scullin, 2013; Ecker,
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Lewandowsky, Oberauer, & Chee, 2010; Ecker, Oberauer, & Lewandowsky, 2014; Voigt et al.,
2014). We expect environments with multiple PM tasks and intention-updating to be even more
demanding than our task and to therefore elicit greater effects on the attentional system than seen
here. Another possibility with less-demanding tasks is that, as demands increase, participants
may simultaneously increase their effort toward both the ongoing and PM tasks due to focusing
more on the entire task ensemble (Rummel, Smeekens, & Kane, 2017). In the model this would
be reflected by concurrent increases in both ongoing task quality and PM accumulation rate.
Although not observed in the context of our demanding ongoing task and non-focal PM stimuli,
future work could pair our model with a simultaneous detection response task, which has been
used to measure overall on-task focus and modelled using evidence-accumulation processes
(Cooper, Castro, & Strayer, 2016).
In terms of methodology, on PM trials, our task required participants to make PM
responses instead of the ongoing task response. This was done because a common form of PM
error in complex work tasks is due to ‘habit capture’, where an individual fails to perform an
atypical intended action, substituting a routine non-intended action instead (Grundgeiger,
Sanderson, & Dismukes, 2015; Loft & Remington, 2010; Norman, 1981; Reason, 1990). For
example, a thunderstorm may mean that a controller cannot assign aircraft a certain range of
altitude. It may be the case that 767 aircraft are routinely assigned altitude 320, but in this case,
the controller must assign an alternative altitude. However, we note that this mode of responding
differs from the 'dual-response' PM paradigm (e.g., Bisiacchi et al., 2009), in which participants
are instructed to make PM responses in addition to the ongoing response. Heathcote et al. (2015)
reported similar proactive control effects in a dual-response paradigm. However, PM trials have
not yet been modeled in a dual-response PM paradigm so it is unclear whether reactive control
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and capacity allocation processes will operate exactly as they did here. We note that this
represents a difficult modeling problem, since RTs for the ongoing and PM responses are
confounded in the dual-response case.
Our task used highly non-focal PM items, meaning the evidence required to make a PM
decision was unrelated to the evidence required to make ongoing task (conflict detection)
responses. Focal PM items, which share features with ongoing task stimuli and are thus more
salient, are typically assumed to require less PM monitoring than non-focal items (Einstein &
McDaniel, 2005; McDaniel & Einstein, 2000), and some researchers argue are more likely to
result in 'spontaneous retrieval' (Einstein et al., 2005) in which intentions are retrieved without
effortful processing. In addition, Strickland et al. (2018) reported that focal PM items resulted in
stronger reactive control over ongoing task accumulation rates than did non-focal items, due to
focal PM items eliciting greater activation of the PM detector and consequently greater inhibition
of the ongoing task accumulators. Thus, we would expect focal PM items to produce faster PM
accumulation rates, smaller capacity-sharing effects, and larger reactive control effects than
occurred with our non-focal PM task.
Another important consideration is that (due to practical and measurement
considerations) our task, although within the bounds of previous PM research, used a relatively
high frequency of PM items (20% of PM block trials). With a lower PM frequency, we would
expect less PM cost (e.g., Loft, Kearney, & Remington, 2008) and thus weaker proactive control
effects than seen here. Low-frequency PM may also result in 'trigger-failures' (Matzke, Love, &
Heathcote, 2017) - trials on which the PM intention is not retrieved and thus the PM accumulator
does not enter the race. Extending the model to include a trigger-failure mechanism would be an
interesting avenue for future work.
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Finally, our conception of mean rates as being a function of cognitive gain and focus
could potentially be of use in broader applications of evidence accumulation models. For
example, future work could directly estimate gain and focus parameters along with parameters
quantifying the bottom-up components of information processing. If it can be assumed that the
bottom up components are invariant over a sufficient set of experimental conditions, such models
can be made identifiable when the total number of gain, focus and bottom up parameters is at
least equal to the number of parameters required in a traditional parameterization (e.g., the
number of conditions times the number of accumulators required to model them). Where the
number is less, the more specific predictions of the focus and gain framework can be compared
to those of a traditional, and more flexible, parameterization in order to test which provides the
best trade-off between goodness-of-fit and parsimony. Selective influence assumptions can also
be tested and, as here, an assessment made of predicted trade-offs, such as an increase in quality
and decrease in quantity due to an increase in focus.
3.37 Conclusion
This study presented a formal justification for measuring and interpreting cognitive gain
and focus effects in an evidence-accumulation modeling framework. The model provided a
consistent and psychologically interpretable quantitative measure of cognitive control and
cognitive capacity effects for use in a dynamic multiple-task environment. Consistent with
previous work, we found robust capacity-sharing and cognitive control effects, highlighting the
role of each in adapting to the particular time pressure, PM, and task importance requirements of
the environment. Extending previous work, we found that resources were shared between the
ongoing and PM tasks in proportion to their relative importance (i.e., the greatest cognitive
capacity was allocated to the highest priority task). Further, we decomposed capacity into
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distinct cognitive gain and focus mechanisms to give a finer-grained picture of the role of the
attentional system in supporting decision making and PM. This work has the potential to be
useful to researchers in many different fields, providing a comprehensive computational
framework to test cognitive theory and measure the latent cognitive control and attentional
processes that drive performance in complex multiple-task environments.
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3.39 Supplementary Materials

Figure S3.1. Model fits to ongoing task accuracy. Data effects are represented by unfilled circles. Model
predictions are represented by filled circles with 95% credible intervals.
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Figure S3.2. Model fits to ongoing task RT (low trial load). Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. RT distributions are summarized
with three order statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile
(i.e., the median), and the 0.9 quantile which captures the tail of the distribution.
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Figure S3.3. Model fits to ongoing task RT (high trial load). Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. RT distributions are summarized
with three order statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile
(i.e., the median), and the 0.9 quantile which captures the tail of the distribution.
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Figure S3.4. Model fits to PM accuracy and PM RT. Data effects are represented by unfilled circles. Model
predictions are represented by filled circles with 95% credible intervals. RT distributions are summarized with
three order statistics: the 0.1 quantile which captures the leading edge of the distribution, the 0.5 quantile (i.e., the
median), and the 0.9 quantile which captures the tail of the distribution.
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3.40 Out-of-sample Non-response Predictions
Our data contained significant differences in non-response proportions between time
pressure blocks. Because non-responses were not included in model fitting, this gave us an
opportunity to assess how well PMDC could make out-of-sample predictions of empirical nonresponse proportions. To this end, we simulated data out of the selected model and matched the
order of the simulated stimuli and responses to the actual presentation order experienced by each
participant (to ensure that the simulated trials had the same stimulus-response content as the
empirical trials). Whenever the cumulative sum of simulated RTs within a trial exceeded that
trial's deadline, a non-response was predicted. Using this method, 100 posterior predictions for
non-response proportions were sampled for each participant. Predictions were then averaged
over participants for each importance group. We then compared the predicted non-responses
with observed non-response proportions across the different levels of time pressure (i.e.,
different response deadlines) for both low and high trial-load conditions in control and PM
blocks. Figure S3.5 shows that predicted non-response proportions closely matched observed
non-response proportions, thus demonstrating the ability of PMDC to predict data out of sample.
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Figure S3.5. Model fits to non-response proportions by PM block and time pressure for each importance group.
Data effects are represented by unfilled circles. Model predictions are represented by filled circles with 95%
credible intervals.
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3.41 Model Exploration
This section assesses the individual contribution to observed accuracy and RT of key
parameters and mechanisms in the model, thus giving insight into their relative importance in
explaining observed performance. To this end, we replaced the parameter of interest with the
average of that parameter either across time pressure or across PM conditions, and examined the
associated misfit of the model with the effect removed compared with the full model with the
effect included. For each importance group, we generated posterior predictions for all PM and
time pressure effects for the selected model, and then separately for models with two different
sets of parameters averaged over either PM or time pressure blocks: ongoing task rates, and
ongoing task thresholds.
Here we focus on comparing time pressure and PM effects and the relative contribution
of threshold versus rate parameters in explaining the effect. First, we assess how much of the
time pressure accuracy and RT effects were accounted for by the different models, and whether
each model adequately fit these effects (Figures S3.6-S3.8). Second, we assess how much of the
PM accuracy and RT effects were accounted for by the different models, and whether each
model adequately fit these effects (Figure S3.9). We also examine the misfit associated with
selectively turning off proactive control mechanisms, reactive control mechanisms, or both, in
terms of fit to PM-trial accuracy and RT (Figure S3.10), and check for any differences between
importance groups.
Time Pressure Effects. The selected model closely captured differences in ongoing task
and PM accuracy between different levels of time pressure (Figures S3.6-S3.8). The selected
model also closely fit differences in ongoing task and PM RT between time pressure blocks for
all response types. The averaged-threshold model closely fit ongoing task and PM accuracy and
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RT differences between time pressure conditions for all importance groups. However, the
averaged-threshold model predicted less of a speed-up in ongoing task and PM RT from lower to
higher time pressure than was observed. This misfit was slightly more pronounced in the speedimportant group compared with the other importance groups, consistent with the emphasis on
response speed in the former. Overall, ongoing task thresholds accounted for more variance in
PM RT due to time pressure than did ongoing task accumulation rates.
The averaged-rate model tended to under-predict the cost to ongoing task and PM
accuracy under increased time pressure (i.e., the model predicted higher accuracy under high
time pressure than was observed); the misfit was more pronounced for PM accuracy. The
averaged-rate model severely under-predicted the speed-up in ongoing task and PM RT from
lower to higher time pressure than observed. The misfit of the averaged-rate model was slightly
more pronounced in the neutral and ongoing-important groups compared with the speed- or PMimportant groups. Overall, ongoing task accumulation rates accounted for more variance in
ongoing task RT due to time pressure than did ongoing task thresholds.
PM Effects. As shown in Figure S3.9, the selected model accounted for the costs to
ongoing task accuracy and RT associated with PM demand, providing close fits to the difference
between control- and PM-block accuracy and RT. The averaged-threshold model over-predicted
the difference in ongoing task accuracy between PM blocks and control blocks and underpredicted the analogous difference in ongoing task RT. These misfits were more pronounced in
the PM-important group compared with the other importance conditions. Adopting higher
ongoing task thresholds under PM load thus facilitated accurate ongoing task performance under
PM load, but was also the primary driver of PM cost in terms of ongoing task RT. Ongoing task
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thresholds thus accounted for more variance in costs to ongoing task RT due to PM than did
ongoing task accumulation rates.
The averaged-rates model under-predicted costs to ongoing task accuracy and overpredicted costs to ongoing task RT. That is, changes in accumulation rates between control and
PM blocks improved the speed but reduced the accuracy of ongoing task performance in PM
blocks. This is in line with the quantity of ongoing task processing increasing in PM blocks
while quality decreased, consistent with quantity primarily controlling the speed of responding.
Importance of Cognitive Control for PM Performance. Finally, we examine the
overall importance of proactive and reactive control mechanisms in terms of how well the model
fits observed accuracy and RT on PM trials. As shown in Figure S3.10, the full model (i.e., with
both proactive and reactive control mechanisms) provided an almost exact fit to PM accuracy,
while slightly over-predicting overall PM RT for each importance group. In contrast, the
reactive-only model, in which the proactive control mechanism was removed, produced severe
misfits to both overall PM accuracy and PM RT, with the model under-predicting both by a large
margin. Similarly, the proactive-only model, in which the reactive control mechanism was
removed, produced less severe (about half the misfit of the reactive-only model) but still
substantial under-prediction of accuracy and RT on PM trials.
Finally, the no-control model, in which both proactive and reactive control mechanisms
are turned off (i.e., the model includes neither mechanism), produces the worst fits to PM
accuracy and PM RT, under-predicting both by a larger margin than either the proactive-only or
reactive-only models (about 1.5 times the misfit of the reactive-only model and 3 times the misfit
of the proactive-only model). This provides strong evidence that both proactive and reactive
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cognitive control mechanisms play critical and complimentary roles in accounting for the speed
and accuracy of PM task performance.

Figure S3.6. Model exploration: Comparison of conflict trial accuracy and RT fits for models with ongoing task
thresholds or rates averaged over time pressure conditions. Data effects are represented by unfilled circles. Model
predictions are represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions per trial; B:
4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per
trial.
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Figure S3.7. Model exploration: Comparison of non-conflict trial accuracy and RT fits for models with ongoing
task thresholds or rates averaged over time pressure conditions. Data effects are represented by unfilled circles.
Model predictions are represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions
per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.
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Figure S3.8. Model exploration: Comparison of PM trial accuracy and RT fits for models with ongoing task
thresholds or rates averaged over time pressure conditions. Data effects are represented by unfilled circles. Model
predictions are represented by filled circles with 95% credible intervals. A: 6s per decision, 2 decisions per trial; B:
4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per
trial.
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Figure S3.9. Model exploration: Comparison of accuracy and RT fits for models with ongoing task thresholds or
rates averaged over PM and control blocks. Data effects are represented by unfilled circles. Model predictions are
represented by filled circles with 95% credible intervals.
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Figure S3.10. Model exploration: Comparison of PM trial accuracy and RT fits for models with cognitive control
mechanisms selectively removed. Data effects are represented by dotted lines. Model predictions are represented
by filled circles with 95% credible intervals.
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Table S3.1
Summary of excluded data and rare responses (%)
Excluded data
Most Important
Task

Rare responses

Outliers

Nonresponses

PM responses in control
blocks

Total %
excluded

Ongoing errors to
PM

PM false
alarms

Neutral

1.75

4.30

0.001

5.98

1.13

0.16

Ongoing

1.80

5.45

0.03

7.18

1.53

0.51

Speed

1.76

3.77

0.001

5.46

1.68

0.41

PM

1.61

5.67

0.001

7.19

1.02

0.71

Table S3.2
Significance testing linear predictors of conflict detection accuracy. Accuracies were analysed with a generalized
linear model with a binomial probit link function which predicts the outcome of every trial. Tests for significance
use Wald's chi-square test with an alpha level of .05.

Most Important Task
Neutral

Ongoing

Speed

PM

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

Stimulus

1386.23

1

<.001

222.85

1

<.001

255.02

1

<.001

432.44

1

<.001

PM Block

1.63

1

.20

23.34

1

<.001

51.60

1

<.001

57.42

1

<.001

474.08

3

<.001

293.92

3

<.001

335.45

3

<.001

439.73

3

<.001

Stimulus by PM Block

0.18

1

.67

0.07

1

.79

5.22

1

.022

0.08

1

.78

Stimulus by Time Pressure

63.06

3

<.001

86.63

3

<.001

126.87

3

<.001

58.81

3

<.001

PM Block by Time Pressure

16.51

3

<.001

8.95

3

.030

2.44

3

.49

15.59

3

.001

Stimulus by PM Block by Time Pressure

1.64

3

.65

0.18

3

.98

4.88

3

.18

1.95

3

.58

Factor

Time Pressure
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Table S3.3
Significance testing linear predictors of conflict detection RT. RT was analysed with a general linear model which
predicted mean correct RT for each participant. Tests for significance use Wald's chi-square test with an alpha level
of .05.

Most Important Task
Neutral

Ongoing

Speed

PM

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

Stimulus

166.75

1

<.001

81.43

1

<.001

62.66

1

<.001

110.88

1

<.001

PM Block

214.38

1

<.001

184.70

1

<.001

188.94

1

<.001

313.46

1

<.001

Time Pressure

1330.56

3

<.001

1477.81

3

<.001

1197.20

3

<.001

1682.01

3

<.001

Stimulus by PM Block

0.14

1

.71

0.14

1

.71

0.99

1

.32

1.20

1

.27

Stimulus by Time Pressure

24.98

3

<.001

8.11

3

.044

13.84

3

.003

22.97

3

<.001

PM Block by Time Pressure

8.83

3

.032

5.70

3

.13

12.81

3

.005

6.65

3

.084

Stimulus by PM Block by Time Pressure

0.65

3

.88

0.21

3

.98

0.23

3

.97

0.14

3

.99

Factor

Table S3.4
Significance testing linear predictors of PM accuracy. Accuracies were analysed with a generalized linear model
with a binomial probit link function which predicts the outcome of every trial. Tests for significance use Wald's chisquare test with an alpha level of .05.

Most Important Task
Neutral

Ongoing

Speed

PM

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

Stimulus

17.16

1

<.001

2.40

1

.12

4.45

1

.035

13.09

1

<.001

Time Pressure

476.17

3

<.001

711.64

3

<.001

442.58

3

<.001

359.60

3

<.001

8.49

3

.92

0.86

3

.83

1.32

3

.72

1.59

3

.66

Factor

Stimulus by Time Pressure
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Table S3.5
Significance testing linear predictors of PM RT. PM RT was analysed with a general linear model which predicted
mean PM RT for each participant. Tests for significance use Wald's chi-square test with an alpha level of .05.

Most Important Task
Neutral
Factor
Stimulus
Time Pressure
Stimulus by Time Pressure

Ongoing

Speed

PM

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

0.02

1

.88

0.55

1

.46

0.73

1

.39

0.03

1

.85

166.98

3

<.001

115.34

3

<.001

208.53

3

<.001

169.10

3

<.001

2.56

3

.46

0.13

3

.99

1.08

3

.78

1.82

3

.61

Table S3.6
Significance testing for differences in conflict detection RTs between PM and non-PM trials. RT was analysed with a
general linear model which predicted mean correct RT for each participant. Tests for significance use Wald's chisquare test with an alpha level of .05.

Most Important Task
Neutral

Ongoing

Speed

PM

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

Stimulus

111.65

3

<.001

96.21

3

<.001

66.26

3

<.001

79.47

3

<.001

Time Pressure

891.57

3

<.001

970.00

3

<.001

888.62

3

<.001

917.66

3

<.001

Stimulus by Time Pressure

17.97

9

.036

14.11

9

.12

12.23

9

.20

21.26

9

.012

Factor
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Table S3.7
Significance testing for differences in non-response proportions. Non-responses were analysed with a generalized
linear model which predicted mean non-response proportions for each participant. Tests for significance use Wald's
chi-square test with an alpha level of .05.

Most Important Task
Neutral

PM

df

p

χ2

df

p

χ2

df

p

χ2

df

p

9.29

1

.002

27.14

1

<.001

9.83

1

.001

54.01

1

<.001

2271.03

3

<.001

2571.11

3

<.001

1570.86

3

<.001

2887.72

3

<.001

62.12

3

<.001

25.37

3

<.001

31.38

3

<.001

33.60

3

<.001

PM Block

PM Block by Time Pressure

Speed

χ2

Factor

Time Pressure

Ongoing

Table S3.8
Significance testing linear predictors of accuracy, RT, non-response proportion by task importance. Accuracies and
non-responses were analysed with a generalized linear model with a binomial probit link function which predicts
the outcome of every trial. RT was analysed with a general linear model which predicted mean correct RT for each
participant. Tests for significance use Wald's chi-square test with an alpha level of .05.

Measure
Ongoing
Accuracy

Ongoing
RT

PM
Accuracy

PM
RT

Non-response %

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

χ2

df

p

Importance

8.13

3

.043

6.32

3

.10

14.74

3

.002

6.27

3

.10

9.97

3

.019

PM Block

157.31

1

<.001

76.48

1

<.001

-

-

-

-

-

-

89.93

1

<.001

Time Pressure

2579.57

3

<.001

2101.10

3

<.001

1929.72

3

<.001

640.76

3

<.001

9201.27

3

<.001

Importance by
PM Block

36.70

3

<.001

2.78

3

.43

-

-

-

-

-

-

7.99

3

.046

Importance by
Time Pressure

15.45

9

.079

2.56

9

.98

56.63

9

<.001

7.25

9

.61

96.13

9

<.001

PM Block by
Time Pressure

120.67

3

<.001

49.18

3

<.001

-

-

-

-

-

-

142.44

3

<.001

Importance by
PM Block by
Time Pressure

14.65

9

.10

2.28

9

.99

-

-

-

-

-

-

11.82

9

.22

Factor
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Table S3.9
Mean (SD) of the average posterior sv parameter samples
Stimulus
Importance

Accumulator

Conflict

Non-conflict

PM (Conflict)

PM (Non-conflict)

Neutral

Conflict

0.37 (0.01)

0.58 (0.01)

0.56 (0.02)

0.61 (0.03)

Non-conflict

0.55 (0.01)

0.47 (0.01)

0.56 (0.02)

0.55 (0.02)

PM
Ongoing

Fixed at 0.5

Conflict

0.38 (0.01)

0.62 (0.01)

0.54 (0.02)

0.63 (0.02)

Non-conflict

0.60 (0.01)

0.47 (0.01)

0.63 (0.03)

0.59 (0.02)

PM
Speed

Fixed at 0.5

1.05 (0.02)

Conflict

0.39 (0.01)

0.61 (0.01)

0.57 (0.02)

0.63 (0.03)

Non-conflict

0.55 (0.01)

0.43 (0.01)

0.70 (0.02)

0.55 (0.02)

PM
PM

1.17 (0.02)

Fixed at 0.5

0.99 (0.02)

Conflict

0.34 (0.01)

0.56 (0.01)

0.41 (0.02)

0.58 (0.03)

Non-conflict

0.57 (0.01)

0.43 (0.01)

0.66 (0.03)

0.63 (0.02)

PM

Fixed at 0.5

1.11 (0.02)

Table S3.10
Posterior mean (SD) of non-decision time, A, and PM false alarm v

Most Important Task

Non-decision time (s)

A

PM false alarm v

Neutral

0.33 (0.006)

3.09 (0.03)

-1.61 (0.06)

Ongoing

0.29 (0.006)

3.43 (0.04)

-1.48 (0.06)

Speed

0.27 (0.006)

3.20 (0.03)

-1.26 (0.05)

PM

0.36 (0.007)

3.19 (0.04)

-1.31 (0.05)
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Table S3.11
Z-values (with associated posterior predictive p-values in brackets) for ongoing task threshold contrasts relevant to
proactive control. The difference distribution was calculated by subtracting control block ongoing task thresholds
from PM block ongoing task thresholds. Thus a positive difference indicates higher ongoing task thresholds under
PM load. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5
decisions per trial; D: 2s per decision, 5 decisions per trial.

Most Important Task
Neutral

Ongoing

Speed

PM

Contrast

Conflict

Non-conflict

Conflict

Non-conflict

Conflict

Non-conflict

Conflict

Non-conflict

A: PMControl

26.60
(<.001)

32.61
(<.001)

25.22
(<.001)

28.54
(<.001)

26.73
(<.001)

31.31
(<.001)

32.09
(<.001)

35.17
(<.001)

B: PMControl

30.00
(<.001)

35.93
(<.001)

24.89
(<.001)

27.39
(<.001)

25.94
(<.001)

33.48
(<.001)

30.59
(<.001)

34.09
(<.001)

C: PMControl

26.98
(<.001)

31.89
(<.001)

24.66
(<.001)

24.5 (<.001)

21.82
(<.001)

28.26
(<.001)

28.29
(<.001)

36.84
(<.001)

D: PMControl

21.28
(<.001)

21.95
(<.001)

14.03
(<.001)

13.81
(<.001)

13.92
(<.001)

15.74
(<.001)

26.23
(<.001)

27.44
(<.001)

Table S3.12
Z-values (with associated posterior predictive p-values in brackets) for ongoing task threshold contrasts relevant to
proactive threshold shifts under time pressure. The difference distribution was calculated by subtracting high time
pressure ongoing task thresholds from low time pressure ongoing task thresholds. Thus a positive difference
indicates lower ongoing task thresholds under high time pressure. A: 6s per decision, 2 decisions per trial; B: 4s per
decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

Most Important Task
Neutral
Contrast

Ongoing

Speed

PM

Control

PM

Control

PM

Control

PM

Control

PM

A-B

3.40 (<.001)

1.28 (0.10)

0.09 (0.461)

3.83 (<.001)

5.43 (<.001)

9.21 (<.001)

6.32 (<.001)

13.62 (<.001)

B-C

0.62 (0.27)

6.03 (<.001)

2.63 (0.004)

6.49 (<.001)

-4.3 (<.001)

3.14 (0.001)

-0.73 (0.23)

-1.37 (0.084)

C-D

7.37 (<.001)

26.88 (<.001)

4.06 (<.001)

22.85 (<.001)

7.88 (<.001)

28.7 (<.001)

8.9 (<.001)

21.28 (<.001)
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Table S3.13
Z-values (with associated posterior predictive p-values in brackets) for ongoing task threshold contrasts relevant to
the interaction of proactive control with time pressure. The difference distribution was calculated by subtracting the
PM-Control threshold difference during high time pressure from the PM-Control threshold difference during low
time pressure. Thus a positive difference indicates greater proactive control under low time pressure. A: 6s per
decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D:
2s per decision, 5 decisions per trial.

Most Important Task
Neutral
Contrast

Ongoing

Speed

PM

Conflict

Non-conflict

Conflict

Non-conflict

Conflict

Non-conflict

Conflict

Non-conflict

A-B

-1.40 (0.08)

-0.69 (0.243)

1.25 (0.105)

2.52 (0.006)

3.22 (0.001)

0.31 (0.378)

3.57 (<.001)

4.7 (<.001)

B-C

2.56 (0.005)

2.8 (0.003)

0.98 (0.165)

2.64 (0.004)

3.22 (0.001)

4.37 (<.001)

1.53 (0.062)

-2.41 (0.008)

C-D

8.30 (<.001)

11.85 (<.001)

9.68 (<.001)

9.8 (<.001)

8.61 (<.001)

12.48 (<.001)

4.09 (<.001)

10.5 (<.001)

Table S3.14
Z-values (with associated posterior predictive p-values in brackets) for PM threshold contrasts by time pressure.
The difference distribution was calculated by subtracting PM thresholds in higher time pressure blocks from PM
thresholds in lower time pressure blocks. A negative difference indicates a reduction in PM thresholds in the higher
time pressure block. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per
decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

PM threshold contrast
Most Important Task

B-A

C-B

D-C

Neutral

-11.51 (<.001)

5.16 (<.001)

-11.33 (<.001)

Ongoing

-9.49 (<.001)

1.85 (0.032)

-11.00 (<.001)

Speed

-6.65 (<.001)

-1.53 (0.063)

-10.07 (<.001)

PM

-9.52 (<.001)

2.08 (0.019)

-18.06 (<.001)
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Table S3.15
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
quantity effects by time pressure (i.e., sum total of match and mismatch accumulation rates in high versus low time
pressure). The difference distribution was calculated by subtracting the sum total of match and mismatch rates in
lower time pressure blocks from the sum total of match and mismatch rates in higher time pressure blocks. Thus a
positive value indicates an increase in the sum total of match and mismatch rates (i.e., increased alerting) under
higher time pressure. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per
decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.
Most Important Task
Neutral
Quantity contrast

Conflict

Ongoing

Non-conflict

Conflict

Speed

Non-conflict

Conflict

PM

Non-conflict

Conflict

Non-conflict

B-A

24.72 (<.001) 16.98 (<.001) 19.52 (<.001) 17.8 (<.001) 16.38 (<.001) 14.69 (<.001) 18.61 (<.001) 16.57 (<.001)

C-B

-9.03 (<.001) -5.11 (<.001) -7.41 (<.001) -6.48 (<.001) -2.96 (0.003) -2.44 (0.007)

D-C

35.16 (<.001) 29.83 (<.001) 34.09 (<.001) 36.3 (<.001) 32.34 (<.001) 31.63 (<.001) 34.05 (<.001) 31.1 (<.001)

2.78 (0.003)

-3.2 (<.001)

Table S3.16
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
quantity effects by PM block. The difference distribution was calculated by subtracting control block rates from PM
block rates for non-PM trials. Thus a positive difference indicates higher accumulation rates under PM load. A: 6s
per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial;
D: 2s per decision, 5 decisions per trial.

Most Important Task
Neutral

Ongoing

Speed

PM

Contrast

Match

Mismatch

Match

Mismatch

Match

Mismatch

Mismatch

Match

A: PMControl

13.50
(<.001)

11.03
(<.001)

13.04
(<.001)

9.96
(<.001)

11.07
(<.001)

11.38
(<.001)

15.67
(<.001)

13.98
(<.001)

B: PMControl

13.21
(<.001)

11.93
(<.001)

9.96
(<.001)

10.17
(<.001)

11.99
(<.001)

10.72
(<.001)

13.68
(<.001)

11.47
(<.001)

C: PMControl

13.76
(<.001)

10.07
(<.001)

6.28
(<.001)

10.71
(<.001)

6.63
(<.001)

10.30
(<.001)

14.84
(<.001)

13.55
(<.001)

D: PMControl

5.06
(<.001)

9.74
(<.001)

-0.89
(0.188)

4.08
(<.001)

-0.61
(0.268)

7.03
(<.001)

7.41
(<.001)

12.01
(<.001)
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Table S3.17
Z-values (with associated posterior predictive p-values in brackets) for PM accumulation rate contrasts by time
pressure. The difference distribution was calculated by subtracting PM rates in higher time pressure blocks from
PM rates in lower time pressure blocks. A negative difference indicates a reduction in PM accumulation rates in the
higher time pressure block. A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s
per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.

PM rate contrast
Most Important Task

B-A

C-B

D-C

Neutral

-5.12 (<.001)

5.49 (<.001)

-8.13 (<.001)

Ongoing

-5.08 (<.001)

1.34 (0.091)

-7.68 (<.001)

Speed

-0.36 (0.355)

1.13 (0.129)

-7.00 (<.001)

PM

-0.9 (0.182)

-0.07 (0.472)

-8.63 (<.001)

Table S3.18
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
quality effects by time pressure (i.e., difference between match and mismatch accumulation rates in high versus low
time pressure). The difference distribution was calculated by subtracting the difference between match and
mismatch rates in lower time pressure blocks from the difference between match and mismatch rates in higher time
pressure blocks. Thus a negative value indicates poorer quality under higher time pressure. A: 6s per decision, 2
decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per
decision, 5 decisions per trial.
Most Important Task
Neutral
Quality contrast
B-A

Conflict

Non-conflict

Ongoing
Conflict

Non-conflict

Speed
Conflict

Non-conflict

PM
Conflict

Non-conflict

-2.19 (0.014) -5.93 (<.001) -1.74 (0.04)

-5.27 (<.001) -1.47 (0.071) -5.7 (<.001)

C-B

-2.22 (0.013) 1.46 (0.072)

1.97 (0.024)

D-C

-4.64 (<.001) -8.58 (<.001) -4.82 (<.001) -10.52 (<.001) -1.67 (0.047) -9.04 (<.001) -5.36 (<.001) -8.8 (<.001)

0.72 (0.236)

-1.52 (0.064 -7.31 (<.001)

0.73 (0.232) -0.47 (0.317) -0.98 (0.163) 1.13 (0.131)
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Table S3.19
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
quality effects by PM block. The difference distribution was calculated by subtracting control block quality from PM
block quality. Thus a negative difference indicates poorer quality under PM load. A: 6s per decision, 2 decisions per
trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5
decisions per trial.

Most Important Task
Contrast

Neutral

Ongoing

Speed

PM

A: PM-Control

-6.53 (<.001)

-5.37 (<.001)

-7.53 (<.001)

-9.00 (<.001)

B: PM-Control

-6.41 (<.001)

-6.08 (<.001)

-5.55 (<.001)

-6.11 (<.001)

C: PM-Control

-4.47 (<.001)

-8.50 (<.001)

-7.81 (<.001)

-7.79 (<.001)

D: PM-Control

-7.00 (<.001)

-4.98 (<.001)

-8.00 (<.001)

-8.00 (<.001)

Table S3.20
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
reactive inhibition (i.e., difference between ongoing task rates on PM versus non-PM trials during PM blocks). The
difference distribution was calculated by subtracting ongoing task rates on PM target trials from ongoing task rates
on non-PM trials (in PM blocks). Thus a positive difference indicates lower ongoing task rates on PM target trials.
A: 6s per decision, 2 decisions per trial; B: 4s per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per
trial; D: 2s per decision, 5 decisions per trial.

Most Important Task
Neutral

Ongoing

Speed

PM

Contrast

Match

Mismatch

Match

Mismatch

Match

Mismatch

Mismatch

Match

A: NonPM-PM

15.43
(<.001)

10.59
(<.001)

13.55
(<.001)

8.59
(<.001)

13.71
(<.001)

13.40
(<.001)

16.04
(<.001)

10.33
(<.001)

B: NonPM-PM

13.36
(<.001)

11.09
(<.001)

14.20
(<.001)

7.94
(<.001)

14.39
(<.001)

11.86
(<.001)

12.32
(<.001)

11.26
(<.001)

C: NonPM-PM

16.47
(<.001)

9.35
(<.001)

13.85
(<.001)

9.39
(<.001)

13.99
(<.001)

11.03
(<.001)

14.06
(<.001)

12.74
(<.001)

D: NonPM-PM

11.98
(<.001)

12.61
(<.001)

8.68
(<.001)

8.68
(<.001)

12.93
(<.001)

11.96
(<.001)

12.99
(<.001)

12.23
(<.001)
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Table S3.21
Z-values (with associated posterior predictive p-values in brackets) for accumulation rate contrasts relevant to
reactive inhibition by time pressure (i.e., magnitude of reactive inhibition effect by time pressure). The difference
distribution was calculated by subtracting ongoing task rates on PM target trials from ongoing task rates on nonPM trials (in PM blocks) and then comparing the size of this difference between time pressure blocks. Thus a
positive value indicates less inhibition under higher time pressure. A: 6s per decision, 2 decisions per trial; B: 4s
per decision, 2 decisions per trial; C: 4s per decision, 5 decisions per trial; D: 2s per decision, 5 decisions per trial.
Most Important Task
Neutral
Reactive
control effect
size contrast

Ongoing

Match

Mismatch

Match

A-B

3.42 (<.001)

0.70 (0.241)

B-C

-3.26 (<.001)

1.58 (0.057)

C-D

7.46 (<.001)

-1.16 (0.122)

7.35 (<.001)

Speed

PM

Mismatch

Match

Mismatch

Mismatch

Match

1.26 (0.105)

1.63 (0.052)

-0.3 (0.385)

2.46 (0.007)

4.18 (<.001)

-0.7 (0.243)

-0.66 (0.252)

-1.84 (0.035)

1.34 (0.09)

0.4 (0.347)

-1.64 (0.05)

-0.88 (0.191)

2.84 (0.003)

3.42 (0.001)

1.54 (0.061)

4.33 (<.001)

2.42 (0.007)
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Chapter Four:
General Discussion

4.0 Preface
This chapter summarizes the empirical chapters, discusses the theoretical and practical
implications of the findings, and outlines directions for future research and potential
extensions to the modelling framework.

271
This thesis investigated decision making under time pressure and PM demand in a
complex dynamic air traffic control conflict detection task. Before discussing the empirical
results and placing them in theoretical context, this section briefly summarises the motivation
for the current work, as outlined in Chapter 1.
One benchmark finding of the PM literature is that holding PM intentions interferes
with ongoing task performance. This effect is referred to as PM cost, and manifests when
operators are slower to respond to ongoing task items which do not require a PM response
(Einstein & McDaniel, 2005; Hicks, Marsh, & Cook, 2005; Loft & Yeo, 2007; Smith, 2003).
Recent modelling in basic PM paradigms, such as lexical decision (e.g., Strickland, Loft,
Remington, & Heathcote, 2018), has suggested that PM costs arise because operators set
higher ongoing task thresholds under PM load in order to avoid pre-empting the PM response
(i.e., a cognitive control effect), and not because PM draws cognitive resources away from
the ongoing task (i.e., a capacity sharing effect).
However, the idea that PM does not draw capacity from the ongoing task may not
hold in more demanding applied work settings, such as air traffic control, which impose
substantially greater demands on the attentional system than do basic laboratory tasks. In
these types of environments, the ongoing task may entirely occupy capacity such that any
more capacity required for the PM task must be drawn from ongoing task resources. Indeed,
in air traffic control and similar applied settings, PM demands appear to affect observed
performance (in terms of accuracy and RT) in a way more consistent with capacity sharing
(for a review see Loft, 2014).
The presence of PM-induced capacity-sharing effects would have important applied
implications (e.g., for training, automation, and the design of interventions aimed at
improving operator performance) for many safety-critical work systems. As such, this thesis
aimed to extend recent computational models developed for simple choice tasks to investigate
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changes in attentional capacity as a function of PM load, time pressure, and task importance
during a demanding air traffic control conflict detection task. Moreover, given the importance
of cognitive control for controlling performance in simple PM tasks (e.g., Strickland et al.,
2018), the measures of attentional capacity developed in this thesis are situated within a
broader cognitive control framework, thus allowing the proposed theory to account for both
types of phenomena.
This project applied the recently developed Prospective Memory Decision Control
(Strickland et al., 2018) model, which provided a comprehensive quantitative account of the
observed data. Across two large-sample experiments, the model showed that PM demands
encouraged proactive control over ongoing task decisions, but that this control was reduced at
high time pressure to facilitate speedy responding. There was evidence of reactive inhibitory
control over ongoing task processes when PM targets were encountered. Time pressure and
PM demand both affected the attentional system, influencing both resource availability and
how resources were allocated (shared) between ongoing and PM tasks. By manipulating task
importance, the experiments in this thesis further showed that attentional capacity demands
appear to reflect the action of two distinct mechanisms: a broadly tuned gain or signal-boost
mechanism and a more finely-tuned attentional focus.
The model fits implicated Braver’s (2012) dual-mechanisms theory of cognitive
control, consistent with previous modelling (Strickland et al., 2018), and recent
neurologically-inspired models of attentional capacity (Carandini & Heeger, 2012), thus
giving a finer picture of how the attentional system supports decision making in line with the
reward and demand structure of the task environment. Going forward, this approach should
help identify conditions where decision support or training is required, or to predict the effect
of new technologies, processes, or procedures on human performance.
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This thesis contained two empirical chapters. Chapter 2 established that the modelling
approach could provide a theoretically informative account of the effects of time pressure,
PM demand, and traffic load on the latent cognitive processes that underlie observed
performance. Chapter 3 extended the results of Chapter 2 by introducing a between-subjects
manipulation of relative task importance, which gave insight into how attentional resources
are distributed between tasks based on the reward structure of the environment. The next
section reviews the approach taken in the empirical chapters before turning to the theoretical
implications of the results.
4.1 Approaches of the Empirical Chapters
Chapter 2 contained an experiment designed to reliably model both ongoing task and
PM responses in a more complex and dynamic task than is typically used in PM research.
Participants performed an air traffic control conflict detection task with and without a
concurrent PM requirement, under several levels of time pressure. This study fit the PMDC
model to data and compared model parameters by PM block and time pressure in order to
assess the latent cognitive processes the drive observed performance. The model provided
close fits to ongoing task and PM accuracy and the full distribution of RTs for both ongoing
task and PM responses across all experimental manipulations.
The model also provided out-of-sample predictions of non-response proportions that
closely matched observed non-response data. The model fits implicated Braver’s (2012)
proactive control (increased ongoing task thresholds in PM blocks) and reactive control
(inhibited ongoing task accumulation rates to PM items) in PM performance, replicating
work with the PMDC model on simple laboratory paradigms (e.g., Strickland et al., 2018).
Extending previous work, the results suggested that PM demand affected ongoing task
processing capacity. Time pressure and PM demand both affected the attentional system,
leading to shifts in the availability and allocation of resources. This chapter established that
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the modelling approach could provide a theoretically informative picture of cognitive
processing in more complex dynamic applied environments than are typically modelled.
Chapter 3 contained four experiments designed to further explore the cognitive
control and capacity sharing effects found in Chapter 2. This series of experiments added a
manipulation of task importance designed to selectively influence processing quality (i.e.,
where the focus of attention is directed). Four groups performed the same task as in the first
experiment but received an additional task importance instruction (neutral, ongoingimportant, speed-important, PM-important) indicating which performance outcomes were
most important (e.g., the ongoing task, the PM task, avoiding non-response misses, or all
aspects equally). The model again provided close fits to ongoing task and PM accuracy and
the full distribution of RTs for both ongoing task and PM responses for all within- and
between-subjects effects. Consistent with the first experiment, all four experimental groups
showed robust capacity-sharing and cognitive control effects, highlighting the role of each in
adapting to the particular time pressure, PM load, and task importance requirements of the
environment. Extending the results of the first experiment, this study was able to decompose
attentional capacity to measure distinct gain and focus mechanisms, giving a finer picture of
how the attentional system supports decision making in complex task environments. The next
section discusses the theoretical implications of these studies.
4.2 Theoretical Implications
Capacity. Model fits to empirical data showed that ongoing task processing quantity
increased under both time pressure and PM load. This is consistent with operators deploying
more attentional resources under PM load and as the time available to complete the task
decreases and suggests that greater task demands lead to increased attentional gain. Ongoing
task processing quality decreased under time pressure, consistent with work showing that
time pressure reduces the quality of information entering the decision process because less
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diagnostic information is available from the stimulus during the shorter response window17
(Heitz & Schall, 2012; Ho et al., 2012; Rae, Heathcote, Donkin, Averell, & Brown, 2014;
Starns, Ratcliff, & McKoon, 2012; Vandekerckhove, Tuerlinckx, & Lee, 2008). Quality was
also lower in PM blocks compared with control blocks, consistent with participants
reallocating attention from ongoing task decisions towards the PM task when under PM
demand. This contrasts with work using basic PM paradigms which has found no capacity
effects (Ball & Aschenbrenner, 2017; Heathcote, Loft, & Remington, 2015; Horn & Bayen,
2015; Strickland, Heathcote, Remington, & Loft, 2017; Strickland et al., 2018) and suggests
that basic laboratory task may not be sufficiently demanding to elicit capacity-sharing effects.
In addition, ongoing task processing quality was highest in the ongoing-important
group and lowest in the speed-important group, with the neutral and PM-important groups
falling in between. Consistent with resource theory (Navon & Gopher, 1979), this suggests
that the degree to which the ongoing and PM tasks share attentional capacity is proportional
to their relative importance. These differences in attentional focus were evident in lower
ongoing task accuracy and faster RTs in the speed-important group and higher ongoing task
accuracy in the ongoing-important group.
Overall, the results of both empirical studies demonstrate that attentional resources are
flexibly allocated between the ongoing and PM tasks, and that how they are allocated is
highly dependent on the particular reward and demand structure of the task environment.
These results also highlight a potential limitation with using simple laboratory tasks to study
PM. That is, certain resource availability and allocation effects may not manifest in simple

17

It is interesting to note that drift rates for matching accumulators increased under load, despite the quality of
processing (i.e., the difference in matching and mismatching drift rates) decreasing. This is because the
mismatching drift rates increased more under load than did the matching drift rates. This is how the model
accounts for a rate-driven increase in speed without producing a concurrent increase in accuracy. That is, speed
is increased by the higher matching drift rates under load, while accuracy is decreased (or held constant) by the
even greater increase in mismatching drift rates.
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laboratory tasks if the demands of the task rarely exceed the supply of resources. The current
work demonstrates that such effects become readily apparent in more complex applied
paradigms that impose sufficient demands on the cognitive system.
Proactive Control. For both studies, ongoing task thresholds were higher in PM
blocks than control blocks, indicating that subjects strategically delayed ongoing task
decisions to avoid pre-empting the PM process (Heathcote et al., 2015). The model indicated
that this control was the cause of PM cost (i.e., the slower ongoing task RTs in PM blocks).
This is consistent with work in basic PM suggesting costs are driven by increased thresholds
to make ongoing task decisions (e.g., Ball & Aschenbrenner, 2017; Heathcote et al., 2015;
Horn & Bayen, 2015; Strickland et al., 2017, 2018). Ongoing task and PM thresholds
decreased as time pressure increased, meaning participants set lower thresholds when there
was less time available, consistent with much speed-accuracy trade-off modelling (Dutilh,
Wagenmakers, Visser, & van der Maas, 2011; Usher, Olami, & McClelland, 2002).
PM-induced proactive control interacted with time pressure. That is, the difference
between control block and PM block ongoing task thresholds got smaller as time pressure
increased, consistent with the observed drop in PM accuracy in high time pressure blocks.
Higher levels of time pressure therefore induced a trade-off between raising thresholds to
give the PM accumulator more time to finish and lowering thresholds to respond within the
trial deadline, suggesting operators may be particularly prone to PM errors during periods of
heightened time pressure. The way in which time pressure and PM demands interact could be
important to consider in similar safety-critical work systems.
Participants also controlled the amount of proactive control they used depending on
the importance of the PM versus ongoing tasks. The PM-important group used the largest
amount of proactive control, while the ongoing- and speed- important groups used the least.
These effects were reflected in higher PM accuracy and slower ongoing task RTs observed in
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the PM-important group compared with lower PM accuracy and faster ongoing task RTs in
the ongoing- and speed-important groups. The PM-important group also set lower PM
thresholds than the other three groups, which was evident in the PM-important group’s faster
empirical PM RTs and significantly more frequent PM false alarms and non-response misses.
Average ongoing task and PM thresholds were lowest in the speed-important group, who also
had the fastest ongoing task RTs and lowest frequency of non-response misses.
Overall, these results support a proactive control account in which participants
strategically control ongoing task and PM thresholds in order to facilitate fast responding and
increase the probability of responding to high- versus low-importance stimuli. However, this
strategy can reduce PM accuracy, increase non-response misses, and increase PM false
alarms, which may have implications for safety and efficiency in certain work systems.
Reactive Control. In both studies, ongoing task accumulation rates were lower on
PM trials compared with non-PM trials, meaning rates were lower for stimuli containing a
PM target compared with the same stimuli not containing a PM target. This supports the idea
that, when a PM item is present, the PM detector inhibits input to the competing ongoing task
accumulators, increasing the likelihood that the PM accumulator will reach threshold and
trigger a PM response before either of the ongoing task accumulators. The strength of
reactive control was unaffected by changes in time pressure, consistent with Braver’s (2012)
description of reactive control as an automatic, stimulus-driven control process. Reactive
control was, however, modulated by task importance, being strongest in the PM-important
group and weakest in the ongoing-important group, suggesting operators modulate the
strength with which irrelevant task information is inhibited depending on the reward structure
of the environment.
In addition, non-decision time was shortest in the speed-important group, consistent
with previous modelling showing reduced non-decision time under heightened time pressure
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(Dambacher & Hübner, 2015) which could reflect a combination of faster motor response
execution and more efficient pre-decisional attentional selection (Ong, Sewell, Weekes,
McKague, & Abutalebi, 2017; Ratcliff & Smith, 2010; Voss, Voss, & Klauer, 2010). Nondecision time was longest in the PM-important group, which likely reflects a combination of
time spent checking for the PM target outside of the accumulation stage for the ongoing task
response (e.g., Horn & Bayen, 2015) and time spent coordinating the (atypical) PM motor
response after successfully detecting a PM stimulus (e.g., Marsh, Hicks & Watson, 2002).
Future work could use eye-tracking and electromyographic measures to further investigate
the relative contribution of each process to nondecision time.
In summary, in line with ecological rationality approaches to cognition (Gigerenzer &
Gaissmaier, 2011; Gigerenzer & Todd, 1999), the overall pattern of effects demonstrate that
cognitive control and attentional focus and gain mechanisms all contribute substantially to
explaining the flexible ways humans adapt their performance in response to the particular
demands of the decision-making environment.
4.3 A Computational Theory of Cognitive Control and Attentional Capacity
The central contribution of this thesis is a comprehensive quantitative framework for
modelling cognitive control and attentional capacity in complex multiple-task environments.
The technical details of the model have been described in detail in both of the empirical
chapters of the thesis, so are not repeated here. Instead, the following section provides a brief
informal summary of the key features of the model before finally discussing several potential
practical applications and directions for future research.
Using an evidence accumulation framework, the model instantiates the proactive and
reactive cognitive control mechanisms specified by Braver’s (2012) dual-mechanisms
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theory18 as well as attentional gain and focus mechanisms consistent with current
neurobiological models of attentional capacity (Carandini & Heeger, 2012). Proactive control
is measured via the threshold parameters. Comparing ongoing task thresholds with and
without a secondary task load (such as a PM task) allows assessment of whether participants
are using proactive control over ongoing task processes to manage secondary task demands.
PMDC’s proactive control mechanism is identical to delay theory’s (Heathcote et al., 2015)
threshold-raising mechanism, that is, both theories propose that participants set higher
ongoing task thresholds in PM blocks in order to delay responding and thus avoid preempting a PM response (if appropriate). PMDC differs from delay theory in that PMDC’s
proactive control is situated within a broader suite of cognitive control and attentional
capacity mechanisms (e.g., reactive control and attentional gain and focus) that play
important roles in explaining PM in complex dynamic environments.19 PMDC further
extends delay theory in that proactive control includes control over PM thresholds in addition
to ongoing task thresholds. PMDC’s proactive control also shares conceptual similarities to
various constructs found in verbal PM theories – particularly those describing deliberate a
priori changes in strategy intended to improve some aspect of task performance (e.g., PM
accuracy). For example, proactive control is similar to the concepts of continuous control (as
18

Braver conceptualizes proactive control as “strongly resource consuming” (Braver, 2012; p. 108). This is
consistent with the central findings of this thesis (i.e., that successful PM performance is resource-demanding
and requires the coordination of multiple cognitive processes). Specifically, the present modelling showed that
top-down cognitive control processes (which are mapped to thresholds in PMDC) operate in tandem with
processes responsible for the allocation of attentional resources (mapped to drift rates). An interesting avenue
for future work will be to further investigate the conditions under which attentional effects on rates and
cognitive control effects on thresholds can be expected to operate independently versus cooperatively. Factorial
manipulations of experimental factors designed to selectively influence either rates or thresholds (e.g., crossing
a response caution factor with a stimulus discriminability factor) could be especially illuminating in this regard.
19

Although delay theory has only been applied to simple rapid decision-making tasks (e.g., lexical decision), in
principle it should be valid for tasks involving longer complex decisions (e.g., air-traffic control conflict
detection). However, consistent with the central argument of this thesis, PM in complex environments may
result in capacity-sharing and other attentional effects (in addition to threshold shifts) that may not be present in
simpler rapid-choice tasks and that can only be accounted for by fitting the full PMDC model containing all
relevant mechanisms.
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opposed to transient control) (Ball, Brewer, Loft, & Bowden, 2014; Loft, Bowden, Ball, &
Brewer, 2014), preparatory attention (Smith, 2003), as well as the notion of a PM
monitoring/retrieval mode (Einstein & McDaniel, 2005). The central idea described by each
concept is that of individuals maintaining continuous, effortful monitoring or cognitive
control processes in order to better detect PM targets, usually at some cost to ongoing task
performance.
Reactive control is measured via the accumulation rate parameters. Comparing
accumulation rates for ongoing task responses in PM blocks with accumulation rates for
ongoing task responses to PM stimuli allows the assessment of whether the presence of a
target stimulus (in this case a PM item) inhibits competing ongoing task responses.
Attentional capacity is measured via the accumulation rate parameters, as have other
models for measuring ongoing task capacity in PM (Boywitt & Rummel, 2012; Horn &
Bayen, 2015). Rates provide a measure of capacity because they represent an estimate of
processing speed, which the majority of attention theory assumes should vary in proportion to
the attentional capacity available (Bundesen, 1990; Gobell, Tseng, & Sperling, 2004;
Kahneman, 1973; Navon & Gopher, 1979; Wickens, 1980). The PMDC modelling approach
decomposes attentional capacity into two quantities: the quantity of processing (sum of match
and mismatch accumulation rates) and the quality of processing (difference between match
and mismatch accumulation rates). As demonstrated in Chapter 3, these quantities measure
two distinct components of attentional capacity: one we term focus, which is the sole
determinant the quality of resources allocated among tasks (e.g., ongoing vs. PM), and one
we term gain, which primarily controls the quantity of resources deployed, although quantity
is also a function of focus. These focus and gain measures align with current neurologicallyinspired computational theories of information processing (e.g., Carandini & Heeger, 2012),
which propose that capacity effects arise from the operation of canonical computations that

281
modulate attention (as well as many other perceptual and cognitive processes) at the neural
level (e.g., by scaling and sharpening tuning curves that govern firing rate and amplitude;
Carandini & Heeger, 2012). However, these models are currently limited to simulation by
‘hand-tuning’ parameters and are not easily fit to behavioural data. Chapter 3 bridged this gap
between practical quantitative measurement and recent neurologically-inspired process
approaches by presenting a tractable means of measuring and interpreting attentional focus
and gain effects from choice-RT data that is generic to any accumulator-based theory of
decision making among any number of choices. In terms of experimentally manipulating
attentional gain/arousal, future work could experimentally cross a factor that mostly
influences attentional gain with a factor that mostly influence attentional focus. For example,
one could use a time pressure/response urgency factor to target gain (measured by
accumulation quantity in PMDC) and a stimulus quality/discriminability factor to target focus
(measured by accumulation quality). The additional constraints offered by such a design
would provide an interesting test of PMDC and may give further insight into how gain and
focus mechanisms operate.
4.4 Practical Implications
This thesis provides a practical contribution to human factors and other applied
research areas by offering a more sophisticated tool for measuring the cognitive control and
attentional capacity processes that potentially drive performance in complex dynamic
environments. There is currently a lack of effective diagnostic tools for identifying the
information-processing strategies employed by human operators to support task performance.
Interviews, incident analyses, and anecdotal reports can provide useful data, but do not
resolve questions regarding underlying cognitive process and are therefore difficult to base
inferences on. By providing a parsimonious explanation for a complex set of empirical
phenomena that would otherwise be difficult to interpret using standard statistical analyses of
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observed behaviour, the approach presented in this thesis could allow practitioners in applied
domains to make better decisions about which cognitive processes will be effective targets
for interventions, and which interventions are likely to be successful at altering decision
making in the desired manner.
This thesis also highlights the importance of using sufficiently demanding applied
tasks to study cognition. Using a demanding air traffic control conflict detection task
facilitated detection of robust capacity effects which had been unclear or absent in data from
simple laboratory PM paradigms (e.g., Ball & Aschenbrenner, 2017; Heathcote et al., 2015;
Horn & Bayen, 2015; Strickland et al., 2017, 2018). This has implications for practitioners
because capacity costs, while not observed in simple laboratory tasks, would be a real
concern if observed in operational environments such as air traffic control because they
decrease operators’ capacity to manage future task demands (Loft, Sanderson, Neal, & Mooij,
2007). Applied researchers cannot rely solely on generalizing findings from simple laboratory
paradigms to applied settings. Rather, cognition should be studied in the context of
sufficiently representative tasks to get a clear picture of all the processes involved in a given
work system (Morrow, 2018; Stokes, Kemper, & Kite, 1997).
The approach presented here may also find application in clinical research, potentially
offering insight into cognitive control and attention deficits observed in disorders including
anxiety, depression, addiction, and schizophrenia (White, Ratcliff, Vasey, & McKoon, 2010).
Conversely, measuring the improvement in attentional capacity opens opportunities for
testing the effectiveness of interventions (e.g., task design, automation, clinical and
pharmacological treatments) aimed at improving attentional focus and performance (Howe et
al., 2010; Nelson, McKinley, Golob, Warm, & Parasuraman, 2014). Moreover, the present
quantitative approach is far more sensitive in detecting differences between conditions and
identifying the loci of attentional differences between different populations than commonly
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used behavioural measures such as accuracy and mean RT. In providing a detailed
understanding of the cognitive processes thought to underlie many clinical disorders, the
model presented here could be used to improve assessment, classification, and treatment.
4.5 Future Directions
The simulated air traffic control task used in the empirical chapters was designed to
be representative of a complex dynamic task that has the core features of many applied
settings but was necessarily simpler than real-world air traffic control in several ways. In the
task, subjects were presented with one stimulus (aircraft pair) at a time. This is simpler than
real air traffic control, in which operators are required to attend to many aircraft and
simultaneously monitor many unfolding potential conflicts with variable onsets and
durations. Multi-stimulus environments should be even more demanding than the task used
here and should therefore elicit greater capacity effects than seen here. Future work should
extend the present modeling to multi-stimulus environments where individuals must switch
attention among aircraft, hold multiple concurrent PM intentions (Cohen, Jaudas, &
Gollwitzer, 2008; Einstein & McDaniel, 2005), and are required to flexibly update PM
intentions as events unfold (Bugg & Scullin, 2013; Ecker, Lewandowsky, & Oberauer, 2014;
Ecker, Lewandowsky, Oberauer, & Chee, 2010; Ecker, Oberauer, & Lewandowsky, 2014).
Multi-stimulus and multi-PM environments open the door to individuals using serial, parallel,
or a mixture of processing strategies. For example, operators may process items serially by
focusing on a single aircraft pair until they make a response, and only then shifting attention
to the next aircraft pair (perhaps prioritising on the basis of order of onset or deadline).
Alternatively, operators could use an interleaving strategy, in which many small increments
in evidence are made by rapidly switching among aircraft pairs (e.g., depending on the effort
required to move attention, and the dynamically unfolding priority or expected value of the
aircraft pairs) (see Wickens, Goh, Horrey, Helleberg, & Talleur, 2003). These new
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architectural possibilities pose additional challenges regarding model identifiability and
mimicry.
A potentially related limitation of the task is that participants were instructed to make
their PM response instead of their ongoing task response, as has been done in previous
computational modelling efforts (Heathcote et al. 2015; Strickland et al., 2017). This type of
PM was used because it is relevant to everyday situations in which cognitive errors are a
result of failing to inhibit routine actions (Norman, 1981; Reason, 1990). However, this
differs from ‘dual-task’ PM (Bisiacchi, Schiff, Ciccola, & Kliegel, 2009), in which PM
responses are made in addition to the ongoing task response. As such, it is unclear whether
proactive and reactive control strategies, which involve some degree of competition between
responses, will operate in the same way in dual-task paradigms in which subjects can submit
two or more responses. Heathcote et al. (2015) modeled ongoing task trials in a dual-task PM
paradigm and found similar proactive control effects. However, because PM trials have not
yet been modeled in dual-task PM, it is unclear whether reactive control processes will
operate in a similar way.
One final limitation of the modelling approach is that it does not distinguish failures
of PM evidence to reach threshold from complete failures to retrieve the PM intention,
known as ‘trigger failures’ (Matzke, Love, & Heathcote, 2017). This may be an issue for
modeling air traffic control or other applied work contexts in which PM errors are expected
to be due to retrieval failures, or in designs with features expected to induce forgetting (e.g.,
spatial context manipulations, see Loft, Finnerty et al., 2011; very low frequency PM targets,
see Loft et al., 2016; time-based PM, see Huang, Loft, & Humphreys, 2014; remembering to
perform a task after a significant period of interruption, see Wilson, Farrell, Visser, & Loft,
2018).
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4.6 Model Extensions: Integration with Connectionist Models
Integrating the current modelling framework with connectionist approaches 20 (e.g.,
Elman, 1990; Rumelhart, Hinton, & McClelland, 1986) may give insight into learned
attention and the effects of context on performance. That is, how operators learn to allocate
attention to the features of the stimuli and task environment that are most relevant for
predicting outcomes in different situations (e.g., Erickson & Kruschke, 1998; Kruschke,
1992; Nosofsky & Palmeri, 1997). Evidence accumulation modelling has suggested that
learning effects are well captured by increases in accumulation rate (e.g., Dutilh,
Vandekerckhove, Tuerlinckx, & Wagenmakers, 2009; Liu & Watanabe, 2012; Petrov, Van
Horn, & Ratcliff, 2011). Moreover, recent work has demonstrated that these rate changes are
well characterised by a connectionist ‘front end’ that drives accumulation rates via an
incremental error-driven learning process (Sewell, Jach, Boag, & van Heer, 2019). In terms
of memory research, this would also provide a natural mechanism for modelling proactive
and retroactive interference effects, in which previous learning disrupts current processing
(and vice-versa) (e.g., Peterson & Peterson, 1959). In connectionist models, learning typically
strengthens current stimulus-context associations while weakening previously learned
associations (Rescorla & Wagner, 1972). Performing a task in two similar contexts should
thus evoke stronger proactive interference effects than dissimilar contexts (Bouton, 1993;
Peterson & Peterson, 1959).
Such an approach could also be useful for investigating trial-order effects, such as
those seen in time-based PM, in which monitoring increases as the target time approaches
(Voigt et al., 2014), or effects of performing routine versus atypical PM actions (e.g., where

20

As suggested by Loft, Neal, & Humphreys (2007), in the context of investigating how people map the large
range of stimulus and contextual information in complex environments to particular predictions (e.g., regarding
an aircraft’s conflict status). See also Kwantes, Neal, & Loft (2004), who instantiated an instance model of ATC
conflict detection in which the ‘resonance’ (a function of similarity) between the presented stimulus and
previously seen exemplars in memory was used to predict response probabilities.
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PM is more reliable for well-learned PM intentions and less reliable for novel intentions;
Andrzejewski, Moore, Corvette, & Herrmann, 1991; Loft & Yeo, 2007). Likewise, learning
mechanisms commonly instantiated in such models could give insight into the kinds of rules
and heuristics operators use to perform in complex environments (Gigerenzer & Todd, 1999),
and how such rules are learned and applied (e.g., by trainees vs. experts, clinical populations
vs. healthy controls) (e.g., Ashby & Maddox, 2011; Erickson & Kruschke, 1998; Fific, Little,
& Nosofsky, 2010). Future work could also capitalize on recent developments in evidence
accumulation modelling that incorporate explicit learning mechanisms into the sequentialsampling framework (e.g., Fontanesi, Gluth, Spektor & Rieskamp, 2019; Pedersen, Frank &
Biele, 2017; Sewell et al., 2019) and can track trial-by-trial changes in certain model
parameters.21 Similarly, including memory storage, comparison, and retrieval mechanisms
(e.g., as in exemplar and prototype models) could ‘put the memory back in PM’ in terms of
the present approach, which does not yet contain an explicit memory mechanism.
A connectionist front end would also make it easy to integrate the outputs of
psychophysiological measures (e.g., those associated with workload or fatigue) recorded
during a given task context with the present framework in order to better understand the
relation between attentional capacity, task demands, and physiological states (e.g., Wilson &
Russell, 2007, have used network models to predict task context and workload in real-time
from a battery of psychophysiological measures) (see also Wilson & Russell, 2003b, 2003a,
for applications in uninhabited vehicle control). Such extensions could also include
integrating the present model with other process models within a broader modular cognitive
architecture, such as ACT-R (Anderson et al., 2004). The control and memory modules of
ACT-R have been used to drive evidence accumulation-based decision modules using LBA

21

Note, however, that the present experimental paradigm would require substantial alterations (e.g., the
addition of trial-by-trial feedback) before such models could be applied. A particular challenge lies in collecting
enough PM observations (which are necessarily rare) to reliably model potential learning effects.
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and leaky competing accumulators (e.g., RACE/A; Van Maanen, van Rijn, & Taatgen, 2012;
see also van Rijn, Borst, Taatgen, & van Maanen, 2016, who highlight the broader
importance of models that integrate multiple levels of abstraction for generalizing findings
and unifying psychological theory). Future research should also aim to build stronger
connections with neuroscientific data by mapping neural activity to changes in model
parameters under different experimental conditions.
4.7 Summary
This thesis bridged gaps between cognitive, mathematical, and applied psychology by
using a comprehensive computational modeling framework to test cognitive theory and
model latent cognitive control and attentional processes involved in performing a complex
applied task with dynamic time pressure and memory demands. This thesis presented a
formal framework that provided a consistent and psychologically interpretable quantitative
measure of cognitive control and attentional capacity effects in a dynamic multiple-task
environment in two large-sample empirical studies. The robust resource availability and
reallocation effects associated with PM demand and time pressure, using a cognitively
demanding applied task, illustrates the utility of studying PM in representative environments.
It appears that in such environments, PM load significantly affects the attentional system,
whereas it does not in the simple laboratory tasks previously studied. Extending previous
work, this thesis decomposed capacity into distinct attentional gain and focus mechanisms to
give a finer picture of how the attentional system supports decision making depending on the
reward and demand structure of the environment. The robust capacity-sharing effects
observed here demonstrate that the present model-based approach, when used with a
sufficiently demanding applied task, can provide valuable insights into human performance,
which could be used to inform improvements in safety and efficiency in a wide range of
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applied settings. The modelling framework presented here has broad potential for further
extension and integration with other computational cognitive frameworks.
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