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Abstract

Cognitive control refers to the use of internal goals to guide how we process
stimuli and select responses, and control can be applied proactively (in anticipation of a
stimulus) or reactively (once that stimulus has been presented). The application of
control can be guided by memory (“control-learning”); for instance, people typically
learn to adjust their level of attentional selectivity to changing task statistics, such as
different frequencies of hard and easy trials on attention-demanding tasks. This type of
control-learning is highly adaptive, but its boundary conditions are not well understood.
The aim of this dissertation, therefore, is to examine three core principles thought to
underlie control-learning: its context-sensitivity, reward-sensitivity, and implicit nature.
Two chapters use standard control-learning paradigms that manipulate the proportion
of (easy) Stroop congruent trials within blocks and for specific stimuli. Here, I show that
people can learn to generalize learned control across related contexts and that
reinforcement may selectively enhance the recruitment of control in some specific
contexts, if at all. The last chapter deploys a precuing paradigm to test whether
conscious cue perception and knowledge impacts the recruitment of control,
complementing the previous chapters with a causal manipulation of explicit awareness
and showing that people make control adjustments most easily when they can

consciously perceive and are aware of upcoming control-demand. These results have

v



important implications for experimental designs, potential psychiatric treatment, and
theoretical accounts of the mechanisms underlying control-learning. My findings will
broaden our understanding of the relationship between attention and memory and add
insight into how people can learn to flexibly adapt their processing strategies to

changing demands in a context-dependent manner.
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1. General Introduction

Imagine your morning commute: the traffic, the complicated streets, the sea of
angry, harassed drivers. How do you manage these demands on your attention?

In many everyday scenarios, people need to engage cognitive control, exploiting
their current context to adjust their processing strategies in line with internal goals. For
example, people might approach a new situation with a heightened sense of attention,
because similar environments have proven difficult in the past. An intersection with
several car accidents monthly might require a high attentional state, while the
residential street outside your house would conversely require relatively less attentional
focus. This phenomenon is commonly described as "control-learning," whereby previous
experience (memory) guides our control strategies, like the level of attentional selectivity
with which we approach a task. While a number of studies have demonstrated that
learned contextual cues can guide flexible adjustment to attentional demands (Bejjani et
al., 2018; for reviews, see Abrahamse et al., 2016; Bugg, 2017; Bugg & Crump, 2012;
Egner, 2014; Braem et al., 2019), the precise mechanisms that underlie how control-states
or settings are learned and remembered remain poorly understood. This Dissertation
will outline determinants and boundary conditions of this phenomenon, in particular
asking under which conditions optimal learning of cognitive control can occur and

primarily focusing on the domain of “conflict control-learning”.



1.1 Conflict Control-Learning

Contflict control-learning refers to how people adjust to interference (or conflict)
in information processing when current goals conflict with overlearned, prepotent
responses (Botvinick et al., 2001). For example, in the classic Stroop task (Stroop, 1935),
participants must name the ink color of color-words and are typically slower and less
accurate when the ink color is incongruent with the meaning of the color-word (e.g., the
word BLUE printed in red) than when the ink color is congruent (e.g., the word BLUE
printed in blue). This performance difference, referred to as the congruency effect, is
similarly measured in other conflict tasks, such as the flanker (Eriksen & Eriksen, 1974)
and Simon tasks (Simon & Ruddell, 1967), and is thought to index the need for, and
efficiency of, cognitive control. Per the influential “conflict-monitoring theory”
(Botvinick et al., 2001), the cognitive system monitors the level of processing conflict to
drive commensurate adjustments in the recruitment of control: more conflict (e.g., an
incongruent trial) requires more control, and greater control results in more efficient
attentional selection and thus a smaller congruency effect over time.

Because the control-learning literature has most prominently investigated
learned conflict control, this Dissertation will primarily focus on that domain, although
several studies have also addressed learning with regard to other domains of cognitive
control, such as task-switching (e.g., Chiu & Egner, 2017; for review, see Bugg & Crump,

2012) and response inhibition (e.g., Verbruggen & Logan, 2008b; for review, see



Abrahamse et al., 2016). Moreover, the current perspective on learned conflict control is
intended to be applicable broadly to other types of control-learning.

Within the conflict control-learning literature, much research has focused on the
congruency sequence effect (CSE) and proportion congruent (PC) effects. The CSE
(Egner, 2017) describes the common finding that the congruency effect is reduced
following an incongruent as compared to congruent trial. PC effects (Bugg, 2017),
meanwhile, refer to the observation that congruency effects are reduced in contexts
where incongruent trials are more frequent or probable, or in other words, in the
presence of cues, stimuli, or blocks that are predictive of incongruent as compared to
congruent trials. Both effects are typically presumed to reflect that people learn to adjust
their control settings (here, selecting relevant over irrelevant stimulus information) to
different levels of conflict experienced across different contexts. Several studies,
however, have provided evidence that PC and CSE effects may occur independently of
each other and reflect different kinds of recruitment of control (Blais et al., 2015; Chinn et
al., 2018; Funes et al., 2010; Hazeltine & Mordkoff, 2014; Hutcheon et al., 2017; Torres
Quesada et al., 2014; Wiihr et al., 2015). The CSE is thought to reflect transient “priming”
of control, while PC effects are thought to reflect control learned and applied over longer
periods of time. Thus, this Dissertation will primarily focus on different types of PC
effects, which are considered more typical instances of control-learning processes than

the CSE.



While there is a large literature documenting different types of contextual
control-learning effects, the nature of the underlying processes is not well understood. In
this Dissertation, I will first describe how control-learning works according to current
theories. Note that over the course of this Dissertation, | will refer to learning as the

cognitive process of acquiring new, or modifying existing, knowledge or experience and

episodic memory as the long-term retrieval of past experiences.

1.2 How Control-Learning Is Currently Measured, Assessed, and
Generalized

In a typical control-learning paradigm, researchers manipulate the statistical
structure of the task, such as the conditional probability of task difficulty, and measure
whether individuals can exploit this structure to improve performance. Accordingly,
proportion congruent (PC) paradigms (Figure 1) manipulate the proportion of difficult
to easy trials on an item-specific, context-specific, or list-wide level, testing for the
interaction between trial type (difficult/easy) and proportion (i.e., the probability of
high/low control-demand) on reaction time and accuracy as evidence for learning.

In an item-specific proportion congruent (ISPC) paradigm (Figure 1b), for
instance, the ratio of hard to easy trials varies as a function of a particular stimulus (e.g.,
a specific male face), while in a context-specific proportion congruent (CSPC) paradigm
(Figure 1a), a contextual cue, such as a particular location (e.g., Crump et al., 2006),

predicts the ratio of hard to easy trials. These two paradigms (ISPC and CSPC) are
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thought to reflect what is known as “reactive control,” or control that is recruited in the
moment, in response to a particular stimulus-context configuration, because participants
cannot anticipate which cue or stimulus will be shown from one trial to the next (Braver,
2012; Bugg, 2017). In contrast to the ISPC and CSPC, the list-wide proportion congruent
(LWPC) paradigm (Figure 1c) varies the ratio of hard to easy trials within a block of
trials and is thus thought to reflect “proactive control,” or control that is recruited in
anticipation of upcoming demand, because here demand is temporally predictable.
Figure 1 depicts each of these paradigms. In this example of the CSPC paradigm,
participants are asked to categorize the color in which color-words are printed, and
location acts as the contextual cue that is associated with different proportions of
congruency (Figure 1a). Unbeknownst to the participants, congruent, easy stimuli will
more frequently appear on the left side of the screen, while incongruent, hard stimuli
will more frequently appear on the right side of the screen. Because these trial types are
shown in different frequencies across the two locations, participants (typically
implicitly) learn to associate different levels of attentional selectivity with each location,
such that the mostly incongruent context facilitates the learning and subsequent retrieval
of a higher attentional selectivity (reducing the influence of distracters on performance),
while the mostly congruent context facilitates the learning and subsequent retrieval of a
lower attentional selectivity (increasing the influence of distracters on performance).

Learning is thus assessed by the interaction of the context (left/right side of screen,



otherwise known as mostly congruent vs. mostly incongruent) and congruency
(incongruent vs. congruent), whereby the more difficult, mostly incongruent location
should result in a smaller congruency difference than the less difficult, mostly congruent
location (Figure 1d). Generalization of these learned control-states (Figure 1e) can be
assessed by presenting new or neutral (non-predictive) stimuli in both contexts that
participants learned. If participants also show a reduced congruency effect for the right
compared to left side of the screen for these “transfer items”, it is presumed that they
have generalized their learned control-state associations to these unbiased stimuli.

By contrast, in an example of the ISPC paradigm (Figure 1b), participants
categorize the gender (male/female) of the face while trying to ignore the overlaid
gender label. Specific stimuli act as both the source of the conflict signal and the
stimulus that participants categorize according to instructed stimulus-response
translations. Here, some of the faces are more often incongruent (e.g., MALE on a female
face), while others are more often congruent (e.g., MALE on a male face), and
participants likewise learn to associate the particular face images with different
attentional demands. Transfer in this paradigm can be assessed at the stimulus category
level: for instance, if a particular gender is presented as the mostly incongruent items,
then unbiased items are new, non-predictive face stimuli of that gender that should also
show a reduced congruency effect, relative to the mostly congruent items, if these

learned control-states generalize (Bugg & Dey, 2018; Canadas et al., 2013).



Finally, in the LWPC paradigm (Figure 1c), the frequency of hard/incongruent
trials and easy/congruent trials is manipulated on a global, or block-wise, level. In the
example depicted in Figure 1c, participants would categorize whether the image on-
screen is man-made or natural. In one such instantiation of the LWPC paradigm, two
stimuli (e.g., the bear and deer) within the lists could be frequency biased, such that they
are always incongruent in the mostly incongruent block of trials and always congruent
in the mostly congruent block of trials. The other two stimuli (e.g., the cat and clam)
could be frequency unbiased, or non-predictive, in both blocks of trials, with equal
likelihood of being congruent or incongruent regardless of the block. Thus, the overall,
global proportion of congruency is 50:50, with each individual list frequency set at 75:25.
Transfer can then be assessed by examining how participants respond to the frequency
unbiased stimuli (the cat and the clam), which are influenced by the global context, but

not by the local context (i.e., at the item level).
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Figure 1: How to measure generalizable control-learning effects. A) In a color-
word Stroop version of the context-specific proportion congruent (CSPC) paradigm
(cf. Crump, Gong, & Milliken, 2006), location acts as the contextual cue that is
associated with different proportions of hard/incongruent vs. easy/congruent trials,
and therefore specific states of attentional selectivity, but in theory, any type of
contextual cue (e.g., font; Bugg, Jacoby, & Toth, 2008) can be used in the CSPC
paradigm. B) In a picture-word Stroop version of the item-specific proportion
congruent (ISPC) paradigm (cf. Jiang, Beck, Heller, & Egner, 2015), some pictures are
associated with a greater likelihood of being incongruent, while the others are
associated with a greater likelihood of being congruent. Unlike in the CSPC
paradigm, the (picture) stimulus to which participants respond serves as both the cue
and source of conflict in the ISPC paradigm. C) In an auditory-visual Stroop version
of the list-wide proportion congruent (LWPC) paradigm (cf. Wen, Chiu, Bejjani,
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Dolgin, and Egner, in progress), the frequency of hard/incongruent trials and
easy/congruent trials is manipulated on a global, or block-wise, level such that
control-demand is temporally predictable. While CSPC, ISPC, and LWPC paradigms
all vary in the stimulus set size, the LWPC also varies in the length of the block
(contextual cue). D) Learning is measured in proportion congruent paradigms by
analyzing reaction time and accuracy data for the interaction between congruency
(incongruent/congruent) and control-demand (high control-demand, aka low
proportion congruent, vs. low control-demand, aka high proportion congruent).
Successful learning is presumed if participants show a smaller congruency effect
when incongruent trials are more frequent (i.e., higher control-demand context). E)
Generalization of learning is typically tested by presenting participants with novel,
non-predictive stimuli (also called “transfer items”) in the contexts that were
previously learned.

Whether participants learn to exploit temporal structure, context- or stimulus-
specific task statistics, or concrete trial characteristics varies between different theories
on control-learning. In particular, some researchers have argued that what look like
control-learning effects are merely confounds that result from associative learning

between stimuli and motor responses.

1.3 Associative Learning Accounts: Control-Learning Is Not
Control-based

Some researchers have suggested that control-learning is not control-based and
that associative learning confounds may prevent an interpretation of CSE or PC effects
as pure control-state learning effects (feature integration, Hommel, 1998, 2004; Hommel
& Wiers, 2017; stimulus-specific priming, Mayr, Awh, & Laurey, 2003; contingency-
learning, Schmidt & Besner, 2008; temporal learning, Schmidt, Lemercier, & De Houwer,

2014, but see: Cohen-Shikora et al., 2019). For example, in a context-specific Stroop task
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with four color-word stimuli (Figure 1a), there are more possible unique incongruent
than congruent stimuli (e.g., for the color-word BLUE, blue in RED, PURPLE, and
BROWN vs. blue in BLUE). When researchers ensure that the overall congruency is
equal (50/50) while manipulating the congruency at two specific locations, each
congruent stimulus (total: 4) appears more often than each incongruent stimulus (total:
12). This then means that participants can learn stimulus-response associations, because
the irrelevant dimension (e.g., the meaning of the color-word) more often predicts
congruent stimuli. As depicted in Figure 1a, in the mostly congruent location (left side of
the screen), participants could simply learn to read the color-words instead of learning
to adjust their attentional selectivity, because the color-word RED is more often paired
with the color red. The contingency learning account thus predicts that participants are
slower to respond on low contingency (incongruent) trials vs. high contingency
(congruent) trials, resulting in smaller congruency differences in a low-PC location that
stems from pure associative learning instead of strategic control adjustments (Figure 1d).

Mayr and colleagues (2003), meanwhile, highlight that complete repetitions of
current and previous trial features can also facilitate cognitive processing. For instance,
in Figure 1b, specific stimulus and response features repeat over consecutive trials: the
first instance depicts a repetition of the face-specific response button, the face image, and
the distractor word, while the second instance depicts a repetition of the face-specific

response button and face image. Since most control-learning paradigms use small
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stimulus sets, such stimulus-specific priming can undoubtedly change the nature and
interpretation of the learning observed in these control-learning paradigms.

Feature integration effects represent a more general form of the concern about
stimulus priming. Here, Hommel (1998, 2004) has suggested that when specific stimulus
and response features co-occur, they become bound together in episodic memory as
event files. Event files are then retrieved whenever any of the stimulus or response
features re-occurs, which facilitates processing when there are complete repetitions or
alternations of features, but creates some conflict when only some features are repeated
— partial repetitions — because the event file must be unbound or discarded for the
participant to respond correctly. For example, in Figure 1a, a partial repetition can be
observed between trials: RED printed in red shares the distractor feature with the next
trial, where RED is printed in blue, and RED printed in blue shares the relevant response
dimension with the next trial, where BLUE is printed in blue. Under feature integration
theory, event files for each of these trials must first be unbound or discarded before
participants can respond correctly, causing a slowing of reaction time relative to
complete repetitions as shown in Figure 1b (e.g., the same face with FEMALE as the
label). Thus, rather than reflect strategic control adjustments due to learned associations
between contexts and abstract properties (i.e., specific control-states differing in

attentional selectivity), feature integration theory, like contingency learning and
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stimulus-specific priming, emphasizes associations between concrete trial characteristics
as the mechanistic explanation for control-learning (Egner, 2014).

However, recent control-learning studies have controlled for many of these
associative learning confounds by including transfer items in their designs (Figure 1e).
Because contingency learning, stimulus-specific priming, and feature integration
emphasize concrete (stimulus features, responses) over abstract (e.g., categories, control-
states) associative learning (cf. Egner, 2014), they have a harder time explaining the
literature showing that learned control-states can transfer to frequency unbiased transfer
items. Thus, while these methodological concerns about whether PC paradigms really
measure control-learning have advanced the research by highlighting initial limitations,
they are not fully viable accounts of control-learning. I will now review current control-
learning theories that discuss how contexts are linked with appropriate control-settings

through an interaction between associative learning and cognitive control.

1.4 Current Control-Learning Theories

In contrast to traditional theories which have suggested that cognitive control
acts as a supervisory modulator in opposition to associative learning (e.g., Norman &
Shallice, 1986) but have not specified how control itself is controlled, researchers have
more recently posited that associative learning and cognitive control are inextricably

linked (Abrahamse et al., 2016; Botvinick et al., 2001; Egner, 2014). In these accounts of
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control-learning, probabilistic cues (e.g., location in the CSPC, Figure 1a; specific faces in
the ISPC, Figure 1b; particular blocks of trials in the LWPC, Figure 1c) facilitate the
retrieval of context-appropriate attentional control-states (e.g., high or low attentional
focus). Participants thus learn to recruit more attentional focus for stimuli or contexts
that are more often associated with incongruent/hard trials (i.e., higher control-demand),
which facilitates greater processing efficiency and results in smaller congruency effects
(Figure 1d) relative to stimuli or contexts that are more often associated with congruent
trials (i.e., lower control-demand).

How exactly participants learn to generalize specific stimulus features and
responses into abstract, context-appropriate attentional control-states and bring about
strategic processing adjustments remains poorly understood. Some theories extend the
conflict-monitoring account, linking conflict-enhanced learning to specific stimulus
features (e.g., item-specific conflict-monitoring, Blais, Robidoux, Risko, & Besner, 2007;
conflict-modulated Hebbian learning, Blais & Verguts, 2012; Verguts & Notebaert, 2008,
2009). These models suggest that participants use experienced conflict to update their
expectations of the task statistics and thus enhance their learning. Specifically,
experiencing conflict results in increased arousal that then enhances the associative
connection between top-down attentional goals and the specific (incongruent) stimulus
features. Over time, repeated presentations of these conflict-evoking stimuli result in a

strengthening of these connections and conflict-control learning effects. However, like
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pure associative learning models, these models, which operate at the level of particular
stimulus features (e.g., the color red), have a hard time accounting for transfer effects,
because the strengthened connections are item-specific and should in theory not allow
for generalization.

More recent theories extend the associative learning principles within conflict-
modulated Hebbian learning (Blais & Verguts, 2012; Verguts & Notebaert, 2008, 2009) by
suggesting that learning can occur beyond the level of individual perceptual and motor
representations. Instead, these representations become bound in an associative network
with goal representations that are co-activated during an event, allowing for
contextually appropriate recruitment of control (Abrahamse et al., 2016). This is similar
to what Egner (2014) proposed by extending the concept of event files, suggesting that
these episodic memory ensembles of stimulus and response features are also bound to
internal representations of attentional states and cognitive strategies (e.g., control-state
learning). Such associative binding then results in three primary predictions about
control-learning: one, that control-learning is context-specific, via the binding of any
active task-relevant and task-irrelevant representations in an associative network; two,
that these associations can develop outside of explicit awareness and that control-
learning is primarily implicit, but can also occur when participants are explicitly aware;
and three, that control-learning is sensitive to reward. The latter two, in particular, refer

to the grounding of cognitive control in reinforcement learning principles.
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A basic reinforcement learning problem involves a set of environmental states, a
set of actions taken at these states, a transition function that maps how actions will cause
the transition to another state, and a reward function that indicates the amount of
reward available at each state (Sutton & Barto, 1998). The typical assumption is that
agents learn a set of actions, or a policy, that maximizes overall reward. When applying
reinforcement learning models to cognitive control data, researchers assume that instead
of learning the likelihood of reward, participants implicitly learn the likelihood of
upcoming control-demand and update their expectancies based on the control-demand
they experience on each trial (Chiu et al., 2017; Jiang, Beck, et al., 2015; Muhle-Karbe et
al., 2018). This process is then sensitive to implicit or explicit reward, because reward is
thought to reinforce these learned associations.

While these adapted reinforcement learning models have offered great insight
into the neural mechanisms involved in control-learning, not much is actually known

about the nature of the learning processes involved.

1.5 Towards Understanding Control-Learning

This Dissertation will thus probe the three proposed principles of control-
learning: that it is context-sensitive, sensitive to reward and reinforcement, and typically
implicit. In Chapters 2 and 3, I will describe empirical studies that use context-specific,

item-specific, and list-wide paradigms to manipulate the proportion of congruency.
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These studies analyze frequency unbiased (transfer) stimuli as indices of control-
learning and will help to establish the parameters and boundary conditions under which
control-learning can occur.

In Chapter 2, I will ask whether learned context-specific control can also
generalize to related contexts. To preview, I found that people can learn to associate
specific stimuli with a state of high attentional selectivity and that these associations can
transfer to linked stimuli. This learning mechanism may form the basis of the human
ability to generalize cognitive strategies over similar contexts and indeed highlights the
role of context sensitivity in control-learning. One question that remained was whether
motivational or timing constraints — and how they interact in reinforcement — impact
generalization of learned context-specific control.

I address this outstanding question in Chapter 3. I found that performance
feedback boosted the learned recruitment of proactive, anticipatory control (i.e., the
LWPC effect) but had little impact on the recruitment of in-the-moment, reactive control
(i.e., the ISPC effect). This suggests that the role of reward sensitivity and reinforcement
in control-learning may be limited to specific contexts where people have the time to
anticipate and see the benefit of adjusting their control. Thus, sensitivity to
reinforcement may be less of a guiding principle of control-learning than an inherited

property of context sensitivity.
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Finally, one last outstanding question was whether people adapt their learned
control only when they gain knowledge of control-demand cues through experience.
While I probed participants for explicit understanding of the PC task structure in
Chapters 2 and 3 and largely found a lack of self-reported, post-task explicit awareness,
Chapter 4 offers a complementary causal approach to understanding how conscious cue
perception and knowledge impact the decision to recruit control. Specifically, in Chapter
4, I use a precuing paradigm that independently manipulates whether participants can
consciously perceive a cue and whether they knew about the amount of upcoming
control-demand that the cue signaled. This chapter examines these factors within the
domain of task-switching, where participants are typically slower and more error prone
when they must switch between tasks (instead of repeating the same task; i.e., “switch
cost”), primarily asking whether foreknowledge via precues could help reduce negative
effects of switching between tasks. Here, we found that cognitive control may be guided
most effectively by explicitly understood and consciously perceived pre-cues and that
more research is needed to understand the role of conscious cue awareness in control-
learning. Specifically, implicit learning may not be as crucial to control-learning as
hypothesized in current theories.

Together, these Chapters offer insight into the boundary conditions under which
people learn to adjust their control across various scenarios. Future research will apply

this psychological research to better understand how deficits of control-learning

17



manifest in mental health disorders and how control-learning plays out more fully in

real world contexts.
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2. Control by association: Transfer of implicitly primed
attentional states across linked stimuli

Although cognitive control has traditionally been viewed in opposition to
associative learning, recent studies show that people can learn to link particular stimuli
with specific cognitive control-states (e.g., high attentional selectivity). Here, we tested
whether such learned stimulus-control associations can transfer across related stimuli. In
the Stimulus-Stimulus (S-S) Association phase, specific face or house images repeatedly
preceded the presentation of particular scene stimuli, creating paired face/house-scene
associates in memory. The Stimulus-Control (5-C) Association phase then associated
these scenes with different attentional control-states by probabilistically biasing specific
scenes to mostly precede either congruent or incongruent trials in a Stroop task. Finally,
in the Stimulus-Control Transfer (S-CT) phase, the faces and houses from the S-S phase
preceded Stroop trials but were not predictive of congruency, testing whether stimulus-
control associations would transfer from scenes to their associated face/house stimuli. In
Experiments 1 and 3, we found that learned implicit stimulus-control associations could
transfer across closely linked cues, and in Experiment 2, we showed that this transfer
depended on the memory associations formed in the S-S phase. While this form of
transfer learning has previously been demonstrated for stimulus-reward associations,
the present study provides the first evidence for the associative transfer of stimulus-

control associations across related stimuli. This work demonstrates how people can
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learn to implicitly adapt their processing strategies in a flexible context-dependent
manner and establishes a novel learning mechanism supporting the generalization of
cognitive control.

A version of this Chapter has been published as a research article in Psychonomic

Bulletin & Review (Bejjani et al., 2018).

2.1 General Introduction

Cognitive control describes the strategic use of a current context to guide our
responses in line with internal goals. Traditionally, control is viewed as an opposing
force to bottom-up associational processes (i.e., learning and memory) that drive
automatic, overlearned responses (Norman & Shallice, 1986). For instance, in the color-
word Stroop task (Stroop, 1935), participants must respond to the ink color of color-
words while suppressing habitual word-reading, and are slower and less accurate when
the meaning of the word and its ink color are incongruent (e.g., RED in blue) than when
they are congruent (e.g., RED in red). This Stroop effect is thought to reflect the
behavioral cost of exerting control to resolve the clash between the habitual reading
response and the contextually appropriate instructed ink-naming response (Botvinick et
al., 2001). However, such juxtaposition between associative and controlled processing
ignores the fact that learning and attentional control need to work hand-in-hand so that

contexts can be linked with appropriate control settings (Egner, 2014).

20



This type of context-control learning has been demonstrated in a number of
studies where implicit probabilistic cues (e.g., stimulus location, color, trial type history,
or sensory modality) have been found to facilitate the retrieval of context-appropriate
attentional control-states (e.g., high attentional focus) (for reviews, see Bugg, 2017; Bugg
& Crump, 2012). For instance, Stroop stimuli presented at a specific location (e.g., top-
right of screen) that is mostly associated with higher control-demand (frequent
incongruent trials) are processed more efficiently (producing smaller Stroop effects)
relative to those presented in a location that is mostly associated with lower control-
demand (frequent congruent trials). Contextual cues can thus guide strategic adjustment
to control demands. Such stimulus-control learning is highly adaptive, combining the
speed of automatic processing with the flexibility of cognitive control (Egner, 2014).

Yet greater flexibility could be achieved if learned control-states were transferred
across associated stimuli or contexts. This type of transfer has been shown to occur for
stimulus-reward associations: when stimulus A predicts stimulus B, and stimulus B is
subsequently paired with reward, participants transfer B’s reward value to A (Wimmer
& Shohamy, 2012). Previously, context-specific (e.g., location-driven) control settings
have been shown to extend to unbiased and novel stimuli (e.g., Crump & Milliken, 2009;
King et al., 2012; Surrey et al., 2017; Weidler & Bugg, 2016) as well as to members within
particular social categories (Canadas et al., 2013), but whether control-state associations

can transfer across closely linked cues remains unknown. Transferring attentional
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settings across associated stimuli would provide a valuable means of generalizing
learned control-states and thus their associated cognitive strategies. Here, in three

experiments, we tested stimulus-to-stimulus transfer learning of cognitive control.

2.2 Experiment 1

Our goal was to test whether learned stimulus-control-state associations would
transfer across related stimuli. Our task consisted of a stimulus-stimulus (S-S)
association phase, a stimulus-control (S-C) association phase, and a stimulus-control
transfer (5-CT) test phase (cf. Wimmer & Shohamy, 2012). In the S-S phase, face or house
(S1) images repeatedly preceded the presentation of scene (S52) images, in order to foster
S1-S2 paired-associates in memory. Next, in the S-C phase, S2 images preceded color-
word stimuli in a Stroop task. Crucially, S2 images served as implicit probabilistic cues:
half were predictive of congruent trials (low control-demand) and the other half of
incongruent trials (high control-demand). Finally, in the S-CT phase, S1 images, instead
of 52 images, preceded the Stroop stimuli but did not have any predictive relationship
with congruency. This allowed us to test whether any S2 control-demand associations
acquired during the S-C phase would transfer to their S1 paired-associates. Control
transfer learning would be evident if S1 images associated with S2 high control-demand
images produced a smaller congruency effect in the transfer phase compared to S1

images associated with S2 low control-demand images.
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2.2.1 Method
2.2.1.1 Participants

Our target sample size was 75 participants based on effect sizes (n,? =0.11, 1% =
0.17) from a recent study on context-control learning (Surrey et al., 2017). With a high
power of 0.9 and a Type I error level of 0.05, we required between fifty-five and eighty-
eight participants, and we anticipated an attrition rate of ~10%. We therefore aimed to
run ~80 participants.

Eighty-three Amazon Mechanical Turk (MTurk) workers consented to
participate for a $7.50 fee. Seven participants were excluded because of poor accuracy
(i.e., less than 70% in at least one task phase), resulting in a final sample size of seventy-
six (mean age = 34.01, SD = 8.88; 42 female, 33 male, 1 no reply). Prior to accepting the
HIT, participants were told the amount of time that each task phase would take and that

they would have to categorize images and make judgments about color-words.
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Figure 2: Summary of Task Procedure. A) Stimuli consisted of two gray-scale
male face images from Kanade, Cohn, and Tian (2000), two gray-scale house images
from real estate websites, and four scene images (mountain, canyon, waterfall, forest).
Face and house images were used for their known neural selectivity, in anticipation of
running an fMRI study at a later date. B) In the Stimulus-Stimulus (S-S) association
phase, a face or house (S1) repeatedly predicted a particular scene (S2) image to form
paired associates in memory. C) In the Stimulus-Control (S-C) association phase, 52
images predicted stimulus congruency in a Stroop task to create implicit "control-
demand cues". D) In the Stimulus-Control Transfer (S-CT) phase, S1 "transfer probes"
likewise preceded the onset of Stroop trials but were not predictive of congruency.

2.2.1.2 Experimental Procedure

The experiment consisted of consecutive S-S, S-C, and S-CT phases (Figure 1). On
each trial in the S-S phase (Figure 2b), participants saw a face or house (S1) image for 750
ms, a fixation cross for 500 ms, and a scene (S2) image for 750 ms, followed by
performance feedback (correct/incorrect) for 1000 ms and a blank ITI screen for 1500 ms.
The participants’” instructed goal was to categorize S2 images by pressing scene-specific

keyboard response buttons (a, s, k, and 1 on a QWERTY keyboard, mapped onto left
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middle, left index, right index, and right middle finger, respectively). However, each S2
image was preceded by a specific S1 image with a 0.8 probability and for the remaining
20% of trials, was preceded equally often by each of the other three invalid S1 images.
Participants could thus optimize their performance by learning and exploiting these S1-
S2 paired-associates.

To establish an association between S2 images and attentional control-states,
participants then underwent the S-C phase (Figure 2c). Here, participants performed the
color-word Stroop task (Stroop, 1935), using four color-words (BLUE, GREEN, RED,
YELLOW) printed either in congruent (e.g., RED in red) or incongruent (e.g., RED in
blue) colors. Participants responded to the print color via color-specific response buttons
(z, x, n, and m on a QWERTY keyboard, mapped onto left middle, left index, right index,
and right middle finger, respectively). S2 images were shown for 1000 ms, followed by a
fixation cross for 1000 ms, a Stroop color-word for 1000 ms, and an ITI of 2000 ms. While
the overall frequency of congruent/incongruent trials was equal, two S2 images mostly
preceded incongruent trials, while the other two mostly preceded congruent trials (both
at 0.8 probability). Our manipulation thus aimed to create two types of S2 "control-
demand cues": one associated with a low state of attentional control (congruent trial
cues) and another associated with a high state of attentional control (incongruent trial
cues).

Crucially, in the S-CT phase (Figure 2d), we then tested whether the attentional
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control-states linked with S2 control-demand cues would transfer to their S1 paired-
associate. Participants again performed the color-word Stroop task, but with S1 images
preceding the color-word trials. Importantly, unlike S2 control-demand cues, S1 images
were not predictive of congruency (0.5 probability). Any performance differences
observed as a function of these S1 "transfer probes" could thus be attributed to the
transfer of stimulus-control associations from S2 images to their respective S1 paired-
associate. The S-CT phase followed the same trial timing as the S-C phase.

For all task phases, if participants did not respond before the scene (S-S) or color-
word (5-C and S-CT) disappeared from the screen, a feedback time-out was provided for
1000 ms to encourage quicker responses. This occurred on a total of 5.98% of S-S phase
trials, 3.06% of S-C phase trials, and 3.07% of S-CT phase trials. A coding error resulted
in the data exclusion of the last three to four S-S phase trials (0.47% total) for twenty-
seven participants.

All S1 and S2 images were presented in the center of the screen and with equal
frequency in every task phase (S-S phase: 240 total trials across 4 runs; S-C: 320 trials
across 4 runs; S-CT: 160 trials across 2 runs), and all trial types in each phase were
presented in random order.

To counterbalance the assignment of paired-associates, we ran four task versions.
In two versions, the two faces and two houses were associated with the scenes that

represented low/high control-demand, respectively, while in the other two versions, one
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face and one house each were associated with low/high control-demand, respectively.
We did not counterbalance for response button assignment, since any random bias in

response fluency to a particular stimulus would be orthogonal to our effects of interest.

2.2.1.3 Post-test Questionnaire

After the main experiment, participants filled out a questionnaire that assessed
their memory of the S-S phase paired-associates and explicit understanding of the task
structure (see Supplementary Material within Appendix A). Note that participants did
not know in advance that they would be asked about the task structure or to recall the S-

S phase associates.

2.2.1.4 Data Analysis

Analyses were carried out on accuracy (proportion correct) and reaction time
(RT) data. RT was analyzed for correct trials that did not entail a direct stimulus
repetition from the previous trial (S-S: 0.39% of trials; S-C: 0.11%; S-CT: 0.13%) and that
were not excessively fast (< 200 ms) or slow (feedback time-out S-S: > 750 ms; S-C/S-CT: >
1000 ms).

For the S-S phase, we compared trials in which a S1 image preceded its S2
paired-associate (valid) to those in which it did not (invalid) using a paired-samples t-

test. For the S-C phase, a 2 x 2 x 4 repeated-measures ANOVA was run, with 52 control-

27



demand cue (low/high), congruency (congruent/incongruent), and run (1-4) as within-
subjects factors. The S-CT phase data were analyzed similarly, with S1 transfer probes
replacing the corresponding S2 control-demand cues and with only 2 runs. The run
factor was of particular interest for the S-CT phase, since the S1 transfer probes were not
predictive of congruency and any transfer effect was expected to be short-lived. All data
were Greenhouse-Geisser corrected where appropriate.

All materials are online at

https://github.com/christinabejjani/controltransfer/expt1.

2.2.2 Results
2.2.2.1 Stimulus-Stimulus (S-S) Association Phase

As anticipated, participants formed S1-S2 associations: validly cued S2 images
were categorized more quickly (Figure 3a; #(75) = 4.01, p < 0.001, Cohen’s d = 0.42, CL
effect size = 68%) and accurately (#(75) =-2.21, p =0.030, Cohen’s d = 0.27, CL effect size =

60%) than invalidly cued ones. See Appendix A, Table 4 for full RT and accuracy data.

2.2.2.2 Stimulus-Control (S-C) Association Phase

Here, S2 images were used as "control-demand cues": half mostly predicted
congruent Stroop trials (low control-demand), while the other half mostly predicted

incongruent Stroop trials (high control-demand). As anticipated, participants responded
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more slowly and less accurately on incongruent than congruent trials (F(1,75) = 402.82, p
<0.001, ny?= 0.84; F(1,75) = 104.66, p < 0.001, n? = 0.58). Surprisingly, at the group level,
we did not observe any evidence that participants used the S2 control-demand cues to
modulate Stroop congruency (Figure 3b; main effect of S2 control-demand cue: Fs <1;
cue x congruency Fs <1; run x cue x congruency: RT F <1, accuracy: F(3,225) =1.56, p =
0.199, ny? = 0.02). However, there was a large amount of individual variability in S-C
cueing effects (see S-CT below).

Because the S-S phase could have promoted the categorization of scenes
associated to faces versus those associated to houses and thus impeded learning in the S-
C phase, we also tested whether the specific stimulus pairings across the different
counterbalancing versions of the task impacted S-C learning. There was no effect of task
version on the S-C cueing effects (high vs. low control-demand congruency effect) for RT

(H74) = 0.32, p = 0.754) or accuracy (£(74) = 0.20, p = 0.840).
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Figure 3: Experiments 1 and 3 results. (a & d) S-S phase mean RT (+ SEM) data
are displayed as a function of S1-S2 cue validity. (b & e) S-C phase Stroop task
performance: Mean RT (+ SEM) data are plotted as a function of congruency and S2
control-demand cue. (c & f) S-CT phase: run 1 mean RT (+ SEM) data are shown as a
function of congruency and S1 transfer probe.

2.2.2.3 Stimulus-Control Transfer (S-CT) Phase

In line with the assumption that S-C associations would transfer from S2 control-

demand cues to their paired-associate S1 transfer probes, we observed a run-sensitive
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transfer RT effect: the mean congruency effect was reduced for high compared to low
control-demand S1 transfer probes in run 1 (Figure 3c; F(1,75) = 4.89, p = 0.030, n,? = 0.06)
but not in run 2 (run 2 cue x congruency: F(1,75) =1.95, p = 0.167, n,? = 0.03; run x cue x
congruency: F(1,75) =5.76, p = 0.019, 1,* = 0.07). We observed no transfer accuracy effects
(run 1 cue x congruency: F <1; run 2 cue x congruency: F(1,75) =2.03, p = 0.159, 1, = 0.03;
run x cue x congruency: F(1,75) = 1.51, p = 0.223, n,? = 0.02).

Given the absence of a group level cueing effect in the S-C phase, a control
transfer RT effect implies that a subset of individuals acquired S2 control-demand
associations in the S-C phase. We therefore examined whether individual differences in
S-C learning could explain the presence of a RT transfer effect. Indeed, as the S-C RT
cueing effect (high vs. low control-demand congruency effect) increased, so did the S-CT
RT effect (r =0.23, p = 0.045). We divided the S-C and S-CT effects for each participant by
the mean RTs in each phase to control for overall differences in RT, but the S-C/S-CT RT
relationship was unaltered (r = 0.24, p = 0.035). Similarly, when we categorized
participants as S-C non-learners (i.e., negative RT cueing effect) and S-C learners (i.e.,
positive RT cueing effect), we found that S-C non-learners did not show a transfer effect
(runs 1 and 2 cue x congruency: Fs <1.1; run x cue x congruency: F < 1), while S-C
learners did (run 1 cue x congruency: F(1,37) = 6.24, p =0.017, ny> = 0.14; run 2 cue x

congruency: F < 1; run x cue x congruency: F(1,37) =5.28, p = 0.027, n,? =0.13). This
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suggests that the attentional states learned in the S-C phase drove the observed transfer

effect through the S1-52 association.

2.2.2.4 Memory of S1-S2 Associative Pairs

Participants performed better than chance (M = 2.45, 95% CI [2.15, 2.75]) when
matching a S1 image with one of two S2 options (#75) = 2.93, p = 0.004, Cohen's d = 0.34),
and memory performance was correlated with the S-S validity effects for RT (r=0.46, p <
0.001) and accuracy (r =-0.38, p = 0.001). Thus, participants who learned the initial S1-S2

associations had greater subsequent memory of these pairs.

2.2.2.5 Explicit Understanding of Task Structure

Given that participants remembered the S1-52 pairs, we assessed whether they
had explicit knowledge of the S-S task structure through a series of post-test questions
(see Supplementary Material within Appendix A). Only four participants reported
noticing the underlying task structure and answered all follow-up questions correctly,
indicating that most participants had limited explicit awareness of the S-S phase
structure.

We assessed explicit awareness of the underlying S-C and S-CT task structures
by asking participants whether they noticed any systematic variation in the

image/Stroop trial sequences. Only three participants exhibited any explicit
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understanding of the S-C phase structure. Removing these subjects from the main
analyses did not alter the results. Participants also rated the extent to which image
categories predicted the frequency of Stroop trial congruency and then matched scenes,
faces, and houses to their most likely trial type. Participants were unable to differentiate
between the actual predictor category and lures, and match the S2 cues to their
respective congruencies. This suggests that most participants remained unaware of the

task structure and learned these associations implicitly.

2.3 Experiment 2

We interpret Experiment 1’s results as a demonstration of an implicit stimulus-
control transfer effect, where control-state associations are passed between previously
established paired-associates. Alternatively, however, the S-CT phase effect could have
arisen due to “learned predictiveness” (cf. Pelley & McLaren, 2003), whereby
participants learned that (scene) image cues predicted Stroop trial congruency in the S-C
phase and subsequently assumed that the same predictive structure would hold true for
the S-CT phase, where the face/house images act as cues for Stroop trials in a similar
task structure. If participants made this assumption about the predictiveness of
face/house images in the S-CT phase, this account would also predict a run-sensitive
transfer effect, because participants would soon realize that the learned structure was

not a helpful performance predictor. Moreover, such an account tests the foundational
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assumption of this study: that learned control-states are transferred across the initial S-S
associations or closely linked cues.

In Experiment 2, we tested this rival account by scrambling the S1-52
associations, such that no paired-associates could be formed. Here, the control-transfer
hypothesis would predict that no differential congruency effects should be observed in
the S-CT phase, whereas the learned predictiveness account would still anticipate such

effects.

2.3.1 Method
2.3.1.1 Participants

Seventy-nine MTurk workers consented to participate for a $7.50 fee. Six
participants were excluded because of poor accuracy (< 70%), resulting in a final sample
size of seventy-three (mean age = 33.26, SD = 9.07; 44 female, 29 male). HIT instructions

remained the same as in Experiment 1.

2.3.1.2 Experimental Procedure

Only the S-S phase differed from the Experiment 1 procedure. Here, S1 images
preceded each S2 image at an equal rate. Across all participants, a feedback time-out
occurred on 6.43% of S-S phase trials, 3.97 % of S-C phase trials, and 3.46% of S-CT phase

trials.
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Since the S-S phase no longer included paired-associates, we ran a 4 x 4 repeated-
measures ANOVA with S1 and S2 images as factors to determine the effect of S1 cues on
S2 categorization. The S-C phase data were analyzed as in Experiment 1. For S-CT data,
to test for the presence of a transfer effect, we performed a 4 x 2 x 2 repeated-measures
ANOVA with S1 images, congruency, and run as factors. Because pairs of S1 cues were
analyzed together in Experiment 1, we also ran paired t-test comparisons of congruency
effects between all pairs of S1 images.

All materials are online at

https://github.com/christinabejjani/controltransfer/expt2.

2.3.2 Results
2.3.2.1 Stimulus-Stimulus (S-S) Association Phase

Now that each S1 image preceded each S2 image an equal number of times, S1
images did not impact S2 categorization (main effect of S1 image: Fs < 1; S1 x S2 image:
Fs <1.1). There was an unexpected main effect of S2 image (RT: F(3,216) = 20.89, p <
0.001, ny* = 0.23; accuracy: F(3,216) = 17.20, p <0.001, ny* = 0.19), such that participants
were faster to categorize the forest and more accurate at categorizing the mountain than
other scenes. This is likely due to low-level image features (e.g., the forest being the
brightest stimulus) and should not impact S-C and S-CT Stroop performance. See

Appendix A, Table 5 for full RT and accuracy data.
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2.3.2.2 Stimulus-Control (S-C) Association Phase

The S-C phase replicated that of Experiment 1: participants were faster (F(1,71) =
339.63, p < 0.001, ny? = 0.83) and more accurate (F(1,72) = 84.13, p <0.001, n? = 0.54) at
responding to congruent stimuli. Their responses were also not impacted by S2 control-
demand cues (Fs < 1.4), and there was no interaction between run, control-demand cue,
and congruency for RT (F(3,213) =1.79, p = 0.151, n,? = 0.03). However, this three-way
interaction was significant for accuracy (F(3,216) = 2.88, p =0.043, n,* = 0.04). Post-hoc
analysis suggests that this occurred due to a linear trend (F(1,72) =5.73, p = 0.019, ny? =
0.07), driven by the decrease in congruency effects for the low control-demand cue over
time, while congruency effects for the high control-demand cue remained steady over

time.

2.3.2.3 Stimulus-Control Transfer (S-CT) Phase

If the Experiment 1 results were due to transfer learning, no transfer should be
observed in Experiment 2. However, if the Experiment 1 results were caused by learned
predictiveness, we would expect differential congruency effects in the Experiment 2 S-
CT phase. Consistent with the control transfer hypothesis, there was no interaction
between S1 image and congruency, regardless of whether we focused only on run 1

RT/accuracy (Fs < 1), or included the run factor in the S1 x congruency ANOVA (Fs < 1).
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Similarly, when we compared congruency effects between all pairs of S1 stimuli, we

observed no effects (all ¢-stats < 1.05).

2.4 Experiment 3

Taken together, the results of Experiments 1 and 2 suggest that control transfer
learning is possible. However, we observed no mean group effect of control-learning in
the S-C phase, and the transfer effect was modest in size. Moreover, one possible
alternative account for the transfer effect in Experiment 1 is that it might reflect the
transfer of simple S-R contingencies rather than of control settings (see Supplementary
Material within Appendix A). We therefore designed a third experiment with the
following goals: First, we aimed to conceptually replicate the control transfer learning
effect of Experiment 1. Second, we sought to enhance the S-C phase learning effect, both
to foster a group-level effect and as a potential means to enhance transfer. To this end,
we aimed to amplify Stroop conflict by increasing the time between the presentation of a
Stroop color-word and its printed color (cf. Appelbaum et al., 2009), and we sought to
strengthen the S-C Phase associations between scene images and congruency by
showing the S2 images for the entire trial duration (with the Stroop color-word shown
underneath the scene image). Third, we aimed to rule out the possibility of a
contingency learning confound. For this purpose, we manipulated the Stroop stimulus

set in the S-C Phase such that a subset of “biased” color words created the cue-
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congruency associations, while another subset of color-words served as unbiased test
items to index stimulus-control learning in the absence of stimulus-response learning
confounds (Crump & Milliken, 2009). Finally, since Experiments 1 and 2 were conducted
online, we also wanted to ensure the transfer effect would be observable under standard

laboratory conditions. Thus, Experiment 3 was run in-person.

2.4.1 Method
2.4.1.1 Participants

Given our assumption that the modifications to the S-C Phase in Experiment 3
would increase the effect sizes of control-learning and transfer effects, we reduced our
target sample to 45 participants. Based on the attrition rate of the previous experiments,
we aimed to recruit ~50 participants.

Fifty-two undergraduate students consented to participate in a ninety-minute
slot for course credit and were not told about the number of task phases or their length
prior to starting the study. Eight participants were excluded because of poor accuracy (<
70%), resulting in a final sample size of forty-four (mean age = 18.89, SD =1.30; 34

female, 10 male).

38



2.4.1.2 Experimental Procedure

In comparison to Experiment 1, we altered the S-C and S-CT phases. To ensure
that participants would use S2 images as control-demand cues, the scenes were
presented for the entire three-second trial duration 100 pixels above the center of the
screen, while the fixation cross and the Stroop stimuli that followed were presented 100
pixels below the center of the screen. The Stroop stimulus timing differed with one
regard to that in Experiment 1: a color-word was presented for 200 ms in black before its
response-eligible printed color was presented for the remaining 800 ms.

To control for the formation of stimulus-response associations between scene
stimuli and specific Stroop items (which might in theory transfer to the associated S1
images), we split Stroop stimuli into two sub-sets, frequency biased and frequency
unbiased items (cf. Crump & Milliken, 2009). Specifically, the words red and green
(frequency biased stimuli) were always incongruent following high control-demand
cues and always congruent following low control-demand cues, and were only printed
in either red or green. By contrast, the words blue and yellow (frequency unbiased
stimuli) were incongruent or congruent half of the time, not predicted by the cue, and
were only printed in either blue or yellow. This ensured that control-demand cues
mostly preceded their respective trial types at a 0.75 probability while also producing
“unbiased” probe items (the blue/yellow stimuli) that indexed an effect of learned

control in the absence of the confound of learned stimulus-response associations. Thus,
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our key question was whether these unbiased Stroop items would show (a) an S-C
learning effect in the S-C Phase, and most importantly, (b) a control transfer effect in the
S-CT Phase.

Across all participants, a feedback time-out occurred on 6.40% of S-S phase trials,
4.22 % of S-C phase trials, and 3.92% of S-CT phase trials. The S-C phase also now
consisted of 256 total trials. The S-CT phase followed the structure of the S-C phase.
Analyses were performed on the frequency unbiased and frequency biased stimuli
separately.

All materials are online at

https://github.com/christinabejjani/controltransfer/expt3.

2.4.2 Results
2.4.2.1 Stimulus-Stimulus (S-S) Association Phase

Consistent with Experiment 1, participants formed S1-S2 associations: validly
cued S2 images were categorized more quickly (Figure 3d; #(43) = 3.05, p = 0.004, Cohen’s
d =0.44, CL effect size = 68%) and slightly more accurately (#(43) = 1.85, p=0.071,
Cohen’s d = 0.23, CL effect size = 61%) than invalidly cued ones. See Appendix A, Table 6

for full RT and accuracy data.
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2.4.2.2 Stimulus-Control (S-C) Association Phase

Now that we increased Stroop conflict and showed the 52 control-demand cues
for the entire duration of each trial, participants used these cues to modulate Stroop
congruency for the frequency unbiased stimuli (Figure 3e; cue x congruency: F(1,43) =
10.55, p = 0.002, n? = 0.20; main effect of cue: F < 1.6 and congruency: F(1,43) =361.15, p <
0.001, ny? = 0.89; run x cue x congruency: F < 1). The difference in congruency for
frequency biased stimuli was smaller than congruency differences for frequency
unbiased stimuli following both the high-demand cues (#(43) = 3.34, p = 0.002, Cohen's d
=0.53, CL effect size = 69%) and low-demand cues (#(43) = 6.03, p <0.001, Cohen's d =
1.01, CL effect size = 82%). This suggests that participants learned stimulus-response
associations, but that these associations did not drive our conditioned control-demand
effect.

As with Experiment 1, we did not observe these effects for accuracy (cue x
congruency: F(1,43) =2.69, p =0.108, n,? = 0.059; main effect of cue: F <1, congruency: F(1,
43) = 21.16, p < 0.001, n,? = 0.330; run x cue x congruency: F <1; frequency biased vs. high-
demand: #(43) = 0.90, p = 0.374, Cohen's d = 0.17, CL effect size = 55%; frequency biased

vs. low-demand: #(43) = 0.69, p = 0.496, Cohen's d = 0.14, CL effect size = 54%).
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2.4.2.3 Stimulus-Control Transfer (S-CT) Phase

Experiment 3 successfully replicated Experiment 1’s run-sensitive control-
transfer effect: the mean congruency difference was reduced for high compared to low
control-demand S1 transfer probes in run 1 (Figure 3f; cue x congruency: F(1,43) = 4.59, p
=0.038, 1y = 0.10) but not in run 2 (cue x congruency: F <1.1; run x cue x congruency:
F(1,43) =4.76, p = 0.035, ny*> = 0.10) for frequency unbiased stimuli. This effect was not
observed for frequency biased stimuli (all Fs < 1). Thus, while stimulus-control learning
effects were transferred, stimulus-response learning effects were not. We observed no
transfer accuracy effects (all frequency unbiased Fs < 1; frequency biased: run x cue x
congruency: F <1; run 1 cue x congruency: F <1; run 2 cue x congruency: F(1,43) =1.49, p
=0.229, n? = 0.033).

As with Experiment 1, we found that across individuals, the S-C learning effect
(high - low control-demand cue congruency difference, for frequency unbiased stimuli)
was correlated with the run-sensitive, frequency unbiased transfer effect (r =0.34, p =
0.024), even when we corrected for mean differences in RT within each participant (r =
0.34, p = 0.023). These relationships did not exist for frequency biased stimuli (r = 0.13, p
= 0.401; corrected: r =0.15, p=0.317).

Confirming the individual differences in transfer learning we observed in
Experiment 1, we also found that RT transfer was stronger in S-C learners (run x cue x

congruency: F(1,30) =7.58, p =0.010, 1> = 0.20; run 1 cue x congruency: F(1,30) =21.14, p
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<0.001, ny? = 0.41; run 2 cue x congruency: F < 1) than 5-C non-learners (run x cue x
congruency: F <1; run 1 cue x congruency: F <1; run 2 cue x congruency: F(1,12) =3.37, p

=0.091, n,* = 0.22).

2.4.2.4 Memory of S1-S2 Associative Pairs

Replicating Experiment 1, participants performed better than chance (M = 2.64,
95% CI [2.24, 3.03]) when matching S1 and S2 images (#(43) = 3.13, p = 0.003, Cohen's d =
0.47). Memory performance was also correlated with the S-S validity effects for RT (r =

0.45, p = 0.002) but not accuracy (r =-0.15, p = 0.339).

2.2.2.5 Explicit Understanding of Task Structure

Replicating Experiment 1, most participants indicated limited explicit awareness
of the underlying S-S, S-C, and S-CT phase structures (see Supplementary Material
within Appendix A). Removing participants who indicated awareness of the S-C phase

structure did not alter the results.

2.4 General Discussion

Although cognitive control has traditionally been viewed in opposition to
associative learning, recent studies have shown that people can learn to associate

particular stimuli with specific attentional control-states (e.g., high attentional focus). In
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experiments one and three, we examined whether these learned stimulus-control
associations could transfer across related stimuli. We found evidence of a transfer effect,
and in experiment two, showed that transfer of control-state associations depended on
the initial associations linking the stimuli pairs.

This transfer of learned control settings across associated stimuli represents a
novel generalization mechanism in the domain of cognitive control. Our findings add to
previous studies that have found evidence of context-specific control settings
generalizing to new or unbiased stimuli (Crump & Milliken, 2009; Surrey et al., 2017;
Weidler & Bugg, 2016; Wiihr et al., 2015) and members within particular social
categories (Cafiadas et al., 2013). We demonstrate that stimulus-specific control
generalizes to associated stimuli: like reward (Wimmer & Shohamy, 2012), attentional
control-states can transfer across closely linked cues. Furthermore, this mechanism need
not depend on an explicit understanding of the predictive relationships. In line with
research on implicit context-control (Abrahamse et al., 2016; Crump et al., 2008), we
show that people can learn to recruit high attentional focus in a flexible context-
dependent manner, modulating their response to demands from closely linked contexts
without explicit awareness of task structure.

An alternative explanation of our effects could be that participants modulated
their response to Stroop stimuli through learned cue-response or cue-stimulus-response

contingencies (Schmidt & Besner, 2008). However, we found no evidence of this learning
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in the Experiment 1 S-C phase data (see Supplementary Material within Appendix A) or
in the Experiment 3 replication. In the latter, we clearly demonstrated context-control
learning in the absence of contingency learning, replicating previous studies (e.g.,
Crump & Milliken, 2009, p. 2009; Surrey et al., 2017; Weidler & Bugg, 2016; Wiihr et al.,
2015), as well as showing that only control-learning (but not stimulus-response
contingency learning) transferred across linked stimuli.

This implicit stimulus-control binding is consistent with the concept of “event
files”, episodic memory ensembles of stimulus and response features (Hommel, 2004). A
recently proposed extension of this concept (Egner, 2014) suggests that stimulus and
contextual features can be bound to internal representations of attentional states and
cognitive strategies. Such “integrative” event files imply that closely linked cues can be
included in an episodic file with their paired associates, subject to how stimuli are
learned in the task structure.

The task structure may have influenced the stimulus-control learning that we
observed. As in the stimulus-reward transfer study (Wimmer & Shohamy, 2012), we
linked stimuli pairs, and stimuli and attentional control-states, in a causal chain (S1 - S2
- control-state) structure. This structure may have caused interference in the stimulus
representations by disrupting predictive regularities, since S2 images act as goal-
relevant outcomes in the S-S phase but predictive cues in the S-C phase. Alternatively,

learned stimulus-control associations may also transfer across linked cues through
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knowledge of the covariational information provided by a common-cause (52 - S1, S2
-> control-state) structure (Penn & Povinelli, 2006). Here, the predictive structure is
more consistent, since the cues or "causes" are held constant, potentially allowing for
better learning. If participants can learn stimulus-control associations through a
common-cause structure, this indicates that transfer effects are observed only implicitly
through associative learning, because associative and causal learning are treated
independently. However, if participants cannot learn through a common-cause
structure, this implies that strategy or reasoning adjustments are possible. Future studies
should address this important question concerning the effect of structure on stimulus-
control learning.

Future work should also examine whether people can transfer these control
settings across different members of associated categories (cf. Cafiadas et al., 2013), using
trial-unique stimuli to control for priming effects and subsequently test for incidental
encoding differences in the retrieval of control-states. Control settings and retrieval may
be further modulated on an individual level, prompting the need to pinpoint the
optimal and boundary conditions for obtaining control-learning effects, which were
highly variable in Experiment 1. Previous work has shown that individual differences in
working memory capacity (Hutchison, 2011) and reward responsiveness (for partial
review, see: Braver, 2012) may modulate contextual control effects, while design

considerations such as cue awareness (Farooqui & Manly, 2015) and timing (e.g., Bugg &
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Smallwood, 2016) may also affect transfer learning. How exactly these various factors
shape control-learning is yet to be fully understood.

In sum, we found that people can learn to associate specific stimuli with a state
of high attentional selectivity and that these associations can transfer to related stimuli.
This form of transfer learning has previously been demonstrated for simple actions
(stimulus-response associations) and for reward associations, but to the best of our
knowledge, the present study provides the first ever evidence for the associative transfer
of stimulus-control associations across related stimuli. This learning mechanism may
form the basis of the human ability to generalize cognitive strategies over similar

contexts.
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3. Performance feedback promotes proactive but not
reactive adaptation of conflict-control

Cognitive control refers to the use of internal goals to guide how we process
stimuli, and control can be applied proactively (in anticipation of a stimulus) or
reactively (once that stimulus has been presented). The application of control can be
guided by memory; for instance, people typically learn to adjust their level of attentional
selectivity to changing task statistics, such as different frequencies of hard and easy trials
in the Stroop task. This type of “control-learning” is highly adaptive, but its boundary
conditions are currently not well understood. In the present study, we assessed how the
presence of performance feedback shapes control-learning in the context of item-specific
(reactive control, Experiments 1a and 1b) and list-wide (proactive control, Experiments
2a and 2b) proportion of congruency manipulations in a Stroop protocol. We found that
performance feedback did not alter the modulation of the Stroop effect by item-specific
cueing, but did enhance the modulation of the Stroop effect by a list-wide context.
Performance feedback thus selectively promoted proactive, but not reactive, adaptation
of cognitive control. These results have important implications for experimental designs,
potential psychiatric treatment, and theoretical accounts of the mechanisms underlying
control-learning.

A version of this Chapter has been published as a research article in Journal of

Experimental Psychology: Human Perception and Performance (Bejjani, Tan, et al., 2020).
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3.1 General Introduction

In many everyday scenarios (e.g., driving during heavy traffic), people need to
engage cognitive control, using internal goals to guide how they process stimuli and
select actions, rather than relying on routine behavior. Given repeated exposure to, or
commonalities between, particular situations or contexts that require the recruitment of
cognitive control, people can learn to link contextual cues (for instance, approaching a
particular type of intersection) to the need for imposing a particular type of control
“state” (e.g., a heightened focus of attention) (Abrahamse, Braem, Notebaert, & Verguts,
2016; Egner, 2014). This phenomenon, known as "control-learning," occurs when
previous experience (memory) guides control strategies and is typically assessed by
analyzing how people learn to adjust their attentional priorities to context-dependent
differences in frequencies of hard and easy trials on classic control tasks (for reviews, see
Bugg, 2017; Bugg & Crump, 2012; Chiu & Egner, 2019), including conflict-control
paradigms.

Conflict-control learning refers to how people adjust to interference (or conflict)
in information processing when current goals conflict with overlearned, prepotent
responses (Botvinick, Braver, Barch, Carter, & Cohen, 2001). For example, in the classic
Stroop task (Stroop, 1935), participants must name the ink color of color-words and are
typically slower and less accurate when the ink color is incongruent with the meaning of

the color-word (e.g., the word BLUE printed in red) than when the ink color is
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congruent (e.g., the word BLUE printed in blue). This performance difference, referred
to as the congruency effect, is thought to index the need for, and efficiency of, cognitive
control. Per the influential “conflict-monitoring theory” (Botvinick et al., 2001), the
cognitive system monitors the level of processing conflict to drive commensurate
adjustments in the recruitment of control: more conflict (e.g., an incongruent trial)
requires more control, and greater control results in more efficient attentional selection
and thus a smaller congruency effect over time.

Within the conflict-control literature, research has focused on so-called
proportion congruent (PC) effects as indices of learning-guided control. PC effects refer
to the observation that congruency effects are reduced in contexts where conflict
(incongruent trials) is more frequent or probable, i.e., in the presence of implicit cues,
stimuli, or blocks that are more predictive of incongruent than congruent trials (e.g.,
Bugg & Crump, 2012; Logan & Zbrodoff, 1979). In an item-specific proportion congruent
(ISPC) paradigm, for instance, the ratio of hard (incongruent) to easy (congruent) trials
varies as a function of a particular stimulus (e.g., a specific animal category), which acts
as the learning signal cueing the recruitment of specific control-states (Bugg et al., 2011).
Thus, the ISPC is thought to reflect what is known as “reactive control,” or control that is
recruited in the moment, in response to a particular stimulus-context configuration,
because participants cannot anticipate which cue or stimulus will be shown from one

trial to the next (Braver, 2012; Bugg, 2017). In contrast to the ISPC, the list-wide
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proportion congruent (LWPC) paradigm varies the ratio of hard to easy trials between
blocks of trials and is thus thought to reflect “global” or “proactive control,” or control
that is recruited in anticipation of upcoming demand, because here demand is
temporally predictable.

Learning to apply control in a context-sensitive manner is highly useful.
Accordingly, discovering ways to boost control-learning has important implications
both for improving our understanding of high-level, adaptive cognition, as well as for
potential interventions in populations for whom context-dependent control is known to
be impaired (e.g., schizophrenia, Barch & Sheffield, 2017; aging, Braver et al., 2014).The
present study therefore investigated a key factor that may promote the learning of
reactive and/or proactive conflict-control strategies, namely, the provision of
performance feedback, which can act as an intrinsic motivator of learning (Bejjani et al.,
2019; Tricomi & DePasque, 2016).

Previous work has primarily investigated the effects of extrinsic reinforcers on
the recruitment of proactive and reactive control, especially within the AX-Continuous
Performance Task (AX-CPT) (Chiew & Braver, 2011, 2013; Frober & Dreisbach, 2014,
2016; Qiao et al., 2018; Yee & Braver, 2018). Here, trials consist of contextual cues
followed by response-probes, and particular responses are required for specific cue-
probe combinations (e.g., A-X). Particular cue-target combinations occur with high

frequency, thus biasing the responses associated with each probe. Proactive, preparatory
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control is indexed by the amount of interference experienced when the cue does not
match its usual target on A-Y lure trials, while reactive control is indexed by the amount
of interference experienced when inhibiting responses on B-X lure trials. Typical
findings show that the recruitment of proactive control is enhanced with extrinsic
reinforcers such as reward (e.g., see reviews of motivation-cognition interactions, Yee &
Braver, 2018; Botvinick & Braver, 2015).

Thus, there is some evidence that performance feedback can selectively enhance
proactive control. However, it is not clear whether these findings in the AX-CPT
generalize to the type of experiential control-learning processes captured in PC
paradigms. Specifically, cues in the AX-CPT are explicitly instructed, and the control
requirements consist of overcoming pre-potent response priming. By contrast, PC
paradigms tap into the implicit learning of varying cognitive control demands through
interaction with the task. In the case of conflict-control tasks, this involves learned
adjustments in attentional selection of target (over distracter) stimulus information,
rather than response priming. Finally, most AX-CPT studies have focused exclusively on
how extrinsic reward boosts control (Krug & Braver, 2014) rather than examining effects
of intrinsic reinforcement triggered by performance feedback.

Another line of relevant research has indicated that incentivizing task
performance can enhance the recruitment of cognitive control on conflict-control tasks

(Bugg et al., 2015; Chiew & Braver, 2016; Kang et al., 2017; Kostandyan et al., 2019;
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Soutschek et al., 2014, 2015). For example, given sufficient preparation time, people
show reduced flanker interference effects when cues are predictive of reward and
informative of the upcoming trial congruency (Chiew & Braver, 2016). They also show
reduced cross-modal conflict for target detection when predictive reward cues are
predictable; if unpredictable, participants could only reduce cross-modal conflict given
enough preparatory time and differentiation between the cue and target (Kang et al.,
2017).

Because preparatory time is important for recruiting proactive control,
researchers have investigated the temporal dynamics of when, and for how long,
incentives can impact control recruitment. One study has shown that when participants
are rewarded with cumulative point totals after twenty-trial reward blocks, they do not
modulate their flanker interference effect, but do show increased pupil dilation, relative
to no reward blocks; however, when pre-cues indicate the transient possibility of
reward, on each trial, within those short blocks, participants show both increased pupil
dilation and reduced flanker effects, suggesting that reward boosts sustained arousal
and results in transient performance benefits (Kostandyan et al., 2019). Likewise, Bugg
and colleagues (2015) reported transient performance changes whereby — irrespective of
reward — participants used probabilistic cues that indicated whether twenty-trial blocks
were mostly hard or easy to relax their control settings; reward mostly speeded

responses and influenced the first trial within the block, indicating its primary effect on
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arousal and task expectations. Finally, Soutschek and colleagues (20144, b) found
independent effects of reward and conflict expectancy in boosting the recruitment of
cognitive control. These studies collectively demonstrate that extrinsic reward can
increase arousal and change task performance, contingent on whether the task timing
and parameters allow for participants to utilize the cue information. Of note, however,
all of these studies rewarded participants on a block-wise level, used extrinsic rewards
with relatively transient effects, or investigated how reward cues impacted the
recruitment of cognitive control rather than experiential learning of control.

Whether the type of learned reactive and proactive control-learning processes
that are assessed in the ISPC and LWPC paradigms, respectively, are sensitive to
motivational influences such as reward and performance feedback thus remains largely
unknown. Current theories on control-learning suggest that individual perceptual and
motor representations become bound in an associative network with goal
representations that are co-activated during an event, allowing for contextually
appropriate recruitment of control (e.g., Abrahamse et al., 2016; Egner, 2014). This
associative binding then results in three primary predictions about control-learning: one,
that control-learning is context-specific; two, that control-learning is primarily implicit;
and three, that control-learning is sensitive to reward. The latter two, in particular, refer
to the grounding of cognitive control in associative learning principles. When applying

associative learning models to cognitive control data, researchers assume that instead of
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learning the likelihood of reward, participants implicitly learn the likelihood of
upcoming control-demand and update their expectancies based on the control-demand
they experience on each trial (Chiu et al., 2017; Jiang, Beck, et al., 2015; Muhle-Karbe et
al., 2018). This process should be sensitive to implicit or explicit reward, because reward
would be expected to reinforce these learned associations.

Here, we tested whether the mere addition of performance feedback (“correct”,
“incorrect”) would modulate how participants learn to recruit reactive and proactive
cognitive control. Performance feedback can motivate participants and provide valuable
information, which, in itself, is also intrinsically rewarding (cf. Lempert & Tricomi,
2015). Although success on difficult control trials can act as its own reward (Schouppe et
al., 2015), proactive control is thought to be costly to recruit (Braver, 2012). If intrinsic
motivational factors can compensate for the costs of recruiting control, performance
feedback should differentially impact control-learning, depending on the type of
control-demand.

The overarching goal of this study was thus to test how performance feedback
shapes control-learning. To this end, Experiments 1a and 1b employ a picture-word
ISPC Stroop task as a measure of learned reactive, in-the-moment control, and
Experiments 2a and 2b employ a picture-word LWPC Stroop task as a measure of
learned proactive or global control. We manipulated the receipt of performance

feedback as a between-subjects factor in both experiments, and tested for the interaction
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between trial type (difficult/easy), proportion congruent (i.e., the probability of high/low
control-demand), and feedback group (no feedback/feedback) on reaction time and
accuracy as evidence of learning.

Our results will shed light on motivation-cognition interactions as well as how
learning modulates the application of cognitive control. Specifically, finding that
performance feedback enhances the recruitment of proactive control in the LWPC but
not reactive control in the ISPC would suggest that the dual mechanisms of control
framework applies even when accounting for the role of learning in cognitive control
(Chiu & Egner, 2019) and that control-learning theories need to account for the temporal
demands of how control is recruited. If, on the other hand, we find that neither the
LWPC nor the ISPC is sensitive to performance feedback, that would suggest that the
temporal demands of proactive and reactive control matter little and that learned control

recruitment is relatively automatic and unsusceptible to motivational influences.

3.2 Experiment la

To assess how performance feedback affects the learning of associations between
specific stimuli and control demands, we devised a picture-word item-specific
proportion congruent (ISPC) Stroop task. In this task (Figure 4), image categories served
as implicit probabilistic cues that predicted the likelihood of conflict-control demand:

half of the images were more likely to appear with an incongruent overlaid distractor
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word (low proportion congruent; e.g., DEER on a picture of a bear), while the others
were more likely to appear with a congruent overlaid distractor word (high proportion
congruent; e.g., BEAR on a picture of a bear).

This ISPC paradigm avoids stimulus-response learning confounds related to
participants learning to use the distracters for predicting the response (e.g., Jacoby et al.,
2003; Schmidt & Besner, 2008), because the task-relevant target image, rather than the
distracter word, predicts congruency as well as responses in this design (cf. Bugg et al.,
2011; Chiu et al., 2017). This is a commonly used design, and the current task thus allows
us to determine to what degree the ISPC effect in a typical ISPC design may benefit from
performance feedback. However, this design may be a suboptimal assessment of “pure”
item-based control, since it involves different frequencies of specific stimulus-distracter
compound stimuli (e.g., more frequent occurrences of the mostly-congruent and mostly-
incongruent items) (Braem et al., 2019). To assess “pure” item-based control, we also
included a transfer run without frequency confounds (Bugg et al., 2011; Bugg & Dey,
2018).

In the final run of the task, we tested whether these learned associations between
image categories and control-demand also transferred to unbiased category exemplars,
which were not predictive of proportion congruency. Transfer is not crucial for
understanding the effect of performance feedback on the typical ISPC effect, but

provides a cleaner measure of adaptive control, and is likely dependent on the strength
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of the ISPC effect due to its reliance on the category-level association (cf. Bugg & Dey,
2018). Crucially, in one group of participants, this task was administered without trial-
by-trial feedback on response accuracy (Figure 4a), while for another group such
feedback was supplied (Figure 4b).

Given that the ISPC effect is thought to reflect learned reactive control (e.g.,
Bugg, 2017), which in other contexts has been suggested to be insensitive to reward
(Braver, 2012), we anticipated observing an ISPC effect of similar magnitude in both
feedback groups. However, another plausible possibility is that, like most instances of
associative learning, the acquisition of stimulus-control associations underlying the ISPC
would benefit from performance feedback, which in turn would predict a larger ISPC
effect for the feedback vs. no feedback group. Irrespective of these rival hypotheses, for
the no feedback group, we expected to replicate previous ISPC studies, showing an
interaction between proportion congruent (PC) and congruency whereby congruency

effects are reduced for low PC relative to high PC images.

3.2.1 Method
3.2.1.1 Participants

The target sample size was determined based on previous ISPC studies (Bugg,
Jacoby, and Chanani, 2011; Bugg, 2014; Bugg and Dey, 2018), which reported varying

effect sizes (range 1> = [0.27, 0.50]). Given the uncertainty in the literature as to the true
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effect size, with a high power of 0.9, a Type I error of 0.05, and similar trial counts (e.g.,
384 training trials for four images in Bugg et al., 2011 and Bugg, 2014), we required
between fourteen (1y> = 0.50) and thirty-two (1> = 0.27) participants to observe the
canonical PC by congruency interaction. We thus aimed to run thirty participants per
feedback group.

Sixty-seven Amazon Mechanical Turk (MTurk) workers consented to participate
and were compensated $3.25 for spending approximately twenty-five minutes on this
task. They were instructed to achieve above 70% accuracy. Seven workers were excluded
because of poor accuracy (i.e., less than 70% accuracy, range [20.8%, 56.0%], M = 36.0% +
15.5%), resulting in a final sample size of sixty (feedback (N = 30): meanage=32.6 + 8.8; 9F,

21M; no feedback (N = 30): meanage= 33.4 + 11.3; 13F, 17M).
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Figure 4: Summary of task procedure. Across Experiments 1 and 2, participants
categorized picture stimuli while ignoring overlaid distractor words. Some images

were more often paired with incongruent distracters (low PC items: high control-
demand), while others were more often paired with congruent distracters (high PC
items: low control-demand). Some were also paired equally often with incongruent
and congruent distracters (PC-50). The receipt of performance feedback was
manipulated between groups (A, B). In Experiment 1, we used different stimuli for
the practice run (which acclimated participants to the picture-word Stroop task

demands), the main task runs, and the transfer run (C). In Experiment 2, four of the

stimuli were biased at the item and list level, associated with either a lower or higher
likelihood of control-demand, while two PC-50 stimuli were biased only at the list-

level (PC-75/25). Participants were exposed to all these images during the practice run
(D).

Table 1: Item-specific Proportion Congruency Design Manipulation.

Mostly Congruent Mostly Incongruent
MC) (MIC)
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Main Task, PC-75/PC-25 Items
(Each Run, Runs 1-3)

Congruent 75% (54 trials) 25% (18 trials)
Incongruent 25% (18 trials) 75% (54 trials)
Transfer, PC-50 Items
(Run 4)
Congruent 50% (36 trials) 50% (36 trials)
Incongruent 50% (36 trials) 50% (36 trials)
3.2.1.2 Stimuli

We obtained object images from an online database
(http://cabezalab.org/cabezalabobjects/) and google searches of images with a license for
noncommercial reuse with modification. These images were previously used in another
study (Bejjani & Egner, 2019) and cropped to 500 x 300 pixels. Two image categories
were used to create each item-specific proportion congruent context (e.g., PC-75 or PC-

25; Figure 1c).

3.2.1.3 Experimental Procedure

The experimental procedure consisted of a practice run, three main task runs,
and a transfer task run (Figure 4). First, in order to familiarize participants with the
general idea of a picture-word Stroop task, they underwent a practice run with 24 trials
consisting of images and stimulus-response mappings that were not included in the
main task (Figure 4c). As in the main task, they classified picture stimuli while trying to

ignore distractor category labels that were printed, in red, and overlaid on the pictures
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that they categorized. Participants categorized images by pressing category-specific
keyboard response buttons (z, x, n, and m on a QWERTY keyboard, mapped onto left
middle, left index, right index, and right middle finger, respectively). On each trial, an
image stimulus was shown for 1000 ms, followed by performance feedback for 500 ms
and then a blank intertrial interval screen for 500 ms. If participants did not achieve
greater than 80% accuracy, they were required to redo the practice run. We ensured that
participants understood the task instructions and demand without being overexposed to
the stimulus-response mappings.

To establish an association between image categories and attentional control-
states, participants then performed three ISPC runs each consisting of 144 picture-word
Stroop trials (Figure 4a and 4b). Unbeknownst to the participants, each image category
(e.g., bear, deer, Figure 4c, Table 1) was associated with a 0.75 probability for either
incongruent (high control-demand/low PC) or congruent (low control-demand/high PC)
distracter words. These PC-75 and PC-25 items were presented with equal frequency in
random order, producing an overall incidence of 50% congruent and incongruent trials.
Our manipulation created two types of "control-demand cues": one associated with a
low state of attentional selectivity (mostly congruent trial cues) and another associated
with a high state of attentional selectivity (mostly incongruent trial cues) (both at 0.75

probability). The trial timing followed that of the practice run, except that image stimuli
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were either followed by 1000 ms of a blank intertrial interval screen (no feedback group;
Figure 4a) or 1000 ms of veridical performance feedback (feedback group; Figure 4b).

Finally, the transfer run followed the sequence and timing of the main task runs,
but involved different category exemplar images that were non-predictive of trial
congruency (i.e., PC-50 items; Figure 4c). This transfer tested whether participants
generalized their learned control associations such that the “bear” and “deer” image
categories, for example, cue higher control-demand, regardless of the specific bear and
deer images that were shown. Specifically, this manipulation created separate, unbiased
PC-50 items that could index learned stimulus-control at the category, rather than item-
specific, level.

Across both main task and transfer runs, we minimized contingency learning
and feature integration confounds by ensuring that each stimulus had only one
congruent and incongruent pairing. In a typical four-choice Stroop task, participants
could have twelve incongruent stimulus pairings and only four congruent stimulus
pairings, but the current experiment matched the pairings so that there were only four
incongruent stimuli and four congruent stimuli. For example, all incongruent trials for
the bear picture, in one task version, involved the distractor word “deer” overlaid on the
picture, and the deer picture was likewise only incongruent with the “bear” distractor
word. For the transfer run, we used different image/word pairings for the incongruent

trial than participants learned in the main task runs (cf. “far transfer”; Bugg et al., 2011).
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Unlike the main task runs, the transfer run also controls for stimulus frequency
confounds, in which the frequently incongruent target-distractor combinations occur
more often than the specific rarely incongruent target-distractor combinations,
providing an index of pure control-learning without the possibility of lower-level
stimulus-response learning contributions (see Braem et al., 2019).

Across feedback groups, we counterbalanced the assignment of image categories
to proportion congruent such that each image pairing (e.g., bear + bird; bear + turtle;
bear + deer) served as a mostly congruent and mostly incongruent context at least once.
Note that although some of the image stimuli are oriented towards the left or right of the
screen, counterbalancing image assignment to proportion congruent contexts controlled
for any response incongruencies that stem from these spatial alignments.

If participants did not respond before the image disappeared from the screen, a
feedback time-out was provided for 500 ms (no feedback) or 1000 ms (feedback) to
encourage quicker responses.

All images were presented with equal frequency in the center of the screen, and

all trial types were presented in random order.

3.2.1.4 Post-test Questionnaire

After the main experiment, participants filled out a surprise post-test

questionnaire that assessed their explicit understanding of the ISPC manipulation. We

64



tirst asked participants whether they noticed any systematic differences in how often an
image was associated with an easy (congruent) trial or hard (incongruent) trial. We then
assessed how well participants could cluster together images that were both predictive
of hard or easy contexts (e.g., rating the bear and turtle together as being predictive).
Finally, we asked the participants to match each picture to its associated trial type
(hard/incongruent or easy/congruent). Fourteen participants did not answer these last

two questions.

3.2.1.5 Data Analysis

We first analyzed reaction time (RT) and accuracy data for correct trials that were
not a direct stimulus repetition from the previous trial (2.26% of trials) and that were not
excessively fast (< 200 ms; 0.10% of trials) or slow (feedback time-out: > 1000 ms; 3.8% of
trials). We then ran a 2 x 2 x 2 repeated-measures ANOVA with proportion congruent
(mostly incongruent/mostly congruent) and current trial congruency
(congruent/incongruent) as within-subjects factors and feedback group (feedback/no
feedback) as a between-subjects factor. We ran separate ANOV As for the PC-75/25 (main
task runs) and PC-50 (transfer run) items. We include inclusion Bayes Factors for all
data analyzed with repeated-measures ANOVAs, using the BFEffects R package
(https://github.com/mattansb/BFEffects) via the Bayes Factor package

(https://richarddmorey.github.io/BayesFactor/). Inclusion Bayes Factors, via this
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package, answer the question, “Are the observed data more probable under models with
a particular predictor than they are under models without that particular predictor?” For
example, an inclusion BF of 2 means that a model with that predictor is two times more
likely than a model without that predictor.

All materials are available online at https://github.com/christinabejjani/sclearn_fb.

3.2.2 Results and Discussion
3.2.2.1 Main Task, PC-75/25 Items

In Experiment 1, some image categories mostly predicted congruent trials (low
control-demand) while others mostly predicted incongruent trials (high control-
demand). The item-specific proportion congruent (ISPC) effect denotes the difference in
Stroop congruency for low (PC-75) vs. high (PC-25) control-demand cues, i.e., the
proportion congruent x congruency interaction. Tables 7-8 within Appendix B detail the
RT and accuracy data. Because we detected strong speed/accuracy trade-offs within the
data (see below), we focus our analyses on inverse efficiency scores and report analyses
of RT and accuracy in the Supplementary Text within Appendix B for all experiments.

Inverse Efficiency. When examining the data, we detected strong trade-offs
between reaction time and accuracy in both subject groups (overall: 7(58) =-0.51, p <
0.001; no feedback group: r(28) =-0.60, p < 0.001; feedback group: r(28) =-0.52, p = 0.003).

This was especially noticeable when examining mean RTs and accuracies within
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conditions (see Appendix B, Tables 7-8): sometimes participants were more accurate (but
slower) on incongruent than congruent trials. Because of this RT/accuracy trade-off, we
also computed (and analyzed) inverse efficiency scores (IES, Townsend & Ashby, 1983)
by dividing RT within each condition by its respective accuracy (proportion correct) for
each subject. This produces an RT score corrected for accuracy.

When taking both RT and accuracy into account in this manner, we observed an
expected main effect of congruency (F(1,58) = 22.93, p <0.001, n,? = 0.28, BF = 1870.64), as
corrected RT was higher for incongruent (mean =763 ms) than congruent trials (mean =
725 ms). This effect was qualified by an interaction with the PC factor (F(1,58)=7.81, p =
0.007, ny? = 0.12, BF = 1.20) in the absence of a 3-way interaction involving the feedback
group factor (F(1,58) =0.08, p = 0.775, ny? = 0.00, BF = 0.02). Both the no feedback (mean:
35 ms) and feedback (mean: 28 ms) groups displayed significantly reduced congruency
effects for low vs. high PC images (Figure 5a). No other effects reached significance (Fs <
0.33).

Overall, these analyses suggest that participants, irrespective of whether they
received trial-by-trial performance feedback, learned the crucial item-specific
associations between the image categories and specific control-states and adjusted their

attentional priorities accordingly.
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3.2.2.2 Transfer Run, PC-50/50 Items

Inverse Efficiency. Because there was also a speed-accuracy trade-off in the
transfer run (overall: 7(58) =-0.42, p <0.001; no feedback group: r(28) =-0.48, p =0.007;
feedback group: 7(28) =-0.47, p = 0.009), we computed inverse efficiency scores. We
observed no significant effects, and thus little evidence for “far transfer” of the ISPC
effect to new category members (congruency: F(1,58) = 2.69, p = 0.107, n,? = 0.04, BF =
0.32; congruency x feedback: F(1,58) =2.05, p =0.157, n,? = 0.03, BF = 0.23; all other effects,
F <1.52). Both the no feedback (mean: 19 ms) and feedback (mean: 4 ms) groups showed
small, non-significant congruency differences between non-predictive category
exemplars, suggesting that participants, as a whole, did not generalize previously

learned item-specific control associations to unbiased category exemplars.
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Figure 5: Experiment 1 control-learning results. Mean Inverse Efficiency data
(+ SEM) are displayed as a function of proportion congruent context, current trial
congruency, and feedback group for (a & b) the ISPC effect of Experiments 1a and b,
which are averaged together in (c).

3.2.2.3 Explicit Understanding of Task Structure

We assessed whether participants had explicit knowledge of the task structure
through a series of post-test questions. Twenty-five participants reported noticing that
some images systematically varied in their proportion congruency. However,
participants did not rate the possible image category pairings (e.g., bear + bird; bear +
deer; bear + turtle) that could have been clustered together as a PC-75 or PC-25 “context”
as being more predictive than chance (50%; #(45) = 1.71, p = 0.093, Cohen’s d- = 0.25; other

ts < 0.67). Participants were also at chance (2/4) when matching the image categories to
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their respective congruencies (main task: #(46) = 0.84, p = 0.404, Cohen’s d: = 0.12; transfer
run: #(46) = 0.45, p = 0.652, Cohen’s d. = 0.07). In sum, this suggests that most participants
remained unaware of the task structure and learned the stimulus-control associations

implicitly.

3.3 Experiment 1b

Because Experiment 1a resulted in a speed-accuracy trade-off, which made
estimation of the true effect size more difficult, and we sought to probe whether the
findings of Experiment 1a were replicable, we ran a (larger) replication sample in
Experiment 1b. To discourage a speed-accuracy trade-off, we added in an additional
reminder in the task instructions about responding as quickly and accurately as possible,
and restricted the participant sample to people who had a mailing address in the United
States (Location: US qualification on MTurk), since participants with the largest overall

inverse efficiency scores in Experiment 1a resided elsewhere.

3.3.1 Method
3.3.1.1 Participants

Determining the appropriate sample size for a replication of Experiment 1a is not
straightforward. On the one hand, due to the strong speed-accuracy tradeoffs, the RT

values (see Appendix B) alone likely do not represent an appropriate estimate of the true
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effect size. On the other hand, inverse efficiency scores are not commonly used in power
analyses. We therefore eschewed formal effect size estimation and instead chose to
double the sample size of Experiment 1a, aiming for a total of one hundred and twenty
participants, which we hoped would provide reliable estimates and could be combined
into a larger analysis.

One hundred and twenty-four MTurk workers consented to participate and were
compensated $3.25 for spending approximately twenty-five minutes on this task. Four
workers were excluded because of poor accuracy (i.e., less than 70% accuracy, range
[9.0%, 38.0%], M =24.1% + 12.0%), resulting in a final sample size of one hundred and
twenty (feedback (N = 60): meanage=39.2 + 12.4; 23F, 33M, 1 Genderqueer, 3 n/a; no

feedback (N = 60): meanage= 34.6 + 10.0; 28F, 31M, 1 n/a).

3.3.1.2 Experimental Procedure

The experimental procedure remained the same as in Experiment 1a, with one
notable exception. Because we did not observe “far transfer” in Experiment 1a, we
hypothesized that this was, in part, due to changing the word associated with each
category-level exemplar from the main task runs to the transfer run. We therefore
ensured that the same word associated with the category-level exemplars in the main

task run was overlaid on the new, non-predictive category exemplar in the transfer run.
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Four participants did not answer the post-test / demographics questionnaire at the end

of the learning task.

3.3.2 Results and Discussion
3.3.2.1 Main Task Runs, PC-75/25 Items

Tables 9-10 within Appendix B detail the RT and accuracy data.

Inverse Efficiency. As with Experiment 1a, there were strong trade-offs between
reaction time and accuracy data (overall: r(118) =-0.49, p < 0.001; no feedback group:
1(58) = -0.48, p <0.001; feedback group: r(58) =-0.53, p < 0.001). We therefore again
computed inverse efficiency scores and reran the above analyses.

When combining RT and accuracy into a single metric, we observed significant
main effects of congruency (F(1,118) =74.21, p <0.001, n,? = 0.38, BF = 3.58 x 10'?) and PC
(F(1,118) = 45.87, p < 0.001, n,? = 0.28, BF = 3.70 x 10°). We found that participants were
generally faster on congruent (mean = 686 ms) than incongruent (mean = 725 ms) trials,
and in the low (mean = 689 ms) compared to high (mean =722 ms) PC condition.

Importantly, we here also observed a significant interaction between congruency
and proportion congruent context (Figure 5b; F(1,118) = 6.83, p = 0.010, n,? = 0.06, BF =
4.91), i.e., the typical ISPC effect, as congruency effects were smaller in the PC-25 (mean
=27 ms) than in the PC-75 (mean = 50 ms) condition. Combined with the absence of a

significant 3-way interaction with feedback (F(1,118) = 0.89, p = 0.347, 1, = 0.01, BF =
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0.03), this suggests that performance feedback had little effect on the adaptive
modulation of the Stroop effect by proportion congruent context. The ISPC effect was 31
ms and 14 ms for the no feedback and feedback groups, respectively. No other effects
were significant (F <0.90).

Overall, for PC-75/25 items in Experiment 1, we observed only weak hints of a
three-way interaction between congruency, context, and feedback for RT, but stronger
evidence for a two-way interaction between congruency and context for both accuracy
and IES. Together these results suggest that participants were able to modulate their
congruency effects for low vs. high control-demand contexts irrespective of whether

they received feedback.

3.3.2.2 Transfer Run, PC-50/50 Items

Inverse Efficiency. We observed significant main effects of congruency (F(1,118)
20.14, p <0.001, n? =0.15, BF =4.74) and PC (F(1,118) = 8.29, p = 0.005, n,*> = 0.07, BF =
13.55). Using this corrected RT measure, we found that participants responded faster on
congruent (mean = 680 ms) than incongruent (mean = 695 ms) trials, and in the low
(mean = 679 ms) compared to high (mean = 695 ms) PC condition. Congruency effects
were also smaller when participants did not receive feedback (8 ms) than when they did

(21 ms), congruency x feedback: F(1,118) = 4.27, p = 0.041, np*> = 0.04, BF = 0.30. No other
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effects were significant (feedback: F(1,118) = 1.47, p = 0.228, 1, = 0.01, BF = 0.38; all other
effects, F <0.26).

Overall, in Experiment 1, we found weak congruency effects in the transfer run
and little evidence that participants modulated their congruency effects by proportion
congruent context for frequency unbiased stimuli. This suggests that the transfer effect is
weaker than the ISPC effect and that we may have been underpowered to detect any

such small modulations.

3.3.2.3 Explicit Understanding of Task Structure

We assessed whether participants explicitly understood the task structure
through a series of post-test questions. Thirty participants reported noticing that images
systematically varied in their proportion congruency. However, participants did not rate
the possible image category pairings (e.g., bear + bird; bear + deer; bear + turtle) that
could have been clustered together as a PC-75 or PC-25 “context” as being more
predictive than chance (50%; #(113) = 1.69, p = 0.093, Cohen’s d. = 0.16; other ts < 0.78).
Participants were significantly worse than chance (2/4) at matching the image categories
to their respective congruencies (main task: #(113) = 6.00, p <0.001, Cohen’s d. = 0.56;
transfer run: £(113) = 2.47, p =0.015, Cohen’s d: = 0.23). As with Experiment 1a, most
participants remained unaware of the task structure and learned the stimulus-control

associations implicitly.
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3.3.3 Across Experiment 1 Analysis

Because Experiments 1a and 1b shared the same task structure, with the
exception of changing the word associations in the transfer task, we aggregated our data
across experiments for exploratory analyses with enhanced power. We added
experiment (1a/1b) as a between-subjects factor and then reran analyses across RT,
accuracy, and inverse efficiency data to better evaluate the effect of performance
feedback on the ISPC effect. Because we did not observe group-level transfer effects in
either Experiment and because the transfer phase differed between the two cohorts, we
did not include transfer run data here. Moreover, since apart from the transfer phase
Experimentla and 1b were identical in design and procedure, we treat Experiment as a

factor of no interest in this analysis.

3.3.3.1 Main Task Runs, PC-75/25 Items

Inverse Efficiency. When combining RT and accuracy into a single metric to
account for the speed-accuracy trade-off, we observe significant main effects of
congruency (F(1,176) = 81.97, p <0.001, n,? = 0.32, BF = 6.71 x 10') and PC (F(1,176) =
25.24, p <0.001, n?> = 0.13, BF = 8.22 x 108). Participants responded faster on congruent
(mean = 699 ms) than incongruent (mean = 738 ms) trials, and in the low (mean =705 ms)

compared to high (mean = 732 ms) PC condition.
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Finally, we again observed a significant ISPC effect irrespective of feedback
group (Figure 5¢; congruency x PC: F(1,176) = 13.70, p <0.001, 1,? = 0.07, BF = 14.89). The
ISPC effect for inverse efficiency was 32 ms and 19 ms for the no feedback and feedback
groups, respectively.

No other effects were significant (all other effects, F <0.61).

3.3.3.2 Exploratory Correlations

Although we did not observe a significant transfer effect at the group-level, Bugg
and Dey (2018) found evidence of a correlation between the ISPC and transfer effects,
suggesting that individual differences in learning can play a role in item-based control
and might prevent us from detecting a transfer ISPC at the group level in the current
data set. Here, exploratory correlation analyses suggested that the ISPC RT effect in the
main task was indeed predictive of an RT transfer effect (all participants: r(178) =0.23, p
=0.002, corrected for overall RT: r(178) = 0.24, p < 0.001; no feedback group: 7(88) = 0.19, p
= 0.071, corrected: r(88) = 0.21, p = 0.051; feedback group: r(88) = 0.25, p = 0.018, corrected:
r(88) =0.27, p = 0.011).

Inverse efficiency scores were not predictive (all participants: #(178) = 0.00, p =
0.988, corrected for overall inverse efficiency: 7(178) = 0.06, p = 0.444; no feedback group:
r(88) =-0.03, p = 0.798, corrected: r(88) = 0.00, p = 0.969; feedback group: r(88) =0.03, p =

0.776, corrected: r(88) = 0.13, p = 0.234). Notably, correlations tend to stabilize around 200
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to 250 observations (cf. Schonbrodt & Perugini, 2013), so any apparent differences

between the feedback groups may not prove replicable.

3.3.4 Conclusion

In Experiments 1a and b, we conceptually replicated previous ISPC studies with
a population of MTurk workers who had to respond manually rather than vocally (cf.
Bugg, 2014; Bugg & Dey, 2018; Bugg et al., 2011). Specifically, we observed weak RT
evidence (ny? = 0.03, BF = 0.00) suggesting that performance feedback reduces the ISPC
effect and moderate Accuracy evidence (1,? = 0.05, BF = 4.10) suggesting that participants
modulate Stroop congruency by proportion congruent (PC) context (see Supplementary
Text in Appendix B), irrespective of performance feedback. However, when we
combining RT and Accuracy into a single metric (inverse efficiency scores) to control for
strong speed-accuracy tradeoffs in the data, we observed strong evidence (1,*> = 0.07, BF
=14.89) for a reduced congruency effect for image categories that were predictive of
higher compared to lower control-demand. Crucially, this ISPC effect was not
modulated by feedback group (> =0, BF = 0), indicating that the type of reactive
control-learning captured by the ISPC effect is insensitive to performance feedback.
Mechanistically, time demands involved in processing and incorporating performance

feedback, along with the processing demands involved in responding and subsequently
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adjusting control settings on a moment-to-moment basis for reactive control, may not be
compatible (cf. Chiew & Braver, 2013, 2016).

One limitation in this study is the speed-accuracy tradeoff, which likely stems
from the particular task demands (cf. Ruitenberg, Braem, Du Cheyne, & Notebaert,
2019). Previous ISPC studies using vocal responses (cf. Bugg, 2014; Bugg & Dey, 2018;
Bugg et al., 2011) have mostly detected very small error rates (e.g., <1% for congruent
trials across contexts). A recent mouse-tracking version of the ISPC paradigm (Bundt,
Ruitenberg, Abrahamse, & Notebaert, 2018) also had overall error rates below 1%
(Personal Communication, January 24%). It is thus possible that previous studies have
not detected speed-accuracy trade-offs due to ceiling level accuracy. Moreover,
participants in the current study clearly followed instructions, as they passed a strict
accuracy threshold for inclusion in the analyses. This suggests that the speed-accuracy
trade-off is not likely result of low motivation/poor performance.

A second limitation in this study was the consistent but comparably small
congruency effects. Having participants categorize the pictures using an arbitrary
manual response mapping may reduce the level of processing conflict experienced
relative to using vocal responses. Indeed, vocal keys and typewritten responses have
been shown to produce larger congruency effects (Logan & Zbrodoff, 1998) than manual
key presses. Although this study produced highly significant and consistent congruency

effects, having smaller overall congruency effects may make observing modulation of
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these effects by proportion congruent manipulations more difficult, which may have
contributed to the unreliable ISPC effects in RT data. However, ISPC effects were robust
in both the accuracy (see Supplementary Text in Appendix B) and inverse efficiency
data.

Finally, almost all other ISPC studies involved undergraduate students who
likely have less familiarity with psychological tasks than experienced MTurk workers
(Bugg et al., 2011; Bugg & Dey, 2018; Bundt et al., 2018; see, though, older participants in
Bugg, 2014 and for review of MTurk and nonnaiveté, Chandler, Mueller, & Paolacci,
2014; Stewart, Chandler, & Paolacci, 2017). Notably, we did not ask participants how
much experience they have with cognitive tasks, so we are unable to determine to what
extent population differences or response modality each contributed to the results we’ve
observed. However, we primarily view the difference in populations as a strength, since
we cannot make claims about generalizability of control-learning findings if most ISPC
studies that control for associative confounds are performed on WEIRD (Western,
Educated, and from Industrialized Rich Democratic countries) undergraduate students.

Unlike previous research (Bugg et al., 2011; Bugg & Dey, 2018), learned control-
demand associations did not transfer to non-predictive category exemplars, perhaps due
to particular task demands as noted earlier. We hypothesized in Experiment 1b that
changing the word associated with each category-level exemplar from the main task

runs to the transfer run (i.e., far transfer) may have disrupted the memory mechanisms
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(cf. Egner, 2014; Hommel, 2004) needed to retrieve the appropriate control settings,
resulting in a lack of transfer across the category-level association. However, even in
Experiment 1b, we did not find evidence of transfer at the group-level across all our
performance metrics. Notably, because we did not find group-wide evidence of the
transfer of learned control-demand associations, we also cannot claim that our ISPC
results are unbiased by stimulus-specific associative learning confounds (cf. Braem et al.,
2019). Indeed, although the proportion congruency manipulation was intended for
image categories, because participants do not show transfer, we assume that they
formed stimulus-specific rather than categorical associations with control-demand.

Finally, there was a significant, positive correlation between the RT ISPC effect
(PC-75/25 items) and an RT transfer effect (PC-50 items) (cf. Bugg & Dey, 2018). Even
when the ISPC effect is robust, the relationship between pure control-learning (transfer),
with no associative learning confounds, and learned item-specific associations is weak
(here: r(178) = 0.23; Bugg & Dey (2018): 1(214) = 0.18; 3-5% of the variance explained).
Future research should investigate under which conditions transfer is most optimal and
be designed more explicitly to assess how performance feedback impacts pure control-
learning.

In sum, Experiment 1 provided strong evidence that when correcting RT for
accuracy via inverse efficiency scores, an intrinsic motivator such as performance

feedback does not noticeably impact the ISPC effect.
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3.4 Experiment 2a

The aim of Experiment 2 was to ask the same question in the context of the list-
wide proportion congruent (LWPC) paradigm, examining the effect of performance
feedback on global or proactive, anticipatory control. In LWPC paradigms, control-
demand is probabilistically manipulated across blocks of trials, which may facilitate
control-learning through list-wide, global control; stimulus-driven, item-specific control;
or a combination of both, as well as allowing for possible contingency-learning effects.
For instance, individual image categories can predict stimulus congruency and be
influenced by an overall list-wide, mostly congruent or incongruent context (both
stimulus-driven and list-wide control). To dissociate between the contribution of the
list-wide and item-specific influences on modulating Stroop congruency, while also
controlling for contingency learning confounds, we here included both items that were
non-predictive (PC-50) and strongly predictive (PC-85/15) (cf. Bugg & Chanani, 2011).
The predictive items created an overall PC-75/25 list context, while the non-predictive
items indexed control-learning biased at only the list-level. We subsequently refer to any
differences in Stroop congruency for PC-50 items in low vs. high control-demand lists as
the unbiased list-wide proportion congruent (LWPC) effect and any differences in

Stroop congruency for PC-85/15 items as the biased ISPC/LWPC effect.
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If the LWPC paradigm reflected learned proactive control (Bugg, 2017) and
proactive control were costly yet sensitive to reward (Braver, 2012), we should observe a
stronger LWPC effect for the feedback group. However, if the primary mechanism for
control-learning is associative learning, sensitive to any instance of reinforcement, we
should observe a comparable LWPC effect across feedback groups. Irrespective of these
rival hypotheses, we expected to replicate the basic LWPC effect in the no-feedback
group, which corresponds to the design of previous work (Bugg & Chanani, 2011), and
we also expected to replicate the proportion congruent and congruency interaction that
we observed in Experiment 1, specifically for the images that were biased at both the

item and list level (the ISPC/LWPC effect).

3.4.1 Method
3.4.1.1 Participants

Seventy-two MTurk workers consented to participate and were compensated
$3.64 for approximately twenty-eight minutes. Twelve workers were excluded because
of poor accuracy (i.e., less than 70% accuracy, range [17.0%, 65.1%], M = 45.6% + 14.7%),
resulting in a final sample size of sixty (feedback (N = 30): meanage=30.6 + 8.4; 19F, 11M;

no feedback (N = 30): meanage = 34.6 + 10.5; 10F, 20M).
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3.4.1.2 Stimuli

Stimuli consisted of six separate category exemplars rather than the four

categories of Experiment 1, as shown in Figure 4d and Table 2.

Table 2: List-wide Proportion Congruency Design Manipulation.

Mostly Congruent
(MC)

ISPC/LWPC, PC-85/PC-15 Items

Congruent 85% (44 trials)

Incongruent 15% (8 trials)
LWPC, PC-50 Items

Congruent 50% (10 trials)

Incongruent 50% (10 trials)

3.4.1.3 Experimental Procedure

Mostly Incongruent
(MIC)

15% (8 trials)
85% (44 trials)

50% (10 trials)
50% (10 trials)

The experimental procedure largely followed that of Experiment 1, except with

regards to the practice run, button mappings, probability manipulation, and

counterbalancing. The trial timing was the same, with 4 main task blocks/runs of 144

trials.

The practice run in Experiment 2 consisted of 120 trials with no distractor words

overlaid on the pictures. Given the inclusion of 6 stimulus types, we sought to primarily

ensure that participants learned the stimulus-response mappings during the practice run

(z, x, cand b, n, m respectively matched to left ring, middle, and index and right index,

middle, and ring fingers). Participants responded to each mapping twenty times

(randomized in order), but because this practice run was longer in duration than that of
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Experiment 1, we did not impose an accuracy requirement in order to continue onto the
main task. Nonetheless, after the practice and each subsequent task run, participants
were reminded of the six button mappings.

In the main task, PC-50 items were intermixed with PC-85 or PC-15 items to
create an overall list-wide bias of PC-75/25. Specifically, each PC-85/15 item was
presented forty-four and eight times in its frequent and rare trial types and each PC-50
item was presented ten times per trial type within a block/run. With two image items
per probability, four of the six mappings were thus relevant per task block context, and
we ensured that each probability (i.e., PC 85, 50, 15) was mapped to each hand (e.g., z, x,
and c represented either PC 85, 50, or 15).

Unlike Experiment 1, we randomized image assignment to proportion congruent
context and counterbalanced for block order. Block order is particularly important in
list-wide manipulations of congruency, because having the same block type repeated
between runs allows for longer blocks requiring a similar amount of control-demand,
which are more effective at producing canonical control adaptation effects than shorter
blocks requiring constant monitoring of the current attentional demand. Pilot data
suggested that block order confounded the results (cf. Abrahamse, Duthoo, Notebaert, &
Risko, 2013) when we used all six possible orders, so we instead only ran the block
orders that extended the influence of the list-wide manipulation, i.e., two blocks of

mostly congruent (MC) trials, followed by two blocks of mostly incongruent (MIC) trials
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(MC-MC-MIC-MIC) and two blocks of mostly incongruent trials, followed by two blocks
of mostly congruent trials (MIC-MIC-MC-MC). We added block order as a between-
subjects factor to the ANOVA analyses. Finally, we also controlled for contingency
learning: each PC-85 was incongruent with the other PC-85 item only; the same was the
case for PC-50 and PC-15 items. Because the PC-50 items occurred with the same
frequency in the two PC contexts, they are therefore unconfounded with event
frequency and other associative learning effects, and may index pure control-learning

(cf. Braem et al., 2019).

3.4.2 Results and Discussion
3.4.2.1 ISPC/LWPC influenced, PC-85/15 Items

In Experiment 2a, PC-85/15 images were strongly predictive at the item-specific
level of either congruent trials (low control-demand) or incongruent trials (high control-
demand) and primarily served to create the overall list-wide manipulation (PC 75/25)
while serving as a replication test of the Experiment 1 results. We here refer to the
interaction between proportion congruent and congruency as an index of combined
item-specific and list-wide control for these images (while acknowledging that this
interaction may also reflect contributions from frequency-based stimulus-response

learning effects). Tables 11-14 within Appendix B detail the RT and accuracy data.
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Inverse Efficiency. When examining the overall means for each individual, we
again detected strong trade-offs between reaction time and accuracy data (overall: 7(58)
=-0.60, p <0.001; no feedback group: r(28) = -0.65, p < 0.001; feedback group: r(28) =-0.63,
p <0.001). Examining overall mean RTs and accuracies within conditions (see Tables S5
and S6), we observed that participants were sometimes more accurate but slower on
incongruent trials. Because of this RT/accuracy trade-off, we also computed and
analyzed inverse efficiency scores.

When correcting for the speed-accuracy trade-off, we observed an expected main
effect of congruency (F(1,56) = 32.41, p <0.001, n,? = 0.38, BF = 2438.91). Participants
responded faster on congruent (mean = 688 ms) than incongruent (mean = 755 ms) trials.
We found the expected interaction between PC and block order, F(1,56) = 8.25, p = 0.006,
ny? = 0.13, BF = 14.94. Participants who experienced the mostly congruent context first
had larger differences in corrected RT between the contexts (771 (PC-85) vs. 695 (PC-15)
ms) than participants who experienced the mostly incongruent context first (698 vs. 722
ms). Participants also showed a trend towards responding more slowly for the high vs.
low PC context when they had received feedback and experienced the mostly congruent
context first (MC first: 48 (feedback) vs. 104 ms (no feedback); MIC first: 9 vs. -56 ms)
(PC x feedback x block order: F(1,56) = 3.04, p = 0.087, 1,* = 0.05, BF = 0.30). Participants

further showed a trend towards smaller congruency differences when they received
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feedback (47 ms) than when they did not (87 ms) (congruency x feedback: F(1,56) =2.84,
p =0.098, n,?> =0.05, BF =0.19).

Participants across feedback groups also displayed significantly reduced
congruency effects for high vs. low control-demand cues (PC x congruency: F(1,56) =
9.56, p=0.003, 1y’ =0.15, BF = 8.26). This ISPC/LWPC effect interacted with block order;
specifically, participants who experienced mostly incongruent blocks first (mean: 14 ms)
had a smaller congruency difference between low vs. high control-demand contexts than
participants who experienced mostly congruent blocks first (mean: 148 ms; PC x
congruency x block order: F(1,56) = 6.62, p = 0.013, n,* =0.11, BF = 2.73), irrespective of
their feedback group (PC x congruency x feedback: F(1,56) = 0.00, p = 0.967, n,? = 0.00, BF
= 0.07). This is consistent with previous literature suggesting that there are asymmetrical
costs when participants switch from mostly incongruent to congruent lists and mostly
congruent to incongruent lists and that these costs result from different attentional
recruitment (Abrahamse et al., 2013).

No other effects were significant (PC: F(1,56) =2.31, p =0.134, n,> = 0.04, BF =
10.21; all other effects, F <0.76).

Overall, the two-way interaction between PC and congruency for RT, accuracy,
and inverse efficiency, in the absence of the three-way interaction including feedback,
suggests that we here replicate Experiment 1 and find that the ISPC is invariant to

performance feedback.
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3.4.2.2 LWPC, PC-50/50 Items

In Experiment 2, PC-50 images were non-predictive at the item-specific level and
could therefore be influenced only by the overall list-wide manipulation (PC 75/25). The
list-wide proportion congruent effect (LWPC) is denoted by the interaction between PC
and congruency for these non-predictive PC-50 items, which were only biased on a
global level due to the presence of strongly predictive PC-85/15 items within the list.

Inverse Efficiency. When examining the overall means for each individual, we
again detected strong trade-offs between reaction time and accuracy data (overall: 7(58)
=-0.66, p <0.001; no feedback group: r(28) =-0.68, p < 0.001; feedback group: r(28) =-0.65,
p <0.001). Examining overall mean RTs and accuracies within conditions (see Tables S7
and S8), we observed that participants were sometimes more accurate but slower on
incongruent trials.

When correcting for the speed-accuracy trade-off with inverse efficiency scores,
we observed an expected main effect of congruency (F(1,56) =13.10, p <0.001, n? = 0.19,
BF =0.51) and a trending main effect of context (PC: F(1,56) =2.88, p =0.095, 1, = 0.05, BF
= 7.18). Participants responded more quickly on congruent (mean =797 ms) than
incongruent (mean = 840 ms) trials, and in the low (mean =797 ms) compared to high

(mean = 840 ms) PC condition.
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We replicate Abrahamse et al., (2013), observing a marginal modulation of the
LWPC effect by block order (PC x congruency x block order: F(1,56) = 3.13, p =0.082, n,? =
0.05, BF = 0.08). Participants who experienced mostly congruent blocks first tended to
display larger LWPC effects (means: 63 ms vs. -15 ms). We also found the expected effect
of block order (PC x block order: F(1,56) = 5.87, p =0.019, n,? = 0.10, BF = 14.47), whereby
participants had smaller differences in inverse efficiency across contexts when they first
experienced the mostly incongruent context (809 (PC-25) vs. 790 ms (PC-75)) rather than
mostly congruent context (785 vs. 889 ms). Participants also tended to have larger
congruency differences when they did not receive feedback and experienced the mostly
incongruent context first (MC first: 40 (feedback) vs. 35 (no feedback); MIC first: 9 vs. 86
ms) (congruency x feedback x block order: F(1,56) = 3.19, p = 0.080, n,? = 0.05, BF = 0.02).

As shown in Figure 6a, we also observed significant modulation of the LWPC
effect by feedback group (PC x congruency x feedback: F(1,56) = 5.20, p = 0.026, 1> = 0.09,
BF = 0.02). Specifically, the feedback group showed strong modulation of congruency
effects by PC context (mean: 74 ms, PC x congruency: F(1,28) = 8.40, p = 0.007, n,*> = 0.23,
BF = 0.28), while the no feedback group showed little evidence of the critical contextual
interaction (mean: -26 ms, PC x congruency: F(1,28) = 0.54, p = 0.469, 1,? = 0.02, BF = 0.27).
Because we observed a greater modulation of Stroop congruency across low vs. high

control-demand contexts for the feedback group than for the no-feedback group for non-
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predictive PC-50 items, we conclude that the LWPC, and thus proactive control, is
sensitive to performance feedback.
No other effects were significant (congruency x feedback: F(1,56) = 2.46, p = 0.122,

ny? = 0.04, BF = 0.10; all other effects, F <1.18).
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Figure 6: Experiment 2 control-learning results. Mean Inverse Efficiency data
(+ SEM) are displayed as a function of proportion congruent context, current trial
congruency, and feedback group for (a & b) the LWPC effect of Experiments 2a and b,
which are averaged together in (c).

3.4.2.3 Explicit Understanding of Task Structure

Twenty-five participants reported noticing that some images systematically

varied in their proportion congruency, while twenty-eight reported noticing differences
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in difficulty across task blocks. Twenty-three participants reported noticing differences
for both questions. Although participants did not rate the predictive image category
pairings as being more predictive than chance (50%; ts <-0.26), they were able to match
the image categories to their respective congruencies (easy/neutral/hard) above chance
(i.e., test against 2 for response option chance level given 6 images; #(59) =2.32, p = 0.024,
Cohen’s d: =0.30, M = 2.42). However, this was primarily driven by better matching of
the biased ISPC/LWPC images to their trial type (i.e., test against 4/3 for response option
chance level given 4 images; #(59) =2.71, p = 0.009, Cohen’s d- = 0.35, M = 1.75) relative to
the unbiased LWPC images (i.e., test against 2/3 for response option chance level given 2
images; #(59) = 0.07, p = 0.948, Cohen’s d: = 0.01, M = 0.67), which were below chance
recognition. In short, although there was an increased level of awareness surrounding
the PC manipulation relative to Experiment 1 (cf. Blais, Harris, Guerrero, & Bunge,
2012), perhaps due to the increased PC frequencies (e.g., 85 vs. 75), the unbiased LWPC

effect likely remained implicit for participants.

3.5 Experiment 2b

Because we expected to replicate standard LWPC effects for the no feedback
group in Experiment 2a and because we observed a speed-accuracy trade-off, we opted
to run a larger replication sample. Like Experiment 1b, to discourage the speed-accuracy

trade-off, we added in an additional line about responding as quickly and accurately
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and restricted the participant sample to people who had a mailing address in the United

States.

3.5.1 Method
3.5.1.1 Participants

We followed the approach of Experiment 1b, opting to double the sample size in
Experiment 2a for this replication sample.

One hundred and forty-two MTurk workers consented to participate and were
compensated $3.64 for approximately twenty-eight minutes. Twenty-one workers were
excluded because of poor accuracy (i.e., less than 70% accuracy, range [1.4%, 65.2%], M =
37.3% +20.1%). Another worker was excluded for having the same IP address as another
participant; we could not unambiguously determine that these were different
individuals. The final sample size was one hundred and twenty (feedback (N = 60):
meanage= 36.2 + 10.2; 25F, 35M; no feedback (N = 60): meanage= 34.7 + 9.2; 30F, 29M,, 1

n/a).

3.5.2 Results and Discussion

Tables 15-18 within Appendix B detail the RT and accuracy data.
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3.5.2.1 ISPC/LWPC Influenced, PC-85/15 Items

Inverse Efficiency. When examining the overall means for each individual, we
detected strong trade-offs between reaction time and accuracy data (overall: (118) = -
0.56, p < 0.001; no feedback group: r(58) =-0.54, p <0.001; feedback group: r(58) = -0.52, p
<0.001). Examining overall mean RTs and accuracies within conditions (see Tables S9
and S10), we observed that participants were sometimes more accurate but slower on
incongruent trials. Because of a strong RT/accuracy trade-off, we computed and
analyzed inverse efficiency scores.

When correcting for the speed-accuracy trade-off, we observed an expected main
effect of congruency (F(1,116) =41.58, p <0.001, n? = 0.26, BF = 1.02 x 108). Participants
responded more quickly on congruent (mean = 668 ms) than incongruent (mean =720
ms) trials. We found expected effects of block order and context (PC x block order:
F(1,116) = 5.07, p = 0.026, ny*> = 0.04, BF = 1.97), whereby participants had smaller
differences in inverse efficiency across contexts when they first experienced the mostly
incongruent context (680 (PC-15) vs. 672 (PC-85) ms) rather than mostly congruent
context (692 vs. 732 ms).

Participants across feedback groups also displayed a significant ISPC/LWPC
effect, showing reduced congruency effects for high vs. low control-demand contexts
(PC x congruency: F(1,116) =29.04, p <0.001, 1,*> = 0.20, BF = 4091.42). Unlike Experiment

2a, this ISPC/LWPC effect did not interact with block order (PC x congruency x block
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order: F(1,116) =1.51, p=0.222, 1, = 0.01, BF = 0.25) or feedback group (PC x congruency
x feedback: F(1,116) = 0.97, p = 0.328, n,> = 0.01, BF = 0.02). The ISPC/LWPC effect for
inverse efficiency was 72 and 104 ms for the no feedback and feedback groups,
respectively.

No other effects were significant (PC: F(1,116) =2.14, p = 0.146, 1, = 0.02, BF =
1060.78; congruency x feedback: F(1,116) =1.93, p = 0.168, n,? = 0.02, BF = 0.09; block
order: F(1,116) =2.23, p=0.138, 1, = 0.02, BF = 0.58; all other effects, F <0.53).

Overall, in Experiment 2b, we replicate the congruency by proportion congruent
context interaction we observed with RT, accuracy, and IES in Experiment 2a, providing

further evidence that the ISPC effect is insensitive to performance feedback.

3.5.2.2 LWPC, PC-50/50 Items

Inverse Efficiency. When examining the overall means for each individual, we
again detected strong trade-offs between reaction time and accuracy data (overall: r(118)
=-0.61, p <0.001; no feedback group: r(58) =-0.71, p < 0.001; feedback group: r(58) =-0.43,
p <0.001).

When correcting for the speed-accuracy trade-off with inverse efficiency scores,
we observed an expected main effect of congruency (F(1,116) =31.83, p <0.001, n? = 0.22,
BF =1292.18). Participants responded more quickly on congruent (mean = 745 ms) than

incongruent (mean =793 ms) trials. We found expected effects of block order (PC x block
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order: F(1,116) = 5.65, p = 0.019, n? = 0.05, BF = 5.18; block order: F(1,116) = 4.01, p = 0.047,
ny? = 0.03, BF = 2.28), as participants responded more quickly when they first experienced
the mostly incongruent context (738 ms) than when they experienced the mostly
congruent context (800 ms), and had smaller differences in inverse efficiency across
contexts when they first experienced the mostly congruent context (792 (PC-25) vs. 808
(PC-75) ms) rather than mostly incongruent context (761 vs. 714 ms). Participants also
showed a slight tendency to respond slower to the low vs. high PC context when they
did not receive feedback (-38 ms) than when they did (7 ms) (PC x feedback: F(1,116) =
2.82, p=0.096, ny? =0.02, BF =0.61).

As shown in Figure 6b, unlike Experiment 2a, we did not observe significant
modulation of the LWPC effect by feedback group (PC x congruency x feedback:
F(1,116)=1.79, p = 0.183, n* = 0.02, BF = 0.01), but did by block order (PC x congruency x
block order: F(1,116) = 5.27, p = 0.024, n,? = 0.04, BF = 0.05). The LWPC effect for the
respective feedback groups was -17.2 and 15.0 ms. Participants who experienced mostly
congruent blocks first tended to display larger LWPC effects (means: 27 ms (18 for no
feedback, 35 for feedback group) vs. -29 ms (-53 ms for no feedback, -5 ms for feedback
group)).

No other effects were significant (all other effects, F <1.40).

Overall, we have found some evidence that the LWPC effect is sensitive to

performance feedback, detecting the three-way congruency x context feedback
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interaction with accuracy and IES in Experiment 2a and here again with RT in
Experiment 2b. Both groups also showed expected effects of block order, with larger

LWPC effects, if they experienced the mostly congruent context first.

3.5.2.3 Explicit Understanding of Task Structure

Fifty-one participants reported noticing that some images systematically varied
in their proportion congruency, while forty-eight reported noticing differences in
difficulty across task blocks. Forty participants reported noticing differences for both
questions. Participants rated the predictive image category pairings as being less
predictive than chance (50%; all ts > 2.49). They were also able to match the image
categories to their respective congruencies (easy/neutral/hard) above chance (i.e., test
against 2 for response option chance level given 6 images; t(116) = 3.33, p = 0.001,
Cohen’s d- =0.31, M = 2.40). As in Experiment 2a, this was primarily driven by better
matching of the biased ISPC/LWPC images to their trial type (i.e., test against 4/3 for
response option chance level given 4 images; #(116) = 4.31, p <0.001, Cohen’s d- = 0.40, M
= 1.81) relative to the unbiased LWPC images (i.e., test against 2/3 for response option
chance level given 2 images; £(116) =1.07, p = 0.287, Cohen’s d- = 0.10, M = 0.59), which
were below chance recognition. Replicating Experiment 2a, the unbiased LWPC effect

likely remained implicit for participants.
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3.5.3 Across Experiment 2 Analysis

Because Experiments 2a and 2b shared similar task structures, we aggregated our
data across experiments for exploratory analyses with enhanced power. We added
experiment (2a/2b) as a between-subjects factor and reran analyses across RT, accuracy,
and inverse efficiency data to better evaluate the effect of performance feedback on the
unbiased LWPC effects. We do not analyze the biased ISPC/LWPC effect, since it already
conceptually replicated the Experiment 1 results. As with the combined analysis of
Experiment 1, since the design and procedure were identical across Experiments 2a and
b, we treat Experiment as a factor of no interest.

Inverse Efficiency. Finally, when correcting for the speed-accuracy trade-offs by
computing inverse efficiency scores for PC-50 items, we found a standard congruency
effect (F(1,172) = 38.35, p <0.001, ny? = 0.18, BF = 2054.76). Participants responded more
quickly on congruent (mean = 762 ms) than incongruent (mean = 808 ms) trials. We also
found expected effects of block order (PC x block order: F(1,172) =12.87, p <0.001, n,? =
0.07, BF = 1024.64; block order: F(1,172) = 3.19, p = 0.076, ny?> = 0.02, BF = 217.41).
Participants responded slightly more quickly when they first experienced the mostly
incongruent context (758 ms) than mostly congruent context (813 ms), and had smaller
differences in inverse efficiency across contexts when they first experienced the mostly
incongruent context (777 (PC-25) vs. 739 (PC-75) ms) rather than mostly congruent

context (790 vs. 835 ms). Participants also had slightly larger congruency differences
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across feedback groups when participants experienced the mostly incongruent context
first (27 (feedback) vs. 65 ms (no feedback)) than when they experienced the mostly
congruent context first (47 vs. 44 ms) (congruency x feedback x block order: F(1,172) =
3.16, p = 0.077, n,* = 0.02, BF = 0).

Crucially, we also detected a significant unbiased LWPC effect that separately
depended on feedback group and block order (Figure 3¢c; PC x congruency x feedback:
F(1,172) = 8.31, p = 0.004, n,?> = 0.05, BF = 0.01; PC x congruency x block order: F(1,172) =
8.38, p = 0.004, n? = 0.05, BF = 0.02). The LWPC effect was -20 ms and 35 ms for the no
feedback and feedback groups. When the participants experienced the mostly congruent
context, the LWPC effect was, respectively, 16 and 61 ms for the no feedback group and
feedback groups and decreased to -57 and 8 ms when the participants experienced the
mostly incongruent context first.

No other effects were significant (congruency x feedback: F(1,172) =2.38, p =
0.125, n? = 0.01, BF = 0.04; all other effects of interest, F <1.21).

Overall, when we combined the data from Experiments 2a and 2b, we found
weak RT evidence that the LWPC was insensitive to feedback, and accuracy and IES
evidence that the LWPC was sensitive to feedback and block order, with both groups
showing larger congruency effects if they experienced the mostly congruent context first

and the feedback group showing a larger LWPC effect than the no feedback group.
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3.5.4 Conclusion

In Experiments 2a and 2b, we replicated the item-specific proportion congruent
(ISPC) effects we observed in Experiments 1a and 1b, finding that Stroop congruency for
the PC-85 and PC-15 items was reduced for high compared to low control-demand,
irrespective of the feedback group. However, performance feedback significantly
impacted list-wide proportion congruent (LWPC) effects (cf. Bugg & Chanani, 2011).
After correcting for speed-accuracy trade-offs, participants within the feedback group
showed reduced congruency differences for the PC-50 items within blocks predictive of
higher compared to lower control-demand. This is consistent with previous research
suggesting that proactive control, here represented by the LWPC, is costly (Braver, 2012;
Bugg, 2017) and that intrinsic motivation manipulations can boost proactive, but not
reactive, adaptation of cognitive control. Finally, we also replicated previous research
suggesting that there are asymmetrical congruency effects when participants switch
from a high attentional state (mostly incongruent context) to a low attentional state
(mostly congruent context), and vice versa (cf. Abrahamse et al., 2013).

Unlike previous research (e.g., Bugg & Chanani, 2011), however, participants
within the no feedback group showed little modulation of Stroop congruency. We do
not view this as inconclusive evidence for the LWPC effect, because as shown in our
compiled analysis, we found a significant modulatory effect of block order on the

LWPC. Specifically, participants who received no feedback and experienced the mostly
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congruent context first had a positive LWPC effect. Moreover, as we speculated in
Experiment 1, the speed-accuracy trade-off, as well as reduced congruency effects
relative to previous LWPC studies that used vocal responses and tested undergraduate
students, may impact the LWPC we observed here in unknown ways. Although
participants were reminded of the picture-response mappings between each block and
four mappings were only used during each block, having participants keep in mind six
picture-mappings could have created additional working memory demand that
distracted from the learned recruitment of costly control.

One notable limitation in Experiment 2 is the complexity of the design, with four
to five factors, half of which were between-subjects (block order, feedback, Experiment).
This is especially evident in the Bayes Factor analysis, which assigns greater prior
weight when there are more supporting data (e.g., 0.978 for main effect of block type,
but 0.265 for a three-way interaction in the combined Experiment analysis). Although
we replicated the congruency x feedback x context interaction with a large sample size
(N=180) and the asymmetrical congruency effects observed in another study
(Abrahamse et al., 2013), the Bayes Factors for both of these interactions effects are
relatively small compared to those observed in Experiment 1. Design-wise, between-
subjects effects increase variability within the analysis cells, leading to more variable
estimates as to the strength of evidence within these Experiments. Moreover, to

deconfound the unbiased LWPC effect from the biased ISPC/LWPC effect means that
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there are fewer trials for the PC-50 items relative to the PC-85/15 items, which causes
additional variance within each participant and the analysis. Together these pieces add
additional nuance to the story.

Finally, one crucial factor unexamined within this study is the presence of
individual differences. Previous research has found that proactive control is subject to
inter-individual differences such as working memory capacity and reward
responsiveness (Braver, 2012). The analysis of inverse efficiency scores across
Experiments 2a and 2b suggested that only 48% of the variance in behavior was
explained by the ANOVA model, highlighting how individual differences could also
play a key role in how performance feedback impacts the learned recruitment of reactive
and proactive control.

In sum, when correcting RT for accuracy via inverse efficiency scores, we
observed a significant unbiased LWPC effect that was modulated by performance
feedback. Taking Experiment 1 into account, these Experiment 2 results additionally
suggest that intrinsic motivators like performance feedback can promote the recruitment

of proactive control and have little impact on reactive control.

3.6 Exploratory across Experiments 1 and 2 Analysis

In Experiment 1, we observed no modulation of the ISPC effect by feedback,

whereas in Experiment 2, we found that the LWPC effect was significantly larger when
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participants received feedback. The results in Experiments 1 and 2 thus suggest that
performance feedback promotes proactive, but not reactive, adaptation of cognitive
control. Because the paradigms both involve similar manipulations of proportion
congruency with comparable stimuli, we were able to formally test whether feedback
does in fact differentially affect proactive and reactive control by pooling the data and
treating experiment as a between-group factor.

To test this dissociation explicitly, we combined the data across Experiments and
ran a 2 x 2 x 2 x 2 repeated-measures ANOVA on inverse efficiency scores, with
proportion congruent (mostly incongruent/mostly congruent) and congruency
(congruent/incongruent) as within-subjects factors and experiment (1/2) and feedback
(feedback/no feedback) as between subjects factors. For Experiment 1, we used the data
from the PC-75/25 items, which reflect the ISPC, and for Experiment 2, we used the data
from the PC-50 items, which reflect the LWPC. Notably, we could not include the block
order factor from Experiment 2 and account for the additional response demands in the
LWPC (i.e., 6 response buttons), which may result in some unexplained variance in this
analysis.

We observed a significant 4-way interaction, indicative of a dissociation between
the effect of feedback on reactive vs. proactive control learning on inverse efficiency
scores (PC x congruency x feedback x Experiment: F(1,356) = 6.85, p = 0.009, n,? = 0.02, BF

= 0; PC x congruency x feedback: F(1,356) =2.60, p = 0.108, n,? = 0.01, BF = 0; PC x
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congruency x Experiment: F(1,356) = 1.98, p = 0.160, n,? = 0.01, BF = 0.02; PC x
congruency: F(1,356) = 6.36, p = 0.012, 1> = 0.02, BF = 0 ). Performance feedback
selectively promoted the recruitment of proactive vs. reactive control in the list-wide

relative to item-specific paradigm.

3.7 General Discussion

This study examined whether an intrinsic reinforcer (performance feedback) has
differential effects on the learned recruitment of reactive and proactive control within a
variant of the picture-word Stroop task. In Experiment 1, we deployed an item-specific
proportion congruent (ISPC) paradigm, manipulating in-the-moment, reactive control
by ensuring that some picture images were more often overlaid with incongruent
distractor words (low proportion congruent, high control-demand) while others were
more often overlaid with congruent distractor words (high proportion congruent, low
control-demand). In Experiment 2, we deployed a list-wide proportion congruent
(LWPC) paradigm, manipulating anticipatory, proactive control by ensuring that some
images were equally congruent and incongruent at the item-level but biased at the
global list-level within the context of low or high control-demand blocks. For both
experiments, the receipt of performance feedback was manipulated between groups.

In the context of explicitly instructed cues in the AX-CPT task, it has previously

been shown that proactive control is costly to recruit, but sensitive to reward, while
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reactive control is insensitive to reward (Braver, 2012). We here tested rival hypotheses
about how performance feedback would impact control-learning in response to implicit
manipulations of task statistics. If control-learning is grounded in reinforcement
learning, sensitive to reinforcement but not to the type of control-demand, we would
observe enhanced recruitment of control in both Experiments. Specifically, for both
feedback groups, we would observe a standard proportion congruent (PC) effect,
whereby the congruency effect is reduced for high vs. low control-demand contexts. If,
however, the type of control-demand learned is important, with proactive control
sensitive to reinforcement and reactive control insensitive to reinforcement, we would
observe a PC effect for both feedback groups in Experiment 1 and a PC effect only for
the feedback group in Experiment 2.

We found that performance feedback promoted the learned recruitment of
proactive but not reactive conflict-control when we corrected for substantial speed-
accuracy trade-offs detected in the data. Analyzing inverse efficiency scores, we
observed a PC effect that was invariant to feedback group in the ISPC for Experiment 1
and a PC effect only for the feedback group in the LWPC for Experiment 2. Our
combined analyses of the experiments indeed suggested a significant dissociation
between how performance feedback shapes control-learning.

We now discuss the theoretical importance of these results in the following

sections on associative learning of cognitive control, interactions between motivation
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and cognitive control, and brief speculation on the neural systems involved in control-

learning.

3.7.1. Associative Learning of Cognitive Control

Some research has suggested that PC effects are not control-based and that
associative learning of stimulus-responses associations may instead account for the
observed data patterns (i.e., contingency-learning, Schmidt & Besner, 2008; Schmidt,
2013). For example, in a Stroop task with four color-word stimuli, there are more
possible unique incongruent than congruent stimuli (e.g., for the color-word BLUE, blue
in RED, PURPLE, and BROWN vs. blue in BLUE). When researchers ensure that the
overall congruency is equal (50/50) while manipulating proportion congruency, each
congruent stimulus (total: 4) appears more often than each incongruent stimulus (total:
12). This then means that participants can learn stimulus-response associations, because
the irrelevant dimension (e.g., the meaning of the color-word) more often predicts
congruent stimuli. Participants could simply learn to read the color-words instead of
learning to adjust their attentional selectivity, because the color-word RED is more often
paired with the color red. The contingency learning account thus predicts that
participants are slower to respond on low contingency (incongruent) trials vs. high
contingency (congruent) trials, resulting in smaller congruency differences in a low-PC

context that stems from pure S-R learning instead of control adjustments.
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However, recent accounts have highlighted how, when the target-relevant
dimension is predictive of proportion congruency, the ISPC avoids such contingency
learning confounds (Bugg et al., 2011). Using the target (here, a picture), instead of the
task-irrelevant word, as the ISPC signal for proportion congruency results in equivalent
contingency across all possible combinations of the congruency and proportion
congruency conditions. Moreover, we controlled for the formation of stimulus-response
associations by ensuring that there was only one incongruent and congruent stimulus
pair so that participants could not associate one picture more often with a particular
response. While this particular design does still allow for participants to modulate word-
reading rather than the attentional state recruited, the pattern of results are more
consistent with a control-based account (Experiment 1 vs. Experiment 3 within Bugg et
al., 2011). Specifically, if participants were modulating word-reading, the results would
show modulation of Stroop congruency primarily with regard to congruent trials, where
this strategy would be most efficient. The modulation of Stroop congruency across both
Experiments, however, seems to have resulted from more efficient responding to
incongruent trials than to congruent trials, suggesting a control-based account prevailed.

Other control-based accounts have also emphasized that a pure associative S-R
learning explanation cannot account for transfer items and asymmetrical congruency
effects in list-wide paradigms. If participants were merely modulating word-reading or

using stimulus-response associations, we should not observe carry-over effects when
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changing between contexts for a list-wide proportion congruency task because the
associations and strategy have remained the same (Abrahamse et al., 2013). However,
we do, in fact, observe modulation by block order for both LWPC and ISPC effects,
suggesting that participants recruit different control-states across the high and low
control-demand blocks. Finally, we also find list-wide effects even when controlling for
item-specific associations (Bugg & Chanani, 2011). Altogether these results suggest that
particular contexts (items/pictures or blocks) facilitated the retrieval of context-
appropriate attentional control-states (e.g., high or low attentional focus).

Of note, we also found greater explicit awareness of the item-level manipulation
when the proportion congruency increased (cf. Blais et al., 2012). The cognitive
mechanisms and strategies at play between individuals who do and do not notice the
underlying task structure may differ substantially. Indeed, in a recent preregistered
direct replication study (Bejjani, Dolgin, et al., 2020), we observed that participants were
most effective at adjusting their cognitive control when they could consciously perceive
predictive cues and had explicit knowledge of what the cues predicted. However, while
most control-based accounts of item- or list- level imply that control adaptation occurs
implicitly, these frameworks still allow for explicit control adaptation.

Indeed researchers have more recently posited that associative learning and
cognitive control are inextricably linked (Abrahamse et al., 2016; Botvinick et al., 2001;

Egner, 2014). Participants can learn to recruit more attentional focus for stimuli or
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contexts that are more often associated with incongruent/hard trials (i.e., higher control-
demand), which facilitates greater processing efficiency and results in smaller
congruency effects relative to stimuli or contexts that are more often associated with
congruent trials (i.e., lower control-demand). The nature of the learning process is
thought to be domain-specific (task-switching, conflict-control, attentional control, etc.),
while incorporating a domain-general associative learning mechanism.

How exactly participants learn to generalize specific stimulus features and
responses into abstract, context-appropriate attentional control-states and bring about
strategic processing adjustments nonetheless remains poorly understood. In the
expected value of control account (Shenhav et al., 2013), which incorporates a domain-
general and domain-specific perspective, participants could learn to recruit proactive
control based on the context and cost-benefit analysis, but how does the cognitive
system determine the costs and benefits? If reactive control, represented by the ISPC, is
recruited in the moment, do people still calculate the costs and benefits, or does the
temporal constraint cause the process to become more automatic? Here, the receipt of
performance feedback does not result in additional information for the participant,
because participants already know the correct buttons to press, yet performance
feedback profoundly changes the learned recruitment of proactive vs. reactive control.
These results highlight that even intrinsic motivation states have little effect on the

learned recruitment of reactive control, which suggests that different cognitive
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mechanisms, beyond expected value calculations, are at work between learning

adjustments of control for the ISPC and LWPC.

3.7.2 Interactions between Motivation and Cognition

While a wealth of research has suggested that incentivizing task performance can
enhance the recruitment of cognitive control (Botvinick & Braver, 2015; Chiew & Braver,
2016; Frober & Dreisbach, 2014; Kang et al., 2017; Kostandyan et al., 2019; Soutschek,
Stelzel, et al., 2014; Soutschek, Strobach, et al., 2014; Yee & Braver, 2018), most work has
focused on incentivizing task performance with external reinforcers like monetary
reward (Krug & Braver, 2014) or involved reward cues to detect whether participants
use additional information in adjusting the recruitment of cognitive control. One critical
difference between the motivational factors involved in previous studies and the current
study is that we not only used a deterministic, intrinsic reinforcer (performance
feedback) but also that the intrinsic reinforcer held no inherent value; specifically,
performance feedback usually provides participants with additional valuable
information, but in this study, participants already knew the correct responses for each
particular stimulus. This is also evident in the fact that performance feedback is not
necessary to observe control-learning effects (for reviews, see Abrahamse et al., 2016;
Bugg, 2017; Bugg & Crump, 2012; Egner, 2014), but would otherwise help participants

encode information in other cognitive tasks (e.g., learning paired-associates). Thus,
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unlike extrinsic probabilistic reward cues, performance feedback either enhanced
learning by strengthening control-demand associations or boosted intrinsic motivation
(see below).

We can note how the differences in study design impacted the results of the few
proportion congruent studies that investigated the interaction between motivation and
control-learning (Bugg et al., 2015; Soutschek et al., 2014, 2015). Experiment 4 within
Bugg et al. (2015) tested whether high or low point value incentives could motivate
participants to use probabilistic cues that indicated whether short, twenty-trial lists were
mostly congruent or mostly incongruent blocks. The researchers found similar results to
their previous experiments, whereby participants used the probabilistic cues to relax
their control settings on mostly congruent lists relative to mostly incongruent lists.
However, performance-contingent reward impacted the recruitment of cognitive control
for the first trial on mostly incongruent blocks, i.e., when participants had no learned
expectations for the upcoming control-demand. This is mostly in accord with Chiew and
Braver (2016), who found that participants reduced flanker interference effects the most
following informative, incentivized trials, although there are potential differences in
sustained vs. transient effects. Nonetheless, rather than examine how reinforcers impact
how participants learn to adjust the recruitment of cognitive control, the focus of these

studies was to investigate how reward impacted the use of informative cues. With
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additional cues that inform participants of what to likely expect, participants may feel
less inclined to modulate their attentional settings for high control-demand blocks.
Soutschek and colleagues (20144, b) investigated how reward cues informing
participants whether they could earn or lose money impacted the effect of conflict
expectancy in a list-wide proportion congruent paradigm with blocks consisting of ten
or forty trials. They found that participants had smaller congruency effects for high vs.
low conflict expectancy for blocks where they could neither earn nor lose money and
that participants had smaller congruency effects for high stakes blocks across conflict
expectancy. The researchers interpret these results to mean that motivational factors like
reward and conflict expectancy could both reduce congruency effects independently,
but not so much as to eliminate congruency effects altogether. However, like Bugg et al.
(2015), Soutschek and colleagues (20144, b) also used a reward/punishment framework
with high and low motivation cues on a block-wise level, within-participants, primarily
investigating how motivation changes expectancy or expected value judgements for
recruiting cognitive control, subject to framing effects. The current study, by contrast,
focused on how the experience of success or failure itself, on a trial-by-trial basis, could
motivate participants to modulate learned adjustments of control across contextual
blocks longer than one hundred trials. Thus, rather than finding independent effects of
conflict expectancy (proportion congruent) and motivation, we found that the two

interacted to determine sustained, learned adjustments to cognitive control.
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All these studies together, however, suggest that control-learning is subject to
framing effects at large. The present study cannot adjudicate between two rival
hypotheses: performance feedback may have either enhanced the learning of control-
demand associations or boosted intrinsic motivation for applying learned control. For
instance, boosting motivation could have occurred by increasing the intrinsic sense of
achievement upon performing well (cf. Schouppe et al., 2015) or lessening the subjective
aversion that participants feel towards conflict (cf. Dreisbach & Fischer, 2012), ultimately
causing participants to recruit proactive control in Experiment 2. Future studies will
need to adjudicate between these possibilities or the degree to which feedback promotes
both of these processes (which are not mutually exclusive). Moreover, while researchers
have trained reinforcement learning models to predict control-demand rather than
reward, future research could also test whether models trained to predict probabilistic
feedback on control-learning tasks result in similar learned adjustment of control or
whether the additional uncertainty dampens the effect of control-learning altogether.

Of note, although we refer to the LWPC effect as reflecting proactive control, we
cannot be certain that participants actually recruit control in an anticipatory fashion
prior to each stimulus onset. Most studies of proactive control using the AX-CPT or
other congruency tasks (e.g., flanker task) manipulate whether trial-by-trial cues are
informative or non-informative of upcoming control-demand, thus investigating

whether participants will recruit control proactively during the cue-to-target interval.
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Even though it is clear that the LWPC effect is “global” in the sense of generalizing
across stimuli/trials within a block, it is not currently clear whether it is driven by the
same kind of anticipatory control engagement probed by trial-by-trial curing paradigms.
Answering this question represents an interesting direction for future research. A couple
of studies have suggested that explicit precues can either enhance or diminish control-
learning effects (Bugg & Diede, 2017; Hutchison et al., 2016), especially in contexts of

lower control demand (e.g., mostly congruent blocks).

3.7.3 How do these processes interact in the brain?

Recent studies have implicated the caudate nucleus, a region typically associated
either with a domain-general valuation system that learns stimulus-reward outcome or
stimulus-action contingencies (Balleine et al., 2007; Delgado, 2007) or with a working
memory gating system (Frank et al., 2001), in control-learning (Chiu et al., 2017; Jiang,
Beck, et al., 2015; Jiang, Brashier, & Egner, 2015; for review, see Chiu & Egner, 2019).
While the exact cognitive mechanism performed by the caudate in control-learning is
not known, the caudate is nonetheless known to be sensitive to performance feedback
(Tricomi, Delgado, McCandliss, McClelland, & Fiez, 2006; Tricomi & Fiez, 2008; Bejjani,
DePasque, & Tricomi, 2019; for review, see Tricomi & DePasque, 2016).

Of note, in this study, we found that the ISPC was invariant to performance

feedback. However, Chiu et al., (2017) trained a reinforcement learning model on data

113



from a similar, no feedback item-specific proportion congruent paradigm and found that
prediction error estimates obtained from the model correlated with activation in the
caudate nucleus. If the caudate is indeed sensitive to performance feedback yet also
tracks the kind of item-specific control-learning reported here, which was invariant to
performance feedback, future research will need to determine the exact role of the
caudate in control-learning. Grandjean et al. (2013) and Blais & Bunge (2009) also
investigated the neural correlates of the ISPC and found mostly prefrontal regions’
activation track the interaction of context and congruency, suggesting that perhaps
coordination between cortical and subcortical regions determines the learned control
adjustments across control-demand contexts. Future work will need to disentangle
cortical and subcortical contributions to control-learning across domains (cf. Chiu &
Egner, 2019).

Understanding the exact contributions of the reward and executive function
systems will be important to determining how control-learning is impaired in
psychiatric populations. Many clinical conditions, such as schizophrenia (Barch &
Sheffield, 2017), are characterized by context-inappropriate behavior. These are typically
attributed to a lack of control, but might instead arise from a deficit in control-learning,
whereby afflicted individuals may not learn to associate certain cues or contexts with the
need for control, resulting in inflexible behavior. A better understanding of the

interaction between control, reward, and memory mechanisms in the healthy brain will
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thus lay the foundations for understanding potential control-learning failure models —

and possible therapeutic approaches — in psychiatric and neurodegenerative disorders.

3.7.4 Generalization of Control-Learning

Notably, the results reported in this study were observed using an online
population of Amazon Mechanical Turk (MTurk) workers. Studies that deployed
variants of the ISPC and LWPC (Bugg, 2014; Bugg et al., 2011; Bugg & Chanani, 2011;
Bugg & Dey, 2018) have typically used vocal responses within an in-person,
undergraduate participant population (see Bundt et al., 2018; Ruitenberg et al., 2019 for
mouse-tracking ISPC). Having developed an ISPC and LWPC for a crowd-sourced
population, we propose that using performance feedback is generally beneficial for all
control-learning studies: performance feedback does not affect the recruitment of
reactive control (ISPC effect), lowers the attrition rate based on accuracy demands (i.e.,
fewer excluded participants), and boosts the recruitment of proactive control (LWPC
effect) so that researchers can investigate the boundary conditions and individual
differences that might affect control-learning. One notable limitation in adapting the
item-specific and list-wide proportion congruency paradigms for online populations,
however, was the speed-accuracy trade-offs we observed in both Experiments. Future
work could examine the potential causes of the speed-accuracy trade-off (e.g., not

having ceiling accuracy, participant population differences, response demand
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characteristics). However, despite the speed-accuracy trade-offs, we believe that these
data are as representative of the ISPC and LWPC effects, since participants clearly

followed instructions and performed above strict accuracy thresholds.

3.8 Conclusion

This study examined how performance feedback shapes control-learning across
the item-specific and list-wide proportion congruent paradigms. We found that
performance feedback promoted learned proactive adjustment to control-demand across
blocks with a greater proportion of hard vs. easy trials, but had little effect on learned
reactive adjustment for particular items associated with a higher likelihood of high vs.
low control-demand. These results have important implications for our basic
understanding of adaptive control, and potentially for treating clinical populations in
which proactive control is impaired, but can be boosted with intrinsic reinforcers like

performance feedback.
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4. Disentangling the roles of cue visibility and
knowledge in adjusting cognitive control

Recent research suggests that people can learn to link the control process of task-
switching to predictive cues, such that switch costs are attenuated following informative
pre-cues of switch-likelihood. However, the precise conditions that shape such
contextual cueing of control are not well understood. Farooqui and Manly (2015) raised
the possibility that cued task-switching is more effective when cues of control demand
are presented subliminally. The current study aimed to replicate and extend these
findings, by more systematically manipulating whether cues of control demand are
consciously perceived or are presented subliminally, and whether participants have
explicit prior knowledge of the cue meaning or acquire cue knowledge through
experience. The direct replication was unsuccessful: we found no evidence for effective
subliminal cuing, but observed some evidence for participants reducing switch costs
with explicit, supraliminal cues. Thus, cognitive control may be guided most effectively
by explicitly understood and consciously perceived pre-cues.

A version of this Chapter was published as a research article in Psychological

Science (Bejjani, Dolgin, et al., 2020).

4.1 General Introduction

Adaptive behavior is characterized by our ability to create, maintain, and flexibly
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update rules by which we categorize and respond to stimuli, otherwise known as “task-
sets”. The process of switching task-sets is cognitively demanding and incurs “switch
costs,” that is, slowed reaction times and higher error rates when compared to repeating
the same task-set (Monsell, 2003). Recent research suggests that people learn to link the
cognitive control process of task-switching to predictive cues or task statistics, such that
switch costs are attenuated under conditions of high compared to low switch-likelihood
(Chiu & Egner, 2017; Crump & Logan, 2010; Dreisbach & Haider, 2006; Leboe et al.,
2008). However, the precise conditions that shape such contextual “control-learning” are
presently not well understood. A recent study by Farooqui & Manly (2015) raised the
possibility that cued task-switching is more effective when cues of control demand are
presented subliminally, which would have major implications for theories of control.
The current study thus aimed to replicate and extend these findings, by more
systematically manipulating two major possible determinants of control-learning:
whether cues of control demand are consciously perceived or are presented subliminally
(cue visibility), and whether participants have explicit prior knowledge of the cue
meaning or acquire preparatory knowledge through experience (cue knowledge).

The role of conscious awareness in linking cues to control demand is unclear in
part because typical experimental paradigms in this domain tend to confound conscious
perception and knowledge with respect to awareness of cue presentation and predictive

value. For instance, Farooqui and Manly (2015) subliminally cued the likelihood of task-
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switching and concluded that subliminal cueing was more powerful than supraliminal
cueing, because subliminal cues caused a larger reduction in switch costs. These striking
results, however, may include an important limitation: when the subliminal cues were
made supraliminal (Experiments 9, 10), participants were told to ignore those cues,
explicitly suggesting to participants that the cues were not useful. Thus, the lack of
learning effects observed for supraliminal cueing may stem from a difference in prior
understanding of cue value than of cue visibility per se. In fact, biased instructions alone
can elicit cueing effects (cf. Entel, Tzelgov, & Bereby-Meyer, 2014), and task-irrelevant
cues are not always sufficient to activate context-appropriate learned control settings
(Gottschalk & Fischer, 2017).

Teasing apart the effects of conscious perception and knowledge on the cueing of
control has important implications for current theories of action control and memory.
Traditionally, the application of control has been closely tied to conscious intentions
(Posner & Snyder, 1975). By contrast, more recent models of action control suggest that
the role of consciousness in cognitive control, such as the performance benefits of
strategies, is overstated (Hommel, 2013). This perspective is consistent with theories
grounding cognitive control in associative learning (Abrahamse et al., 2016; Egner, 2014),
which assume that control-states can be implicitly learned. Most contextual control
cueing studies (e.g., Crump, Vaquero, & Milliken, 2008), however, are indifferent to how

cues and contexts become associated with each other, ignoring potential effects of
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consciousness on control-learning. If cue awareness and preparatory knowledge have
independent effects on control-learning, current theories of action control will need to
better account for how consciousness, whether through intentional control or particular
strategies, impacts our decisions.

Here, we manipulated conscious cue perception and predictive cue knowledge
independently to better understand how people optimally adapt cognitive control
settings across environments. Replicating the approach of Farooqui and Manly (2015),
we used a standard task-switching paradigm where task-repeat and task-switch trials
were preceded either by predictive or non-predictive cues. Crucially, across four
experiments, we manipulated both whether these cues were subliminal or supraliminal
and whether participants had been explicitly told the information provided by the cues
or had to implicitly learn that the cues predict demand, such that our experiments
formed a 2 (cue visibility: subliminal vs. supraliminal) x 2 (cue knowledge: explicit vs.
non-explicit) factorial design. This study thus linked streams of research on action
control (Hommel, 2013), control- and associative learning (Abrahamse et al., 2016; Bugg
& Crump, 2012), and conscious processing (Kunde et al., 2012; van Gaal et al., 2012).

We predicted that participants would use the contextual cues to modulate
control such that switch costs would be reduced following predictive vs. non-predictive
cues. Because we manipulated cue visibility and preparatory knowledge separately, we

could (a) systematically assess the necessary preconditions for observing cue benefits
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(tested within each experiment) and (b) compare the strength of such effects across
conditions (treating experiment as a between-subjects factor). If the conclusions from
Farooqui and Manly (2015) were warranted, we should observe smaller switch costs
under subliminal (Experiments 1-2) than supraliminal cueing (Experiments 3-4),
whereas traditional views on control would predict the smallest switch costs under the
supraliminal and explicit knowledge (Experiment 4) conditions and current theories of
action control would predict the smallest switch costs under the non-explicit knowledge
condition (Experiments 1, 3). Finally, to the extent task switch/repeat operations are
subject to the same constraints as motor actions, it can be predicted that switch costs
would be reduced when participants can develop explicit knowledge of the cues such
that pre-emptive control operations can be prepared and triggered by the cues (cf.
"action-triggers", Kunde, Kiesel, & Hoffmann, 2003). This would result in smaller switch

costs in Experiments 2-4 than in Experiment 1.

4.2 Experiment 1

We attempted to directly replicate Experiment 2 from Farooqui and Manly
(2015), in which subliminal cues preceded task-switch and repeat trials in a standard

task-switching paradigm.
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4.2.1 Method
4.2.1.1 Sample Size

To determine the appropriate sample size per experiment, we used sequential
Bayes Factor analysis (Schonbrodt & Wagenmakers, 2018). We used an uninformative
prior and reran the analysis each time that we recruited five additional participants until
a Bayes Factor of 10 or 1/10 was found in favor of the alternative or null hypothesis for
the interaction between cue validity and trial type, in line with recommendations for a
previously observed effect (Schonbrodt & Wagenmakers, 2018). We recruited a
minimum viable participant sample size of 20 (cf. Farooqui and Manly, 2015) and
maximum sample size of double our minimum (40) for every experiment. The effect that
we sought to replicate (Farooqui and Manly, 2015; Experiment 2) was estimated to have
a Bayes Factor of 30 (Rouder, Speckman, Sun, Morey, & Iverson, 2009;
http://pcl.missouri.edu/bf-one-sample) and suggested that these minimum and

maximum sample sizes were appropriate.

4.2.1.2 Participants

Fifty participants completed Experiment 1 for psychology course credits or
compensation at the rate of $10/hour. All reported normal or corrected-to-normal visual
acuity. Our predetermined accuracy exclusion threshold was 60% for all four

experiments, which resulted in the exclusion of three participants for Experiment 1. An
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additional seven participants were excluded, because their responses to the post-test
questions (see below) indicated that they may have been aware of the subliminal cues,
which was unexpected given the responses in Farooqui and Manly (2015). Consistent
with the sample maximum we set, the final sample size was 40 (29 F, 10 M, 1 n/a; mean
age =22.10 +4.09).

Note that exclusions beyond the accuracy criterion were not planned in the
preregistration. We therefore report and analyze the full sample for every experiment in

the Supplementary Text within Appendix C.

4.2.1.3 Procedure

We followed the procedure outlined in Experiment 2 of Farooqui and Manly
(2015). On each trial (Figure 7), a number cue (“2”, “4”, “8”) was presented for 11.67 ms,
followed by a blank screen for 23.2 ms. A mask of five Xs was shown for 500 ms to
render the cue subliminal. Finally, after 1.5 — 2.5 seconds, a letter stimulus appeared on
screen surrounded by a color rectangle. Participants were instructed that when the
rectangle is blue, they should press the Z key to categorize the letter as a vowel and the 3
key if it is a consonant, and that when the rectangle is green, they should press the Z key
if the letter is lowercase and the 3 key if it is uppercase. The stimulus was presented
until a response was made. A low-frequency tone indicated if participants made an

incorrect response. After feedback, participants saw a fixation cross for 2 to 3 seconds
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before the next trial started. Participants performed six practice trials for each letter
categorization before the main experimental session.

The key manipulation of interest involved the number cues. One number cue
preceded half of all switch trials (“predictive switch cue”); one number cue preceded
half of all repeat trials (“predictive repeat cue”); and one number cue preceded each trial
type with equal frequency (“non-predictive cue”). The global proportion of task-switch
to task-repeat trials was 25:75, because Farooqui and Manly (2015) found less evidence
that the subliminal cues modulated control at a 50:50 proportion. Tasks were
randomized across trials, and the predictive identity of the cues was randomized across
participants. Participants were not told about the cues or their predictive value.

After an initial run of 50 trials, response time-outs were tailored to individual
participants to encourage faster responses and ensure high task difficulty. Participants
were told that they had to respond both quickly and accurately, and that accurate but
slow responses were now counted as incorrect trials. The response threshold was set at
the 60™ percentile for correct responses on repeat trials. After 100 trials, this threshold
was revised again. Altogether, the experiment consisted of 250 trials, consistent with
Farooqui and Manly (2015), who found that the control cuing effect diminished over
time.

After the main experiment, participants were tested about their knowledge of the

cues with a post-test questionnaire and cue perception task. Participants were first asked
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whether they were aware of anything beyond the visual mask being presented.
Subsequent questions assessed whether they knew what was presented. All participants
were also shown the three cues 30 times, followed by the visual mask, and asked to
guess what the cue identities were. They were encouraged to guess, but also allowed to
skip (pressing “Enter”) if they did not want to guess.

The task procedure was programmed with PsychoPy (Peirce et al., 2019) for a
cathode ray tube monitor with a refresh rate of 85 Hz, and all materials are available at
https://osf.io/7jfbp/. Because the predictive cue identities were randomized and not fully
counterbalanced, the six task versions were split among Experiment 1 participants as

follows: 10, 6, 4, 8, 6, and 6 participants.
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Figure 7: Trial schematic across experiments. On each trial, participants were
briefly shown a cue that was either non-predictive or predicted the likelihood of a
task-switch or task-repeat trial, followed by a blank screen. In Experiments 1 and 2,
the cue presentation was followed by a visual mask, while in Experiments 3 and 4, the
cues were rendered supraliminal by removing the mask. After cue presentation, there
was a jittered delay before participants were shown a letter stimulus surrounded by a
colored rectangle, which cued the category-appropriate judgment (consonant/vowel
vs. uppercase/lowercase) that participants performed. Note that in Experiments 2 and
4, participants were explicitly informed of the predictive or non-predictive
relationships that each cue had with task-switch or task-repeat trials.

4.2.1.4 Data Analysis
Median reaction time (RT) data were analyzed for correct trials in which
participants were not excessively slow (<200 ms) or fast (+3 SDs) to respond. We also

analyzed accuracy data and calculated and analyzed a global performance index (mean
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accuracy (%) divided by median RT (ms) times 100), consistent with Farooqui and
Manly (2015). This index indicated whether participants modulated their response time
without a cost to accuracy.

Note that for within-experiment comparisons, median RT, instead of mean RT,
was used to facilitate an optimal comparison with Farooqui and Manly (2015). However,
because sequential Bayes Factor analysis could have led to uneven sample sizes between
experiments and because small sample sizes overestimate the true median (Miller, 1998),
we used mean RT to compare effects between experiments.

We ran a repeated-measures ANOVA with cue (predictive/non-predictive) and
trial type (task-switch/task-repeat) as within-subjects factors. We expected to find an
interaction between cue and trial type, such that participants were quicker and more

efficient to respond to task-switch trials following the predictive vs. non-predictive cues.

4.2.1.5 Quantifying Evidence across Experiments

Because our experiments involved a 2x2 design with independent manipulations
of conscious cue perception and knowledge, we combined the (trimmed) data across
experiments and ran a Bayesian repeated-measures ANOVA that included cue visibility
(subliminal/supraliminal) and preparatory cue knowledge (non-explicit/explicit) as
between-subjects factors, in addition to our within-subjects factors of cue

(predictive/non-predictive) and trial type (task-switch/task-repeat). This quantified the
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amount of evidence that conscious cue perception and knowledge impact predictive cue
benefits, via inclusion Bayes Factors (https://github.com/mattansb/BFEffects), which
address how likely statistical models with particular predictors are relative to models
without those predictors. An inclusion Bayes Factor of 5, for example, means that the
model including that set of predictors is five times more likely than a model without
them.

We also ran equivalence tests using the two one-sided test procedure (Lakens et
al., 2018), in order to provide support for the potential lack of a meaningful effect, which
here refers to the interaction between cue and trial type. For example, although we may
not find a statistically significant effect, we cannot then conclude that the observed effect
is of little theoretical and practical relevance unless an equivalence test against
meaningful equivalence bounds is also significant. In the case of a non-significant
equivalence test, we would not be able to reject the null hypothesis that the observed
effect is at least as large as the equivalence bounds, and we would instead assume that
the design was underpowered to detect the 2-way interaction. With respect to the latter
possibility, we also ran exploratory Bayesian simulations that analyzed the sample size
needed for a given design to yield a Bayes Factor of 1/10 or 10 in favor of the null or
alternate hypotheses, and we report the output of these analyses in Table 19 within
Appendix C to complement the equivalence tests.

We ran equivalence tests to assess whether there was evidence for lack of a
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meaningful effect (i.e., the interaction between cue and trial type). Note that for both the
sequential Bayes Factor sample estimation and equivalence tests, we used Cohen’s d- as
our effect size metric (t/\n), because this measure provided the most conservative
estimate (as opposed to, e.g., converting partial eta squared or calculating standardized
mean difference) and was reported by Farooqui and Manly (2015). Our equivalence
bounds were based on the smallest Cohen’s d- (0.43) reported in Experiments 1-3 from
Farooqui and Manly (2015), showing that participants used subliminal cues to modulate
control, which we tried to replicate. Because Farooqui and Manly (2015) reported only
one effect size for RT, with analyses primarily focused on the performance index, we

matched equivalence bounds across the RT and index.

4.2.2 Results
4.2.2.1 Main Task

Participants were significantly slower to respond (141 ms; trial type: F(1,39) =
106.91, p <0.001, n? = 0.73, inclusion BF = 1.68 x 10'?) and were less efficient (2.25; trial
type: F(1,39) =93.71, p < 0.001, n? = 0.71, inclusion BF =1.30 x 10'¢) on switch vs. repeat
trials, but showed no significant accuracy switch costs (1.1%; trial type: F(1,39) =1.33, p =
0.256, ny* = 0.03, inclusion BF = 0.30). Contrary to our predictions and the results reported
in Farooqui and Manly (2015), participants showed smaller switch costs for RT (cue x

trial type: F(1,39) = 6.16, p = 0.018, ny*> = 0.14, inclusion BF = 1.54; cue type, F <1.4) and the
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performance index (cue x trial type: F(1,39) = 4.62, p = 0.038, n,> = 0.11, inclusion BF =
2.38) following the non-predictive vs. predictive cues, which was driven primarily by
performance on switch trials. Indeed, participants were also more accurate (cue type:
F(1,39) =4.66, p = 0.037, ny?> = 0.11, inclusion BF = 0.72; cue type x trial type, F <0.1) and
slightly more efficient (cue type: F(1,39) = 3.86, p =0.057, ,? = 0.09, inclusion BF = 1.09)
following the non-predictive than predictive cues. See Figure 8 for switch costs across
the experiments and Table 3 for all data across the experiments. Altogether these results
suggest that participants were not using the predictive subliminal cues to reduce switch
costs; rather, the predictive subliminal cues may have impaired switching.

Both RT (Cohen’s d- = 0.39) and the global performance index (Cohen’s d. = 0.34)
showed non-significant equivalence tests (£(39) = 0.24, p = 0.406; #(39) =-0.57, p = 0.286).
Taken together with the significant null hypothesis tests, this suggests that the observed
interaction is statistically different from, and not equivalent to, zero. See Table 19 within
Appendix C for sample size recommendations.

In sum, we did not replicate the main result from Farooqui and Manly (2015) and
instead found weak evidence that on average participants were less efficient at reducing
their switch costs following subliminal predictive than non-predictive cues. We
speculate that because predictive cues were overall more rare than non-predictive ones,
the detection of these less common events may have delayed the switch process on

predictive cue trials.
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4.2.2.2 Post-test

Thirty-four participants reported noticing “anything being briefly presented
before the 5 Xs in each trial.” Of those thirty-four, twenty-five also reported being aware
of the identity of the stimulus, yet of the total forty participants, only three participants
correctly identified that the stimulus was a number, and not string or letter, cue. The
seven participants who we excluded answered yes to the first and second questions and
correctly identified the stimulus as a number cue, suggesting that they were more aware
of the subliminal manipulation.

Mean accuracy on the perception task was 2.4% and 5.0% for the non-predictive
and predictive cues respectively, suggesting that participants largely could not perceive

the cues.
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[49)

Table 3: Performance Data across All Experiments. Brackets indicate the 95% confidence interval. We report the mean of
the medians for RT in the individual Experiment columns and means generally for RT in the Across Experiments column.

Reaction Time (ms)
Non-predictive

Switch

Repeat
Predictive

Switch

Repeat

Accuracy (%)

Non-predictive
Switch
Repeat

Predictive
Switch
Repeat

Performance Index
(Accuracy (%) / RT
(ms))
Non-predictive

Switch

Repeat
Predictive

Switch

Repeat

Experiment 1
760 [710, 810]
644 [617, 671]

797 [747, 847]
631 [603, 658]

80.74 [78.43, 83.04]
81.84 [79.73, 83.95]

79.25 [76.36, 82.13]
80.29 [78.33, 82.25]

11.04 [10.34, 11.75]
12.87 [12.38, 13.36]

10.26 [9.65, 10.86]
12.93 [12.38, 13.48]

Experiment 2
807 [749, 864]
654 [615, 693]

817 [756, 878]
648 [613, 684]

80.45 [77.03, 83.86]
81.94 [80.04, 83.83]

80.93 [78.35, 83.50]
81.70 [79.14, 84.25]

10.38 [9.67, 11.08]
12.89 [12.23, 13.56]

10.36 [9.66, 11.07]
12.88 [12.24, 13.52]

Experiment 3
829 [762, 896]
661 [616, 705]

873 [797, 950]
660 [614, 707]

80.83 [78.19, 83.47]
79.45 [77.30, 81.60]

80.42 [77.35, 83.50]
78.89 [76.39, 81.40]

10.30 [9.54, 11.06]
12.47 [11.71, 13.24]

9.83[9.04, 10.62]
12.44 [11.64, 13.24]

Experiment 4
811 [735, 887]
650 [611, 689]

704 [640, 768]
601 [561, 641]

77.52[73.57, 81.47]
76.38 [73.66, 79.10]

82.38 [79.16, 85.61]
82.01 [79.04, 84.99]

10.16 [9.36, 10.96]
12.00 [11.44, 12.57]

12.58 [11.46, 13.70]
14.10 [13.25, 14.95]

Across Experiments
879 [851, 907]
726 [707, 745]

878 [849, 908]
712 [692, 733]

79.89 [78.31, 81.46]
79.90 [78.74, 81.06]

80.75 [79.27, 82.22]
80.72 [79.46, 81.99]

9.38 [9.10, 9.67]
11.25[10.98, 11.52]

9.58 [9.23, 9.93]
11.65 [11.33,11.97]



4.3 Experiment 2

As with Experiment 1, task repetitions/switches were cued subliminally, but

participants were also explicitly informed of each cue/trial type association.

4.3.1 Method
4.3.1.1 Participants

Fifty-nine participants completed Experiment 2 for psychology course credits or
compensation at the rate of $10/hour. All reported normal or corrected-to-normal visual
acuity. We excluded three participants for poor accuracy and sixteen participants for
failing the manipulation checks (see below). The final sample size was 40 (25 F, 15 M;

mean age = 22.6 + 3.86).

4.3.1.2 Procedure

This experiment mirrored the procedure of Experiment 1 closely, except that
participants were now told of what the cues represent. Specifically, part of the
instructions for Experiment 1 said: “On each trial, a pattern of five Xs will appear on-
screen followed by a letter that you will categorize according to the color of its
surrounding rectangle. The Xs are not relevant to the task that you are performing.”
Experiment 2 added the following: “However, before the Xs are presented, number cues
will flash on-screen. One of these cues (“2”) will precede trials in which the letter
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judgment (consonant/vowel vs. uppercase/lowercase) will switch from that of the
previous trial. One of the cues (“4”) will precede trials in which the letter judgment will
remain the same as in the previous trial. One of the cues (“8”) will precede trials in
which the letter judgment will either switch or remain the same from the previous trial.
You may use this information to aid your performance.”

To ensure that participants paid attention to the instructions and encoded the
cue/trial type associations, we included a manipulation check: we periodically probed
whether they remembered the instructed cue/trial type associations over the course of
the Experiment. The first probe occurred right after participants finished the practice
trials, the second probe after the RT threshold was reset the first time (trial 50), the third
probe after the RT threshold was reset the second time (trial 150), and the fourth probe
after participants answered the three post-test questions yet before the cue perception
task. The fifth probe was in a separate demographics form after participants performed
the cue perception task. Participants were forced to repeat probes one through three
until they pressed the correct key for all three associations. We excluded participants
from the main analysis if they answered probes four or five incorrectly, which indicated
that they had not recalled the cue/trial type associations; see the Supplementary text
within Appendix C for the full dataset.

The six task versions were split among Experiment 2 participants as follows: 7, 9,

4, 8, 6, and 6 participants.
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4.3.2 Results
4.3.2.1 Main Task

As with Experiment 1, participants showed robust RT (161 ms; trial type: F(1,39)
=127.99, p <0.001, n? = 0.77, inclusion BF = 1.18 x 10%®) and performance index (2.51; trial
type: F(1,39) = 140.63, p < 0.001, n? = 0.78, inclusion BF =1.30 x 10%) switch costs, but had
no significant accuracy switch costs (1.1%; trial type: F(1,39) =1.20, p =0.279, ny? = 0.03,
inclusion BF = 0.24). No other effects were significant (Fs < 0.6).

Both RT (Cohen’s d- = 0.12) and the performance index (Cohen’s d- = 0.002)
showed significant equivalence tests (£(39) = 1.97, p = 0.023; #(39) = 2.71, p = 0.005); taken
with the non-significant null hypothesis test, the observed interaction is thus not
statistically different from, and is equivalent to, zero. We can reject the null hypothesis
that the true interaction effects are smaller than Cohen’s d. =-0.43 or larger than d- = 0.43,
and the effect sizes should lie within these equivalence bounds most of the time.

In sum, even when participants were informed about the meaning of the
subliminal control demand cues, we found little evidence that these cues aided task-

switching, similar to Experiment 1.

4.3.2.2 Post-test

Twenty-two participants reported noticing something being presented before the

mask, thirteen participants reported being aware of the identity of the stimulus, and
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twenty-eight participants correctly identified the stimulus as the number cue. Note that
all participants were explicitly told and answered probes correctly about the cue/trial
type associations, so participants may have answered with respect to their perceptual
cue awareness rather than their instructed cue knowledge; these post-test questions
were the same as those in Farooqui and Manly (2015) and Experiment 1. Given that
twelve more participants reported noticing something being presented before the mask
in Experiment 1, when they were not notified about the presence of the subliminal cues,
many of those responses may have reflected a bias towards answering “yes” on the post-
test questions.

Mean accuracy on the perception task was 15.3% and 17.9% for the non-
predictive and predictive cues respectively (chance = 33%), suggesting that the

subliminal presentation of cues across Experiments 1 and 2 was largely successful.

4.4 Experiment 3

Here, the cues were no longer subliminal, but like Experiment 1, participants

were not informed about their relationship with task-switch and task-repeat trials.

4.4.1 Method
4.4.1.1 Participants

Fifty-two participants completed Experiment 3 for psychology course credits or
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compensation at the rate of $10/hour. All reported normal or corrected-to-normal visual
acuity. We excluded four participants for poor accuracy and eight participants for
gaining explicit knowledge of the cue/trial type associations (see below). The final

sample size was 40 (27 F, 13 M; mean age = 22.43 + 5.07).

4.4.1.2 Procedure

This experiment mirrored the procedure of Experiment 1 closely, except that
participants could now consciously perceive the cues. In line with Experiments 9 and 10
of Farooqui and Manly (2015), we removed the visual mask. Since the visual mask was
no longer presented, the instructions reflected this change: “On each trial, a number cue
will appear on-screen followed by a letter that you will categorize according to the color
of its surrounding rectangle.”

Participants were no longer tested whether they could visually perceive the cues,
but were tested with regard to their understanding of what each cue means (cf. Bejjani,
Zhang, & Egner, 2018). They were asked whether they realized that there was a
systematic relationship between the cues and control-demand and were asked to match
the cues with their respective trial types.

Because our experiment crucially depended on participants not obtaining explicit
knowledge of the cue/trial type associations, we excluded the eight participants who

matched more than one of the number cues (chance = 1/3) to its correct trial type in the
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explicit cue knowledge post-test questionnaire. See the Supplementary text within
Appendix C for the full dataset.
The six task versions were split among Experiment 3 participants as follows: 6, 7,

5,9, 6, and 7 participants.

4.4.2 Results
4.4.2.1 Main Task

As with Experiments 1 and 2, participants showed robust RT (191 ms; trial type:
F(1,39) =96.72, p < 0.001, ny? = 0.71, inclusion BF = 2.88 x 10?°) and performance index
(2.39; trial type: F(1,39) = 87.20, p <0.001, ny?> = 0.69, inclusion BF =9.74 x 10'7) switch
costs, but no accuracy switch costs (-1.5%; trial type: F(1,39) = 2.66, p = 0.11, n,? = 0.06,
inclusion BF = 0.47). Participants were slightly slower to respond following the
predictive than non-predictive cues (cue type: F(1,39) = 3.60, p = 0.065, n,*> = 0.08,
inclusion BF = 0.47), driven by nominally larger RTs for switch trials following the
predictive cue (cue x trial type: F(1,39) =3.22, p = 0.081, 1, = 0.08, inclusion BF = 0.71). No
other effects were significant (Index: cue type: F(1,39) = 2.11, p = 0.154, n,> = 0.05,
inclusion BF = 0.30; cue x trial type: F(1,39) =1.50, p = 0.229, 1,7 = 0.04, inclusion BF = 0.35;
accuracy, Fs <0.4).

Both RT (Cohen’s d. = 0.28) and the global performance index (Cohen’s d. = 0.19)

show non-significant equivalence tests (#(39) = 0.93, p = 0.180; #(39) =-1.50, p = 0.071);
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taken with the non-significant null hypothesis tests, the observed interaction between
cue and trial type is statistically not different from, yet not equivalent to, zero.

In sum, when cues of control demand were supraliminal but participants were
not explicitly informed about their meaning, we found little evidence that these cues

aided task-switching, similar to Experiments 1 and 2.

4.4.2.2 Post-test

Six people reported noticing a systematic variation in how often number cues
preceded easy/repeat vs. hard/switch trials. When rating the frequency at which number
cues preceded either easy or hard trials, participants did not rate the predictive cues as
being more predictive than the non-predictive cue (#(16.6) =-1.26, p = 0.225; all other ¢ <
0.71). Participants included in the main analysis were thus largely unaware of the

cue/trial type associations.

4.5 Experiment 4

Here, the cues were supraliminal, as in Experiment 3, and participants were

explicitly informed of the cue/trial type associations, as in Experiment 2.
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4.5.1 Method
4.5.1.1 Participants

Fifty-two participants completed Experiment 4 for psychology course credits or
compensation at the rate of $10/hour. All reported normal or corrected-to-normal visual
acuity. We excluded two participants for poor accuracy and ten participants for failing
the manipulation check (see below). The final sample size was 40 (24 F, 16 M; mean age =

22.18 +3.75).

4.5.1.2 Procedure

This experiment used the procedure of Experiment 3 for supraliminal
presentation of the cues and a post-test questionnaire, and mimicked the instructions of
Experiment 2 for conscious knowledge of what the cues mean.

We included a manipulation check to ensure that participants kept the cue/trial
type associations in mind, but only included four of the five probes from Experiment 2.
Without a cue perception task, participants thus went straight from the main task into
the demographics form that included the final cue/trial type probe. If they answered this
question incorrectly, they were excluded from the main analysis. See the Supplementary
text within Appendix C for the full dataset.

The six task versions were split among Experiment 4 participants as follows: 5, 5,

7,8, 9, and 6 participants.
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4.5.2 Results
4.5.2.1 Main Task

As with Experiments 1-3, participants showed robust RT (132 ms; trial type:
F(1,39) =57.02, p <0.001, n? = 0.59, inclusion BF = 1.57 x 10'!) and index (1.68; trial type:
F(1,39) =28.28, p < 0.001, ny? = 0.42, inclusion BF = 8.68 x 10*) switch costs, but no
significant accuracy switch costs (-0.8%; trial type: F(1,39) =0.31, p = 0.584, n,> = 0.01,
inclusion BF = 0.17). Participants were quicker to respond, and more accurate and
efficient when responding, following the predictive vs. non-predictive cues (RT cue
type: F(1,39) = 25.83, p < 0.001, n? = 0.40, inclusion BF =1.07 x 10% Accuracy: F(1,39) =
20.19, p <0.001, n? = 0.34, inclusion BF = 1,081.52; Index: F(1,39) =37.77, p < 0.001, n? =
0.49, inclusion BF = 6.68 x 108). While these main effects were additive for the
performance index (cue x trial type F <0.85) and the interaction nonsignificant for
accuracy (cue x trial type F <0.23), there was a significant cue by trial type interaction for
RT (F(1,39) =5.31, p = 0.027, ny*> = 0.12, inclusion BF = 4.18), whereby participants showed
reduced switch costs (106 ms vs. 118 ms) following the predictive vs. non-predictive
cues.

The equivalence tests for RT was non-significant (#(39) = -0.42, p = 0.340). This
suggests that the RT interaction (Cohen’s d- = 0.36) is statistically different from, and not

equivalent to, zero. However, the equivalence test for the performance index (Cohen’s d.
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= 0.14) was significant (#(39) = 1.80, p = 0.040); taken with the non-significant null
hypothesis test, the observed interaction is not statistically different from, and is
equivalent to, zero. We can reject the null hypothesis that the true interaction effect is
smaller than Cohen’s d. =-0.43 or larger than d. = 0.43, and the effect size should lie
within these equivalence bounds most of the time.

In sum, when participants could perceive the cues and were informed of their
respective trial type associations, we found some evidence of predictive cue benefits

whereby participants successfully adjusted their control.

Switch Costs across Experiments
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Figure 8: Switch Costs across Experiments. Mean reaction time switch costs (+
SEM) are shown in milliseconds as a function of the within-subjects factor, cue type
(predictive/non-predictive), as well as the between-subjects factors, cue visibility
(subliminal/supraliminal) and the preparatory knowledge (non-explicit/explicit) that
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participants had about cue/trial type associations. Individual data from participants
are shown as scatter points.

4.6 Across Experiment Analysis

To quantify the respective and interactive effects of cue visibility and preparatory
knowledge on cued task-switching, we ran a repeated-measures ANOVA including
visibility (subliminal/supraliminal) and knowledge (non-explicit/explicit) as between-

subjects factors.

4.6.1 Reaction Time

Participants responded fastest when cues of control demand were supraliminal
and explicitly instructed and slowest when these cues were supraliminal but without
explicit instruction (cue knowledge x visibility: F(1,156) = 5.04, p = 0.026, n,*> = 0.03,
inclusion BF = 1,285.38). Having explicit vs. non-explicit preparatory knowledge of the
cue/trial type associations sped responses following the predictive cues (Mait = -46 ms)
vs. non-predictive cues (Maiit = -7 ms; cue knowledge x cue type: F(1,156) =12.48, p <
0.001, n? = 0.07, inclusion BF = 430.28). Similarly, subliminal vs. supraliminal
presentation of the cues sped responses following the predictive cues (Maitf = -8 ms) vs.
non-predictive cue (Maitt = -36 ms; cue visibility x cue type: F(1,156) = 6.53, p = 0.012, 1,7 =
0.04, inclusion BF = 126.31). Finally, these three factors interacted: participants used the

predictive vs. non-predictive cues to speed their responses most when cues were explicit
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and supraliminal (Maitt = -62 ms) and non-explicit and subliminal (Maitt = 5 ms) and least
when cues were non-explicit and supraliminal (Maitt = 20 ms) and explicit and subliminal
(Maitt = 9 ms; cue knowledge x cue visibility x cue type: F(1,156) = 14.86, p <0.001, n? =
0.09, inclusion BF = 378.20).

As expected, all experiments showed RT switch costs (trial type: F(1,156) =
595.70, p < 0.001, n,? = 0.79, inclusion BF =7.23 x 10°2). Switch costs were reduced when
participants had explicit, instructed knowledge of the cue/trial-type associations (M =
147 ms) compared to when they had non-explicit knowledge of these associations (M =
172 ms; cue knowledge x trial type: F(1,156) = 3.84, p = 0.052, 1, = 0.02, inclusion BF =
49.26). In particular, Figure 8 shows that switch costs were smallest when participants
could perceive the cues and had explicit knowledge (M =132 ms) and largest when
participants could perceive the cues and had no explicit knowledge (M = 203 ms;
subliminal, non-explicit: M = 142 ms; subliminal, explicit: M = 162 ms; cue knowledge x
cue visibility x trial type: F(1,156) = 12.28, p <0.001, n,? = 0.07, inclusion BF = 175.78). No
other results were significant (cue knowledge x cue type x trial type (F(1,156) =2.62, p =
0.108, 1,? = 0.02, inclusion BF = 0.85; all other Fs < 1.60).

In sum, these results suggest that participants used cues of control demand most
to facilitate switching when they consciously perceived and had explicit knowledge of
the cue associations. Moreover, switch costs were largest when cues were not explicitly

instructed and supraliminal, with the widest distribution across individuals within this
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experiment, suggesting that individual differences in recognizing or using the cue
associations may play a substantial role in exploiting cues to adjust control (Braver,

2012).

4.6.2 Accuracy

Participants were slightly more accurate following the predictive vs. non-
predictive cues (cue type: F(1,156) = 3.57, p = 0.061, np?> = 0.02, inclusion BF =13.38) and
particularly so when they had explicit (Mait = 2.7%) vs. non-explicit (Mait = -1.0%)
knowledge of the cue/trial type associations (cue knowledge x cue type: F(1,156) =17.12,
p <0.001, ny? = 0.10, inclusion BF = 31.35) and when the cues were presented
supraliminally (Mait = 2.4%) vs. subliminally (Muit = -0.7%; cue visibility x cue type:
F(1,156) =11.97, p <0.001, n> = 0.07, inclusion BF =7.84). When cues of control demand
were explicit and supraliminal, participants, on average, performed much better
following the predictive vs. non-predictive cues (5.2%; subliminal, explicit: 0.1%;
subliminal, non-explicit: -1.5%; supraliminal, non-explicit: -0.4%; cue knowledge x cue
visibility x cue type: F(1,156) = 5.26, p = 0.023, ny*> = 0.03, inclusion BF = 1.98). Finally,
there were no switch costs when cues were supraliminal (1.1%) vs. subliminal (-1.1%;
cue visibility x trial type: F(1,156) = 4.23, p = 0.041, 1, = 0.03, inclusion BF = 0.16). No

other effects were significant (all other Fs < 1.05).

145



4.6.3 Global Performance Index

Participants were most efficient at responding when the cues were supraliminal
and explicit and least efficient when they were supraliminal and non-explicit (cue
knowledge x cue visibility: F(1,156) = 4.51, p = 0.035, 1,? = 0.03, inclusion BF = 7,677.38).
Participants were also most efficient at responding following predictive vs. non-
predictive cues (cue type: F(1,156) = 8.03, p = 0.005, ny? = 0.05, inclusion BF =1.74 x 1017),
which was driven primarily by explicit (Mait = 0.83) vs. non-explicit (Mait = -0.23)
knowledge (cue knowledge x cue type: F(1,156) =24.97, p < 0.001, n,? = 0.14, inclusion BF
= 8.57 x 107) and by supraliminal (Muit = 0.74) vs. subliminal (Mait = -0.14) presentation of
the cues (cue visibility x cue type: F(1,156) =17.68, p < 0.001, n,?> = 0.10, inclusion BF = 1.44
x 10°). Specifically, participants responded quickest, without a cost to accuracy, when
predictive vs. non-predictive cues were supraliminal and explicit (Maitt = 1.72) and were
least efficient when cues were supraliminal and non-explicit (Muit = -0.24; subliminal,
explicit: -0.07; subliminal, non-explicit: -0.22; cue knowledge x cue visibility x cue type:
F(1,156) = 18.41, p < 0.001, ny? = 0.11, inclusion BF = 20,026.52).

As expected, we observed canonical switch costs (F(1,156) = 361.04, p < 0.001, n,? =
0.70, inclusion BF = 4.16 x 10%). These switch costs were smallest in Experiment 4, when
cues of control demand were supraliminal and explicit (M = 1.45), and largest in
Experiment 2, when the cues were subliminal and explicit (M = 2.25; supraliminal, non-

explicit: M = 2.16; non-explicit, subliminal: M = 2.00; cue knowledge x cue visibility x
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trial type: F(1,156) = 5.46, p = 0.021, n,> = 0.03, inclusion BF = 0.71). No other effects were
significant (cue knowledge (F(1,156) =2.48, p = 0.117, n,> = 0.02, inclusion BF = 3.55 x 107;
cue visibility x trial type (F(1,156) =2.35, p = 0.127, n,? = 0.01, inclusion BF = 0.34; all other

Fs < 1.39).

4.7 General Discussion

The conditions under which contextual information can be used to reduce switch
costs are not well understood: some research has investigated how people experientially
learn to associate statistical regularities with the process of task-switching, while other
studies have examined how people use trial-by-trial predictive cues for performance
benefits. This study independently manipulated the conscious perception and
preparatory knowledge that participants had of predictive cues to determine their
respective and interactive effects on cued task-switching. We found inconclusive
evidence for subliminal and not explicitly instructed adjustments in control, and
stronger evidence for benefits of explicit and supraliminal cues.

We failed to replicate the results from Farooqui and Manly (2015), which
suggested that participants were more effective at modulating switch costs following
subliminal vs. supraliminal (and non-explicit) predictive cues. With double the sample
size, we found that participants did not display reduced switch costs following

predictive vs. non-predictive, non-explicit, cues, but were generally faster and less
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accurate (though more efficient) than participants in Farooqui and Manly (2015). It is not
clear why we observed no predictive cue benefits for switching; however, Bayesian
simulations based on the effect size reported in Farooqui and Manly (2015) (Cohen’s d- =
0.84) suggest that to achieve 80% power (i.e., 80% of the Bayes Factors are equal to or
larger than 1/10 or 10), we needed 25 participants, so our sample size should have been
sufficient. One possibility is that the true effect size is neither as robust nor as large as
previously reported. Notably, participants in the current study had generally smaller
switch costs in accuracy and reaction time than those in Farooqui and Manly (2015). The
reasons for this difference are unclear, but it raises the possibility that subliminal cuing
effects may only be observed when participants experience switching as particularly
difficult (and baseline switch costs are very large).

To the extent one construes a mental task-switch/repeat operation an “action”,
we also did not find evidence of cued control on the basis of “action triggers” (Kunde et
al., 2003): when participants had explicit knowledge of the subliminal cue associations,
they could not pre-emptively recruit control to reduce their switch costs, and
equivalence tests suggested that the observed RT and index effects are likely too small to
be of much practical or theoretical relevance. When participants had no explicit
knowledge of the cue associations and the cues were presented supraliminally,
participants also had the largest switch costs and showed little cue benefits. Most

theories of associative learning and action control assume experiential learning is key,
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with control recruitment occurring primarily on an implicit level (Hommel, 2013;
Abrahamse et al., 2016), yet both manipulations of non-explicit cue associations
(Experiments 1, 3) resulted in less efficient responding towards task-switch trials.
Indeed, we only observed the expected modulation of control when participants had
explicit knowledge of the specific supraliminal cue associations. This suggests that when
participants were told to ignore the cues in the supraliminal experiments within
Farooqui and Manly (2015), they may have inferred that the cues were task-irrelevant.
Together, with the lack of benefits from subliminal cues in the present study, the results
suggest that subliminal cueing does not result in greater cue benefits.

A number of studies (e.g., Lau & Passingham, 2007) have shown that a masked
cue can be used for control when associated with a specific task-set, while the present
study suggests that masked cues cannot be used for control if they’re not associated with
a specific task-set. One factor that may impact either type of cue usage, and which we
did not manipulate here, is the cue-to-stimulus interval. Future work will need to clarify
the role of the CSI in learning task-sets.

Although traditional views of control suggest that supraliminal, explicit
knowledge is necessary to recruit control, and we observed reduced switch costs with
supraliminal, explicit knowledge, we do not propose that conscious intentions are
necessary for such modulation (cf. Brosowsky & Crump, 2016) or that control cannot be

adjusted based on subliminal processes (cf. van Gaal, Lamme, & Ridderinkhof, 2010) or
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implicit learning (cf. Blais, Harris, Guerrero, & Bunge, 2012). In particular, when
participants did not have explicit knowledge of the cue/trial type associations, we
observed the greatest individual variance in switch costs. One important distinction
therefore may not be conscious intentions per se, but individual differences in statistical
learning of patterns within the environment (e.g., spontaneous structure learning or
working memory capacity) or, when participants recognize such patterns, individual
differences in deeming the expected pay-off worth the cost of recruiting control (e.g.,
reward responsiveness, Braver, 2012; expected value of control, Shenhav, Botvinick, &
Cohen, 2013). One particularly interesting and promising line of future research thus
involves delineating the robustness of the kind of trial-by-trial predictive cuing effects
investigated in the present study versus experiential, frequency-based control-learning
effects (cf. Bugg & Smallwood, 2016). The present study adds to this enterprise by
showing that in the case of trial-by-trial cuing of control, consciously perceiving and
explicitly understanding the predictive value of contextual cues results in greater

benefits than subliminal cuing.

4.8 Author Contributions

CB, ZZ, and TE developed the study concept. CB and TE contributed to study

design. CB and ]JD coded the experiment. JD and ZZ collected data. CB performed data
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analysis under the supervision of TE. All authors contributed to the final version of the

manuscript for submission.
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5. Conclusion

The cultural depiction of willpower and habit as opposing forces is as old as time
and as prevalent as it is false. Someone who succumbs to the temptation of an unhealthy
food craving, while on a diet, is told that he either had a deficiency in willpower (e.g.,
succumbing) or fell prey to a learned habit (e.g., fulfilling cravings). However, this
framing ignores how contextual cues (e.g., an ad for ice cream) and past experiences
(e.g., with the ice cream truck) could have influenced his ability to flexibly modulate his
response in line with internal goals (e.g., diet) and situational demands (e.g., hunger,
boredom). The broad goal of this Dissertation was to examine control-learning, namely
how past experiences and goals can shape our responses to environmental demands,
particularly those that require a great deal of attentional focus.

Determining the boundary conditions for how people learn, generalize, and
reinstate control-states is crucial for developing theories on how associative and control
processes optimize behavior in an integrative fashion. While older theories suggest that
top-down control is an opposing force to bottom-up associational processes (Norman
and Shallice, 1986), newer theories have begun to discuss cognitive control in the
framework of economic decision-making (Shenhav et al., 2013), dual mechanisms
(Braver, 2012), and reward learning (Abrahamse et al., 2016). My Dissertation adds to a
growing literature on normative theories for when and how control is recruited (Cohen,

2017). Specifically, here I examined three assumptions shared between these
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frameworks: that learning to recruit control is context-sensitive (Chapter 2), reward-
sensitive (Chapter 3), and typically done implicitly (Chapter 4).

In Chapter 2, I found support for the generalization of learned control-states to
related contexts, highlighting how people can learn to adapt their processing strategies
to changing demands without explicit awareness in a flexible context-dependent
manner. In Chapter 3, I extended this approach to testing generalization within other
control-learning paradigms and found that performance feedback selectively promoted
the recruitment of anticipatory, proactive control, represented by the list-wide
proportion congruent paradigm, and had little impact on the recruitment of in-the-
moment, reactive control, represented by the item-specific proportion congruent
paradigm. These results suggest that intrinsic motivation manipulations can enhance the
recruitment of costly proactive control, but that the influence of reinforcement as
defined within the realm of the reward learning literature is more constrained in the
domain of conflict-control learning. Finally, while Chapters 2 and 3 involved post-test
questionnaires that probed participants of their explicit awareness of the task
manipulation, Chapter 4 involved a causal manipulation of awareness through precues
that were predictive of control-demand: precues were either subliminal or supraliminal
in the trial structure, and participants were either instructed about the predictive
meaning of the precues or had to learn their value through experience. Control

recruitment was most effective when participants could consciously perceive the
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precues and were instructed as to what level of control-demand the precues predicted.
This offers a contradiction to control-learning studies, where participants show context-
sensitive adjustment of control but are typically unaware of the task manipulations,
particularly with respect to the frequency unbiased stimuli. Yet, if people show greater
control recruitment only when they understand and can perceive upcoming control-
demand, more research is needed to integrate awareness into costs-benefits and learning
frameworks of control.

Below I will discuss the implications of these three studies in the context of the

broader literature on control, motivation, and consciousness.

5.1 Re-examining the role of reinforcement

Motivation-cognition interactions, particularly within the realm of cognitive
control and decision-making, have been typically discussed in the framework of the
reward learning literature, because reinforcement learning has been invoked to explain
both reward- and control-learning processes. Some control-learning theories have
posited a conflict-modulated Hebbian learning mechanism (e.g., Verguts & Notebaert,
2008, 2009), and some researchers have also trained reinforcement learning models on
their data (Chiu et al., 2017; Jiang, Beck, et al., 2015; Muhle-Karbe et al., 2018), assuming
that participants learn the likelihood of upcoming control-demand and update their

expectancies based on the control-demand they experience on each trial. Moreover,
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overlapping brain regions, such as the striatum, are thought to be crucial for both
control- and reward learning (cf. Chiu et al., 2017; Delgado, 2007).

However, within an associative learning perspective on control and motivation-
cognition interactions regarding control, reward has often been conflated as the only
existing reinforcement and the predominant motivator. When researchers train
reinforcement learning models on control data, part of the underlying assumption of an
associative link between control and context is that people can keep and are keeping
track of the instances in which they experience more control-demand (cf. Logan, 2002).
This is not equivalent to reward reinforcing an association, as reward is itself typically
either used as its own group-level motivation manipulation (e.g., Boehler et al., 2014;
Chiew & Braver, 2016; Kang et al., 2017; Kostandyan et al., 2019; Krebs et al., 2010;
Soutschek et al., 2014, 2015), not explicitly included in the control reinforcement model,
or is assumed as a negative cost (because control-demand is aversive) (Dreisbach &
Fischer, 2012) that is being minimized by the agent’s policy. Moreover, an instance of
control-demand quantifiably differs from reward, which is often parameterized as
tangible outcomes (e.g., $1), and if control is aversive and considered mental effort (Kool
& Botvinick, 2018), then its instance has an affective component that may not have a
specific amount in the same way that gains and losses do. Thus, accumulation of
experience can act as its own reinforcement (statistical learning); that is, learning about,

and being reinforced by, a quantifiable reward amount may differ from learning about
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an abstract amount of mental effort, especially in terms of the final outcome observed
and the level and strength of reinforcement provided by instances!. One is not
necessarily more valid than the other, and the same brain regions like the striatum may
keep track of the existing stimulus-response-action outcome contingencies, but one
major issue with current control-learning studies with motivational manipulations is
that these manipulations do not distinguish between reward-oriented reinforcement and
statistical learning as reinforcement.

In Chapter 3, for instance, I found a dissociation implying that performance
feedback could boost the recruitment of proactive, but not reactive control. However,
several limitations exist within the framework of this study. Performance feedback is
typically described as an intrinsic reward or punishment, providing both valuable
information about performance and the affective knowledge of success (or lack thereof)
on a trial. Here, feedback acted as both a group-level motivation manipulation as well as
an attempt to free cognitive resources and allow participants to keep track of control-
demand instances more easily, but the latter was not actually measured. Because the
congruency effect was small and I focused on a modulation of a small effect, another
possible limitation is that the group level difference within the LWPC primarily stems
from the lack of replication in the no feedback group rather than feedback itself

“boosting” control recruitment. In that case, the assumption that performance feedback

1 A version of this point has been published in Bejjani et al. (2021).
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boosts control would be moot. This, then, would suggest that neither control-learning
paradigm nor control type is reinforced by an intrinsic reward, despite performance
feedback reliably activating neural regions associated with reward and reinforcement
(Bejjani et al., 2019; Lempert & Tricomi, 2015; Tricomi & DePasque, 2016; Tricomi & Fiez,
2008). If so, the case for reward as a core principle guiding control-learning is suspect.
To further examine this suggestion, Bejjani & Egner (2021) reran the list-wide
paradigm used in Chapter 3, but changed the design to enhance the LWPC effect. For
instance, they increased the PC of the frequency biased items to strengthen learning and
used a color-word and not picture-word Stroop task, both of which were intended to
increase the congruency effects and context links. The study also included trial-unique,
task-irrelevant images that were presented below the verbal performance feedback
participants received after every trial. Participants were probed for their memory of
these images in a subsequent memory phase, and participant reward and punishment
sensitivity was assessed (Carver & White, 1994). The authors found neither an effect of
feedback group nor an effect of individual differences in reward or punishment
sensitivity on the group-level learning present in the large sample (N = 402). Memory
data, assumed to represent attention to trial-by-trial feedback or lack thereof, also largely
tracked with the control-learning effects observed, whereby participants were most
sensitive to images that were more frequent within each PC context, and they were also

most sensitive to images presented after successful congruent trials early on in the task.
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That is, they were sensitive to the PC manipulation, and their initial experience with the
task, particularly the easy trials, may have defined how they adjusted their control.
Rather than show a difference, the memory data supported a similar pattern between
feedback groups, and the individual differences also suggested a lack of reward or
punishment influence on control-learning. In other words, although the data supported
the idea of reinforcement via accumulated experiences, they did not support the idea of
reinforcement via the reward manipulation or individual differences in sensitivity.

A few confounds complicate a direct comparison to Chapter 3, including the
design changes and the fact that the no feedback group was run during the COVID-19
pandemic while the feedback group was run much earlier. However, another possibility
is that feedback has no effect within this paradigm because trial-unique images, even if
paired with uninformative verbal feedback (i.e., “response logged” instead of
“correct/incorrect”), could help reinforce the control-demand associations by
emphasizing each trial as a unique instance of control application. Participants within
the no feedback group from Chapter 3, on the other hand, were shown a blank screen
after each trial stimulus, potentially highlighting a major difference in reinforcement
between the groups across Experiments.

How might statistical learning interact with context sensitivity? One prime
example comes from Brosowsky & Crump (2020). The authors used a CSPC paradigm

with frequency unbiased stimuli, which always shared at least one dimension with the
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frequency biased stimuli that created the overall PC contexts. Participants within the
paradigm were asked to complete a secondary counting task that highlighted one of the
features of the frequency unbiased stimuli. Halfway through the task, when the PC
context changed, the feature changed for the counting task. The stimuli remained the
same throughout all three experiments, but critically, whenever the feature changed,
merely being asked to count the number of times the feature appeared cued its task
relevance and the appropriate PC context and helped reinforce the control-demand that
needed to be recruited for responding to each frequency unbiased stimuli.

This then suggests two potential types of individual differences related to
reinforcement within control-learning: one referring to statistical learning of the task
manipulation and one related to reward sensitivity. While much of my work has
suggested the latter has little influence on control-learning, it could have more, if reward
manipulations were more conclusively tied to, for example, the efficacy of control (cf.
Fromer et al., 2020; Fromer et al., 2019).

These individual differences, particularly with respect to statistical learning,
have long-lasting implications for the control-learning field. For instance, little research
has investigated whether control-learning paradigms differ in the strength of learning
and subsequent transfer effects. Recent studies have raised concerns about the
reproducibility of CSPC effects (Bugg et al., 2020; Crump, 2016; Crump et al., 2017;

Hutcheon & Spieler, 2017; Schmidt & Lemercier, 2018) and the typical mechanistic
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explanation for the CSPC (King, Donkin, et al., 2012). In particular, many studies have
delineated boundary conditions for when to observe a CSPC effect, such as a blocked
practice (Lehle & Hiibner, 2008), the type of information cued (Fischer et al., 2014), the
similarity of the locations (Diede & Bugg, 2016), whether participants are told to set their
attentional priorities (Brosowsky & Crump, 2016), and the spacing of targets and
distractors (Crump, 2016), suggesting that this learning effect is very sensitive to quite
small changes in task design. In some iterations of blocked practice, participants are
even exposed to each location or contextual cue on its own, for many trials, so that they
will be familiar with the task contexts before all trial types are intermixed. This design
feature has been deployed in numerous studies (Crump, 2016; Dreisbach, Frober, et al.,
2018; Dreisbach, Reind], et al., 2018; Fischer et al., 2014; Gottschalk & Fischer, 2017;
Heinemann et al., 2009; Lehle & Hiibner, 2008; Schouppe et al., 2014) and basically takes
advantage of the LWPC design structure, with temporally clustered trials, in order to
strengthen a subsequent CSPC effect.

Thus, one particularly important component of control-learning, and its
interaction with sensitivity to statistical learning of contexts, may be how people exploit
the (causal) structure of their environments to adjust their attention in a goal-conducive
manner (cf. Bejjani & Egner, 2019). Structure learning refers to our ability to discriminate
the causal relationship between variables in our environment. For instance, when

driving in a new country or state, people may first compare their memory of the streets
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on which they typically drive with the current context, and then adjust their
expectations of the driving demands based on their knowledge of how additional
streetlights, lanes, and cars affect the need for attention. In this way, structure can guide
associative learning (cf. Gershman & Daw, 2017; Tomov, Dorfman, & Gershman, 2018),
and especially control-learning, given the sensitivity to statistical learning and the

differing causal structures that are associated with each paradigm.

5.2 Re-examining the role of explicit awareness

Within Chapters 2 and 3, I assessed whether participants were explicitly aware of
the task manipulation through post-test questionnaires. When asked to match the
difficulty level of stimuli, participants tend to rate frequency unbiased stimuli not as
neutral, but as hard or easy, performing worse than chance on these stimuli but better
than chance at identifying the biased stimuli (see also Bejjani & Egner, 2021). That
participants do so well in identifying the difficulty of biased stimuli and so poorly with
the unbiased stimuli suggests one mechanism through which statistical reinforcement
can interact even with explicit awareness in driving learning.

However, one major problem with these post-test questionnaires is that they rely
on self-report after the participant has already completed the task, dampening their
potency due to forgetting over time. Therefore, to account for this limitation, in Chapter

4, I used a precuing paradigm that causally manipulated conscious cue perception and
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knowledge across four experiments and found that participants made the most adaptive
control adjustments when they could perceive the cues and explicitly understood the
control-demand they predicted.

That the causal manipulation and the self-report post-test questions have
different responses has particular implications for the action control and decision-
making literature with respect to cognitive control. For instance, one possibility is that
statistical learning — i.e., noticing how frequently each stimuli is shown in each context,
including on subjectively hard or easy trials — is relatively explicit such that participants
do well at identifying the PC of biased stimuli. However, identifying subjective
difficulty via the accumulation of learned experience (the mental effort exerted) may be
relatively implicit and automatic so that when generalizing learned control associations,
participants assume the difficulty of the context also applies to frequency unbiased
stimuli. By contrast, in Chapter 4, only when participants are instructed about the
upcoming control-demand can they effectively adjust control, and when participants
had to learn via experience about the upcoming task, they had the greatest variability in
control adjustment. However, despite the range of individual differences, one major
limitation with respect to the non-explicit experiment is that the precues themselves
were not shown for long on-screen, perhaps undercutting their apparent value. That is,
these Chapters highlight the difference between the cost of exerting mental effort and

learning the information that is needed to determine that cost.
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Perhaps one of the more prominent theories that has been proposed to explain
control-learning effects focuses more on the cost of recruiting cognitive control. The
expected value of control (EVC) theory (Shenhav et al., 2013), for instance, suggests that
control is recruited when the cognitive system deems the situation worth the expected
payoff from control allocation. In this way, allocating control in a CSPC paradigm may
only be worth the effort when task conditions are generally more favorable; however,
how precisely the cognitive system would recognize such scenarios is underspecified by
this theory, and the results of the precueing study suggest that the cost of recruiting
control would only be evident when cues or context information was explicitly
instructed. This suggests that a cost-benefits framework (Kool et al., 2017) with respect
to control-learning cannot fully take into account the varied role of explicit awareness or
how intentionality can be important in applying attentional control settings (Brosowsky
& Crump, 2016).

Finally, in another paper (Somasundaram et al., 2021), I examined the extent to
which contingency learning occurs regardless of task demands in nonconflict and
conflict gender categorization tasks that manipulated the frequency at which face stimuli
were presented. While I found that contingency learning does not modulate cognitive

control demands, one particularly interesting finding occurred with respect to the post-
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task learning test>. When presented with a low frequency image against a high or
medium frequency image, participants identified higher frequency images at above
chance, and this awareness of stimulus frequency was not affected by conflict or
cognitive demand. Most control-learning studies use small sets of stimuli that are
incrementally associated with a higher proportion of hard or easy trials (cf. Brosowsky &
Crump, 2018; Spinelli et al., 2019; Whitehead et al., 2020). These results suggest that the
difficulty of trials does not necessarily affect explicit awareness within participants, but
that the use of small stimulus sets is likely to do so, potentially increasing statistical
learning, which may have important consequences for the use of control. For example,
within the cueing literature for control-learning (Bugg et al., 2015; Bugg & Diede, 2017),
researchers have found increased larger LWPC effects when participants are cued about
the block’s difficulty, an effect driven by easy trial blocks, particularly early in the block
when expectations of upcoming effort matter most. Other research has suggested that
participants can use pre-cues to adjust control for harder trials in certain circumstances
(Bugg & Smallwood, 2016), like when they understand what the pre-cues mean (Bejjani,
Dolgin, et al., 2020). If increased awareness of frequency manipulations can result from
small stimulus sets and contribute to strategic adaptations of control for hard and easy
trials via statistical learning, then one potential underexamined contributor to control-

learning may be individual differences in noticing the patterns of hard and easy trials

2 A version of this paragraph has been published in Somasundaram et al. (2021).
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across contextual manipulations (cf. Bejjani & Egner, 2019; Brosowsky & Crump, 2020).

5.3 Considering Control-Learning outside of the Laboratory

Why does control-learning matter? Probing the mechanisms of control-learning
offers both an understanding of everyday interactions between attention and memory as
well as cognitive processing in the healthy and disordered brain. Recent studies that
analyze symptoms across psychiatric diagnoses have indicated that mental illness
profoundly impacts the anterior insula and anterior cingulate, regions in the fronto-
parietal and salience networks that are crucial to cognitive control (Cai et al., 2016; Cole,
Repovs, & Anticevic, 2014; McTeague, Goodkind, & Etkin, 2016; McTeague et al., 2017).
Failures in control are indeed considered key contributors to many psychiatric disorders
(Barch & Sheffield, 2017; Chaarani et al., 2017; de Zeeuw & Durston, 2017; McTeague,
Goodkind, & Etkin, 2017). Thus, distinct behavioral deficits on executive function tasks
and neural patterns together (Caceda et al., 2014; Grisanzio et al., 2018; Scholl & Klein-
Fliigge, 2017; Shanmugan et al., 2016; Snyder et al., 2015) suggest that deficits in control
may act as transdiagnostic risk factors (McTeague et al., 2017). However, these
transdiagnostic deficits in cognitive control may actually stem from deficits in control-
learning (cf. Gillan et al., 2016; Patzelt et al., 2019a, 2019b; Rouault et al., 2018). The

dynamic adaptation of control strategies to changing contexts (as opposed to more static
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measures of control, like a mean congruency effect in a classic Stroop task) may
therefore play a key role in discovering transdiagnostic risk factors in future studies.

Another largely untested, but emerging, field is how control-leaning manifests in
normal aging and the lifespan. Some studies have shown that children can learn
hierarchical rules (e.g., Unger, Ackerman, Chatham, Amso, & Badre, 2016; Werchan,
Collins, Frank, & Amso, 2015), but whether children and aging adults are sensitive to PC
effects has largely remained untested or produced mixed effects. Young adults and
children (9-12-year-olds) show both a CSPC and LWPC effect (Surrey et al., 2019), and a
study of 9- to 32-year-olds found the LWPC effect was invariant with age (Wilk &
Morton, 2012). However, with an older population, Bugg (2014) shows that healthy,
aging adults demonstrate ISPC, but not LWPC, effects (Bugg, 2014), which is typically
interpreted as a deficit for proactive control later in life (Braver, 2012), but may also
reflect shifts in the neural architecture recruited for learning (cf. Fera et al., 2005) and less
consistent procedural learning (cf. Maddox, Pacheco, Reeves, Zhu, & Schnyer, 2010). The
exact cognitive mechanism that predicts deficits in older age and the development of
learned adaptation or generalization currently remains little understood, but represents
a key target for future research. For instance, if children can show LWPC effects and
they are not typically considered to have the ability to show proactive control (Surrey et
al., 2019), the exact nature of ongoing adjustments in these control-learning tasks will

need to be reexamined.
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Indeed, the key to understanding generalization and context-sensitivity of
control-states may lie within research on individual differences in statistical learning
within children (Smith, Jayaraman, Clerkin, & Yu, 2018). Early in life, children have to
learn a massive amount about a few stimuli and learn about different things at different
points in time and then generalize their experiences to a few categories. For example,
infants are often restricted in their movements and can only learn about what their
caregivers place directly in front of them. Cameras head-fixed to infants show that 80%
of all the images in which faces appear belong to two to three people (e.g., caregivers),
yet this early, non-uniform sampling of faces helps infants discriminate and recognize
novel faces, presumably through the adaptive generalization of the few exemplars they
have encoded. This volatility in the statistics of our environments, from an early age to
later in life, may in particular characterize when we generalize our learned associations
(cf. Egner, 2014).

Examining how volatility impacts generalization of control-learning (Jiang, Beck,
et al., 2015), whether in specific populations or with respect to individual differences,
will also improve our understanding of how control-learning manifests in everyday life

situations, such as driving down busy streets or learning within the classroom.
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5.4 Summary

The dynamic adaptation of cognitive control strategies across changing contexts
is commonly described as “control-learning.” Control-learning is assessed by analyzing
how people learn to adjust their attentional priorities to different frequencies of hard
and easy trials on classic control tasks. The broad goal of this Dissertation was to
determine some boundary conditions under which optimal learning of cognitive control
can occur. I thus examined the influence of context-sensitivity, reward-sensitivity, and
explicit awareness on the ability to generalize learned control-states and report that
control can transfer to linked contexts and that additional work is needed to re-examine
the roles of reinforcement and explicit awareness in control-learning. Applying control-
learning research to more real-world domains and broader populations will allow for

further conceptualization and targeting of its underlying cognitive mechanisms.
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Appendix A

Supplementary Results for Chapter 2: Bejjani et al. (2018)
Experiment 1:
Contingency Learning

A common alternative interpretation of stimulus- or context-control learning
suggests that these effects might instead reflect learning of straight stimulus-response
contingencies (Schmidt & Besner, 2008). For instance, if a particular color-word is
frequently paired with a specific incongruent ink color (and its response), participants
may learn this specific stimulus-response association rather than an association between
the word and a high demand for control. Could the findings that we interpret to reflect a
transfer of control settings instead reflect a transfer of specific cue-response or cue-
stimulus-response contingency learning from the S2 cues in the S-C phase to the S1 cues
in the S-CT phase?

To address this question, we first examined the extent to which the proportion
congruency manipulation in the S-C phase led to biased frequencies in pairing control-
demand cues and specific Stroop stimuli/responses. High control-demand cues were
associated with all possible congruent and incongruent Stroop stimuli at a roughly equal
(and very low) frequency of 4.9-7.2%. It is thus highly unlikely that a biased stimulus or
response association could have been acquired in that condition. However, low control-

demand cues were associated with each of the four congruent Stroop stimuli with 18.7-
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21.2% frequency and with each possible incongruent Stroop stimulus at only 1.1-1.9%
frequency. Learning specific cue-stimulus-response associations is thus possible for low
control-demand cues (though note that since the four congruent stimuli are each
associated with a different response, there was no scope for learning direct cue-response
associations).

We therefore formally tested this possibility by running a repeated-measures
ANOVA on S-C phase data with control-demand cue, congruency, and response button
as within-subjects factors. While there was a main effect of response button (RT: F(3,222)
=37.80, p <0.001, n? = 0.34; accuracy: F(3,225) = 14.01, p <0.001, n* = 0.16) such that
participants were fastest and most accurate to respond with their right middle finger
and slowest and least accurate with their left index finger, we observed little evidence
that participants modulated performance through any knowledge of cue-stimulus-
response associations (interaction between cue, congruency, and response button, RT:
F(3,222) =1.91, p=0.129, ny?> = 0.03; accuracy: F(3,225) = 1.64, p = 0.187, n,? = 0.02) or of
cue-response associations (interaction between cue and response button, RT: F(3,222) =
1.92, p = 0.128, n?> = 0.03; accuracy: F(3,225) = 1.14, p > 0.250, n> = 0.02). These analyses
suggest that the results of Experiment 1 were not driven by contingency learning effects.
However, to fully rule out the possibility of contingency learning driving transfer

effects, we conducted Experiment 3.
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Explicit Understanding of Task Structure

In Experiment 1, we assessed participants” explicit understanding of the task
structure through a series of post-test questions. First, we asked participants whether
they had noticed any regularities, sequences, or pairs in the S-S phase. 18 of 76
participants reported "yes." As a follow-up question, all participants were asked whether
they noticed that pairs of pictures were always presented sequentially together. 22 of 76
participants reported "yes." Participants were then asked to identify which category of
picture (face, house, scene, I don't know) was always present in the pair. 18 of 76
participants answered this question correctly (scene). Finally, participants were asked
whether this category of picture was presented first or second. 22 of 76 participants
answered this question correctly (second). Of the initial 18 participants who reported
explicit awareness of the task structure, only four answered all three follow-up
questions correctly. In sum, despite recalling the S-S associations, the vast majority of
participants indicated limited explicit awareness of S-S task structure (Figure 9a).

To determine explicit understanding of the S-C task structure, we asked
participants whether they noticed any systematic variation in how often an image
preceded an easy/congruent or hard/incongruent trial. Nine participants reported "yes"
for the S-C phase, but six of these nine also reported "yes" for the S-CT phase. Since there
was no predictive structure in the S-CT phase, this suggests that maximally three

participants explicitly understood the S-C structure (Figure 9b).
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Next, we asked participants to rate how likely perceptual image categories
predicted the frequency of easy/congruent and hard/incongruent trials on a scale from 0
(never) to 100 (always). For scenes, the categories included sky presence (present vs.
absent; mountain/canyon vs. waterfall/forest), color scheme (pale vs. bright;
mountain/waterfall vs. canyon/forest), and tree frequency (present vs. absent;
mountain/forest vs. canyon/waterfall). For faces and houses, they were image type (faces
vs. houses), feature type (light eyes and porch stairs together vs. dark eyes and no porch
stairs together), or light type (lighter hair and lighter house together vs. darker hair and
darker house together). Participants rated all perceptual scene categories as non-
predictive (i.e., 50% frequency; sky presence (SP): #(75) = 0.036, p = 0.972, Cohen's d =
0.004; color scheme (CS): #(75) = 1.54, p = 0.127, Cohen's d = 0.18; tree frequency (TF): t(75)
=1.23, p =0.224, Cohen's d = 0.14), and their ratings for each scene category did not differ
(Figure 9b; SP vs. CS: (75) = 1.70, p = 0.093, Cohen's d = 0.18, CL effect size = 58%; SP vs.
TF: t(75) = 1.29, p = 0.202, Cohen's d = 0.15, CL effect size = 56%; CS vs. TF: t(75) =0.28, p =
0.782, Cohen's d = 0.03, CL effect size = 51%). This suggests that participants remained
unaware of how S2 control-demand cues were determined. Image type was further
rated as significantly more likely than feature type (#(75) =2.11, p = 0.038, Cohen's d =
0.21, CL effect size = 60%) and light type (#(75) = 2.51, p =0.014, Cohen's d = 0.27, CL
effect size = 61%). Since the S-CT phase was non-predictive, none of these categories

should have been rated more likely than the other.
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Finally, participants were asked to match S1 and S2 images to the Stroop trial
type that they most likely preceded. Participants performed at chance when matching 52
control-demand cues to their actual Stroop trial congruency (Figure 9b; #(75) =1.43, p =
0.156, Cohen's d = 0.16) and did not match S2 control-demand cues more accurately than
non-predictive S1 transfer probes (#(75) = 1.20, p =0.236, Cohen's d = 0.20, CL effect size =
55%). Taken together, these measures suggest that most participants remained unaware

of the task structure and learned these associations implicitly.

Experiment 3:
Explicit Understanding of Task Structure

17 of 44 participants reported noticing regularities, sequences, or pairs in the S-S
Phase. 10 reported noticing that pairs of pictures were presented sequentially, 8
identified scene images as always being present in these pairs, and 7 understood that the
scene was always presented second in the pair. Of the initial 17 participants who
reported explicit awareness of the task structure, only five answered all three follow-up
questions correctly (Figure 10a).

10 participants reported noticing systematic variation in how often an image
preceded a particular Stroop trial in the S-C Phase, but four of these also reported this
pattern for the non-predictive S-CT phase (Figure 10b). All the perceptual image

categories were rated as non-predictive for both the S-C and S-CT phases (Figure 10b;
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CS: 1(43) =1.72, p=0.092, Cohen's d = 0.26; TF: #(43) = 0.11, p = 0.916, Cohen's d = 0.02; IT:
t(43) = 0.12, p = 0.905, Cohen's d = 0.02; FT: t(43) = 0.54, p = 0.594, Cohen's d = 0.08; LT:
£(43) = 0.49, p = 0.624, Cohen's d = 0.07), but "Sky Presence" was rated less predictive than
chance (i.e., 50% frequency, #(43) = 2.59, p = 0.013, Cohen's d = 0.39) and "Color Scheme"
(t(43) =2.70, p =0.010, Cohen's d = 0.65, CL effect size = 66%; other category comparisons,
SP vs. TF: t(43) = 1.53, p = 0.134, Cohen's d = 0.33, CL effect size = 59%; CS vs. TF: t(43) =
0.79, p = 0.436, Cohen's d = 0.18, CL effect size = 55%; IT vs. FT: #(43) = 0.36, p = 0.723,
Cohen's d = 0.07, CL effect size = 52%; IT vs. LT: #(43) = 0.35, p = 0.728, Cohen's d = 0.07,
CL effect size =52%; FT vs. LT: #(43) =0.013, p =0.990, Cohen's 4 = 0.00, CL effect size =
50%). This suggests that participants may more often think of saliency (e.g., scene
brightness) than feature details (e.g., trees, the sky) as congruency predictors, even if this
is not the case. Participants also performed at chance when matching S2 control-demand
cues to their actual Stroop trial congruency (Figure 10b; ¢(43) = 0.40, p = 0.691, Cohen's d
= 0.06) and did not match S2 control-demand cues more accurately than non-predictive
S1 transfer probes (#(43) = 1.00, p = 0.323, Cohen's d = 0.18, CL effect size = 56%)

In sum, these results replicate those of Experiment 1, suggesting that participants

remained unaware of the task structure and learned all associations implicitly.
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Figure 9: Post-test questionnaire results: assessing explicit understanding of
Experiment 1 task structure. Dotted line indicates chance performance. Error bars
indicate SEM. *p < 0.05; ¥0.05 < p < 0.10. SSP: Scene Sky Presence; SCS: Scene Color
Scheme; STF: Scene Tree Frequency; IT: Image Type; FT: Feature Type; LT: Light

Type.
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Figure 10: Post-test questionnaire results: assessing explicit understanding of
Experiment 3 task structure. Dotted line indicates chance performance. Error bars
indicate SEM. *p < 0.05. SSP: Scene Sky Presence; SCS: Scene Color Scheme; STF:

Scene Tree Frequency; IT: Image Type; FT: Feature Type; LT: Light Type.

Table 4: Behavioral results across task phases in Experiment 1. Low = low

control-demand cue; High = high control-demand cue; C = congruent Stroop trial; IC =

incongruent Stroop trial. Confidence intervals are 95%.

Correct trial reaction times (ms)

Run1 Run 2

Run 3 Run 4 Overall
S-S
Valid 587 [579, 595] 571 [562, 581] 563 [552, 573] 554 [543, 566] 568 [559, 577]
Invalid 590 [580, 599] 583 [575, 592] 580 [571, 590] 582 [574, 591] 583 [576, 591]
S-C
LowC 620 [608, 632] 623 [612, 635] 625 [613, 637] 630 [618, 642]

625 [614, 635]
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LowlC
HighC
HighIC

SCT
LowC
LowlC
HighC
HighIC

S-S
Valid
Invalid

S-C
LowC
LowlC
HighC
HighIC

S-CT
LowC
LowlC
HighC
HighIC

S-S

Stim.1
Stim.2
Stim.3
Stim.4

S-C
Low.C
Low.IC
High.C
High.IC

S-CT
Stim1.C
Stim1.IC
Stim2.C
Stim2.IC

705 [690, 720]
620 [608, 633]
698 [686, 709]

625 [614, 636]
697 [686, 708]
635 [623, 647]
694 [683, 705]

Run1

0.77[0.73, 0.81]
0.76 [0.71, 0.80]

0.96 [0.95, 0.97]
0.84 [0.81, 0.88]
0.95[0.93,0.97]
0.86 [0.84, 0.88]

0.95[0.93, 0.96]
0.91[0.90, 0.93]
0.94 [0.93, 0.96]
0.91[0.89, 0.92]

696 [681, 710]
621 [607, 634]
694 [682, 706]

628 [616, 640]
694 [682, 707]
627 [616, 639]
701 [689, 713]

695 [680, 710]
633 [617, 649]
693 [682, 705]

698 [684, 712]
625 [611, 639]
698 [686, 709]

Accuracy (proportion correct)

Run 2

0.90 [0.89, 0.92]
0.88 [0.85, 0.91]

0.95 [0.94, 0.96]
0.89 [0.86, 0.92]
0.96 [0.94, 0.97]
0.88 [0.86, 0.90]

0.95 [0.94,0.97]
0.88 [0.85,0.90]
0.95[0.93,0.97]
0.89 [0.87,0.92]

Run 3

0.94[0.93, 0.95]
0.91[0.88, 0.93]

0.95 [0.94, 0.96]
0.89 [0.87, 0.92]
0.96 [0.95, 0.98]
0.88 [0.86, 0.90]

Run 4

0.93[0.92, 0.95]
0.92 [0.89, 0.94]

0.95 [0.94, 0.96]
0.91[0.89, 0.93]
0.94[0.92, 0.97]
0.90 [0.88, 0.92]

698 [686, 710]
624 [613, 636]
696 [686, 706]

626 [616, 637]
695 [685, 706]
631 [620, 642]
697 [687, 708]

Overall

0.89 [0.87, 0.90]
0.87 [0.84, 0.89]

0.95 [0.94, 0.96]
0.88 [0.87, 0.90]
0.95[0.94, 0.97]
0.88 [0.87, 0.89]
0.95 [0.94, 0.96
0.89 [0.88, 0.91
0.95 [0.94, 0.96
0.90 [0.88, 0.92

e

Table 5: Behavioral results across task phases in Experiment 2. Stim 1/2/3/4
represents either a face or a house, depending on the study version; Low =low

control-demand cue; High = high control-demand cue; C = congruent Stroop trial; IC =

incongruent Stroop trial. Confidence intervals are 95%.

Correct trial reaction times (ms)

Run1

589 [580, 599]
588 [579, 596]
595 [587, 603]
598 [589, 607]

642 [628, 655]
707 [691, 723]
643 [627, 660]
710 [697, 724]

639 [625, 653]
698 [681, 715]
641 [627, 655]
709 [692, 725]

Run 2

585 [577, 592]
587 [579, 596]
581 [573, 590]
582 [574, 591]

641 [629, 652]
708 [692, 723]
642 [626, 657]
703 [690, 716]

645 [631, 658]
699 [684, 714]
635 [621, 648]
706 [689, 723]

Run 3

582 [574, 590]
581 [573, 588]
581 [574, 589]
579 [572, 586]

639 [627, 652]
707 [693, 722]
629 [615, 643]
710 [698, 722]

177

Run 4

575 [566, 583]
578 [571, 585]
576 [569, 584]
576 [567, 584]

639 [627, 652
715 [698, 731
638 [625, 652
703 [690, 717

Overall

582 [575, 589]
583 [577, 590]
583 [576, 589]
583 [576, 589]

640
709
638
706

629, 651
697,722
626, 650
694,718

—_ — ——

]
]
]
]

642
698
638
707

630, 654
684,713
626, 650
692,722

—_ — — —
—_ S



Stim3.C 644 [629, 658] 638 [624, 652] - -- 641 [628, 653]
Stim3.1C 704 [690, 718] 706 [691, 720] - - 705 [693, 718]
Stim4.C 640 [627, 653] 642 [626, 657] - - 641 [628, 653]
Stim4.1C 704 [689, 718] 695 [680, 709] - - 699 [685, 713]
Accuracy (proportion correct)
Run1 Run 2 Run 3 Run 4 Overall

S-S

Stim.1 0.71[0.67, 0.76] 0.91 [0.89, 0.93] 0.93[0.91, 0.95] 0.9310.91, 0.95] 0.87[0.85, 0.89]
Stim.2 0.74[0.70, 0.78] 0.90 [0.88, 0.92] 0.920.90, 0.94] 0.94[0.92, 0.96] 0.87[0.86, 0.89]
Stim.3 0.73[0.68, 0.78] 0.91 [0.89, 0.93] 0.93[0.91, 0.94] 0.94[0.93, 0.96] 0.88 [0.86, 0.89]
Stim.4 0.72[0.68, 0.77] 0.9210.90, 0.93] 0.93[0.91, 0.94] 0.94[0.92, 0.96] 0.88 [0.86, 0.89]
s-C

Low.C 0.91 [0.88, 0.94] 0.95[0.93, 0.96] 0.93[0.92, 0.95] 0.94[0.93, 0.96] 0.9310.92, 0.95]
Low.IC 0.78 [0.74, 0.82] 0.89 [0.86, 0.92] 0.87[0.84, 0.91] 0.89[0.86, 0.92] 0.86 [0.84, 0.88]
High.C 0.90 [0.86, 0.94] 0.930.91, 0.95] 0.95[0.93, 0.98] 0.94[0.92, 0.96] 0.9310.91, 0.95]
High.IC 0.83[0.80, 0.86] 0.87 [0.85, 0.89] 0.88 [0.86, 0.90] 0.88 [0.86, 0.90] 0.86 [0.85, 0.88]
S-CT

Stim1.C 0.94[0.92, 0.97] 0.94 [0.92, 0.96] -—- --- 0.94[0.92, 0.96]
Stim1.IC 0.89 [0.86, 0.91] 0.88 [0.85, 0.91] -—- --- 0.88[0.86, 0.91]
Stim2.C 0.94[0.92, 0.96] 0.93[0.91, 0.95] -—- --- 0.9310.92, 0.95]
Stim2.IC 0.87 [0.85, 0.90] 0.87 [0.84, 0.89] --- --- 0.87[0.85, 0.89]
Stim3.C 0.94[0.92, 0.96] 0.94[0.91, 0.96] -—- --- 0.94[0.92, 0.96]
Stim3.IC 0.89 [0.86, 0.92] 0.88 [0.86, 0.91] -—- --- 0.891[0.87,0.91]
Stim4.C 0.95[0.93, 0.97] 0.95[0.93, 0.97] --- --- 0.95[0.94, 0.96]
Stim4.IC 0.88 [0.86, 0.91] 0.88 [0.86, 0.90] -—- --- 0.88 [0.86, 0.90]

Table 6: Behavioral results across task phases in Experiment 3. Low = low
control-demand cue; High = high control-demand cue; C = congruent Stroop trial; IC =
incongruent Stroop trial; UB = frequency unbiased; B = frequency biased. Confidence

intervals are 95%.

Correct trial reaction times (ms)

Run1 Run 2 Run 3 Run 4 Overall

S-S

Valid 544 [535, 553] 526 [518, 535] 511 [497, 525] 505 [488, 521] 520 [509, 530]
Invalid 542 [531, 552] 533 [524, 542] 525 [514, 536] 530 [520, 540] 533 [525, 540]
S-C

Low.C.UB 488 [471, 505] 470 [458, 482] 476 [465, 487] 466 [451, 482] 475 [464, 486]
Low.IC.UB 580 [569, 592] 574 [560, 588] 558 [547, 569] 557 [544, 569] 567 [558, 577]
High.C.UB 493 [479, 506] 476 [463, 490] 478 [462, 493] 468 [453, 483] 579 [468, 490]
High.IC.UB 566 [551, 581] 560 [548, 572] 555 [542, 569] 550 [536, 565] 558 [547, 568]
Low.C.B 519 [503, 535] 522 [506, 538] 520 [505, 535] 517 [501, 532] 519 [507, 532]
High IC.B 592 [578, 605] 591 [581, 601] 582 [571, 593] 567 [557, 577] 582 [573,591]
S-CT

Low.C.UB 475 [461, 489] 479 [466, 491] - - 477 [465, 489]
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Low.IC.UB
High.C.UB
High.IC.UB

Low.C.B
Low.IC.B
High.C.B
High.IC.B

S-S
Valid
Invalid

s-C
Low.C.UB
Low.IC.UB
High.C.UB
High.IC.UB

Low.C.B
High.IC.B

S-CT
Low.C.UB
Low.IC.UB
High.C.UB
High.IC.UB

Low.C.B
Low.IC.B
High.C.B
HighIC.B

562 [549, 576]
479 [465, 494]
553 [543, 564]

517 [504, 530]
581 [568, 594]
517 [502, 531]
582 [570, 594]

Run1

0.75[0.71, 0.79]
0.71 [0.65, 0.77]

0.94[0.91,0.97]
0.89 [0.86, 0.93]
0.91[0.88, 0.94]
0.86 [0.82, 0.89]

0.83[0.79, 0.87]
0.76 [0.71, 0.82]

0.95[0.93, 0.98]
0.91[0.88, 0.94]
0.94[0.91, 0.97]
0.90 [0.86, 0.93]

0.84 [0.80, 0.89]
0.80 [0.74, 0.85]
0.87[0.82,0.91]
0.81[0.77, 0.86]

553 [540, 566]
481 [467, 495]
562 [551, 574]

517 [503, 530]
570 [559, 582]
522 [509, 536]
572 [559, 586]

Accuracy (proportion correct)

Run 2

0.90 [0.87, 0.93]
0.90 [0.86, 0.94]

0.92[0.8, 0.95]
0.90 [0.86, 0.93]
0.95[0.91, 0.98]
0.90 [0.87, 0.94]

0.85 [0.82, 0.89]
0.80 [0.76, 0.85]

0.93 [0.90, 0.96]
0.87[0.84, 0.91]
0.93[0.91, 0.96]
0.89 [0.85, 0.93]

0.86 [0.82, 0.90]
0.85 [0.80, 0.89]
0.88 [0.84, 0.92]
0.83[0.78, 0.87]

Run 3

0.94[0.92, 0.96]
0.93 [0.90, 0.95]

0.92[0.89, 0.95]
0.91[0.89, 0.94]
0.96 [0.94, 0.98]
0.90 [0.87, 0.94]

0.87 [0.83, 0.90]
0.85 [0.82, 0.88]
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Run 4

0.95[0.93, 0.97]
0.94[0.92, 0.97]

0.93 [0.90, 0.97]
0.89 [0.86, 0.93]
0.94 [0.90, 0.98]
0.90 [0.86, 0.94]

0.86 [0.83, 0.90]
0.84 [0.80, 0.87]

558 [546, 570]
480 [467, 493]
558 [548, 567]

517 [505, 529
575 [564, 586
520 [508, 532
577 [566, 589

Overall

0.88 [0.86, 0.90]
0.87 [0.85, 0.89]

0.9310.91, 0.95
0.90 [0.88, 0.92
0.9410.92,0.96
0.891[0.87,0.91

—_— e

0.85 [0.82, 0.88]
0.81[0.78, 0.85]

0.9410.92, 0.96
0.89[0.86, 0.92
0.9410.92,0.96
0.89[0.86, 0.92

e

0.85 [0.81, 0.89]
0.82 [0.78, 0.86]
0.87 [0.84, 0.91]
0.82 [0.78, 0.85]



Appendix B

Supplementary Results for Chapter 3: Bejjani et al. (2020)
Experiment 1a:
Results

Main Task, PC-75/25 Items: Reaction Time (RT). We found a main effect of
congruency (F(1,58) =53.22, p <0.001, 1,? = 0.48, BF = 5.68 x 10*) and PC (F(1,58) = 4.50, p =
0.038, ny? = 0.07, BF = 5.18). Participants responded faster on congruent (mean = 651 ms)
than incongruent (mean = 660 ms) trials, and in the low (mean = 655 ms) compared to
high (mean = 656 ms) PC condition. These effects were qualified by a 3-way interaction
between congruency, PC and feedback (F(1,58) = 4.54, p = 0.037, n,> = 0.07, BF = 0.03), as
the effect of PC on congruency (i.e., the ISPC effect) was more pronounced in the
feedback group (mean = 6 ms) than the no feedback group (mean = -5 ms). No other
significant RT effects were observed (all other effects, F < 0.51).

Accuracy (Proportion Correct). We found a significant main effect of congruency
(F(1,58) =12.47, p <0.001, ny* = 0.18, BF = 37.57), as participants were less accurate on
incongruent (mean = 89.1%) than on congruent trials (mean = 90.9%). This effect was
qualified by a congruency by PC interaction (F(1,58) = 6.00, p = 0.017, n,* = 0.09, BF =
0.91), as congruency effects were smaller in the low PC (mean =1.0%) compared to the
high PC condition (mean = 3.5%), reflecting the standard ISPC effect. The size of this

effect did not vary significantly between the two feedback groups, however, and no
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other effects reached significance (PC: F(1,58) =1.99, p = 0.164, n,*> = 0.03, BF = 0.43;
feedback: F(1,58) = 1.65, p = 0.204, n,? = 0.03, BF = 0.40; PC x feedback: F(1,58) =2.22, p =
0.141, n?> = 0.04, BF = 0.24; all other effects, F <0.60).

Transfer Run, PC-50/50 Items: Reaction Time (RT). There were no significant effects
in the transfer run for mean RT (congruency: F(1,58) = 2.84, p = 0.097, n,? = 0.05, BF = 0.11;
PC: F(1,58) =1.28, p = 0.263, n,? = 0.02, BF = 0.19; all other effects, F < 0.88).

Accuracy. There were no significant effects in the transfer run for mean accuracy
(congruency: F(1,58) =2.13, p = 0.150, n,?> = 0.04, BF = 0.19; congruency x feedback: F(1,58)
=2.91, p=0.093, n,? = 0.05, BF = 0.22; feedback: F(1,58) = 2.97, p = 0.090, 1> = 0.05, BF =

0.50; all other effects, F < 1.09).

Experiment 1b:
Results

Main Task, PC-75/25 Items: Reaction Time (RT). We observed significant main
effects of congruency (F(1,118) = 118.99, p <0.001, n,? = 0.50, BF = 3.29 x 10'®) and PC
(F(1,118) = 34.58, p < 0.001, n? = 0.23, BF = 8.02 x 10'?). Participants responded generally
faster on congruent (mean = 639 ms) than incongruent (mean = 647 ms) trials, and in the
low (mean = 640 ms) compared to high (mean = 646 ms) PC condition. Participants were
also slightly faster to respond when they did not receive feedback (631 ms) than when

they did (654 ms), F(1,118) =2.99, p =0.086, n,? = 0.03, BF = 0.40. However, we observed

181



little evidence that the congruency effect is modulated by the proportion congruent
manipulation (PC x congruency x feedback: F(1,118) = 1.56, p = 0.215, 1, =0.01, BF = 0.01;
all other effects, F <0.81). The ISPC effect was 5 and -1 ms for the no feedback and
feedback groups, respectively.

Accuracy. We observed significant main effects of congruency (F(1,118) =41.71, p
<0.001, np?* = 0.26, BF =3.96 x 107) and PC (F(1,118) = 32.67, p <0.001, n? = 0.22, BF = 1.30 x
10°). Participants were more accurate on congruent (mean = 93.1%) than incongruent
(mean =91.7%) trials, and in the low (mean = 92.8%) compared to high (mean = 92.0%)
PC condition. However, we observed only trending evidence for modulation of the
congruency effect by proportion congruent context (congruency x PC: F(1,118) = 3.66, p =
0.058, ny? = 0.03, BF = 1.73). The ISPC effect for Accuracy was 1.99% and 0.81% for the no
feedback and feedback groups, respectively. No other effects were significant
(congruency x feedback: F(1,118) =1.48, p = 0.226, n> = 0.01, BF = 0.19; all other effects, F
<0.80).

Transfer Run, PC-50/50 Items: Reaction Time. We observed significant main effects
of congruency (F(1,118) =28.71, p < 0.001, n,? = 0.20, BF = 153.84) and PC (F(1,118) = 15.37,
p <0.001, ny? =0.12, BF = 5.23 x 10*). Participants responded faster on congruent (mean =
627 ms) than incongruent (mean = 635 ms) trials, and in the low (mean = 626 ms)
compared to high (mean = 636 ms) PC condition. They were also faster to respond when

they did not receive performance feedback (618 ms) than when they did (644 ms),
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F(1,118) = 4.15, p = 0.044, n,* = 0.03, BF = 0.86.

No other effects were significant (PC x congruency x feedback: F(1,118) =1.40, p =
0.239, n? = 0.01, BF = 0.01; all other effects, F <0.94).

Accuracy. We observed significant main effects of congruency (F(1,118) =5.04, p =
0.027, ny? = 0.04, BF = 0.36) and PC (F(1,118) = 5.49, p = 0.021, n,? = 0.04, BF = 0.82).
Participants performed better on congruent (mean = 93.5%) than incongruent (mean =
92.7%) trials, and in the low (mean = 93.6%) compared to high (mean =92.6%) PC
condition. Congruency effects were also smaller when participants did not receive
feedback (1.6%) than when they did (0.0%), congruency x feedback: F(1,118) = 5.55, p =

0.020, ny? = 0.05, BF = 0.28). No other effects were significant (all other effects, F < 0.50).

Across Experiment 1 Analysis

Main Task, PC-75/25 Items: Reaction Time (RT). We again observed significant
main effects of congruency (F(1,176) = 147.10, p <0.001, 1,? = 0.46, BF = 1.66 x 10") and PC
(F(1,176) = 26.29, p < 0.001, n,? = 0.13, BF = 9.96 x 10"). Participants responded faster on
congruent (mean = 643 ms) than incongruent (mean = 651 ms) trials, and in the low
(mean = 645 ms) compared to high (mean = 649 ms) PC condition. Moreover, we
observed a significant three-way interaction, in which performance feedback
significantly reduced the ISPC effect (congruency x PC x feedback: F(1,176) = 4.96, p =

0.027, n? = 0.03, BF = 0.00). The ISPC effect for RT was 5 ms and -2 ms for the no
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feedback and feedback groups, respectively.

No other effects were significant (all other effects, F <1.53).

Accuracy. Analyzing mean accuracy, we again observed significant main effects
of congruency (F(1,176) = 45.13, p < 0.001, n? = 0.20, BF = 1.09 x 10'°) and context (F(1,176)
=18.61, p <0.001, 1> = 0.10, BF = 4.31 x 10%). Participants were more accurate on
congruent (mean = 92.4%) than incongruent (mean = 90.8%) trials, and in the low (mean
=91.8%) compared to high (mean = 91.4%) PC condition.

Importantly, we also found congruency effects to be significantly modulated by
proportion congruent context across feedback groups (congruency x PC: F(1,176) = 9.39,
p =0.003, ny? =0.05, BF =4.23). The ISPC effect for Accuracy was 1.9% and 1.6% for the no
feedback and feedback groups, respectively.

No other effects were significant (all other effects, F <1.35).

Experiment 2a:
Results

ISPC/LWPC influenced, PC-85/15 Items: Reaction Time (RT). We found a significant
main effect of congruency (F(1,56) =37.15, p < 0.001, n,? = 0.40, BF = 1.94 x 10%).
Participants responded faster on congruent (mean = 619 ms) than incongruent (mean =
632 ms) trials. We found an expected interaction between PC and block order (PC x

block order: F(1,56) = 4.03, p = 0.050, ny? = 0.07, BF = 1.04). Participants who experienced
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the mostly congruent context first had smaller differences in RT between the contexts
(628 (PC-85) vs. 626 (PC-15) ms) when compared to participants who experienced the
mostly incongruent context first (618 vs. 633 ms).

We also replicated Experiment 1, showing a significant ISPC/LWPC effect across
feedback groups (congruency x PC: F(1,56) = 8.15, p = 0.006, n,? = 0.13, BF = 1.10), which
interacted with block order (PC x congruency x block order: F(1,56) = 4.26, p = 0.044, n,? =
0.07, BF = 0.32). The ISPC/LWPC effect for RT was 13 ms and 15 ms for the no feedback
and feedback groups, respectively. When participants experienced the mostly congruent
context first, the RT effect was 18 and 29 ms for the respective feedback groups, which
decreased to 7 and 1 ms if participants experienced the mostly incongruent context first.

No other effects were significant (PC: F(1,56) = 1.85, p=0.179, n,? = 0.03, BF = 0.53;
PC x feedback x block order: F(1,56) = 1.55, p = 0.219, n,? = 0.03, BF = 0.10; all other effects,
F <0.96).

Accuracy (Proportion Correct). We found a significant main effect of congruency
(F(1,56) =27.33, p <0.001, n,? = 0.33, BF = 1192.20) and a trending main effect of PC
(F(1,56) =2.97, p = 0.090, ny? = 0.05, BF = 31.78). Participants were more accurate on
congruent (mean = 91.6%) than incongruent (mean = 89.2%) trials, and in the high (mean
=90.7%) compared to low (mean =90.1%) PC condition. We found an expected
interaction between PC and block order (PC x block order: F(1,56) = 6.08, p = 0.017, n? =

0.10, BF =7.76). Participants who experienced the mostly congruent context first had
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smaller differences in accuracy between the contexts (88.9% (PC-85) vs. 90.7% (PC-15))
when compared to participants who experienced the mostly incongruent context first
(92.6% vs. 89.4%). Participants also showed slightly smaller congruency effects when
they received feedback (1.2%) than when they did not (3.7%), congruency x feedback:
F(1,56) =3.41, p = 0.070, ny* = 0.06, BF =0.21.

We also found a significant ISPC/LWPC effect across feedback groups that was
modulated by block order (congruency x PC: F(1,56) = 14.18, p < 0.001, n,*> = 0.20, BF =
31.25; congruency x PC x block order: F(1,56) =5.20, p = 0.026, 1, = 0.09, BF = 1.85). The
ISPC/LWPC effect for Accuracy was 7.6% and 4.9% errors for the no feedback and
feedback groups, respectively. When participants experienced the mostly congruent
context first, errors were 12.0% and 8.0% for the respective feedback groups, which
decreased to 3.1% and 1.8% if participants experienced the mostly incongruent context
first.

No other effects were significant (block order: F(1,56) = 1.60, p = 0.211, n,?> = 0.03,
BF =1.91; all other effects, F < 1.35).

LWPC, PC-50/50 Items: Reaction Time. We found a standard congruency effect
(F(1,56) =49.17, p <0.001, n,? = 0.47, BF = 1.57 x 10°). Participants responded faster on
congruent (mean = 664 ms) than incongruent (mean = 680 ms) trials. Participants across
feedback groups responded at a similar speed in the mostly incongruent context (672

(feedback) vs. 670 (no feedback) ms), but receiving feedback was associated with
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responding faster in the mostly congruent context (666 vs 680 ms) (PC x feedback:
F(1,56) = 4.80, p = 0.033, ny*> = 0.08, BF =2.03). We also observed a trending interaction
between PC and block order (F(1,56) = 3.65, p = 0.061, n> = 0.06, BF = 1.19). Participants
who experienced the mostly congruent context first had slightly larger differences in RT
between the contexts (678 (PC-75) vs. 670 (PC-25) ms) when compared to participants
who experienced the mostly incongruent context first (668 vs. 672 ms).

However, we did not find a significant LWPC effect (congruency x PC: F(1,56) =
1.61, p = 0.210, n? = 0.03, BF = 0.22). The LWPC effect for RT was 6 ms and 2 ms for the no
feedback and feedback groups, respectively.

No other effects were significant (congruency x PC x feedback x block order:
F(1,56) =2.30, p = 0.135, ny?> = 0.04, BF = 0.00; all other effects, F < 1.22).

Accuracy. We found a standard congruency effect (congruency: F(1,56) = 3.55, p =
0.065, ny? = 0.06, BF = 0.08) and a trending effect of PC (F(1,56) = 3.12, p = 0.083, 1> = 0.05,
BF = 0.84). Participants were more accurate on congruent (mean = 86.0%) than
incongruent (mean = 84.4%) trials, and in the low (mean = 86.4%) compared to high
(mean = 83.9%) PC condition. We also found the expected interaction between PC and
block order, indicating the extended control-demand context (PC x block order: F(1,56) =
4.00, p =0.050, 1,* =0.07, BF = 1.32). Participants who experienced the mostly congruent
context first had larger differences in accuracy between the contexts (81.1% (PC-75) vs.

86.5% (PC-25)) when compared to participants who experienced the mostly incongruent
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context first (86.8% vs. 86.4%).

Finally, we found a significant LWPC effect that was modulated by feedback
group (congruency x PC x feedback: F(1,56) = 5.85, p = 0.019, n,? = 0.10, BF = 0.01;
congruency x PC x block order: F(1,56) =2.85, p = 0.097, n,? = 0.05, BF = 0.05), with the
feedback group showing a larger LWPC effect. The LWPC effect for Accuracy was 2.3%
and -5.4% errors for the no feedback and feedback groups, respectively, indicating that
the feedback group showed greater proportion congruency effects than the no feedback
group. When participants experienced the mostly congruent context first, the LWPC
effect was 0.2% and -8.6% for the no feedback and feedback groups, but was 4.5% and -
2.2% when they experienced the mostly incongruent context first. Contrary to
expectations, the no feedback group thus showed larger congruency effects in the high
vs. low control-demand context, while the feedback group showed a typical LWPC
effect.

No other effects were significant (congruency x feedback: F(1,56) = 2.45, p = 0.123,

ny? = 0.04, BF = 0.05; all other effects, F <1.32).

Experiment 2b:
Results

ISPC/LWPC influenced, PC-85/15 Items: Reaction Time. We found an expected main

effect of congruency (F(1,116) = 68.34, p <0.001, 1> = 0.37, BF = 3.44 x 10°). Participants
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responded more quickly on congruent (mean = 613 ms) than incongruent (mean = 627
ms) trials. Participants also showed the expected effects of block order (PC x block order:
F(1,116) = 31.45, p < 0.001, n? = 0.21, BF = 5.10 x 108), whereby participants had smaller
differences in RT across contexts when they first experienced the mostly congruent
context (634 (PC-85) vs. 625 (PC-15) ms) rather than mostly incongruent context (598 vs.
623 ms). Participants also showed larger congruency effects when they did not receive
feedback (19 ms) versus when they did (9 ms) (congruency x feedback: F(1,116) =4.27, p
= 0.041, ny?> = 0.04, BF = 0.34).

We also replicate Experiments 1a, 1b, and 2a, showing a significant ISPC/LWPC
effect across feedback groups, which, unlike in Experiment 2a, was not modulated by
block order (congruency x PC: F(1,116) = 18.68, p < 0.001, n,* = 0.14, BF = 61.57; PC x
congruency x block order x feedback: F(1,116) = 3.22, p =0.075, n,? = 0.03, BF =0). The
ISPC/LWPC effect for RT was 15 ms and 19 ms for the no feedback and feedback groups,
respectively. When participants experienced the mostly congruent context first, their
ISPC/LWPC effect was 4 and 22 ms for the respective feedback groups and 25 and 15 ms
when they experienced the mostly incongruent context first.

No other effects were significant (block order: F(1,116) = 1.99, p = 0.161, n,*> = 0.02,
BF =1.47 x 108; all other effects, F < 1.13).

Accuracy. We found an expected main effect of congruency (F(1,116) = 37.89, p <

0.001, n” = 0.25, BF = 2.15 x 107). Participants were more accurate on congruent (mean =
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94.0%) than incongruent (mean = 91.4%) trials.

We also found a significant ISPC/LWPC effect across feedback groups that, here,
was modulated by block order and feedback group (congruency x PC: F(1,116) = 36.04, p
<0.001, ny? = 0.24, BF = 1468.36; congruency x PC x block order: F(1,116) =4.15, p = 0.044,
ny? = 0.04, BF = 0.09; congruency x PC x feedback: F(1,116) = 4.46, p = 0.037, . = 0.04, BF =
0.04). The ISPC/LWPC effect for Accuracy was 4.0% and 8.4% errors for the no feedback
and feedback groups, respectively. When participants experienced the mostly congruent
context first, errors were 6.8% and 9.8% for the respective feedback groups, which
decreased to 1.2% and 7.0% if participants experienced the mostly incongruent context
first.

No other effects were significant (congruency x feedback: F(1,116) =1.90, p =
0.171, ny? = 0.02, BF = 0.06; block order: F(1,116) = 1.69, p =0.196, 1, = 0.01, BF = 0.10; all
other effects, F <1.36).

LWPC, PC-50/50 Items: Reaction Time. We found standard main effects of
congruency (F(1,116) = 93.35, p <0.001, n,? = 0.45, BF = 6.81 x 10'®) and PC (F(1,116) = 8.56,
p =0.004, n,? = 0.07, BF = 2020.42). Participants responded more quickly on congruent
(mean = 656 ms) than incongruent (mean = 673 ms) trials, and in the high (mean = 661
ms) compared to low (mean = 668 ms) PC condition. We also found an expected effect of
block order (PC x block order: F(1,116) = 10.09, p =0.002, n,> = 0.08, BF = 171.88), whereby

participants had smaller differences in RT across contexts when they first experienced
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the mostly congruent context (674 (PC-75) vs. 673 (PC-25) ms) rather than mostly
incongruent context (648 vs. 663 ms).

Most importantly, we observed a significant LWPC effect (congruency x PC:
F(1,116) = 4.88, p = 0.029, n?> = 0.04, BF = 0.39) that was modulated by feedback group
(congruency x PC x feedback: F(1,116) = 4.31, p = 0.040, n,* = 0.04, BF = 0.02), such that the
feedback group showed a reduced congruency effect for high vs. low control-demand
contexts (mean = 10 ms), while the no feedback group did not (mean = 0 ms).

No other effects were significant (block order: F(1,116) =1.98, p = 0.162, 1, = 0.02,
BF =49.99; all other effects, F < 0.89).

Accuracy. We found a standard main effect of congruency (F(1,116) = 16.46, p <
0.001, n? = 0.12, BF = 4.50). Participants were more accurate on congruent (mean =
90.08%) than incongruent (mean = 87.71%) trials. We also found expected effects of block
order (block order: F(1,116) = 3.75, p = 0.055, 1,? = 0.03, BF = 0.62; PC x block order:
F(1,116) = 4.99, p = 0.027, ny* = 0.04, BF = 1.45), whereby participants were more accurate
when they first experienced the mostly incongruent context (90.4%) versus the mostly
congruent context (87.4%), and had smaller differences in accuracy across contexts when
they first experienced the mostly congruent context (86.8% (PC-75) vs. 88.1% (PC-25))
rather than mostly incongruent context (91.8% vs. 88.9%).

We also observed a significant LWPC effect that was modulated by block order

(congruency x PC x block order: F(1,116) =5.17, p = 0.025, 1, = 0.04, BF = 0.04) but not by
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feedback group (congruency x PC x feedback: F(1,116) = 0.17, p = 0.677, 1, = 0.00, BF =0).
When participants experienced the mostly congruent context first, errors were -1.5% and
-1.8% for the respective feedback groups, which changed to 3.0% and 1.8% if
participants experienced the mostly incongruent context first, suggesting that
participants only experienced traditional congruency effects if they experienced the
mostly congruent context first.

No other effects were significant (PC x feedback: F(1,116) =2.33, p =0.130, n? =
0.02, BF =0.21; PC x feedback x block order: F(1,116) =2.07, p = 0.153, n,*> = 0.02, BF = 0.24;

all other effects, F <0.75).

Across Experiment 2 Analysis

LWPC, PC-50/50 Items: Reaction Time (RT). We again found the standard
congruency effect (F(1,172) = 122.45, p <0.001, n,?> = 0.42, BF = 1.55 x 10%). Participants
responded more quickly on congruent (mean = 658 ms) than incongruent (mean = 676
ms) trials. We found an expected effect of the extended PC manipulation (PC x block
order: F(1,172) =11.49, p <0.001, n,? = 0.06, BF = 1249.44). Participants had smaller
differences in RT across contexts when they first experienced the mostly congruent
context (675 (PC-75) vs. 672 (PC-25) ms) rather than mostly incongruent context (655 vs.
666 ms).

Importantly, we found a significant unbiased LWPC effect that did not depend
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on feedback group or block order (PC x congruency: F(1,172) = 5.31, p = 0.022, ny*> = 0.03,
BF =0.16). The LWPC effect was 8 and 2 ms for the no feedback and feedback groups,
respectively.

No other effects were significant (PC x congruency x feedback x block order:
F(1,172) = 2.65, p = 0.105, ny?> = 0.02, BF = 0; all other effects of interest, F <1.73).

Accuracy. We found a standard congruency effect (F(1,172) = 14.98, p < 0.001, n,? =
0.08, BF = 1.63). Participants were more accurate on congruent (mean = 88.7%) than
incongruent (mean = 86.6%) trials. We also found expected effects of block order (PC x
block order: F(1,172) = 8.80, p = 0.003, ny?> = 0.05, BF = 29.27; block order: F(1,172) =4.17, p
=0.043, ny?> = 0.02, BF = 6.52). Participants were more accurate when they first
experienced the mostly incongruent context (89.1%) than the mostly congruent context
(86.2%), and had smaller differences in accuracy across contexts when they first
experienced the mostly incongruent context (90.1% (PC-75) vs. 88.1% (PC-25)) rather
than mostly congruent context (84.9% vs. 87.5%).

We also found a significant unbiased LWPC effect that depended, separately, on
both feedback group and block order (PC x congruency x feedback: F(1,172) = 6.25, p =
0.013, n? = 0.04, BF = 0; PC x congruency x block order: F(1,172) =7.81, p = 0.006, 1,* =
0.04, BF =0.03). The LWPC effect was not present for the no feedback group (1.3%) but
was for the feedback group (-1.8%). When participants experienced the mostly

incongruent context first, errors were 3.5% and 0.5% for the no feedback and feedback
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groups, respectively, and -0.9% and -4.1% when they experienced the mostly congruent
context first.

No other effects were significant (all other effects of interest, F <1.37).

Table 7: Mean Experiment 1a Behavioral Data within No Feedback Group. MC
= mostly congruent; MIC = mostly incongruent; C = congruent; IC = incongruent; main
= PC-75/25; transfer = PC-50. All confidence intervals are 95%.

Correct Reaction Times (ms)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer

MC.C 665, [639, 690] 656, [628, 684] 655, [627, 682] 658, [632, 685] 649, [623, 676]
MC.IC 682, [655, 710] 671, [642, 700] 666, [639, 693] 673, [646, 699] 654, [629, 680]
MIC.C 661, [637, 685] 648, [623, 673] 650, [630, 670] 652, [631, 674] 643, [620, 666]
MIC.IC 668, [645, 692] 654, [630, 677] 660, [638, 682] 661, [639, 683] 646, [624, 668]
Accuracy (Proportion Correct)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 0.92,[0.90, 0.95] 0.92,[0.90, 0.95] 0.93,[0.91, 0.95] 0.92, [0.90, 0.95] 0.93,[0.91, 0.95]
MC.IC 0.89, [0.84, 0.95] 0.88,[0.82, 0.93] 0.92,[0.89, 0.96] 0.90, [0.86, 0.94] 0.92,[0.90, 0.95]
MIC.C 0.91, [0.88, 0.95] 0.90, [0.84, 0.97] 0.93,[0.90, 0.97] 0.92,[0.88, 0.95] 0.92,[0.89, 0.94]
MIC.IC 0.90, [0.86, 0.94] 0.89, [0.83, 0.96] 0.93,[0.90, 0.96] 0.91, [0.87, 0.94] 0.93,[0.90, 0.95]

Table 8: Mean Experiment 1a Behavioral Data within Feedback Group. MC =

mostly congruent; MIC = mostly incongruent; C = congruent; IC = incongruent; main =
PC-75/25; transfer = PC-50. All confidence intervals are 95%.

Correct Reaction Times (ms)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 653, [631, 675] 645, [627, 662] 647, [630, 665] 648, [630, 665] 648, [627, 669]
MC.IC 658, [635, 681] 661, [641, 681] 659, [638, 681] 659, [640, 677] 648, [629, 667]
MIC.C 641, [618, 663] 641, [623, 660] 639, [621, 657] 640, [622, 658] 643, [625, 661]
MIC.IC 661, [638, 684] 656, [638, 675] 654, [634, 674] 657, [637, 676] 649, [629, 669]

Accuracy (Proportion Correct)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer

MC.C 0.88,[0.82, 0.93] 0.90, [0.86, 0.94] 0.91,[0.88, 0.94] 0.89, [0.86, 0.93] 0.90, [0.87, 0.94]
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MC.IC 0.80, [0.72, 0.87] 0.88, [0.83, 0.92] 0.88, [0.85, 0.92] 0.85,[0.82, 0.89] 0.88,[0.84, 0.93]
MIC.C 0.90, [0.86, 0.95] 0.89, [0.84, 0.93] 0.91, [0.87, 0.95] 0.90, [0.86, 0.94] 0.89, [0.85, 0.93]
MIC.IC 0.87,10.82,0.91] 0.90, [0.86, 0.94] 0.90, [0.86, 0.94] 0.89, [0.85, 0.92] 0.87,[0.82,0.92]

Table 9: Mean Experiment 1b Behavioral Data within No Feedback Group. MC
= mostly congruent; MIC = mostly incongruent; C = congruent; IC = incongruent; main
= PC-75/25; transfer = PC-50. All confidence intervals are 95%.

Correct Reaction Times (ms)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 632, [615, 649] 625, [608, 642] 632, [615, 649] 630, [613, 646] 617, [601, 633]
MC.IC 654, [637, 671] 645, [628, 663] 640, [622, 658] 647, [630, 663] 626, [609, 642]
MIC.C 627, [606, 647] 613, [595, 630] 622, [605, 639] 620, [602, 638] 611, [593, 628]
MIC.IC 639, [620, 657] 627, [609, 644] 632, [615, 650] 632, [615, 649] 618, [601, 635]

Accuracy (Proportion Correct)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 0.92, [0.89, 0.94] 0.93,[0.91, 0.95] 0.93,[0.92, 0.95] 0.93,[0.91, 0.94] 0.93,[0.91, 0.95]
MC.IC 0.87,[0.84, 0.91] 0.90, [0.87, 0.93] 0.89, [0.86, 0.91] 0.89, [0.86, 0.91] 0.92, [0.90, 0.94]
MIC.C 0.93, [0.90, 0.95] 0.94, [0.91, 0.96] 0.95, [0.93, 0.97] 0.94, [0.92, 0.96] 0.95,[0.92, 0.97]
MIC.IC 0.90, [0.87, 0.92] 0.93,[0.91, 0.95] 0.93,[0.91, 0.95] 0.92, [0.90, 0.94] 0.93,[0.91, 0.95]

Table 10: Mean Experiment 1b Behavioral Data within Feedback Group. MC =
mostly congruent; MIC = mostly incongruent; C = congruent; IC = incongruent; main =
PC-75/25; transfer = PC-50. All confidence intervals are 95%.

Correct Reaction Times (ms)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 662, [641, 683] 651, [631, 672] 650, [629, 671] 654, [634, 674] 648, [627, 670]
MC.IC 679, [658, 700] 666, [645, 686] 660, [639, 680] 668, [648, 687] 652, [632, 673]
MIC.C 651, [629, 672] 633, [613, 653] 638, [618, 658] 640, [621, 660] 634, [614, 655]
MIC.IC 664, [643, 684] 649, [630, 669] 652, [633, 671] 654, [635, 674] 643, [623, 663]

Accuracy (Proportion Correct)

Run 1 Main Run 2 Main Run 3 Main Overall Main (1-3) Run 4 Transfer
MC.C 0.92, [0.90, 0.93] 0.94, [0.92, 0.95] 0.94, [0.92, 0.95] 0.93,[0.92, 0.94] 0.93,[0.91, 0.95]
MC.IC 0.87,[0.83, 0.90] 0.92,[0.90, 0.94] 0.93,[0.91, 0.95] 0.91, [0.88, 0.93] 0.93, [0.91, 0.95]
MIC.C 0.93,0.91, 0.95] 0.95,0.93, 0.97] 0.95,[0.93, 0.97] 0.94, [0.93, 0.96] 0.93,10.91, 0.95]
MIC.IC 0.91, [0.89, 0.93] 0.94,[0.92, 0.95] 0.94,[0.93, 0.96] 0.93,0.91, 0.94] 0.93,10.92, 0.95]
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Table 11: Mean Experiment 2a Behavioral Data within No Feedback Group for

PC-85/15 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Runl Run2 Run3 Run4 Overall
MC.C 630, [595, 666] 618, [587, 648] 610, [570, 650] 620, [584, 657] 619, [596, 643]
MC.IC 666, [616, 716] 643, [597, 688] 632, [596, 669] 643, [612, 673] 646, [620, 671]
MIC.C 638, [587, 690] 613, [568, 658] 613, [577, 649] 615, [584, 647] 620, [593, 646]
MIC.IC 652, [608, 695] 628, [584, 673] 623, [592, 654] 629, [595, 662] 633, [608, 659]

Accuracy (Proportion Correct)

Run1i Run2 Run3 Run4 Overall
MC.C 0.85,0.78,0.93] 0.92,0.88, 0.96] 0.96, [0.93, 0.98] 0.94,[0.91, 0.97] 0.92, [0.89, 0.95]
MC.IC 0.72,0.60, 0.85] 0.82,[0.74,0.91] 0.92,[0.89, 0.95] 0.85, [0.79, 0.90] 0.83,[0.78, 0.88]
MIC.C 0.90, [0.82, 0.98] 0.93,0.89,0.97] 0.90, [0.86, 0.94] 0.88, [0.82, 0.94] 0.90, [0.87, 0.93]
MIC.IC 0.83,0.68,0.97] 0.93,[0.90, 0.97] 0.89,[0.86, 0.93] 0.91, [0.87, 0.95] 0.89, [0.85, 0.93]

Table 12: Mean Experiment 2a Behavioral Data within Feedback Group for PC-
85/15 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC =
incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Runl Run2 Run3 Run4 Overall
MC.C 632, [604, 659] 618, [588, 649] 609, [573, 644] 619, [582, 656] 619, [598, 640]
MC.IC 654, [621, 687] 651, [620, 681] 630, [596, 664] 635, [600, 670] 641, [621, 661]
MIC.C 609, [570, 648] 615, [577, 652] 636, [600, 671] 626, [586, 665] 622, [598, 645]
MIC.IC 632, [596, 668] 629, [594, 665] 632, [597, 668] 622, [585, 660] 629, [606, 652]

Accuracy (Proportion Correct)

Runl Run2 Run3 Run 4 Overall
MC.C 0.91, [0.86, 0.97] 0.93,[0.90, 0.95] 0.92,0.88, 0.96] 0.91, [0.86, 0.96] 0.92,[0.89, 0.94]
MC.IC 0.84,0.71, 0.98] 0.85,[0.77,0.92] 0.88,0.80, 0.95] 0.90, [0.82, 0.98] 0.87,[0.82,0.92]
MIC.C 0.90, [0.83,0.97] 0.92,0.86,0.97] 0.93,0.89, 0.97] 0.90, [0.84, 0.95] 0.91, [0.88, 0.94]
MIC.IC 0.91, [0.85, 0.96] 0.90, [0.85, 0.95] 0.92,0.88, 0.96] 0.92, [0.88, 0.95] 0.91, [0.88, 0.94]
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Table 13: Mean Experiment 2a Behavioral Data within No Feedback Group for

PC-50/50 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Runl Run2 Run3 Run 4 Overall
MC.C 684, [636, 732] 656, [617, 694] 672, [626, 719] 667, [626, 708] 669, [641, 697]
MC.IC 697, [654, 740] 689, [654, 723] 692, [644, 740] 688, [641, 736] 691, [664, 719]
MIC.C 669, [622, 716] 658, [613, 704] 671, [635, 708] 652, [614, 690] 662, [635, 689]
MIC.IC 691, [638, 744] 679, [634, 723] 676, [646, 706] 672, [642,702] 678, [653, 704]

Accuracy (Proportion Correct)

Run1 Run 2 Run3 Run 4 Overall
MC.C 0.78, [0.66, 0.89] 0.84, [0.76, 0.92] 0.89, [0.86, 0.93] 0.85, [0.77,0.93] 0.84, [0.80, 0.89]
MC.IC 0.76, [0.63, 0.89] 0.84,[0.77,0.92] 0.85,[0.78, 0.92] 0.85, [0.78, 0.92] 0.83,[0.78, 0.87]
MIC.C 0.88, [0.79, 0.96] 0.91, [0.86, 0.96] 0.85, [0.78, 0.93] 0.86, [0.81, 0.90] 0.87,[0.84, 0.91]
MIC.IC 0.78, [0.63, 0.93] 0.87,[0.82,0.92] 0.84,[0.77, 0.90] 0.85, [0.78, 0.92] 0.83, [0.79, 0.88]

Table 14: Mean Experiment 2a Behavioral Data within Feedback Group for PC-
50/50 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC =
incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Runl Run2 Run3 Run4 Overall
MC.C 671, [636, 707] 666, [635, 696] 646, [607, 686] 655, [614, 695] 659, [636, 683]
MC.IC 697, [655, 738] 674, [639, 710] 670, [631, 708] 660, [623, 697] 674, [651, 698]
MIC.C 670, [633, 708] 669, [633, 706] 672, [634, 710] 653, [615, 690] 665, [642, 689]
MIC.IC 681, [644, 718] 671, [639, 703] 691, [656, 727] 671, [633, 709] 678, [656, 701]

Accuracy (Proportion Correct)

Runl Run2 Run3 Run 4 Overall
MC.C 0.84, [0.74, 0.94] 0.83, [0.74, 0.92] 0.90, [0.83, 0.97] 0.86, [0.79, 0.93] 0.86, [0.81,0.91]
MC.IC 0.77,[0.64, 0.91] 0.82, [0.74, 0.90] 0.86, [0.80, 0.92] 0.87,[0.79, 0.95] 0.83,[0.77,0.89]
MIC.C 0.88, [0.80, 0.96] 0.86, [0.77,0.95] 0.85, [0.78, 0.93] 0.87,[0.82,0.91] 0.86, [0.82, 0.90]
MIC.IC 0.87,[0.80, 0.94] 0.88, [0.81, 0.94] 0.92,[0.87,0.97] 0.88, [0.83, 0.93] 0.89, [0.86, 0.92]

Table 15: Mean Experiment 2b Behavioral Data within No Feedback Group for

PC-85/15 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.
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Correct Reaction Times (ms)

Runl Run2 Run3 Run 4 Overall
MC.C 634, [598, 671] 627, [592, 662] 578, [558, 599] 577, [556, 597] 604, [583, 625]
MC.IC 650, [612, 688] 654, [617, 691] 617, [592, 643] 606, [582, 630] 632, [611, 654]
MIC.C 623, [597, 649] 592, [570, 613] 616, [576, 657] 610, [569, 650] 610, [588, 632]
MIC.IC 632, [609, 654] 599, [581, 618] 633, [595, 671] 627, [589, 665] 623, [602, 643]

Accuracy (Proportion Correct)

Runl Run2 Run3 Run 4 Overall
MC.C 0.93,[0.90, 0.97] 0.93,[0.90, 0.97] 0.95, [0.93, 0.97] 0.95, [0.93, 0.97] 0.94, [0.93, 0.96]
MC.IC 0.86,[0.81, 0.91] 0.87,[0.81, 0.94] 0.88, [0.83, 0.94] 0.92, [0.88, 0.96] 0.88, [0.85, 0.92]
MIC.C 0.93,[0.90, 0.97] 0.96, [0.94, 0.98] 0.92, [0.87, 0.96] 0.90, [0.85, 0.96] 0.93, [0.90, 0.95]
MIC.IC 0.87,[0.79, 0.95] 0.94, [0.93, 0.96] 0.93, [0.90, 0.96] 0.90, [0.85, 0.94] 0.91, [0.88, 0.93]

Table 16: Mean Experiment 2b Behavioral Data within Feedback Group for
PC-85/15 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Runl Run2 Run3 Run4 Overall
MC.C 637, [615, 659] 625, [601, 649] 611, [585, 638] 608, [583, 632] 620, [604, 637]
MC.IC 662, [638, 687] 645, [621, 670] 636, [607, 664] 624, [595, 653] 642, [624, 660]
MIC.C 632, [602, 663] 622, [595, 650] 621, [592, 650] 627, [600, 653] 625, [607, 644]
MIC.IC 640, [613, 666] 626, [601, 652] 626, [602, 650] 622, [599, 644] 628, [612, 645]

Accuracy (Proportion Correct)

Runl Run2 Run3 Run 4 Overall
MC.C 0.93, [0.90, 0.96] 0.94, [0.92, 0.96] 0.95, [0.93, 0.96] 0.96, [0.94, 0.97] 0.94, [0.93, 0.95]
MC.IC 0.86, [0.82,0.91] 0.86, [0.81,0.91] 0.90, [0.86, 0.94] 0.89, [0.85, 0.93] 0.88, [0.85,0.91]
MIC.C 0.91, [0.86, 0.95] 0.92, [0.89, 0.95] 0.91, [0.87, 0.95] 0.91, [0.88, 0.94] 0.91, [0.89, 0.93]
MIC.IC 0.91, [0.87, 0.95] 0.94, [0.93, 0.96] 0.93,[0.91, 0.96] 0.94, [0.92, 0.96] 0.93,[0.91, 0.95]

Table 17: Mean Experiment 2b Behavioral Data within No Feedback Group for
PC-50/50 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.

Correct Reaction Times (ms)

Run1 Run 2 Run 3 Run4
198

Overall



MC.C
MC.IC
MIC.C
MIC.IC

MC.C
MC.IC
MIC.C
MIC.IC

MC.C
MC.IC
MIC.C
MIC.IC

MC.C
MC.IC
MIC.C
MIC.IC

671, [633, 709]
692, [654, 730]
655, [633, 677]
690, [659, 721]

Runl
0.89, [0.84, 0.94]
0.85, [0.79, 0.92]
0.89, [0.85, 0.93]
0.82, [0.74, 0.90]

655, [620, 691]
675, [640, 710]
637, [617, 658]
650, [627, 672]

Accuracy (Proportion Correct)

Run?2
0.89, [0.85, 0.94]
0.88, [0.83,0.93]
0.92, [0.89, 0.95]
0.91, [0.88, 0.95]

637, [614, 659]
659, [635, 683]
667, [632, 703]
688, [652, 725]

Run3

0.93, [0.90, 0.96]
0.90, [0.86, 0.94]
0.89, [0.84, 0.94]
0.88, [0.83,0.93]

622, [604, 641]
638, [614, 662]
665, [627, 703]
682, [644, 720]

Run4
091, [0.87, 0.95]
0.93, [0.89, 0.96]
0.85, [0.79, 0.92]
0.84, [0.77, 0.91]

646, [626, 667]
666, [645, 687]
656, [636, 676]
675, [654, 697]
Overall
0.91,[0.88,0.93
0.89, [0.86, 0.92

0.89, [0.86, 0.92

]
]
]
0.86, [0.83, 0.90]

Table 18: Mean Experiment 2b Behavioral Data within Feedback Group for
PC-50/50 items. MC = mostly congruent; MIC = mostly incongruent; C = congruent; IC
= incongruent. All confidence intervals are 95%.

Run1
671, [646, 695]
685, [659, 710]
676, [648, 704]
686, [660, 712]

Run1
0.85, [0.78, 0.91]
0.80, [0.74, 0.87]
0.89, [0.85, 0.94]
0.86, [0.81, 0.91]

Correct Reaction Times (ms)

Run?2
659, [636, 682]
682, [658, 706]
657, [632, 681]
667, [644, 690]

Accuracy (Proportion Correct)

Run?2
0.91, [0.87, 0.94]
0.87,[0.82,0.91]
0.92, [0.89, 0.94]
0.90, [0.86, 0.93]

Run3
653, [627, 679]
672, [649, 694]
672, [650, 695]
685, [659, 711]

Run3
0.92, [0.89, 0.95]
0.90, [0.87, 0.93]
0.91, [0.88, 0.94]
0.88, [0.85, 0.92]
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Run4
639, [614, 665]
667, [641, 693]
657, [634, 680]
668, [644, 692]

Run4
0.93, [0.90, 0.96]
0.93, [0.91, 0.95]
0.91, [0.87, 0.94]
0.89, [0.85, 0.93]

Overall
655, [638, 672]
677, [661, 693]
665, [649, 682]
677, [660, 693]

Overall
0.90, [0.88, 0.93]
0.88, [0.85, 0.90]
0.91, [0.89, 0.93]
0.88, [0.86, 0.90]



Appendix C

Supplementary Results for Chapter 4: Bejjani et al. (2020)

Tables 20-22 detail the statistical results from the ANOVAs run on the full
dataset from each experiment. We focus on statistical results that deviate from those

reported in the main text.

Experiment 1:

Without excluding participants for their responses on the post-test, the final
sample size was 47 (35 F, 11 M; mean age = 21.93 + 3.91). Of note, the main effect of Cue
Type on Accuracy was significant in the main text (F(1,39) = 4.66, p = 0.037, > =0.11,
inclusion BF = 0.72), but was only trending when including all participants (F(1,46) =
3.59, p=0.064, n,* =0.07, inclusion BF = 0.43). Likewise, the main effect of Cue Type on
the global performance index was only trending in the main text (F(1,39) = 3.86, p = 0.057,
ny? = 0.09, inclusion BF = 1.09), but was significant when including all participants
(F(1,46) = 4.37, p = 0.042, n,*> = 0.09, inclusion BF = 0.95). Specifically, when adding the
participants for whom the cues were no longer subliminal, the effect size for accuracy
decreased, but remained the same for the global performance index. This suggests that
greater awareness of the cues may impact the results we observed, but not to an extent

that would change the conclusions of the experiment.
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Experiment 2:

Without excluding participants for incorrectly responding to the cue probes, the
final sample size was 56 (32 F, 24 M; mean age = 22.80 + 4.34). As with the results
reported in the main text, trial type was the only significant effect for RT and the global

performance index. We thus report no deviations from the main text.

Experiment 3:

Without excluding participants for correctly matching the cues to their respective
trial types on the post-test, the final sample size was 48 (34 F, 14 M; mean age =22.52 +
5.40). Here, we report a deviation on analyses of RT. When adding in participants who
had more explicit knowledge of the cue/trial type associations, the main effect of cue
type was no longer trending (F(1,47) =1.31, p = 0.259, 1,? = 0.03, inclusion BF = 0.21) as it
was in main text (F(1,39) = 3.60, p = 0.065, ny?> = 0.08, inclusion BF = 3.47). Likewise, the
interaction between cue type and trial type was no longer trending (main text: F(1,39) =
3.22, p=0.081, 1,? = 0.08, inclusion BF = 0.71) when adding in all participants (F(1,47) =
1.30, p = 0.261, ny? = 0.03, inclusion BF = 0.25). These results show that not using the
predictive cue in Experiment 3 may stem in part from a lack of explicit knowledge and
complement the analysis of Experiment 4, which suggested that participants were only

able to modulate switch costs with supraliminal, explicit cues.
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Experiment 4:

Without excluding participants for incorrectly responding to the cue probes, the
final sample size was 50 (28 F, 21 M, 1 n/a; mean age = 21.90 + 3.95). The interaction
between cue type and trial type on RT was significant in the main text (F(1,39) =5.31, p =
0.027, ny? = 0.12, inclusion BF = 4.18) but not when adding all participants (F(1,49) = 3.60,
p =0.064, n,? = 0.07, inclusion BF = 2.54), and its effect size decreased. This suggests that
when participants did not have as much explicit knowledge (or were perhaps less
motivated to encode the cue/trial type associations), they were also less likely to use the

predictive cues to modulate their switch costs.

Across Experiments:

Most analyses of RT showed no obvious deviations from the conclusions
presented in the main text. The interaction between cue knowledge and trial type,
whereby participants used explicit knowledge to reduce their switch costs, was
significant in the supplemental analysis including all participants (F(1,197)=5.71, p =
0.018, ny? = 0.03, inclusion BF = 9.58) but not the main analysis (F(1,156) = 3.84, p = 0.052,
ny? =0.02, inclusion BF = 49.26). Notably, the effect sizes are comparable between the
samples.

Likewise, the effects that deviate from the main text analyses for accuracy are

also comparable in effect sizes. Cue Type was significant when including all participants
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(F(1,197) = 4.25, p = 0.041, ny*> = 0.02, inclusion BF =4.97), but only trending in the main
text (F(1,156) = 3.57, p = 0.061, n,? = 0.02, inclusion BF = 13.38), while the interaction
between Cue visibility and trial type was only trending when including the excluded
participants (F(1,197) = 2.97, p = 0.086, n,*> = 0.01, inclusion BF = 0.09), but was significant
in the main text (F(1,156) = 4.23, p = 0.041, n,* = 0.03, inclusion BF = 0.16).

The most notable deviations from the main text involve the global performance
index, yet even these effects show comparable effect sizes. The effect of cue knowledge
was trending when including all participants (F(1,197) = 3.35, p = 0.069, n,?> = 0.02,
inclusion BF = 8.56 x 10), but not significant in the main text (F(1,156) =2.48, p = 0.117, n,?
= 0.02, inclusion BF = 3.55 x 107), while the interaction between cue knowledge, cue
visibility, and trial type was not significant when including all participants (F(1,197) =
2.47, p=0.118, ny* = 0.01, inclusion BF = 0.14), but was in the main text (F(1,156) =5.46, p =
0.021, n? = 0.03, inclusion BF = 0.71).

Table 19: Sample Sizes Estimated from Main Text Effect Sizes via Bayesian
Simulations?

Reaction Time (ms)

3 These numbers were generated with the simulation code: sim1 <- BFDA.sim(expected.ES =
ObservedEffectSize, type = “t.paired”, n.min = 20, n.max = 250, alternative = “two.sided”, design =
“sequential”, boundary = Inf, stepsize =5, B = 10000, verbose = TRUE, cores = 7). While running the main
analysis, the sample size max was set to 40. However, when determining the approximate sample size we
would have needed to mostly obtain Bayes Factors of 1/10 or 10, we set the sample size to 250, reasoning
that an effect needing an N larger than 250 was not of practical or theoretical relevance. Here, we ran 10,000
simulations with the observed effect size (interaction of cue and trial type), adding 5 participants at each
step until most of the results converged at the specified boundary criterion. Boundary criterions (after we
reached the sample max of 40) were specified with the following code: BFDA.analyze(sim1, design =
“sequential”, n.min = 20, boundary=c(1/10, 10)).
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Experiment 1 Experiment 2 Experiment 3 Experiment 4

% studies terminating at H1 99.9% 19.2% 93.6% 99.7%
boundary

% studies terminating at HO 0% 30.5% 0.3% 0%
boundary

% studies terminating at 0.1% 50.3% 6.1% 0.3%
n.max (n = 250)

Average sample number+ 65 199 114 74
50% Quantile® 55 250 100 65
80% Quantile 95 250 175 110
90% Quantile 115 250 220 135
95% Quantile 140 250 250 160

Global Performance Index (%/ms * 100)

Experiment 1 Experiment 2 Experiment 3 Experiment 4
% studies terminating at H1 99.1% 2.5% 57.3% 30.7%
boundary
% studies terminating at HO 0% 76.8% 6.2% 18.9%
boundary
% studies terminating at 0.8% 20.7% 36.5% 50.4%
n.max (n = 250)
Average sample number 84 176 177 197
50% Quantile 70 160 195 250
80% Quantile 125 250 250 250
90% Quantile 155 250 250 250
95% Quantile 185 250 250 250

Table 20: Reaction Time Analyses. Main text significance level (that deviates
from statistics here):  not significant or trending (p > 0.10); * trending (p < 0.10); **
significant (p < 0.05)

Experiment 1

F(dfnumerator, dfdenominator) P np? Inclusion BF
Cue Type F(1,46)=2.15 0.149 0.04 0.59
Trial Type F(1,46) = 109.57 <0.001 0.70 5.40 x 10
Cue Type x Trial Type F(1,46) =747 0.009 0.14 1.68

Experiment 2
Cue Type F(1,55)=0.12 0.728 0.002 0.13

*The average sample number indicates the average sample size per group if the researcher ran many studies.

Quantiles comprise the stopping-n distribution and give estimates of the sample size expected when
running an SBF design. For the 95% quantile, for example, only 5% of studies would terminate with more
than the number of participants listed.
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Trial Type F(1,55) =150.15 <0.001 0.73 1.13 x 103
Cue Type x Trial Type F(1,55)=1.33 0.254 0.02 0.16
Experiment 3
Cue Type F(1,47)=131 0.259° 0.03 0.21
Trial Type F(1,47)=124.77 <0.001 0.73 6.92 x 102
Cue Type x Trial Type F(1,47)=1.30 0.261" 0.03 0.25
Experiment 4
Cue Type F(1,49)=18.19 <0.001 0.27 573.13
Trial Type F(1,49)=71.31 <0.001 0.59 2.24 x 1014
Cue Type x Trial Type F(1,49) =3.60 0.064" 0.07 2.54
Across Experiment
Cue Knowledge F(1,197)=2.67 0.104 0.01 10.22
Cue Visibility F(1,197)=2.62 0.107 0.01 3.20
Cue Knowledge x Cue Visibility F(1,197)=4.61 0.033 0.02 10.45
Cue Type F(1,197)=1.49 0.224 0.007 0.74
Cue Knowledge x Cue Type F(1,197)=9.61 0.002 0.05 4.16
Cue Visibility x Cue Type F(1,197)=4.78 0.030 0.02 2.98
Cue Knowledge x Cue Visibility x Cue F(1,197)=9.98 0.002 0.05 14.06
Type
Trial Type F(1,197)=717.39 <0.001 0.78 1.64 x 1017
Cue Knowledge x Trial Type F(1,197)=5.71 0.018* 0.03 9.58
Cue Visibility x Trial Type F(1,197)=1.58 0.211 0.008 2.12
Cue Knowledge x Cue Visibility x Trial F(1,197)=7.15 0.008 0.04 12.02
Type
Cue Type x Trial Type F(1,197)=1.93 0.166 0.01 0.30
Cue Knowledge x Cue Type x Trial Type F(1,197)=2.88 0.091 0.01 0.41
Cue Visibility x Cue Type x Trial Type F(1,197)=1.65 0.201 0.008 0.23
Cue Knowledge x Cue Visibility x Cue F(1,197)=0.59 0.445 0.003 0.45
Type x Trial Type

Table 21: Accuracy Analyses. Main text significance level (that deviates from
statistics here): * not significant or trending (p > 0.10); * trending (p < 0.10); **
significant (p < 0.05)

Experiment 1
F(dfnumerator, dfdenominator) P T]pz Inclusion BF

Cue Type F(1,46)=3.59 0.064™ 0.07 043

Trial Type F(1,46)=0.54 0.464 0.01 0.17

Cue Type x Trial Type F(1,46)=0.10 0.751 0.002 0.06
Experiment 2

Cue Type F(1,55)=0.15 0.697 0.003 0.11

Trial Type F(1,55)=2.13 0.150 0.04 0.40

Cue Type x Trial Type F(1,55)=0.03 0.873 0.001 0.04
Experiment 3

Cue Type F(1,47)=0.06 0.805 0.001 0.11

Trial Type F(1,47)=0.99 0.325 0.02 0.20

Cue Type x Trial Type F(1,47)=0.43 0.515 0.009 0.03
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Experiment 4

Cue Type F(1,49)=24.45 <0.001 0.33 5,917.74
Trial Type F(1,49)=0.14 0.709 0.003 0.14
Cue Type x Trial Type F(1,49)=0.00 0.995 <0.001 0.12

Across Experiment

Cue Knowledge F(1,197)=0.12 0.731 0.001 1.11
Cue Visibility F(1,197)=0.25 0.618 0.001 1.89
Cue Knowledge x Cue Visibility F(1,197)=0.15 0.695 0.001 0.65
Cue Type F(1,197)=4.25 0.041 0.02 497
Cue Knowledge x Cue Type F(1,197)=14.76 <0.001 0.07 6.75
Cue Visibility x Cue Type F(1,197)=15.49 <0.001 0.07 11.85
Cue Knowledge x Cue Visibility x Cue F(1,197)=7.01 0.009 0.03 2.78
Type

Trial Type F(1,197)=0.13 0.721 0.001 0.03
Cue Knowledge x Trial Type F(1,197)=0.46 0.498 0.002 0.02
Cue Visibility x Trial Type F(1,197)=2.97 0.086™ 0.01 0.09
Cue Knowledge x Cue Visibility x Trial F(1,197)=0.03 0.859 <0.001 0.01
Type

Cue Type x Trial Type F(1,197)=0.29 0.589 0.001 0.02
Cue Knowledge x Cue Type x Trial Type F(1,197)=0.12 0.727 0.001 0.00
Cue Visibility x Cue Type x Trial Type F(1,197)=0.01 0.913 <0.001 0.01
Cue Knowledge x Cue Visibility x Cue F(1,197)=0.08 0.773 <0.001 0.00
Type x Trial Type

Table 22: Global Performance Index Analyses. Main text significance level
(that deviates from statistics here): * not significant or trending (p > 0.10); * trending (p
< 0.10); ** significant (p < 0.05)

Experiment 1

F(dfnumerator, dfdenominator) P np? Inclusion BF
Cue Type F(1,46)=4.37 0.042* 0.09 0.95
Trial Type F(1,46) = 100.74 <0.001 0.69 1.78 x 102
Cue Type x Trial Type F(1,46) =4.99 0.030 0.10 2.04

Experiment 2

Cue Type F(1,55)=0.22 0.643 0.004 0.13
Trial Type F(1,55)=123.45 <0.001 0.69 7.28 x 102
Cue Type x Trial Type F(1,55)=0.21 0.652 0.004 0.12

Experiment 3

Cue Type F(1,47) = 0.64 0.426 0.01 0.15
Trial Type F(1,47) = 105.44 <0.001 0.69 479 x 102
Cue Type x Trial Type F(1,47)=0.23 0.631 0.005 0.15

Experiment 4

Cue Type F(1,49)=32.26 <0.001 0.40 5.28 x 107
Trial Type F(1,49) =38.14 <0.001 0.4 8.66 x 106
Cue Type x Trial Type F(1,49) = 147 0.232 0.03 1.05

Across Experiment
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Cue Knowledge

Cue Visibility

Cue Knowledge x Cue Visibility

Cue Type

Cue Knowledge x Cue Type

Cue Visibility x Cue Type

Cue Knowledge x Cue Visibility x Cue
Type

Trial Type

Cue Knowledge x Trial Type

Cue Visibility x Trial Type

Cue Knowledge x Cue Visibility x Trial
Type

Cue Type x Trial Type

Cue Knowledge x Cue Type x Trial
Type

Cue Visibility x Cue Type x Trial Type
Cue Knowledge x Cue Visibility x Cue
Type x Trial Type

F(1,197
F(1,197
F(1,197
F(1,197)=8.20
F(1,197) = 20.68
F(1,197)=17.84
F(1,197) = 16.47

=3.35
=1.46
=7.05

— = — —

F(1,197) = 405.02
F(1,197)=0.97
F(1,197)=1.77
F(1,197) = 2.47

F(1,197) = 0.67
F(1,197) = 1.07

F(1,197) = 0.90
F(1,197) = 0.05

207

0.069*
0.228
0.009
0.005
<0.001
<0.001
<0.001

<0.001
0.326
0.185
0.118"

0.413
0.303

0.345
0.821

0.02
0.007
0.03
0.04
0.09
0.08
0.08

0.67
0.005
0.01
0.01

0.003
0.005

0.005
<0.001

8.56 x 103
3.57 x 105
3,619.71

2.68 x 108
1.04 x 106
7.90 x 105
4,321.15

1.63 x 1076
0.49
0.74
0.14

0.17
0.03

0.04
0.00
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