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ABSTRACT

The world changes over time, but often in structured ways. In turn, temporal structures
modulate cognitive processes ranging from perception to attention. This thesis
investigates of how perception and attention are tuned to two kinds of temporal
structures in the environment: feature regularities and temporal regularities. In
Chapter 2, feature regularities across different timescales are found to jointly modulate
perception. Chapter 3 reveals that external attention is flexibly oriented to temporally
regular visual and auditory features in the absence of spatial and motor certainty.
Finally, Chapter 4 unmasks that the prioritisation of sensory (visual and auditory) and
action-related contents co-existing in working memory is flexible, temporally tuned,
and yet functionally decoupled. Together, these findings unveil the ins and outs of how
perception and attention are jointly guided by unique combinations of sensory
contents and guidance signals such as expectations and task goals. Furthermore, the
present thesis highlights the epistemological and methodological challenges posed by
the temporal dimension and by cross-modality translation to the study of cognitive
processes such as perception and attention. In summary, this thesis furthers our
understanding of how regularities in sensory events unfolding in time, together with
dynamic changes in the dispositions of our mental life, jointly modulate perception

and attention.
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GENERAL INTRODUCTION

1.1 GENERAL OVERVIEW

Time is incessantly ticking. With it, the external world changes across all sensory
modalities, the dispositions of our mental life (e.g., goals) wax and wane, and our
bodies are in rapidly changing interaction with the environment (Nobre & van Ede,
2023). Cognitive processes ranging from perception to action, passing by attention and

memory, are at the junction of these sources of flux and themselves unfold over time.

Given its layers of complexity, the temporal dimension poses substantial
epistemological and technical challenges to the study of cognitive processes.
Therefore, when studied in the laboratory, cognitive processes tend to be carefully
extricated from their temporal embedding. However, studying cognitive processes as
they ebb and flow is a key stride in the quest to comprehensively understand their inner

workings.

The unfolding of the sensory environment over time is far from random. Instead,
it is ubiquitously structured. For example, objects will land on the floor when dropped;
thunder follows lightning; and cars move when the traffic light turns green. Cognitive
processes are tuned to these environmental structures. The present thesis addresses
some of the open questions about how perception and attention are tuned to different

temporal structures in the environment.
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In this thesis, the term “femporal structures” is used to encompass two kinds of
predictable configurations of sensory events over time. First, sensory features that are
recurrent in the environment (e.g., the downward motion of any falling object) and
which are, therefore, repeatedly experienced over time will be referred to as feature
regularities. Second, the temporal intervals between sensory events can be consistent,
such as the cadence of someone’s footsteps, which I will refer to as temporal

regularities.

In the remainder of this introductory chapter, these two kinds of temporal
structures will be presented. In the first section, regularities in stimulus features that
unfold over different timescales will be introduced, and I will highlight their
consequences on perception. This section contextualises Chapter 2. In the subsequent
section, I will introduce different kinds of temporal regularities that are prevalent in

our environments, and I will emphasize their effects as drivers of attention.

Next, I will define attention and differentiate between external and internal
attention, which are at the centre of Chapters 3 and 4. First, I will turn to external
attention and our current understanding of its neural underpinnings and behavioural
consequences. I will specifically discuss the mechanisms whereby temporal regularities
in the environment are thought to orient attention to moments in time. Additionally,
some of the open questions about the inner workings of temporal attention will be

highlighted, thus motivating the empirical work presented in Chapter 3.

Subsequently, internal attention will be presented and contrasted with its external
counterpart, highlighting their similarities and differences. I will discuss some of the
open questions about how internal attention is structured according to temporal
regularities, which is at the core of Chapter 4 of this thesis. Finally, I will briefly present

some of the physiological markers of attention that will be harnessed in Chapter 4.

While most of the literature discussed in the next pages has focused on the visual
system, the general principles are thought to generalise to other senses like audition.

To explicitly test the generalisability of the present findings across sensory modalities,
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Chapters 3 and 4 of this thesis pose their questions in both the visual and the auditory

domains.

1.2 REGULARITIES

The external world is dynamic and ever-changing. It is also replete with structure
across several attributes (e.g., Dong & Atick, 1995). For example, light tends to shine
from above; orientations along the vertical and horizontal meridians are prevalent in
forests and cities alike; and the footsteps of a family member walking along the house
are consistent to the point of complete recognisability. A lifetime of exposure to these
regularities has profound phenomenological, perceptual, and neural consequences. For
example, the spatial distribution of light sources results in several perceptual illusions
(Sun & Perona, 1998); cardinal biases towards the horizontal and vertical meridians
can be measured in continuous orientation reports and are mirrored by long-lasting
modulations in the tuning curves of V1 neurons (Gibson & Radner, 1937; Girshick et
al., 2011); and neural oscillations can become entrained to rhythmic sensory stimuli

(Lakatos et al., 2008).

Over time, regularities in our environments become predictable. They give rise to
expectations about the what, where, and when of upcoming events. In turn, expectations'
proactively prepare us for forthcoming occurrences, a process that is central to how

we interact with a dynamically changing environment (Nobre & van Ede, 2023).

! In this thesis, I refer to the terms prediction and expectation devoid of their connotations in
Bayesian probability theory, predictive coding, or related theoretical frameworks. Here,
prediction refers to a regular structure that enables learning, and expectation indicates the state
of the cognitive or neural system associated with the predicted event. Neither prediction nor
expectation implies volition, awareness, or conscious deliberation.
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1.2.1 Feature regularities across timescales and

perceptual biases

As the footstep example above illustrates, regularities can unfold over multiple
timescales and regularities across different timescales can co-occur and jointly guide
perception’. Exposure to the same footstep pattern over years of cohabitation (long-
term regularity) allows us to recognise the identity of the person walking through the
house. In parallel, an increase in the loudness and pace of their footsteps (short-term

regularity) foreshadows the moment when they will barge in through the door.

Exposure to repeated sensory features across different timescales has myriad
consequences on perception and behaviour (for reviews see Clark, 2013; de Lange et
al., 2018; Nobre & van Ede, 2018; Summerfield & de Lange, 2014). In addition to
improving performance for the repeated features, it results in perceptual biases
whereby any random feature is reported as systematically biased towards (more similar)
or away (more dissimilar) from the regularly occurring feature (e.g., de Lange et al,,

2018).

At the longest timescale, a lifetime of exposure to cardinal orientations results in
perceptual biases towards such orientations (Girshick et al., 2011). Relatedly, exposure
to an environment with stimuli from a particular feature distribution over hours results
in central tendency biases whereby feature reports are biased towards the average

feature (Hollingworth, 1910; Huttenlocher et al., 2000; Jazayeri & Shadlen, 2010).

Stimulus statistics can also be regular within the context of an ongoing task
(medium-term regularities). For example, following exposure to repeated object
configurations over tens of minutes, attention is directed towards the repeated
configurations thus facilitating behaviour (Chun & Jiang, 1998; Zhao et al., 2013; for
reviews see Chun, 2000; Fiser & Lengyel, 2022; Hutchinson & Turk-Browne, 2012;

Schapiro & Turk-Browne, 2015). In addition to improving performance, medium-term

2 See also Series & Seitz (2013) who distinguish between structural and contextual expectations.
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regularities can also bias perception. For example, Scotti and colleagues (2021)
reported that experiencing a frequent colour in an environment with a Gaussian colour
distribution resulted in subtle perceptual biases to the regularly occurring colour in a
subsequent attention task. Similarly, repeated exposure to two motion directions over
an experimental session has been shown to bias orientation reports towards the
repeated motion directions (Chalk et al., 2010; Gekas et al., 2013, 2015; see also Kok
et al., 2013; Sotiropoulos et al., 2011).

Feature regularities over longer- and medium-term timescales are thought to be
learned incidentally over time and to modulate perception implicitly (Fiser & Lengyel,
2022; Hutchinson & Turk-Browne, 2012; Schapiro & Turk-Browne, 2015).
Furthermore, short-term feature regularities can also impact behaviour (i.e., predictive
relations between neighbouring events). In the laboratory, short-term regularities are
often cued or instructed and, therefore, deliberately used by participants (e.g., Posner,
1980; see Section 1.4). Predictive relations between adjacent events improve task
performance and modulate underlying neural dynamics. For example, presenting
participants with predictive cues about upcoming stimuli facilitates responses to the
predicted stimulus (Posner, 1980). Expecting visual and auditory stimuli reduces neural
activity in related sensory cortices (Summerfield et al., 2008; Todorovic et al., 2011).
Despite a reduction in overall activity, fMRI and MEG studies have revealed the
presence of underlying activity patterns specific to the expected feature, up to ~40 ms
before its appearance (Aitken et al., 2020; Demarchi et al., 2019; Kok et al., 2012, 2013,
2017; see also Chelazzi et al., 1993; Luck et al., 1997; Martinez-Trujillo & Treue, 2004,
Serences et al., 2009; Stokes et al., 2009).

Interestingly, perceptual biases have also been repeatedly reported between
adjacent events that are unpredictive of each other. Namely, feature reports in trial N
are systematically biased towards or away from the stimulus feature in the preceding
trial (N-1). This phenomenon has been referred to as serial dependence, inter-trial bias,
serial bias, or retrospective bias (Cicchini et al., 2014, 2024; Fischer & Whitney, 2014;
Manassi et al., 2023; Pascucci et al., 2023; Thompson & Burr, 2009). Serial biases have

been reported across different stimulus features, including orientations (Fischer &
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Whitney, 2014), numerosity (Cicchini et al., 2014), facial attributes (Liberman et al.,
2014; Taubert et al., 2016), body size (Alexi et al., 2018), motion (Czoschke et al., 2019),
position (Papadimitriou et al., 2015), colour (Bays et al., 2009), ensemble properties
(Manasst et al., 2017), etc.; in different sensory modalities (Motala et al., 2020); and in
tasks with distinct purposes (for reviews see Cicchini et al., 2024; Manassi et al., 2023;
Pascucci et al., 2023). Serial biases have also been reported in NHPs (Papadimitriou et

al., 2015) and rodents (Akrami et al., 2018).

Given their ubiquitous nature, serial biases have been proposed to play a
functional role in perception. Repulsive biases may increase sensitivity to small changes
in the external world (Clifford, 2002; Clifford et al., 2007; Kohn, 2007; Thompson &
Burr, 2009; Weber et al., 2019; Webster, 2015) and attractive biases may promote the
continuity and stability of visual perception in a smoothly varying environment
(Cicchini et al., 2018; Czoschke et al., 2019; Fischer et al., 2020; Fischer & Whitney,
2014; Manassi & Whitney, 2022). Broadly, serial biases have been suggested to reflect
an adaptation to the global statistics of the visual environment (Barbosa & Compte,
2020; Cicchini et al., 2018; Clifford et al., 2007; Felsen et al., 2005; Fischer & Whitney,
2014; Kiyonaga et al., 2017; Panichello et al., 2019; van Bergen & Jehee, 2019; Weber
et al., 2019).

Nevertheless, as noted in recent reports (Blondé et al., 2023; Kalm & Norris, 2018;
Tong & Dubé, 2022), studies investigating serial dependence have mostly deployed
stimuli with uniform (random) feature distributions. By construction, therefore, no
statistical regularities were present in most of these tasks. Consequently, several open

questions remain regarding the effects of statistical regularities on serial biases.

Recent studies about the consequences of feature distribution manipulations on
serial biases have started to shed light on their interrelations. For example, exposure
to facial attributes considered stable (gender) vs changeable (facial expression) resulted
in serial biases in opposite directions. The attractive serial bias observed for gender
was thought to promote stability in visual perception when the visual context was

constant. Alternatively, the repulsive serial bias reported for facial expressions was
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suggested to reflect increased sensitivity to changes in a volatile environment (Taubert
et al., 2016). Blondé and colleagues (2023) also noted differences in the direction of
serial biases as a function of whether gratings were sampled from a uniform or
Gaussian distribution (see also Chopin & Mamassian, 2012; Gekas et al.,, 2019;
Panichello et al., 2019). On the whole, serial biases seem to be influenced by exposure

to feature regularities.

Additionally, recent studies have described interactions between serial biases and
biases arising from exposure to longer-term feature regularities such as the central
tendency effect (Bae, 2024; but see Cicchini et al., 2022; Galluzzi et al., 2022; Lieder et
al., 2019; Saarela et al., 2023). Consistently, computational models better describe the
behavioural effects of serial dependence when they include parameters capturing both
the immediate past and longer-term statistics (Chopin & Mamassian, 2012; Gekas et
al., 2019; Glasauer & Shi, 2022; Kalm & Norris, 2018; Papadimitriou et al., 2015; Tong
& Dubé, 2022; van Bergen & Jehee, 2019). Interestingly, a recent study revealed that
optogenetically inactivating the PPC in rodents resulted in the simultaneous ablation
of two perceptual biases: the contraction bias towards the average feature of several
past observations (medium-term regularity) and the serial bias to the immediately
preceding event (Akrami et al., 2018). This and other studies (Boboeva et al., 2023;
Papadimitriou et al., 2015) point to potential commonalities underlying perceptual
biases that emerge from extended exposure to statistically structured environments

and temporal adjacency between random visual features.

Moreover, Hahn and Wei (2024) recently presented a Bayesian framework that
jointly accounts for the perceptual biases elicited by immediately preceding events and
longer-term exposure to feature regularities (see also Chopin & Mamassian, 2012;
Gekas et al., 2019; Kalm & Norris, 2018; Tong & Dubé, 2022; van Bergen & Jehee,
2019). In their model, feature regularities and temporal adjacency between events
modulated different processing stages — priors and encoding modules, respectively.
Interestingly, the same Bayesian framework also simultaneously accounts for the two

directions across which perceptual biases emerge (repulsive and attractive), an oddity
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whose significance remains debated in the field (Fritsche et al., 2020; Gekas et al., 2019;

Moon & Kwon, 2022; Pascucci et al., 2019).

In summary, perceptual biases to regular features emerge following exposure to
statistically structured environments across different timescales. In parallel, visual
stimuli bias the perception of immediately upcoming (unpredictable) events. While
they have been investigated mostly separately, recent studies suggest that these two
kinds of perceptual biases co-occur, interact, and may even reflect the same underlying
process. Nevertheless, several open questions remain about whether and how
perception is jointly biased by temporal adjacency between random visual events and
by regularities over shorter (predictive relations between neighbouring events) and
longer (prolonged exposure to statistical structures) timescales. In Chapter 2 of the

present thesis, I aim to address some of these open questions.

1.2.2 Temporal regularities

In addition to regularities in stimulus features, regularities in the temporal intervals
between events (temporal regularities) are also ubiquitous in the environment. For
example, rhythms are found in everyday sounds such as footsteps, speech, or music.
Opver time, consistent temporal relations become predictable and lead to the formation
of expectations about the timing of forthcoming events. In turn, temporal expectations
proactively guide cognitive processes such as perception and attention (Nobre & van
Ede, 2018). The usage of temporal information in the service of other cognitive
processes is referred to as implicit timing, which contrasts with tasks in which time
itself is the reported feature (explicit timing; Coull & Nobre, 2008). In this thesis, I am
specifically concerned with how temporal regularities guide attention, a form of

implicit timing (see Section 1.4.2).

Like feature regularities, temporal regularities can be learned incidentally from
experience. A prominent example is exposure to predictable distributions of event

occurrence probability (hazard function; Luce, 1991). For example, the probability of
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the bus coming given that it has not yet arrived increases with time spent at the bus
stop. Alternatively, the probability of hearing an answer increases steeply following the
formulation of a question but decreases thereafter. The consequences of predicably
changing temporal probabilities on behaviour have mostly been studied using tasks in
which a warning stimulus signals the appearance of another stimulus following an
interval (foreperiod; Los, 2010; Niemi & Naatanen, 1981; Woodrow, 1914). In these
tasks, the probability distribution of foreperiod duration is manipulated and
participants are exposed to one or several hazard functions. Following exposure to a
given hazard function, temporal expectations are formed which, in turn, facilitate task
performance (Los, 2010; Thomaschke & Dreisbach, 2013; Trillenberg et al., 2000; van
Elswijk et al., 2007; Vangkilde et al., 2012, 2013; see also Section 1.4.2.2).

Moreover, exposure to consistent temporal configurations over tens of minutes
guides the subsequent orienting of attention to the relevant points in time (temporal
contextual cueing; Olson & Chun, 2001; see also Cravo et al., 2017; Zhao et al., 2013).
Temporal expectations can also be reliably elicited by isochronous rhythms (Jones,
1976; Large & Jones, 1999; Morillon et al., 2015; Sanabria et al., 2011) and by more
complex sequences of events with recurrent temporal structuring (Heideman, et al.,
2018a, 2018b, 2018¢; Kornysheva et al., 2013; O’Reilly et al., 2008; Shin & Ivry, 2002),

both of which have facilitatory effects on behaviour.

In addition to the incidental learning of temporal regularities over time, specific
event timings can be voluntarily prioritised. For example, the consistent timing
between pressing down on the toaster and hearing it pop can be used to retrieve the
toast at the right time, while making coffee in the meantime. The process of orienting
attention based on temporal expectations and task relevance (Coull & Nobre, 1998;

Griffin et al., 2002) is key for the present thesis, and will be further discussed below.

1.3 ATTENTION
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Selective attention (hereafter ‘attention’) is the process of anticipating, prioritising,
selecting, routing, integrating, and preparing’ relevant contents to guide adaptive
behaviour (Nobre, 2018; Nobre & Kastner, 2014; Nobre & van Ede, 2023). Attention
can be driven by a variety of signals, including goals, motivations, physical salience,
and/or expectations. The latter can emerge following exposute to regularities across

multiple timescales, such as those introduced in Section 1.2.1.

Attention can be described along several axes, including covert vs overt attention,
depending on whether the eyes move to the attended attribute; and endogenous vs
exogenous attention, according to whether it is voluntarily directed or involuntarily
captured (for reviews see Carrasco, 2011; Nobre, 2018; Nobre & Kastner, 2014). An
additional dimension of attention is given by the nature of its targets. Attention can be
directed towards events in the sensory stream (external attention) or towards internal,
mnemonic contents (internal attention; Chun et al., 2011; Gazzaley & Nobre, 2012;
Nobre & van Ede, 2023; Souza & Oberauer, 2016; Stokes & Nobre, 2012). Each of

these processes is presented in Sections 1.4 and 1.5, respectively.

Finally, attention is dynamic, and it is tuned to temporal regularities like the ones
introduced in Section 1.2.2 (Nobre & Rohenkohl, 2014; Nobre & van Ede, 2018,
2023). The present thesis focuses on the covert, endogenous orienting of both external
and internal attention. I am particularly interested in how attention is structured along

the temporal dimension.

1.4 EXTERNAL ATTENTION

External attention is the process of prioritising external information to guide

behaviour. In the laboratory, the focus of attention has often been manipulated using

* The term “prioritise” is hereafter used to signify the broader range of functions that
constitute selective attention: anticipating, prioritising, selecting, routing, integrating, and
preparing.
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instructions or cues. In early manipulations, participants were instructed to attend to
one out of multiple streams of concurrent stimulation. Multiple-stream tasks
highlighted the ability of attention to selectively focus on specific contents and fi/zer out
others. For example, participants were instructed to attend to one of two auditory
streams being played from the left and the right side, respectively (Cherry, 1953). The
contents of the attended stream were consistently remembered more accurately and

salient changes in the unattended stream often went unnoticed.

Over the years, multiple-stream tasks were refined, and researchers began to
compare the speed and accuracy of target detection in attended and unattended
streams. Attending one stream was found to result in improved performance and
increased neural responsiveness to the attended contents. This came together with
behavioural costs and an absence of neural response modulations to the unattended
stream (Choi et al., 2014; Hillyard et al., 1973; Lange & Réder, 2010, 2010; Spence &
Driver, 1994; Woldorff et al., 1993). In addition to locations, listeners can also direct
their attention to other auditory features such as talker identity, pitch, or timbre
(Mondor & Amirault, 1998; Shinn-Cunningham & Best, 2008). Moreover, multiple-
stream tasks have also been used to investigate the orienting of attention to various

visual features (Hillyard & Anllo-Vento, 1998; Luck et al., 1990; Mangun et al., 1993).

In 1980, Posner developed a task in which the focus of attention was manipulated
flexibly using cues that changed on a trial-by-trial basis (Posner, 1980). This flexible
orienting of attention based on changing goals reflects a key aspect of how attention
is used in daily tasks. In a standard trial of this symbolic cueing task, participants are
centrally presented with a symbolic cue indicating one out of a set of possible locations.

Following a brief delay, a target is shown, and participants respond accordingly.

In symbolic cueing tasks, cues can be predictive or instructive. Predictive cues
signal the probability of event occurrence. In predictable spatial cueing, the cue
indicates the most likely location for the target to appear (e.g., 80%). In turn, attention
is oriented to the cued location for detecting or discriminating the target (Posner,

1980). Alternatively, instructive cues signal which out of several equally likely stimuli
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is relevant in a given trial. Thus, attention can also be oriented based on goals (Kastner
et al., 1999; Luck et al., 1997; Moran & Desimone, 1985; Serences et al., 2004).
Attention orienting can therefore be driven by expectations or goals. In several cases,
it is driven concurrently by both. Interestingly, attention based on expectations vs goals
seems to have separable behavioural consequences (Bang & Rahnev, 2017; Jiang et al.,
2013; Rungratsameetaweemana et al., 2018; Wyart et al., 2012), suggesting distinct
modulatory neural mechanisms (Rungratsameetaweemana & Serences, 2019;

Summerfield & de Lange, 2014).

Importantly, cueing participants (with instructive and predictive cues) to target
locations confers ample benefits on performance in comparison to neutral and invalid
cues (Carrasco et al., 2000; Hawkins et al., 1990; Posner, 1980; Yeshurun & Carrasco,
1998). Several subsequent studies using similar designs have confirmed that attention
can also be oriented to objects (O’Craven et al., 1999; Scholl, 2001), features (Liu et
al., 2007; Maunsell & Treue, 2006; Treue & Martinez Trujillo, 1999), semantic
categories (Cristescu et al., 2006; Cristescu & Nobre, 2008; Posner & Snyder, 2004),
motor actions (Rushworth et al., 2001, 2003) and several others. Additionally,
selectively attending a location leads to both behavioural advantages to detect events
at attended locations and behavioural costs for events at unattended locations (Pestilli
& Carrasco, 2005). This highlights how attention arbitrates between competing
contents, directing neural and cognitive resources to selectively process relevant over

irrelevant attributes (Carrasco, 2011; Nobre, 2018).

In the everyday world, however, attention is rarely driven by explicit symbolic
cues. Returning to one of the eatlier examples, when looking for the source of light in
a visual scene, attention is not directed upwards by the appearance of an arrow in the
centre of the visual field. Instead, it is oriented towards the top of the scene based on

past expetiences about the likely soutce of light (predictions/expectations).

This incidental learning of regularities in the environment which, in turn, orients
attention to the relevant sensory attributes has been studied using contextual cueing

tasks (Chun & Jiang, 1998). In these tasks, participants are shown repeated
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configurations of objects over blocks. Following prolonged exposure, participants’
responses to the regular configurations are enhanced compared to responses to new

object configurations (Chun, 2000; Chun & Jiang, 1998; Zhao et al., 2013).

On the one hand, contextual cueing emphasises the incidental pick-up of
environmental regularities and their subsequent usage to orient attention (i.e., looking
upwards when searching for a light source). On the other hand, trial-wise
manipulations of instructive cues emphasise the flexible allocation of attention based
on changing task goals. For example, attention may be directed upwards because of an
attempt to gauge the weather or to follow a bird’s path (goals). Both are key features
of how attention operates during natural behaviour, and they often act in unison.
Therefore, to investigate how attention is concurrently shaped by the incidental pick-
up of temporal regularities and driven by flexibly changing goals, the task presented in

Chapter 3 of this thesis encompasses features of both processes.

1.4.1 Attention to space and sensory features

The first clues about the neural underpinnings of (visual) attention came from patients
with hemispatial neglect. In the absence of general sensory or motor deficits, they were
unable to attend to stimuli on the visual field contralateral to their lesion (Driver &
Vuilleumier, 2001; Heilman & Van Den Abell, 1980; Kinsbourne, 1970; Mesulam,
1981). Neglect is recognised as a complex syndrome resulting from damage to a large-
scale network of brain regions regulating spatial attention and cognition (Mesulam,
1999). The lesions that most commonly result in hemispatial neglect encompass
parietal areas (Mort et al., 2003; Nobre & Kastner, 2014), but neglect can also occur
after frontal, temporal, thalamic, or striatal lesions (Husain & Rorden, 2003; Karnath

et al., 2002).

Complementing the neuropsychology literature, single-unit studies in NHPs
revealed that the goal-directed orienting of attention modulated firing rates of neurons

across the parietal cortex (Mountcastle et al., 1975), FEF (Goldberg & Bushnell, 1981),
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and superior colliculus (Wurtz & Goldberg, 1972), among others. Together, these
observations vindicated the proposal that large-scale brain networks composed of key
frontoparietal cortical nodes*, through their inter-connections with other cortical
(sensory, motor, and associative) and subcortical areas, orchestrated attentional control

(Mesulam, 1981, 1990, 1999; Nobre & Kastner, 2014; Nobre & Mesulam, 2014).

Subsequently, human neuroimaging experiments using predictive cueing tasks to
manipulate spatial, object-, and feature-based attention confirmed the consistent
involvement of dorsal frontal and parietal cortical areas in attentional control (Corbetta
et al., 1993, 1995; Nobre et al., 1997; Serences & Boynton, 2007). These studies also
highlighted the anatomical overlap between spatial attention and oculomotor control,
even in the absence of eye movements (Corbetta et al., 1998; Nobre et al., 1997, 2000).
This and related findings led to the proposal of the frontoparietal network as
responsible for controlling spatial attention through the integration of multimodal
sensory stimuli, action intentions, and motivational states (Mesulam, 1990; Nobre &

Mesulam, 2014).

The dorsal frontoparietal network is thought to act by feeding back into sensory
areas and modulating their activity (Kastner & Ungerleider, 2001; Nobre & Kastner,
2014). Stimulation of a key node of this network, the FEF, has attention-like effects,
as reflected both behaviourally and in its downstream modulations of V4 activity in
NHPs (Moore & Fallah, 2004). Similarly, TMS-induced pulses over FEF modulates
visual processing as measured with fMRI and ERPs in a manner that is reminiscent of

attention (Ruff et al., 20006; Taylor et al., 2007).

These top-down modulatory signals are thought to act selectively on feature-
sensitive neurons and their receptive fields (Kastner & Ungerleider, 2001). Neural
responses to attended sensory attributes (locations and other features) are enhanced in

single-neuron recordings across visual areas in NHPs (Cohen & Maunsell, 2011; Luck

* While the specific areas included in this frontoparietal network vary across descriptions,

several regions seem to be consistently involved: frontal areas, including the FEF, and
posterior parietal areas, such as the LIP (Boshra & Kastner, 2022; Nobre, 2018).
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et al., 1997; Martinez-Trujillo & Treue, 2004; Moran & Desimone, 1985; Reynolds et
al., 1999; Treue & Martinez Trujillo, 1999; Womelsdorf et al., 2006). Comparable
modulations have also been reported with neuroimaging in humans (Corbetta et al.,
1993; Gandhi et al., 1999; Hopf et al., 2004; Kastner et al., 1999; Mangun et al., 1997;
Serences et al., 2004; Serences & Boynton, 2007). In addition to enhancing the
responses of feature-sensitive neurons, selective attention can increase their baseline
activity, their response sensitivity, and their cross-coupling, as well as filter out
irrelevant information (Carrasco, 2011; Fries et al., 2001, 2008; Kastner & Ungerleider,
2001).

Accordingly, most theoretical models of attention place neuronal receptive fields
at their centre (Nobre & Kastner, 2014; Reynolds & Chelazzi, 2004; Reynolds &
Heeger, 2009). For example, according to the Biased Competition Model, attention
acts by biasing neural processing towards prioritised visual attributes and at the
expense of processing unattended attributes (Desimone & Duncan, 1995). More
specifically, stimuli within a neuron’s receptive field would compete for its processing
resources. Attention acts by biasing competition in favour of the attended stimulus,
which, in turn, facilitates the integration of the various features defining the target

stimulus.

Attention modulates multiple stages of processing. Neuronal modulation has been
reported across different sensory and higher-level areas (Kastner & Ungerleider, 2001;
Nobre, 2018; Nobre & Kastner, 2014). EEG studies have noted modulations from
early sensory ERPs, such as P1 and N1 in the case of visual spatial attention, to later
stages of visual selection processes (N2PC) and decision- and response-related

potentials (e.g., P300; Eimer, 1998; Mangun, 1995).

The modulation of sensory activity can also be anticipatory, preceding the
appearance of the cued stimulus. Anticipatory changes include modulations in baseline
firing rates that may interact with sensory processing to bias competitive interactions
(Desimone & Duncan, 1995; Kastner & Ungerleider, 2001). Consistently, both NHP
single-unit recordings (Chelazzi et al., 1993, 1998; Luck et al., 1997) and fMRI studies
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in humans (Kastner et al., 1999; Reddy et al., 2009; Stokes et al., 2009) have revealed
anticipatory modulations in content-specific activity. Additionally, the proactive
allocation of attention has been linked with general and location-specific attenuations
of alpha-frequency activity (8-12 Hz; Foxe et al., 1998; Thut et al., 2006; Worden et al.,
2000; see Section 1.6.1).

A similar set of principles is thought to underlie attention in other sensory
modalities. Auditory attention engages a frontoparietal network that is reminiscent but
distinct from the network consistently reported in visual attention (Lee et al., 2014;
Spence & Santangelo, 2010; Zatorre et al., 1999). Interestingly, some of the frontal
regions activated by auditory attention seem to be anatomically interleaved with frontal
areas consistently reported in visual attention (Braga et al., 2013; Michalka et al., 2015,
2016; Noyce et al., 2017). Early processing in the auditory cortex is modulated by
attention in a content-specific fashion (e.g., Petkov et al., 2004; Woldorff et al., 1993;
Woodruff et al., 1996; Woods et al.,, 1992). The modulatory effects of auditory
attention have also been observed in eatly stages of auditory processing in subcortical

areas (Forte et al., 2017; Galbraith & Arroyo, 1993).

In summary, external attention engages a frontoparietal network, which is
bidirectionally connected to other higher-level areas, sensory and motor cortices, and
subcortical structures. This frontoparietal network is thought to modulate downstream
sensory activity by harnessing neuronal receptive fields. However, attention can be
directed to attributes without dedicated receptive fields such as semantic contents
(Cristescu et al., 2006; Cristescu & Nobre, 2008; Posner & Snyder, 2004) and, most

importantly for this thesis, moments in time.

1.4.2 Orienting attention to moments in time
Attention unfolds in changing environments. It must therefore operate flexibly and

dynamically. Fittingly, in addition to being directed towards locations and other

sensory attributes, attention can also be directed to specific moments in time (Coull &
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Nobre, 1998; see also Kingstone, 1992). Building on Posner’s cueing task (Posner,
1980), Coull and Nobre (1998) presented participants with predictive cues about the
location, timing, or joint location and timing of a subsequent target. Participants were
consistently faster at detecting targets appearing not only at the predicted locations but
also at the predicted times regardless of their location, and at the expected
spatiotemporal combinations (see also Coull et al., 2000; Griffin et al, 2001;

Kingstone, 1992; Miniussi et al., 1999; Nobre, 2001).

Behaviourally, benefits occur for identifying stimuli at attended moments and
costs occur for stimuli at unattended moments (Coull & Nobre, 1998). Temporal
attention results in perceptual trade-offs between attended and unattended moments
(Denison et al., 2017, 2021; Fernandez et al., 2019). Therefore, analogous to spatial
attention, temporal attention is directed selectively to relevant points in time, at a cost

for other times.

The allocation of attention to points in time shares undeniable similarities with
how it is oriented to locations and other sensory features. Nevertheless, there are no
temporal receptive fields that are comparable to those for space and other features
(Coull et al., 2011; Muller & Nobre, 2014; but see Eichenbaum, 2014; Theunissen et
al., 2000). Therefore, several open questions remain about which processing stages are

modulated by temporal attention and how.

1.4.2.1 Sources and purposes of temporal attention

Temporal expectations can arise from different types of temporal regularities. They
can have different consequences on attention and may rely on separable neural systems
(Bouwer et al., 2020; Breska & Deouell, 2014; Breska & Ivry, 2018; de la Rosa et al.,
2012; Rohenkohl et al., 2011; Tal-Perry & Yuval-Greenberg, 2022; Trivifio et al., 2011).
For example, in contrast to the benefits conferred by symbolic temporal cues, the
behavioural benefits of rhythms seem to be independent of task instructions,

competing task demands, and predictive value (Breska & Deouell, 2014; Capizzi et al.,

35



2012, 2013; de la Rosa et al., 2012; Rohenkohl et al., 2011; Sanabria et al., 2011). Based
on this, rhythms have been proposed to engage exogenous temporal attention (Coull
& Nobre, 2008; Jones et al., 2002; Rohenkohl et al., 2011). In contrast, endogenous
temporal attention can be oriented flexibly and voluntarily to the anticipated timing of

task-relevant events (Coull & Nobre, 1998).

Another important determinant of the consequences of temporal attention is the
purpose of a given task (Shalev et al., 2019). van Ede and colleagues (2020) investigated
the behavioural and neural consequences of spatiotemporal expectations following
predictive cues in two tasks using MEG. One required speeded responses to salient
stimuli, while the other required fine sensory discrimination. Interestingly, when the
purpose of the task was to respond rapidly, temporal expectations sped participants’
responses and modulated beta-frequency (13-30 Hz) activity over motor cortices, a
known marker of motor preparation (e.g., Kaiser et al., 2001; see Section 1.6.2).
Alternatively, when visual discrimination was the primary goal of the task, improving
accuracy was the main behavioural consequence and alpha-frequency (8-12 Hz) activity
over occipital (visual) areas showed the strongest modulation (e.g., Foxe et al., 1998;
see Section 1.6.1). In a brain-imaging task, a key brain area implicated in controlling
temporal attention, the left IPS, was found to be involved in temporal orienting
irrespective of whether the purpose of the task was perceptual or motor. However, its
connectivity with sensory and motor cortical areas depended on the perceptual or

motor nature of the task (Davranche et al., 2011).

Consistent with the variety of sources and purposes that differentially drive
temporal attention, its consequences on behaviour are also varied. In addition to
speeding responses, temporal attention can modulate response accuracy (Correa et al.,
2005; Davranche et al., 2011; Rohenkohl et al., 2014; Samaha et al., 2015), improve
perceptual discriminability and contrast sensitivity (Correa et al., 2005; Cravo et al.,
2013; Fernandez et al., 2019; Rohenkohl et al., 2012; Rolke & Hofmann, 2007),
modulate decision and non-decision processes (Jepma et al., 2012; van den Brink et al.,
2021), and facilitate multisensory coupling (Bauer et al., 2021). Moreover, cueing

temporal intervals can partially overcome the detrimental effects of the so-called
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attentional blink (Martens & Johnson, 2005), suggesting that temporal attention can
increase visual temporal resolution. Moreover, temporally expected irrelevant features
(distractors) in visual search tasks are suppressed more efficiently (Amit et al., 2019;

Los, 2004; Seibold & Rolke, 2014; Xu et al., 2021, 2022; but see Balke et al., 2021).

1.4.2.2 Time and actions

Since the early studies about the flexible orienting of temporal attention, the latter was
noted to be tightly linked with motor functions (Coull & Nobre, 1998). PET and fMRI
activity patterns revealed that spatial and temporal attention engaged some overlapping
regions in the dorsal frontoparietal network (Coull et al., 2000, 2001; Coull & Nobre,
1998). However, temporal orienting additionally selectively engaged the left IPS, the
left premotor cortex and the left anterior IPL (Coull & Nobre, 1998). Importantly, the
left IPS has also been implicated in selecting and preparing delayed manual actions

(motor orienting; Rushworth et al., 2003), which require fine temporal control.

Several subsequent studies have replicated a left-lateralised network of regions for
temporal orienting, including areas related to action preparation such as the left IPS,
the left premotor cortex, and the bilateral cerebellum (Cotti et al., 2011; Coull et al,,
2000, 2011; Coull & Nobre, 1998; Davranche et al., 2011; Ivry et al., 2002; Nobre &
Rohenkohl, 2014; O’Reilly et al., 2008). Additionally, temporal attention has been
repeatedly shown to modulate ERP markers of anticipation and motor preparation
such as the CNV (Capizzi et al., 2013; Correa et al., 2006; Griffin et al., 2002; Macar &
Vidal, 2004; Mento, 2013; Miniussi et al., 1999; Pfeuty et al., 2005).

Given the consistent overlap between the brain areas and processes engaged in
temporal orienting and manual action preparation, temporal attention has been
proposed to have a close relation to the functional architecture of manual-control
circuits (Nobre, 2001; O’Reilly et al., 2008). Similar to how spatial attention is thought

to build on the spatial acuity and computations of the oculomotor control system (e.g.,
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Sheliga et al., 1994), temporal orienting has been proposed to harness the temporal

granularity of hand movements.

Consistently, temporal attention has strong modulatory effects on motor
processing. For example, cued temporal attention consistently enhances the amplitude
and shortens the latency of late decision- and response-related P300-like potentials
(Correa et al., 2000; Correa & Nobre, 2008; Doherty et al., 2005; Griffin et al., 2001,
2002; Miniussi et al., 1999). Hazard-function and foreperiod manipulations influence
single-neuron activity patterns over motor areas such as the primary motor cortex
(Riehle et al., 1997), premotor areas (Lucchetti & Bon, 2001), the SMA (Heinen & Liu,
1997), and the LIP (Janssen & Shadlen, 2005; Kilavik & Riehle, 2010). Additionally,
isochronous rhythms are thought to modulate sensory processing by entraining motor
circuits (Morillon et al., 2015; Morillon & Baillet, 2017). Complex temporal sequences,
as studied using SRT tasks, have been shown to modulate action-related beta-

frequency (13-30 Hz) activity in a temporally tuned fashion (Heideman et al., 2018b).

One outstanding question about the effects of temporal attention on motor
processes is whether it exerts a widespread modulatory influence or whether it acts by
targeting specific motor programmes. Relatedly, a longstanding debate grapples with
the question of whether the timing of sequential movements is encoded independently
from their corresponding effectors or, alternatively, whether the representation of
sequence timing is necessarily coupled with specific movements® (Conditt & Mussa-
Ivaldi, 1999; Shin & Ivry, 2002; Spencer & Ivry, 2009). Some studies have reported
that, over time, the representation of sequence timings in an SRT task becomes
decoupled from the effectors until timing is represented independently (Kornysheva,
2016; Kornysheva et al., 2013; Kornysheva & Diedrichsen, 2014). Alternatively, others

have suggested that the temporal structure of a sequence of movements is bound to

> This is part of a longstanding debate about whether time is represented in dedicated neural
systems (e.g., Gibbon et al,, 1984; Treisman, 1963) or whether temporal information is

embedded in all neural circuits (e.g., Mauk & Buonomano, 2004). For reviews see Coull et al.,
(2011) and Muller & Nobre (2014).
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the corresponding effectors and actions (Nobre et al., 2007; O’Reilly et al., 2008; Shin
& Ivry, 2002).

Cotti and colleagues (2011) used symbolic cues to orient participants’ attention
cither to moments in time, to specific motor effectors (hand and eye), or to a
combination of both. Importantly, they found that temporal orienting could benefit
behaviour even when the effector was uncertain. Building on these studies, one of the
motivations for Chapter 2 of this thesis is to investigate whether (visual and auditory)
temporal expectations formed from incidentally learned temporal regularities facilitate

behaviour in the absence of certainty about motor effectors.

Importantly, while temporal orienting has strong modulatory effects on motor
processes, it has also been found to influence the processing of sensory attributes,

particularly space.

1.4.2.3 Time and space

The interdependence between time and space is part of a longstanding debate in both
physics and neuroscience (Buonomano & Rovelli, 2021). Some accounts have
suggested that timing is intrinsically and irrevocably bound to spatial processing
(Buonomano & Maass, 2009; Cai et al., 2012; for review see Muller & Nobre, 2014).
However, other proposals emphasise their independent representation and

modulation of cognitive processes (e.g., Ivry & Schlerf, 2008; Treisman, 1963).

Spatiotemporal expectations have been consistently shown to direct attention
efficiently to the predicted spatiotemporal combinations both in vision and audition
(Boettcher et al., 2022; Lange & Roéder, 2010; Pfeuffer et al., 2020; Rieth & Huber,
2013; Thomaschke et al., 2016; Thomaschke & Dreisbach, 2013; Wagener &
Hoffmann, 2010). However, most studies have not directly tested whether spatial and

temporal attention act independently or in synergy.
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Studies which have addressed this question have reported mixed effects. For
example, Coull & Nobre (1998) found additive effects of temporal and spatial orienting
(see also Coull et al., 2001; Griffin et al., 2002; Miniussi et al., 1999). In contrast, other
studies have noted strong interactions between spatial and temporal attention. Doherty
and colleagues (2005) studied incidentally formed temporal, spatial, and spatiotemporal
expectations, which directed participants’ attention to relevant moments and/or
locations. In this task, a ball moved in discrete steps across a display and disappeared
underneath an occluding bar. As a manipulation of temporal expectations, the interval
between successive steps was either regular (rthythmic) or irregular. Independently, the
location of ball reappearance could be spatially predictable or unpredictable. Both
temporal and spatial predictions enhanced performance, but their behavioural effects
did not interact (Doherty et al., 2005; see also Correa & Nobre, 2008; Kingstone, 1992;
Praamstra et al., 2006; Rohenkohl & Nobre, 2011). Strikingly, despite the additive
nature of the behavioural effects, a strong interaction was observed in the modulations
of early visual processing stages (P1). While temporal expectations alone did not
modulate P1, spatiotemporal expectations significantly enhanced P1 magnitude
relative to spatial expectations alone. The lack of a behavioural interaction observed in
Doherty and colleagues’ study (2005) was speculated to result from the relatively low
perceptual demands of the task. Consistently, a perceptually demanding symbolic
cueing task revealed a strong interaction between spatial and temporal attention at the
behavioural level. Specifically, the benefits of temporal expectations for discrimination
were limited to spatially attended locations (Nobre & Rohenkohl, 2014; see also
Milliken et al., 2003; Seibold et al., 2020). Similarly, in a temporally structured SRT task,
isolated temporal sequences were ineffective in facilitating behaviour, but combined
spatiotemporal expectations led to a striking amplification of the behavioural effects

of isolated spatial expectations (O’Reilly et al., 2008).

In the auditory domain, Lange and colleagues (2006) manipulated temporal
attention in blocks (long vs short foreperiod) and independently from spatial attention.
While both spatial and temporal attention facilitated performance, temporal attention
only did so at unattended locations and spatial attention improved behaviour at

unattended times exclusively. Therefore, while an interaction between temporal and
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spatial auditory attention was identified, it followed a very different pattern to visual
temporal attention (Lange et al., 2006). In addition to different modalities, the above-
presented studies manipulated different kinds of temporal regularities to orient
attention (e.g., blocked foreperiods, rhythms, and symbolic temporal cueing) which

could partially account for the observed differences (see Section 1.4.2.1).

Interestingly, cellular recordings in macaques also support a strong link between
temporal and spatial attention. For example, the effects of spatial attention on V4
activity varied in amplitude according to the blocked manipulations of temporal hazard
functions for target appearance (Ghose & Maunsell, 2002). Ghose and Bearl (2010)
further found that spatial receptive fields of MT neurons changed across brief time

ranges as a function of spatiotemporal expectations.

Together, these findings inspired the proposal that the temporal orienting of
attention may act by latching onto other stimulus attributes. In particular, temporal
attention may modulate activity in neurons with spatial receptive fields in a temporally
tuned fashion (Nobre, 2010; Nobre & Rohenkohl, 2014). This idea additionally

motivated the studies presented in Chapter 3 of this thesis.

1.4.2.4 Time and sensory features

Temporal attention can also be guided by non-spatial and non-motor attributes such
as colours, images, orientations, or tones (Anderson & Sheinberg, 2008; Jaramillo &
Zador, 2011; Kingstone, 1992; Lakatos et al., 2013; Seibold et al., 2020; Warren et al.,
2014). However, most studies investigating feature-temporal attention have not
manipulated spatial certainty or have not introduced strong spatial competition
between attended items. Therefore, in these studies, the attended stimuli were spatially
predictable and the modulations of temporal attention on non-spatial (and non-motor)

processes could not be isolated.

For example, Anderson and Sheinberg (2008) developed a temporal-cueing task

which manipulated temporal expectations on a trial-by-trial basis in NHPs. Temporally
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expected images increased the firing rates of image-selective neurons in IT and
enhanced inter-spike coherence (see also Fries et al., 2001, 2008). Using fMRI, Warren
and colleagues (2014) found that V1 orientation-tuning to attended orientations was
amplified in an anticipatory fashion in a temporal cueing task. In the auditory domain,
Jaramillo and Zador (2011) trained rats to discriminate between two target tones of
different frequencies. Across two different kinds of blocks, target tones were more
likely to happen following a short or a long foreperiod. Interestingly, temporal
expectations enhanced the neural responses of frequency-tuned auditory cortex
neurons in a temporally specific fashion. Nevertheless, in all these studies, the expected

features were also spatially predictable.

To my knowledge, one study has provided preliminary evidence that temporal
attention may modulate feature-specific neural activity independent of spatial receptive
fields. Lima and colleagues (2011) explored the effects of temporal orienting in V1
neurons during flexible, trial-by-trial cueing of spatially predictable targets. Temporal
expectations increased gamma-frequency activity (spiking, LFP, and coherence) that
was temporally selective but anatomically widespread, encompassing neurons with
disparate spatial receptive fields (Lima et al., 2011). Interestingly, this increase in
gamma-frequency activity was accompanied by a reduction in alpha-frequency activity,
consistent with the findings of studies using human non-invasive recordings
(Rohenkohl & Nobre, 2011). This study therefore pointed to a temporally specific
modulation of spatially widespread receptive fields in V1, even when targets were

spatially predictable.

Only a handful of studies have investigated the behavioural consequences of
temporal attention under spatial and motor uncertainty, and, to the best of my
knowledge, none has tested the flexible orienting of temporal attention under spatial
and motor uncertainty. Olson and Chun (2001) investigated contextual cueing of
temporal attention by presenting participants with streams of letters, some of which
were organised into temporal sequences. If a temporally structured sequence of
elements preceded the appearance of a target, responses to the target were faster,

despite a lack of spatial predictability. Similarly, Seibold and colleagues (2020) found
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that exposure to blocked foreperiods could improve performance to sensory features
in the absence of spatial certainty. Interestingly, they also found that temporal attention
interacted with both spatial and feature-based attention, supporting the proposal that
temporal expectations act by latching onto other stimulus attributes. These studies
suggest that incidentally learned temporal regularities can orient attention in the

absence of spatial certainty.

Vangkilde and colleagues (2012; experiments 2 and 3) found that blocked
exposure to two different hazard functions directed temporal attention to letters in the
absence of spatial certainty. Interestingly, in this task, responses were not speeded,
further revealing that temporal attention facilitated performance in the absence of full
motor certainty. In a visual search task, Grubert and Eimer (2018) found that feature-
specific attention (irrespective of location), as indexed by ERP modulations, was
activated in a temporally tuned and anticipatory fashion. However, in these studies, the
manipulation of temporal expectations was blocked and, therefore, did not tap into
the flexible nature of temporal orienting. Additionally, in these studies, different
features were not tied to specific temporal expectations, hindering any conclusions

about the selective effects of temporal attention on non-spatial receptive fields.

Finally, a recent modelling study by Denison and colleagues (2021) developed a
dynamic normalisation model of temporal attention, which successfully explains
several behavioural consequences of temporal cueing. In this model, attention
modulates orientation-sensitive units through gain control, providing empirically
testable predictions for feature-specific modulations of temporal attention.

Nevertheless, spatial uncertainty was not manipulated.

All in all, a handful of studies have suggested that temporal attention can be
oriented towards expected features without spatial and motor certainty. Nevertheless,
in these studies, temporal attention did not flexibly prioritise certain features over
others based on changing goals. Therefore, in Chapter 3, I developed a task to test
whether visual and auditory temporal attention can be flexibly directed to temporally

expected features in the absence of spatial and action-related certainty.
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1.5 INTERNAL ATTENTION

Internal attention is the process of selectively prioritising contents in internal
representations to proactively guide behaviour (Chun et al.,, 2011; van Ede & Nobre,
2023). To date, the vast majority of studies have considered the behavioural and neural

consequences of directing internal attention to contents in working memory®.

Working memory can be described as the maintenance and manipulation of
information during brief periods and after sensory information is no longer available
(Atkinson & Shiffrin, 1968; Baddeley & Hitch, 1974). Its main adaptive function is to
prepare us for prospective behaviour based on past occurrences (Fuster & Bressler,
2012; Nobre & Stokes, 2019; Olivers et al., 2011; Postle, 2006; Rainer et al., 1999; van
Ede, 2020; van Ede & Nobre, 2023). Internal selective attention may prioritise
working-memory contents in a variety of ways, such as by selectively enhancing their
quality or accessibility, or by improving their ability to guide behavioural output (Souza
& Oberauer, 2016; van Ede & Nobre, 2023).

A quintessential experimental manipulation for studying internal attention is the
use of retrodictive cues or retro-cues (Griffin & Nobre, 2003; see also Astle et al., 2012;
Landman et al., 2003; Sligte et al., 2010). In Posner-like tasks, symbolic cues signal the
location (or other sensory feature) of an upcoming target (pre-cue; Posner, 1980), thus
encouraging a proactive prioritisation of the target’s attributes before its appearance
(see Section 1.4). In contrast, retro-cues appear during the retention period of a
working-memory delay. Therefore, retro-cues prompt the selective prioritisation of
contents that have already been encoded into working memory, in preparation for a

prospective response.

Cueing participants to attend to an external location (external attention) or a

location in working memory (internal attention) activates an overlapping network of

®See Chun et al. (2011) for an overview of internal attention to long-term memories, decisions,
responses etc.
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dorsal frontoparietal and occipital areas (Nobre et al., 2004; see also Bledowski et al.,
2009; Esterman et al., 2009; Nee & Jonides, 2008; Tamber-Rosenau et al., 2011; Wallis
et al., 2015; see Section 1.4.1). Interestingly, this network also includes key areas for
oculomotor control (Nobre et al., 2004). Consistently, continuous behavioural metrics
of the eye can track the internal prioritisation of stimulus locations (van Ede et al,,
2019b, 2021; see also Spivey & Geng, 2001). This points to the involvement of the
oculomotor system and its peripheral effector organs in internal attention, analogous

to external attention (Deubel & Schneider, 1996).

Additional areas are also engaged during internal attention, most notably
ventrolateral prefrontal regions (Lepsien et al., 2005, 2011; Nee et al., 2013; Nee &
Jonides, 2008, 2009; Nelissen et al., 2013; Nobre et al., 2004; Wallis et al., 2015) and
the basal ganglia (Chatham et al., 2014; Chatham & Badre, 2015; Tamber-Rosenau et
al., 2011). Interestingly, these two regions have been implicated in output gating,
control, task switching, and selection processes within working memory (Brady et al.,
2011; Chatham et al., 2014; Chatham & Badre, 2015; Higo et al., 2011; Kuo et al., 2014,
Nee et al., 2013; Nelissen et al., 2013; Richter & Yeung, 2014; Tamber-Rosenau et al.,
2011).

ERPs also highlight both similarities and differences in the temporal profiles of
internal and external attention. Both processes seem to modulate early posterior
potentials and later frontal negativities, while retro-cues specifically modulate frontal

potentials from early on (Griffin & Nobre, 2003; Kuo et al., 2009; Nobre et al., 2007).

The first NHP study contrasting external and internal attention found that
internally and externally attended locations and colours were decodable in the lateral
prefrontal cortex (LPFC), FEF and V4 (only location). Though preliminary, these
findings are relatively consistent with the frontoparietal areas and downstream
modulatory effects observed in external attention studies (see Section 1.4).
Interestingly, however, only LPFC activity generalised to both kinds of attention,
suggesting that, despite the implication of similar areas, the neuronal populations

engaged in each process may differ (Panichello & Buschman, 2021).
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1.5.1 Internal prioritisation of sensory contents

Regarding the modulatory effects of internal attention, univariate fMRI analyses have
revealed that retro-cues activate brain regions related to prioritised locations (Kuo et
al., 2014; Sligte et al., 2008, 2010) and objects (Lepsien & Nobre, 2007). Consistently,
decoding approaches have identified content-specific activity during internal selection
(Harrison & Tong, 2009; Lewis-Peacock et al., 2012; Serences et al., 2009). Alpha-
frequency (8-12 Hz) activity over occipital areas is modulated by internal prioritisation
generally (Poch et al., 2017; Schneider et al., 2015, 2016) and by location prioritisation
in a spatially specific manner (De Vries et al., 2017; Myers et al., 2015; Poch et al., 2017;
van Ede et al., 2017; Wallis et al., 2015; Wolff et al., 2017; see Section 1.6.1).

Internal attention is remarkably flexible. In contrast to the behavioural costs
observed at locations (and other sensory attributes) that lie outside of the focus of
external attention, selecting a sensory item in working memory does not compromise
the representation of other competing items. Currently unprioritized items can be
effectively selected and prioritised later (Myers et al., 2018). The capacity to flexibly
prioritise, de-prioritise, and re-prioritise sensory contents depending on changing task
demands and with limited behavioural costs is one of the most consistent and
distinguishing features of internal attention (Christophel et al., 2018; De Vries et al,,
2017, 2018; LaRocque et al., 2013; Lewis-Peacock et al., 2012; Muhle-Karbe et al.,
2021; Myers et al., 2018; Rerko & Oberauer, 2013; van Ede et al., 2021; Van Moorselaar
et al,, 2015).

The prioritisation of internal sensory contents is also dynamic and temporally
tuned. Like external attention, internal attention builds upon temporal regularities in
the environment to structure the prioritisation of sensory contents accordingly. Across
two studies that predictably manipulated the time at which different internal contents
would be probed, both pupil size and lateralised alpha activity revealed that stimulus
contrasts and locations were prioritised dynamically and at the relevant times (van Ede
et al., 2017; Zokaei et al., 2019; see also Jin et al., 2020; van Loon et al., 2017). Other

known ERP signatures of temporal external attention (i.e., CNV and CDA) have also
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been observed when internal attention is driven by temporal expectations (van Ede et
al., 2020). De Vries and colleagues (2018) further revealed that during temporally
predictable priority switches, occipital alpha activity was coupled with frontal theta (4-

8 Hz) oscillations, which were proposed to reflect “top-down” switch coordination.

In summary, the prioritisation of sensory features in working memory is selective,
proactive, flexible, dynamic, and temporally tuned. Several of its features and
consequences are shared with external attention. Nevertheless, internal attention has
its own set of unique and distinguishing characteristics which are becoming
increasingly clear. These might reflect the different goals that internal and external
attention subserve. While the former prioritises sensory contents amidst competing
stimulation to create cohesive representations, the latter prioritises working-memory
contents and prepares them to be imminently used to guide behaviour (Heuer et al.,

2020; Myers et al., 2017; Souza & Oberauer, 2016; van Ede & Nobre, 2023).

1.5.2 Internal prioritisation of action-related

contents

Internal attention has been suggested to play an essential role in preparing prospective
actions, thus making working-memory contents “action-ready” (van Ede & Nobre,
2023). Consistently, in addition to prioritising sensory contents, internal attention is
very effective at prioritising action-related working-memory contents (Boettcher et al.,
2021; Formica et al., 2021; Gonzilez-Garcia et al., 2020; Henderson et al., 2022;
Kikumoto et al., 2022; Rosner et al., 2022; Trentin et al., 2023; van Ede et al., 2019a).

In line with the activation of cortical and subcortical motor areas following retro-
cues (Chatham et al., 2014; Tamber-Rosenau et al., 2011), internal selection also
modulates ERPs and beta-frequency oscillatory activity linked to motor preparation
(Schneider et al., 2017; see Section 1.6.2). Beta modulation is constrained to the
hemisphere contralateral to the prospective action hand (i.e., effector-specific) when

the action is imminent (van Ede et al, 2019a), and during internal prioritisation
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following a retro-cue (Ester & Weese, 2023). Potential actions in working memory can
be prioritised even when their subsequent utilisation is uncertain (Nasrawi et al., 2023;
Nasrawi & van Ede, 2022), hence proactively preparing us for different possible
futures (Cisek & Kalaska, 2010).

Internal attention has been proposed to act upon working-memory contents in
two separate stages. First, the cued sensory contents would be selected and prioritised
and, subsequently, sensory contents would be reformatted to activate the prospective
response (Myers et al., 2017). At this point, sensory-related contents may no longer be
necessary, at least in tasks with low sensory demands. Consistent with this proposal,
Wallis and colleagues (2015) reported the successive activation of a frontoparietal
network related to alpha attenuation (i.e., sensory prioritisation), followed by a cingulo-
opercular network proposed to reflect the motor transformation step. Several other
studies have found that sensory codes are converted into motor codes in working
memory when the subsequent response is certain (Gonzalez-Garcia et al., 2020;

Henderson et al., 2022; Kikumoto et al., 2022; Panichello & Buschman, 2021).

In contrast to the intuition of serial sensory selection followed by motor
transformation, recent studies suggest that sensory and motor modulations do not
necessarily unfold in a serial, orderly fashion. A recent study which independently
manipulated location and action-related content selection revealed that the
prioritisation of item locations and prospective actions unfolded in parallel (van Ede
et al., 2019a). Consistently, a different study found that, when available, action-related
contents could be selected at very early stages of processing, specifically, during
encoding of visual items into working memory (Boettcher et al., 2021). The same study
additionally revealed that action selection did not build up slowly over the working-
memory retention period, as it may have been predicted from a gradual sensory-to-
motor code transformation. Instead, action contents were prioritised at encoding,
seconds before they would become relevant, then re-prioritised before the imminent

response.
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On the whole, sensory contents in working memory are flexibly prioritised
depending on changing goals. Moreover, motor prioritisation in working memory is a
key element of the pragmatic nature of internal attention. Additionally, the
prioritisation of sensory and action-related contents in working memory is not always
serial. However, much remains to be learned about whether and how sensory- and
action-related contents that co-exist in working memory are flexibly and dynamically
prioritised according to changing goals. This is the question that motivates Chapter 4
of this thesis. To address it, I rely on continuous metrics of neural activity (with EEG)

and behaviour (with eye-tracking).

1.6 TIME COURSES OF SENSORY- AND ACTION-

RELATED PRIORITISATION

Frequency-specific patterns of neural activity, often referred to as neural oscillations,
are ubiquitous in the brain and have been suggested to play key functional roles in
multiple cognitive processes (Buzsaki, 2000; Fries, 2005; Siegel et al., 2012; Thut et al.,
2012; Varela et al., 2001). In Chapter 4 of this thesis, I use alpha-frequency activity
modulations and horizontal gaze position as markers of location prioritisation in
working memory and mu-beta-frequency activity as a proxy for selection of

prospective hand actions.

1.6.1 Alpha-frequency activity

Neural oscillations in the alpha-frequency band (~8-12 Hz) were the first properties
noted in the ongoing brain activity when the EEG method was developed (Berger,
1929). Alpha oscillations have long been linked with the gating of sensory signals
(Adrian & Matthews, 1934; Berger, 1929; Hari & Salmelin, 1997). A relative reduction
in alpha-frequency activity is related to the anticipatory allocation of external attention

to visual features (Foxe et al., 1998; Thut et al., 2006; Worden et al., 2000). Similarly,
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directing internal attention to sensory features is accompanied by a relative attenuation
in alpha-frequency activity in related visual areas (Mok et al., 2016; Myers et al., 2015;
Poch et al.,, 2014, 2017; Schneider et al., 2015, 2016; van Ede, 2018; Wallis et al., 2015).
The extent of alpha reduction has been correlated with behaviour both in internal and
external attention (Thut et al., 2006; van Driel et al., 2017; van Ede et al., 2017), and
stimulation studies point to a causal functional involvement of alpha activity in
attention (Clayton et al., 2019; Romei et al., 2010; Sauseng et al., 2009; Spaak et al.,
2014).

When external or internal attention is directed to a specific location, alpha activity
is relatively attenuated over contralateral occipital regions (Myers et al., 2015; Poch et
al., 2017; Schneider et al., 2015, 2016; Wildegger et al., 2017), a property of alpha which
will be harnessed in Chapter 4 of this thesis. Content-specific activity patterns can be
decoded from occipital alpha (de Vries et al., 2019; Foster et al., 2017; van Moorselaar
& Slagter, 2019) and alpha activity reductions have also been observed in invasive
recordings following attention cues (e.g., Lima et al., 2011). Suppression in alpha
activity is thought to reflect an increase in excitability of the underlying neuronal
populations (Iemi et al., 2022; Jensen & Mazaheri, 2010; Klimesch et al., 2007) and the
tuning of sensory neurons to the attended feature (Klimesch, 2012; Treue & Martinez

Trujillo, 1999).

In the context of internal attention, Fukuda and colleagues (2015, 2016) have
suggested that the sustained attenuation of alpha activity observed during selection of
a cued item may be different to the more transient, lateralised alpha suppression that
is specific to selected locations. Consistent with this, lateralised alpha modulations
correlate with improved performance when they are brief (Mok et al., 2016), whereas
general alpha attenuation facilitates behaviour more strongly when it is longer-lived
(De Vries et al.,, 2020; Fukuda et al., 2015, 2016; van Ede, 2018). This, together with
several other pieces of evidence, suggest that the alpha-frequency modulations
recorded with non-invasive human neurophysiology may not represent a unitary

phenomenon.
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1.6.2 Mu-beta-frequency activity

Another prominent class of frequency-specific activity occurs in the mu-beta band
(mu: 8-12 Hz; beta: 13-30 Hz; Jasper & Penfield, 1949; Jenkinson & Brown, 2011;
Kilavik et al., 2013; Salmelin & Hari, 1994; Schoffelen et al., 2005). Mu-beta activity is
usually recorded over frontocentral sensors in EEG and MEG (Pfurtscheller et al.,
1996). Mu-beta modulations covary with movements, showing an initial
desynchronisation upon movement initiation and a subsequent re-bound
synchronisation following movement termination (Pfurtscheller et al., 1996). In
addition to movement execution, mu-beta activity is tightly linked with delayed action
preparation (Kaiser et al., 2001; Pfurtscheller & Berghold, 1989). Mu-beta activity over
contralateral central sensors is reduced in preparation for a hand action (Kaiser et al.,
2001; Leocanti et al., 1997; Pfurtscheller et al., 2000). Furthermore, the magnitude of
preparatory mu-beta modulation correlates with improved performance
(Androulidakis et al., 2007). Mu and beta rhythms have been suggested to have distinct
anatomical origins and to reflect the engagement of different brain networks
(Ronnqvist et al., 2013; Salmelin et al., 1995; Salmelin & Hari, 1994). Nevertheless,
they are both modulated by motor preparation and, therefore, they will be considered

jointly in Chapter 4 of this thesis.

Mu-beta activity has been suggested to reflect the engagement of cortico-striatal-
thalamic circuits (e.g., Klostermann et al., 2007). Mu-beta-frequency activity recorded
over the motor cortex seems to oscillate in phase with muscular activity in the
contralateral hand, a phenomenon referred to as cortico-muscular coherence (Fries,

2005).

Mu-beta-frequency activity is also thought to index the engagement of top-down
control processes in external attention and other cognitive functions (Buschman &
Miller, 2007; Engel & Fries, 2010; Fiebelkorn et al., 2018; Gregoriou et al., 2012; van
Ede et al,, 2011). Beta- (13-30 Hz) and gamma- (>30 Hz) frequency activity have
further been proposed to play a key role in working memory (for review see Lundqvist

et al., 2024). Recent studies have questioned the oscillatory nature of beta-frequency
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activity by highlighting its short-lived temporal profile. Transient increases in beta-
activity power (beta bursts) seem to correlate with the relevant cognitive processes
(Echeverria-Altuna et al., 2022; Feingold et al., 2015; Jones, 2016; Lundqvist et al.,
2016; Quinn et al., 2019; Shin et al., 2017).

Interestingly, both alpha- and mu-beta-activity are modulated by external
temporal attention (Heideman et al., 2018b; Rohenkohl & Nobre, 2011). In internal
attention, analogous alpha modulations have been observed during temporally
predictable prioritisation (van Ede et al., 2017). The modulation of mu-beta activity as
a function of the prioritisation of prospective actions in working memory according

to temporal expectations had not yet been tested until Chapter 4.

1.6.3 Microsaccades

Microsaccades are small (<1 DVA) eye movements that happen involuntarily when
holding fixation (Martinez-Conde et al., 2004; Rolfs, 2009; Rucci & Poletti, 2015). They
have been suggested to reflect shifts in endogenous spatial attention (Yuval-Greenberg
et al., 2014), yet they do not seem necessary for attentional shifts to occur (Liu et al.,
2022; Poletti et al., 2017). Interestingly, microsaccade suppression has been observed
around the time of temporally expected visual (Denison et al., 2019) and auditory
(Abeles et al., 2020) stimuli.

Recently, the prioritisation of location-related working-memory contents has been
linked to spatially specific biases in microsaccades towards the prioritised location
(Draschkow et al., 2022; Gresch et al., 2024; van Ede et al., 2019b). Interestingly, these
biases are observed even when space is not a relevant feature for the task (de Vries &
van Ede, 2024; van Ede et al., 2019b). These biases suggest that internal attention
builds upon the neural architecture of external attention, which is tightly linked with

oculomotor control (Rizzolatti et al., 1987).

Interestingly, tracking small movements in gaze position in a task requiring

successive reports of two spatially arranged items revealed that switching from the first
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to the second item location occurred, on average, before the end of the first item report
(van Ede et al.,, 2021). This shows the dynamic nature of sensory prioritisation in
working memory. Moreover, it highlights the temporal resolution and sensitivity of
gaze position as a proxy of the dynamic prioritisation of working-memory contents.

In Chapter 4, I harness these properties to study visual and auditory internal attention.

1.7 AIMS OF THE THESIS

My doctoral research investigates how perception and attention are tuned to different
temporal structures in the environment. I use the term temporal structures to refer to
regularities in stimulus features (feature regularities) and regularities in temporal

intervals between events (temporal regularities).

In Chapter 2, I investigate whether feature regularities which unfold over
different timescales jointly modulate ongoing perception, as indexed by perceptual
biases. Specifically, I investigate the interrelations between perceptual biases emerging
from exposure to medium-term feature regularities and serial biases between
temporally adjacent events. Across three experiments, the predictability and relevance
of the regular feature is manipulated to investigate how guidance signals modulate

perception.

In Chapter 3, I turn to studying the temporal orienting of visual and auditory
attention to external events. Specifically, I develop a task design that concomitantly
encourages the incidental learning of temporal regularities and the flexible orienting of
temporal attention as a function of changing goals. In three experiments, the temporal
orienting of attention to temporally expected visual and auditory features unfolds

under uncertainty about stimulus location and required response.

Finally, in Chapter 4 I investigate the temporal tuning of internal sensory- (visual
and auditory) and action-related content prioritisation. I harness oscillatory EEG

activity and eye-tracking to follow the time courses of visual and action-related content
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prioritisation based on external cues and internally driven temporal expectations.
Moreover, I interrogate the flexible and temporally tuned nature of auditory internal

attention.

The theme of the present thesis has a clear temporal undercurrent. It investigates
the behavioural consequences of feature regularities across timescales (Chapter 2), and
how temporal regularities sculpt external (Chapter 3) and internal (Chapter 4)
attention. Time is also pervasive in the designs and methodologies of this thesis. In
addition to using temporally resolved physiological markers, the task designs presented
here are driven by the common aim of assimilating the temporal dimension. The task
in Chapter 2 is a continuous stream of stimuli in which regularities unfold over
different timescales. Chapter 3 uses extended and dynamic stimuli to encourage the
incidental learning of feature-temporal regularities over time, and Chapter 4
investigates the effects of the same temporal expectations on distinct sensory and

action systems.

Another recurrent motif of this thesis is the manipulation of guidance signals such
as expectations and goals to investigate how they jointly guide perception and
attention. In Chapter 2, the predictability and relevance of feature regularities changes
across experiments. Chapter 3 explores the interplay between incidentally acquired
expectations and endogenously driven goals. Finally, Chapter 4 arbitrates between
expectations that are called upon by explicit cues and the internal monitoring of task-

goals which change predictably over time.

The completed studies recurrently consider the action-oriented nature of
perception and attention with questions like the following. Can regularities bias
perception when they do not require active task-engagement (Chapter 2)? Can
temporal expectations orient attention without motor certainty (Chapter 3)? How
does internal attention prioritise, de-prioritise, and re-prioritise action-related working-
memory contents dynamically (Chapter 4)? They additionally consider how time

interacts with space and other sensory features.
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Finally, a common effort of this thesis is translating between sensory modalities
(vision and audition) to test the generalisability of the present findings between sensory

systems which profoundly differ in their temporal structuring.
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FEATURE REGULARITIES ACROSS
TIMESCALES JOINTLY MODULATE

PERCEPTION

2.1 ABSTRACT

Ongoing perception is shaped by regularities at multiple timescales. Recent studies
point to concurrent and interactive modulations of perception by temporal adjacency
between events and by medium-term regularities in the context of an ongoing task.
Nevertheless, it remains unknown whether and how perception is jointly biased by the
immediate past and medium-term feature regularities which are also predictable in the
short-term. To address this, I investigated perceptual biases in orientation-
reproduction tasks manipulating medium-term task statistics. One orientation repeated
more frequently among other randomly oriented stimuli. Across three experiments,
reports of randomly oriented targets were consistently biased away from the repeated
orientation (repetition bias). This repetition bias occurred regardless of the
predictability, explicit knowledge, and relevance of the repeated orientation. Finally,
the repeated orientation biased subsequent orientation reports to a larger extent than
randomly oriented targets, suggesting combined effects of short- and medium-term
feature statistics. The present findings add to emerging evidence suggesting that

statistical regularities across different timescales concurrently shape perception.
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2.2 INTRODUCTION

The external world is highly structured. These regularities give rise to expectations
about upcoming events which, in turn, facilitate behaviour and modulate perception
(e.g., de Lange et al., 2018; Nobre & van Ede, 2018, 2023; Rosen, 2012). Exposure to
stimulus regularities results in perceptual biases whereby random features are reported
as systematically biased towards (more similar) or away (more dissimilar) from the

regularly occurring feature (de Lange et al., 2018; Series & Seitz, 2013).

Regularities unfolding over different timescales can jointly influence perception (Serics
& Seitz, 2013). At the lengthy span of long-term learning, a lifetime of exposure to
cardinal orientations results in systematic perceptual biases towards such orientations
(Gibson & Radner, 1937; Girshick et al., 2011; Xu et al., 2006). Relatedly, exposure to
stimuli with a specific feature distribution biases feature reports towards the mean of
the distribution (Hollingworth, 1910; Huttenlocher et al., 2000; Jazayeri & Shadlen,
2010).

Stimulus statistics also regularly emerge at mid-range timescales within the context
of an ongoing task (medium-term regularities) and can improve task performance
(Chun & Jiang, 1998; Schapiro & Turk-Browne, 2015). In addition to facilitating
behaviour, exposure to feature regularities (e.g., repeated motion direction) over tens
of minutes is known to bias perception towards the repeated motion direction (Chalk
et al., 2010; Gekas et al., 2013, 2015; see also Kok et al., 2013; Scotti et al., 2021;
Sotiropoulos et al., 2011).

Interestingly, similar perceptual biases have been reported between neighbouring
events, an effect referred to as serial dependence or serial bias. Temporal adjacency
between visual events results in perceptual biases whereby feature reports of the
stimulus in trial N are biased towards or away from the feature in trial N-1 (e.g.,
Cicchini et al., 2014, 2024; Fischer & Whitney, 2014; Manassi et al., 2023; Pascucci et
al., 2023; Thompson & Burr, 2009). Serial biases have been found across multiple
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stimulus features, task demands, sensory domains, and species (for recent reviews see

Cicchini et al., 2024; Manassi et al., 2023; Pascucci et al., 2023).

Given their ubiquitous nature, serial biases have been proposed to play a
functional role in perception. Attractive biases may promote visual stability (Cicchini
et al., 2018; Czoschke et al., 2019; Fischer et al., 2020; Fischer & Whitney, 2014;
Manassi & Whitney, 2022); repulsive biases may increase sensitivity to change
(Clifford, 2002; Clifford et al., 2007; Kohn, 2007; Thompson & Burr, 2009; Weber et
al., 2019; Webster, 2015). Broadly, they have been suggested to reflect a process of
adaptation to the statistics of the visual environment (i.e., Barbosa & Compte, 2020;
Cicchini et al., 2018; Clifford et al., 2007; Felsen et al., 2005; Fischer & Whitney, 2014;
Kiyonaga et al., 2017; Panichello et al., 2019; van Bergen & Jehee, 2019; Weber et al.,
2019).

Nevertheless, most studies of serial biases have used stimuli from uniform
(random) feature distributions and, therefore, feature regularities were absent.
Recently, some studies have begun investigating the effects of medium-term feature
regularities on serial biases. For example, exposure to facial attributes considered stable
(gender) vs changeable (expression) was reported to result in serial biases with opposite
directions (Taubert et al., 2016). This and other studies have shown that exposure to

medium-term feature regularities modulates serial biases (see also Blondé et al., 2023;

Chopin & Mamassian, 2012; Gekas et al., 2019; Panichello et al., 2019).

In a similar vein, serial biases seem to interact with perceptual biases resulting
from exposure to a consistent feature distribution, such as the central tendency effect
(Bae, 2024; Chopin & Mamassian, 2012; Gekas et al., 2019; Glasauer & Shi, 2022; but
see Cicchini et al., 2022; Galluzzi et al., 2022; Lieder et al., 2019; Saarela et al., 2023).
Interestingly, inactivation of the PPC in rodents resulted in the simultaneous ablation
of serial biases and the contraction bias, towards the average feature of multiple past
stimuli (Akrami et al., 2018). Furthermore, the behavioural effects of serial dependence
are better explained by models which also include parameters describing medium-term

statistical regularities (Chopin & Mamassian, 2012; Gekas et al., 2019; Glasauer & Shi,
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2022; Kalm & Norris, 2018; Tong & Dubé, 2022; van Bergen & Jehee, 2019). Finally,
serial biases and perceptual biases arising from long- or medium-term exposure to
statistical regularities have been successfully described within the same Bayesian

framework (e.g., Hahn & Wei, 2024).

Together, these findings point to close but relatively unexplored relations between
serial biases and perceptual biases related to regularities across different timescales.
Specifically, it remains unknown whether and how perception is jointly biased by the
immediate past (serial bias) and by shorter- (predictive relations between neighbouring
events) and longer-term (prolonged exposure to regularities) regularities in the

environment.

Here, an orientation-report task was used to test whether blocked exposure to a
repeated stimulus feature systematically influenced task performance across three
experiments. Specifically, I was interested in whether exposure to this repeated
orientation would bias other orientation reports. Additionally, I investigated whether
this bias would be modulated by the behavioural relevance of the repeated feature, as
manipulated by changing the explicit predictability of the repeated feature (Experiments
1 and 2) and the requirement to respond to it (Experiment 3). Moreover, I tested
whether features which predicted the appearance of the repeated stimulus would be
differentially biased. Finally, I examined whether the feature regularity resulted in
biases above and beyond the more typically studied biases of the immediate past (serial

bias; hereafter referred to as retrospective bias).

To foreshadow the results, random orientations were reported as systematically
more dissimilar to the repeated orientation across three experiments. This repetition bias
occurred regardless of whether the repeated orientation was explicitly known and
predicted by participants (Experiments 1 and 2) or was never reported by participants
(Experiment 3). Interestingly, this repezztion bias was not consistently different for
stimuli which predicted the forthcoming repeated orientation. Finally, the refrospective bias
induced by the repeated orientation on subsequent orientation reports was stronger than

the retrospective bias of other, randomly oriented gratings.
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2.3 EXPERIMENT 1

2.3.1 Methods

2.3.1.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R73580/RE001). In Experiment 1, 54 participants were
recruited through the Prolific Academic platform (https://www.prolific.co).
Participants were pre-screened to ensure they were aged 18 to 40, fluent in English,
had normal or corrected-to-normal eyesight, and fulfilled specific participation
requirements in Prolific Academic. Study inclusion required an approval rate above
95% and participation in at least ten prior studies. Participants were paid at a rate of
£10 per hour, and those whose performance accuracy was above 95% received an
additional monetary reward scaling from £0.01 (95%) to £5 (100%). All participants
provided informed consent prior to beginning the study. The sample size was based
on an initial power analysis in G*Power (Faul et al., 2007) that aimed at detecting
medium-sized effects (d = 0.5, « = 0.05, 1-8 = 0.95) and on other studies hosted in
the same server, which reported performance biases in continuous orientation reports

(e.g., Gresch et al., 2021).

Due to variable quality in online experiments (Sauter et al., 2020), strict exclusion
criteria were pre-defined and used. Data from participants were excluded from further
analyses if participants’ performance accuracy was below 50%, if they did not respond
to more than 20% of trials, if they had a mean RT above 3 SDs from the cross-
participant average, or if they had a mean accuracy below 3 SDs from the cross-
participant average. Data from two participants were excluded from further analyses
based on these criteria. Additionally, a pre-defined trial-removal procedure helped to
identify the proportion of “bad” trials per participant (see Data analysis for details).

A further two participants were excluded from subsequent analyses because their
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proportion of “bad” trials was higher than 3 SDs from the mean proportion of “bad”
trials across participants. Finally, data from one participant were excluded from further
analyses due to inaccurate reproduction of the repeated orientation at the end of the
block (see Experimental procedure and stimuli for details). A total of 5 participants
were excluded from further analyses, leaving a final sample of 49 participants (mean
age: 23.80; age range: 18-39; age SD: 5.81; 17 female, 31 male, and 1 preferred not to
say; 3 left-handed).

2.3.1.2 Experimental procedure and stimuli

The experimental script was generated using PsychoPy (PsychoPy Builder v2021.1.4;
Peitrce et al., 2019) and hosted online through Pavlovia (https://pavlovia.org/; Sauter
et al., 2020). Participants completed the study on their personal computers or laptops
using either Mozilla Firefox or Google Chrome and were asked to keep 60 cm away
from their screens. They were not allowed to participate in the study using phones or
tablets. At the beginning of the experiment, participants were asked to place a
standard-sized card against the screen and scale the image of a credit card on the screen
until it matched the physical one. The procedure served to estimate the resolution of
the computer screen (Li et al., 2020). The ratio between the card image width (pixels)
and the actual card width (cm) provided the pixel density (pixel per cm) per participant.
Together, this value and the recommended distance from the screen (60 cm) helped

estimate the DVA of the task stimuli.

Participants performed an orientation report task on a series of centrally presented
tilted Gabor patches. After each stimulus, they moved a dial to match the orientation

of the Gabor (Figure 2.1a).

At the beginning of each trial, a clearly visible Gabor (a sinusoidal grating with a
Gaussian envelope) with a diameter of 7 DVA, a spatial frequency of 2 cycles per
degree (CPD), and a contrast of 0.5, was displayed in the centre of the screen for 100

ms. Gabor disappearance was followed by a delay period of 650 ms, during which a
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fixation circle was shown centrally (1 DVA diameter). After the delay, the probe
appeared: a centrally displayed dial with a diameter of 5.7 DVA and two parallel
rectangular markers along opposite sides of the circle. Participants adjusted the
orientation of the dial (1.4 DVA) to match the angle of the Gabor (Figure 2.1a).
Specifically, when participants moved the mouse, the rectangular markers drifted
around the perimeter of the dial in the direction of the cursot’s location in steps of 1°.
Participants clicked the mouse when they considered that the dial matched the Gabor’s
orientation to confirm their response. In each trial, the dial’s starting orientation was
randomly chosen from a uniform distribution (1-180°) and the cursor was invisible to
the participants. Following probe appearance, participants had a maximum of 2000 ms
to reproduce the orientation of the Gabor. Before progressing to the next stimulus,
they were always required to wait until the end of this 2000 ms period even if they
confirmed their orientation report earlier. This ensured that the time between
perceptual events remained constant and independent from trial-to-trial variations in

response times. After an I'TT of 500 ms, a new trial began.

The Gabor patches used in this task varied across two features: colour and
orientation. The colour of each Gabor patch corresponded to one out of six possible
colours equidistantly spaced in the CIELab colour space (CIE, 2004; orange:
#D55E00, blue: #0072B2, pink: #CC79A7, brown: #IC755F, green: #009E73).

For each participant, one of the six possible colours was randomly designated as
the repeated colour for the duration of the study. Out of the five remaining colours, an
additional colour was randomly selected as the cueing colour. The remaining four
colours were considered random. In most trials, the colour of the Gabor was chosen
equiprobably out of five possible colours (the cueing colour and the four random
colours). Importantly, trials in which the cxeing colour was displayed were always
followed by trials with a Gabor with the r¢peated colour. Thus, if the Gabor with the
cuezng colour was displayed in one trial (N), it was fully predictive (100%) of the

appearance of the repeated colour in the subsequent trial (N+1).
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The to-be-reported orientation was chosen randomly from a uniform distribution
ranging from 1° to 180° for all Gabors except those with the repeated colour (1/6™ of
trials). The orientation of the Gabor associated with the repeated colour was constant in
each of the 10 blocks of the task, but it changed between blocks. Specifically, in each
block, the repeated orientation was chosen randomly from one out of ten possible
orientation bins spanning 180° (1-18°; 18-36°, 36-54°, 72-54°, 72-90°, 90-108°, 108-
126°, 126-144°, 144-162°, 162-180°). The order of the orientation bins was
randomised such that the target orientation in any given block was chosen from a

random bin that was never sampled again.

As the main manipulation of medium-term feature statistics, the orientation of
Gabors with the repeated colour remained consistent for the duration of a block.
Importantly, at the beginning of each block, participants were explicitly informed
about the predictive relation between the cueing and the repeated Gabors. Additionally,
they were shown the orientation of the repeated Gabor, were asked to remember it, and
were prompted to reproduce it at the end of each block. Participants who reproduced
the repeated Gabor’s orientation at the end of the block with an error higher than three
SDs from the cross-participant average error were excluded from further analyses (n

= 1).

All other participants successfully remembered the repeated orientations and their
average end-of-block report error was 10.47° (SD: 8.59°). At the end of the task,
participants were asked about the colour contingency between the cueing and the repeated
Gabors. All participants correctly identified the colour of the repeated Gabor as the
colour that followed the c#eing Gabor. This confirmed that participants held the repeated

orientation and ¢xeing contingency in memory.

Before beginning the experiment, participants received instructions about the task
procedure. They were encouraged to report the orientation of all Gabors as quickly
and as accurately as possible. The task was divided into 10 blocks, each containing 100
trials and lasting 5.42 minutes. Thus, the study lasted a total of ~1 h. Before the first

block, participants practised the orientation-report procedure for an unlimited amount
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of time and were asked to complete 8 practice trials. Between blocks, participants were
provided with feedback about their mean accuracy on that block. They were informed
about the percentage of trials without a response to encourage them to respond to all

targets as accurately as possible. Participants were instructed to rest between blocks.

2.3.1.3 Data analysis

All data analyses were performed using the R statistical programming language
(version 4.2.1; R Core Team, 2021) and R studio (version RStudio 2022.07.1; RStudio
Team, 2022). The following trials were excluded from subsequent analyses: trials
without a response, trials with responses faster than 100 ms, trials with responses
slower than three times the SD of the average RT for each participant, and trials with
report errors higher than three times the SD of the average report error for each
participant. After cleaning, an average of 1.99% (SD: 1.24%) trials were removed in
the final sample of participants (n = 49). The variables of interest were report error
(the absolute deviation from target orientation to reported orientation) and reaction

time (RT; time from probe onset to report confirmation) in each trial.

I investigated whether participants’ orientation reports were systematically biased
by two possible inducer orientations: the orientation of the repeated Gabor (repetition
bias and prospective bias) and the orientation of the Gabor from the previous trial
(retrospective bias). The repetition bias referred to the bias exerted by repeated Gabor
(inducer) on all random orientation reports. The prospective bias captured the bias exerted
by the repeated Gabor (inducer) on the cueing Gabors that immediately preceded and
predicted the repeated Gabors. The retrospective bias was quantified as the bias exerted by
any Gabor on trial N (inducer) on the orientation report of the random Gabor on trial
N+1. Biases in orientation reports were calculated by estimating response-bias curves,
which represent the extent to which participants’ orientation reports deviated from the

target orientation and were shifted towards or away from the inducer orientation.
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To account for general, unspecific response biases, each participants’ average
reproduction error across all conditions was subtracted from the trial-wise
reproduction error (see also Gresch et al.,, 2021; Hajonides et al., 2023). Repetition,
prospective, and retrospective biases were quantified as the circular distance between the
reproduced orientation in a given trial and the original target orientation on that trial
as a function of the circular distance between the target orientation and the inducer
orientation. Following subtraction of the target and inducer orientations, the angular
differences were mapped between -90° and 90°. Subsequently, the circular differences
between the target and inducer orientations were binned into 54 overlapping bins (size:
20°). The report error was calculated for each bin using a moving-window procedure
with a step size of 3°. The angular differences were wrapped around, thus ensuring
that a constant number of trials was used to calculate response bias in each bin. This
yielded one value of response bias per orientation bin as a function of the angular
difference between the target and the inducer orientation: the response-bias curve.
Response-bias curves were calculated per participant and per condition and
subsequently averaged across participants for each condition of interest. A matching
sign between the reproduction error and the angular difference between the target and
the inducer indicated the presence of a positive (attractive) bias, whereas a differing

sign between both pointed to a negative (repulsive) bias (Fischer & Whitney, 2014).

To quantify the bias induced by the r¢peated Gabor on all random Gabor reports
(i.e., repetition bias), the trials immediately following a repeated Gabor were excluded to
minimise the influence of retrospective biases induced by the repeated Gabor on the
calculation of the repetition bias. Similarly, to calculate the bias induced by the repeated
Gabor on weing Gabors (prospective bias), cueing Gabors that immediately followed a

repeated Gabor were excluded.

Retrospective biases were calculated as those induced by the Gabor of the preceding
trial (N-1) on the orientation report of the current trial (N; Fischer & Whitney, 2014).
These were separated into the random retrospective bias — exerted by any random Gabor
on any subsequent random Gabor — and the repetition retrospective bias — the bias of the

repeated Gabor on subsequent random orientation reports.
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All bias curve calculations excluded trials identified as “bad” (see above for
details). Moreover, the number of trials used to calculate the response biases per
condition was matched to ensure comparable variance across conditions. Matching
was achieved by randomly subsampling trials in the condition with the most trials until
it matched the condition with the least trials. This resulted in an average of 511.81 trials
(SD: 25.9) per participant for calculating the repetition bias curve and the shuffled control
(see Statistical testing for details). An average of 128.43 trials (SD: 7.6) was used to
calculate the repetition retrospective bias and 129.41 trials (SD: 6.51) for the random
retrospective bias. For calculating the prospective bias, the average distance from a repeated
Gabor to subsequent random Gabors and cueing Gabors was matched per participant by
random trial sampling. This ensured that any potential lingering bias of the repeated
Gabor was matched when comparing the prospective bias with the repetition bias. On
average, 118.41 trials (SD: 7.67) per participant were used to calculate the prospective

bias and its corresponding control repetition bias.

2.3.1.4 Statistical testing

The statistical significance of the variables of interest across participants (report error
and RT) was tested using repeated-measures ANOVA with condition (cuezng, repeated,
and random) as a factor. n* was the metric of effect size and the within-subject SEM was
quantified using the normalised data (Morey, 2008). When relevant, the p-values of the
ANOVAs were displayed as corrected by the Greenhouse-Geisser Correction for
Sphericity (pcc). Post-hoc comparisons were performed using two-sided paired-
samples Student’s t-tests and Cohen’s d measured effect size. Following unplanned
post-hoc comparisons, the resulting p-values were corrected for multiple comparisons

using the Bonferroni method.

The statistical significance of the repetition bias was tested against a well-matched
condition. To this end, a null condition was generated which accounted for potential
artefacts in bias curve estimation when using repeated orientations as inducers. The 10

repeated orientations chosen across blocks were shuffled for each participant. For each

67



block, the reproduction bias to the repeated orientation from a different block was

calculated (Figure 2.1a).

Subsequently, the statistical significance of the difference between the repetition
bias and the shuffled contro/ condition across participants was evaluated using cluster-
based permutation testing (Maris & Oostenveld, 2007). First, a mass-univariate t-test
(two-sided, alpha = .05) was performed on the group-level bias curves, and cluster
statistics were calculated. Then, the bias curves across the two conditions of interest
were randomly permuted (sign-flipped) 10,000 times per participant, defining the null
hypothesis. The summary statistics of the largest clusters of the null hypothesis were
compared with the observed data, thus generating distributions of summary cluster
statistics and circumventing the multiple comparisons problem (Maris & Oostenveld,
2007). The same approach assessed the difference between the prospective bias and the

repetition bias and between the repetition retrospective bias and the random retrospective bias.

As a complementary analysis, the AUC of the response-bias curves of interest was
compared: repetition bias vs shuffled control, prospective bias vs repetition bias, repetition
retrospective bias vs random retrospective bias. To this end, bias curves for each condition
were integrated separately for negative and positive target-to-inducer angles, sign-

matched and compared between the conditions of interest using paired-samples t-tests.

All statistical tests were two-sided, and the error bars and the shaded areas
depicted in all figures correspond to the SEM. Following the American Psychological
Association (APA) conventions, statistically significant differences between conditions
are denoted by asterisks on all figures. The ggp/or2 R package (version 3.3.6; Wickham,
2009) was used for plotting.

2.3.2 Results

In this experiment, the primary interest was assessing the influence of medium-term
feature regularities on participants’ general performance and perceptual biases. The key

manipulation was the presence of a repeated Gabor whose orientation was displayed
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more frequently (1/6" of trials) than any other orientation within a block. Importantly,
trials with a repeated Gabor were predictable, always appearing following a cueing Gabor,

with a constant colout.

2.3.2.1 General performance

When comparing the predefined behavioural variables-of-interest (report error and
RT) in response to random, cueing, and repeated Gabors with a repeated-measures
ANOVA, a main effect of condition on report error was found (F(1,96) = 7.92, **psa
= .004, n* = .012; Figure 2.1b). Post-hoc t-tests revealed that participants were
consistently more accurate at reporting the tilt of repeated Gabors (Miep: 6.47°, SDiep:
2.68°) compared to random Gabors Miunda: 7.46°, SDiana: 2.91°; £(48) = -3.27, **p = .002,
d = .47). Additionally, repeated Gabors were reproduced with a lower report error than
cuerng Gabors (t(48) = -2.43, *p = .02, d = .35). Finally, there was a trend towards a
lower repott etror to cueing vs random Gabors (Mee: 7.31°, SDeue: 2.87°; t(48) = -1.97, p
=.00,d = .28).

Another ANOVA revealed a main effect of condition on reaction time (F(1,96)
= 25.96, ***psc < .001, n* = .005; Figure 2.1c), whereby participants were slower at
reporting repeated (Miep: 588.78 ms, SDyep: 235.47 ms) than random Gabors (Miana: 551.28
ms, SDrana: 224.6 ms; t(48) = 5.7, ¥**p < .001, d = .81) and eueing Mewe: 557.83 ms,
SDewe: 219.74 ms) vs random Gabors (t(48) = 4.76, ***p < .001, d = .68). Moreover,
cuerng Gabors were reported more slowly than repeated Gabors (t(48) = 4.77, ***p <
001, d = .68). Together with the report error, this pattern of findings pointed to a
general influence of the repeated Gabor and the cueing-repeated contingency on
participants’ performance. This result additionally pointed to a speed-accuracy trade-
off in participants’ responses to repeated Gabors with more accurate orientation reports

at the expense of slower RTs.

At the end of each block, participants were asked to reproduce the orientation of

the repeated Gabor. Their report error was 10.47° (SD: 8.59°), suggesting they
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2 | FEATURE REGULARITIES ACROSS TIMESCALES JOINTLY MODULATE
PERCEPTION

successfully remembered the repeated orientations. Moreover, all participants correctly

reported the contingency between the cueing and the repeated Gabor colour at the end

of the task.
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Figure 2.1. Experiment 1: task design and general performance. a) Trial schematic. In each trial,
participants reported the orientation of a target Gabor coloured in one of six possible colours. For each
participant, one of the colours was randomly selected as the repeated colour and another as the cueing
colour. The colour of the target in each trial was chosen randomly out of five possible colours (the cueing
colour and the four remaining random colours) and its otrientation was chosen equiprobably from 1-180°.
When the cueing colour was chosen in trial N-1, the following trial (N) would display a target with the
repeated colour. Moreover, targets with the 7gpeated colour had a constant orientation within a block
chosen out of 10 non-tepeating otientation bins spanning 180°. The otientation of the rgpeated Gabor
and the predictive relation between the creing colour and the repeated Gabor was explicitly disclosed to
patticipants at the beginning of each block. b) Mean report etror (°) to random, cueing, and repeated Gabots.
¢) Mean reaction time (ms) to randons, cueing, and repeated Gabors. Error bars depict the SEM and asterisks

denote statistically significant differences following relevant statistical tests.
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2.3 | EXPERIMENT 1

2.3.2.2 Perceptual biases

The presence of a repeated orientation was hypothesised to result in systematic
perceptual biases on other orientation reports. To test this, the bias induced by the
repeated Gabor on random orientation reports was calculated (see Data analysis and
statistical testing). Cluster-based permutation analyses (Maris & Oostenveld, 2007)
and a t-test between the AUC of the repetition bias curve (Mep: 24.02, SDp: 86.77) and
the shuffled control bias curve (Meon: -27.65, SDeon: 81.55) revealed that the repeated
orientation exerted a repulsive bias on random Gabor reports (Figure 2.2a,b; left to
right; cluster 1 (-41 to -8): ***p < .001, custer 2 (10 to 52): ***p < .001; t(48) = 5.9, ***p
<.001, d = .84). This indicated that a frequently presented orientation resulted in a
general bias (repetition bias), whereby orientation reports of random Gabors were

systematically repelled away from the repeated feature.
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Figure 2.2. Experiment 1: repetition bias, prospective bias, and retrospective biases. a) Average
response bias relative to the angular difference between random Gabors and the repeated orientation

(repetition bias; green) and between random Gabors and the shuffled repeated otientation (shuffled control; grey).
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b) Area under the repesition bias curve (green) and shuffled bias curve (grey). c) Average response bias
relative to the angular difference between the cueing orientation and the rgpeated orientation (prospective
bias; blue) and between the random otientation and the repeated orientation in a subset of trials (repetition
bias; green). d) Area under the prospective bias curve (blue) and repefition bias curve (green; calculated using
a subset of trials; see Methods). e) Average response bias relative to the angular difference between the
repeated orientation and subsequent random Gabors (repetition retrospective bias; yellow) and between
adjacent random Gabors (random retrospective bias; pink). f) Area under the repefition retrospective bias curve
(yellow) and the random retrospective bias curve (pink). Individual dots reflect the average AUC of each
patticipant and error bars depict the SEM. Asterisks denote statistically significant differences following
relevant statistical tests. Shaded areas reflect the SEM and the lines below the bias cutves reflect
orientation-bins that were significantly different between conditions following cluster-based

permutation testing.

Subsequently, I investigated the bias exerted by the repeated orientation on cueing
Gabors, which were predictive of the repeated orientation, and compared it to the
repetition bias of the repeated Gabor on random grating reports (Figure 2.2c,d).
Interestingly, neither cluster-based permutation testing nor a t-test of AUC revealed
any differences between conditions (Miep: 25.9, SDrep: 131.3; Mpros: 16.95, SDpros: 124.806;
t(48) = .58, p = .50, d = .08). It was concluded that despite their predictive value, cueing

Gabors were biased by the repeated orientation to the same extent as random Gabors.

Finally, a t-test comparing the AUC of retrospective biases following repeated vs
random Gabors revealed that the repetition retrospective bias was stronger than the random
retrospective bias (Figure 2.2f; Miep: 81, SDyep: 184.42; Miana: 45.92, SDiana: 143.68; t(48)
= 2.06, *p = .04, d = .29). In contrast, no significant clusters were identified using
cluster-based permutation testing between the two bias curves (Figure 2.2e),
suggesting that the refrospective bias exerted by repeated targets was only slightly stronger

than that of random targets.

In summary, Experiment 1 showed that medium-term feature regularities, such as
exposure to a repeating orientation, exerted a repetition bias on all other orientation
reports. Interestingly, this bias did not differ for cueing Gabors which predicted the

subsequent appearance of the repeated teature. Additionally, the refrospective bias exerted
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by the repeated feature seemed to be slightly stronger than the refrospective bias of other

random features.

2.4 EXPERIMENT 2

The second experiment tested whether the effects described in Experiment 1 were
contingent on explicit knowledge and predictability of the repeated orientation. As a
secondary aim, Experiment 2 served to replicate and generalise the findings from
Experiment 1 following minor modifications. Most importantly, the frequency of
repeated Gabors increased from 1/ 6™ to 1/4™ of trials and the colour of the repeated

Gabor changed between trials.

2.4.1 Methods

2.4.1.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R73580/RE001). The sample size for Experiment 2 was
calculated based on Experiment 1. Fifty-four participants were recruited through the
Prolific Academic platform (https://www.prolific.co). Pre-screening and payment of
participants were the same as in Experiment 1. The same participant exclusion criteria
as in Experiment 1 led to a final sample of 51 participants in subsequent analyses (mean

age: 32.47; age range: 23-40; age SD: 4.3; 22 female and 29 male; 8 left-handed).

2.4.1.2 Experimental procedure and stimuli

Participants performed an orientation-reproduction task with the same basic stimulus

features, timings, and orientation-report procedure as in Experiment 1. The
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experimental procedure differed only in the experimental details highlighted below
(Figure 2.3a).

In Experiment 2, Gabor patches appeared in four colours instead of six (CIE,
2004; orange: #D55E00, blue: #0072B2, pink: #CC79A7, green: #009E73). For each
participant, one repeated orientation was displayed more often than others (1/4™ of
trials). In all other trials, orientations were chosen randomly from a uniform

distribution ranging from 1° to 180°.

Each participant completed 20 blocks containing 50 trials each. Half of the blocks
cotresponded to explicit/ predictable blocks (hetreafter, predictable). Conversely, the other
half werte implicit/ unpredictable blocks (hereafter, unpredictable). In predictable blocks, one
of the four colours corresponded to the cueing colour and trials in which the cueing
colour was present were always followed by trials with the repeated orientation. Thus,
in predictable blocks, the appearance of a Gabor with the c#ezng colour on one trial (N-
1) was fully predictive of the appearance of a Gabor with the repeated orientation on
the next trial (N). The contingency between the cueing colour and the repeated Gabor’s
orientation were explicitly disclosed to participants before each predictable block. In
unpredictable blocks, the repeated orientation was also displayed in 1/4® of the trials but,
unlike predictable blocks, repeated Gabors were not preceded by cueing Gabors of a
particular colour. Furthermore, the orientation of the repeated Gabor was not explicitly

disclosed to participants.

In contrast to Experiment 1, repeated Gabors in both predictable and unpredictable
blocks were not consistently coloured in Experiment 2. In predictable blocks, repeated
Gabors were equiprobably coloured with one of the three non-cueing colours. In
unpredictable blocks, they were equally likely to have any of the four background colours.
This change from Experiment 1 to 2 aimed at isolating the effects of predictions about

the repeated orientation from predictions about the colour and orientation of repeated

Gaborts.
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The order of predictable and unpredictable blocks was randomised for each participant
such that both types of blocks were intermixed. In each type of block, the orientation
of the repeated Gabor was chosen randomly from one out of ten possible orientation
bins spanning 180° (1-18°%; 18-36°, 36-54°, 72-54°, 72-90°, 90-108°, 108-126°, 126-
144°, 144-162°, 162-180°). The order of the orientation bins was randomised as in
Experiment 1, such that both kinds of blocks displayed repeated Gabors chosen from
each of the 10 orientation bins above. The orientation of the repeated Gabor was

consistent for the duration of a block (medium-term feature regularity).

2.4.1.3 Data analysis and statistical testing

Data cleaning followed the same procedures as in Experiment 1. “Bad” trials were
identified as in Experiment 1 separately for the two block types. An average of 2.06%

(SD: 1.26%) trials were removed per participant.

Similar to Experiment 1, the differences in report error and RT between
conditions were investigated using repeated-measures ANOVAs with condition
(repeated, cueing, and random) and block type (predictable and unpredictable) as factors. In
unpredictable blocks, cueing Gabors refer to those preceding the repeated orientation in the

absence of any explicit contingency or predictive value.

Response-bias curves were calculated as detailed in Experiment 1 separately for
predictable and unpredictable blocks. An average of 198.98 trials (SD: 60.48; predictable) and
285.04 trials (SD: 12.42; unpredictable) per participant were used for calculating both the
repetition bias curve and the shuffled contro/ condition. The prospective bias curve and its
control repetition bias were both calculated with 69.22 trials (SD: 12.28; predictable) and
71.06 trials (SD: 4.61; unpredictable). An average of 70.18 trials (SD: 11.98; predictable)
and 71.18 trials (SD: 4.22; wnpredictable) were used to calculate both the repetition
retrospective bias and the random retrospective bias. Statistical significance of the difference
between conditions was probed using cluster-based permutation testing and AUC

calculation followed by t-tests, as detailed above.
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2.4.2 Results

2.4.2.1 General performance

First, participants’ general performance was explored to test whether medium-term
feature regularities influenced behaviour. A repeated-measures ANOVA of report
error with condition (repeated, cueing, vs random) and block type (predictable vs unpredictable)
as factors revealed a main effect of condition (F(1,100) = 3.73, *psc = .049, n° = .006;
Figure 2.3b), no effect of block type (F(1,50) = .91, p = .36, n° = .001) and no
interaction between condition and block type (F(1,100) = 2.27, p = .12, n* = .003).
Post-hoc t-tests revealed that participants’ errors were smaller when reporting repeated
otientations (Miep: 7.17°, SDiep: 2.49°) than random otientations (Miana: 7.37°, SDrana:
2.45°% t(50) = -2.00, *p = .04, d = .2). Similarly, participants were more accurate at
reporting repeated orientations than cueing Gabors Meue: 7.7°, SDcue: 3.63%; t(50) = -2.25,
*p = .03, d = .22). Thus, participants seemed to be more accurate at reporting repeated

Gabors than random Gabors and cueing Gabors.
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2.4 | EXPERIMENT 2
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Figure 2.3. Experiment 2: task design and general performance. a) Trial schematic. In each trial,
participants reported the orientation of a Gabor presented in one of four possible colours. In predictable
blocks (10/20), one of the colouts was randomly selected as the cueing colout. The colour of the Gabot
in each trial was chosen randomly out of four possible colours and its orientation was chosen
equiprobably from 1-180°. When the eueing colour was chosen in trial N-1, the following trial would
display a Gabor with the rgpeared orientation (N). The repeated orientation was chosen from one out of
10 orientation bins spanning 180° and remained constant in each block. In predictable blocks, the
orientation of the repeated Gabor and the predictive relation between the cueing colour and the repeated
orientation was explicitly disclosed to participants at the beginning of the block. In unpredictable blocks
(10/20), no cueing colour predicted the appeatance of the repeated Gabor, and the repeated otientation was
not explicitly disclosed to patticipants. b) Mean teport etror (°) to random, cueing, and repeated Gabots in
predictable and unpredictable blocks. ¢) Mean reaction time (ms) to random, cueing, and repeated Gaborts in
predictable and unpredictable blocks. Exror bars depict the SEM and asterisks denote statistically significant

differences following relevant statistical tests.

Additionally, an ANOVA of RT with condition (repeated, cueing, vs randon) and
block type (predictable vs unpredictable) as factors revealed a main effect of block type
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(F(1,50) = 12, **p = .001, n* = .003; Figure 2.3¢c), no main effect of condition
(F(1,100) = .14, pcc = .85, ” < .000) and an interaction between condition and block
type (F(1,100) = 6.15, **p,, = .004, n° = .0006). Post-hoc t-tests showed that
participants were slower at reporting cueing Gabors (predictable — Mewe: 718.05 ms, SDcue:
197.58 ms; unpredictable — Mewe: 684.53 ms, SDee: 196.46 ms) than random Gabors
(predictable — Miana: 704.54 ms, SDrana: 199.64 ms; unpredictable — Miana: 693.81 ms, SD na:
194.94 ms) only in predictable blocks (¢(50) = 2.77, *p = .02, d = .39) and not unpredictable
blocks (t(50) = -2.5, p = .16, d = .35). No differences were found for repeated vs random
Gabors (predictable — Miep: 713.6 ms, SDrep: 209.6 ms; t(50) = 1.39, p = .17, d = .19;
unpredictable — Mep: 686.81 ms, SD.ep: 187.83 ms; t(50) = -1.81, p = .32,d = .25).

Participants were generally more accurate at reporting repeated orientations.
Moreover, explicit knowledge and predictability of the repeated Gabor led to a general
slowing of responses to cueing Gabors. Additionally, participants were slower in
predictable than in unpredictable blocks, presumably reflective of the use of different
behavioural strategies. Thus, the blocked manipulation of the explicitness and
predictability of the repeated orientation successfully influenced participants’ behaviour

as measured with RT.

2.4.2.2 Perceptual biases

The next step was to investigate whether and how exposure to the r¢peated orientation
biased the perception of random Gabors. Cluster-based permutation testing revealed
the presence of a repetition bias in both block types (Figure 2.4a; left to right; predictable
— cluster (7 to 34): **p = .001; unpredictable — cluster 1 (44 to -5): ***p < .001; cluster 2 (10
to 34): **p = .001). An ANOVA of AUC with condition (repeated, cueing, vs random) and
block type (predictable vs unpredictable) as factors revealed a main effect of condition,
thus further confirming the presence of a repetition bias (Figure 4b; F(1,50) = 15.40,
ek <001, n* = .07). Strikingly, there was no effect of block type (predictable vs
unpredictable) on AUC and no interaction between the factors (F(1,50) = .29, p = .59,
1 = .001; F(1,50) = .28, p = .59, n* = .002). Together, these results suggested that

78



2.4 | EXPERIMENT 2

participants systematically reported random Gabors as more dissimilar to the repeated
orientation, regardless of whether the medium-term feature regularity was explicit and

predictable (Figure 2.4a,b).
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Figure 2.4. Experiment 2: repetition bias, prospective bias, and retrospective biases. a) Average
response bias relative to the angular difference between random Gabors and the repeated orientation
(repetition bias; green) and between random Gabors and the shuffled repeated otientation (shuffled control; grey)
in predictable and unpredictable blocks. b) Area under the repetition bias curve (green) and shujfled bias curve
(grey) in predictable and unpredictable blocks. ¢) Average response bias relative to the angular difference
between the cueing orientation and the repeated otientation (prospective bias; blue) and between the random
orientation and the rgpeated orientation in a subset of trials (repesition bias; green) in predictable and
unpredictable blocks. d) Area under the prospective bias curve (blue) and repesition bias curve (green;
calculated using a subset of trials; see Methods) in predictable and unpredictable blocks. €) Average response
bias relative to the angular difference between the r¢peated orientation and subsequent random Gabors
(repetition retrospective bias; yellow) and between adjacent random Gabors (random refrospective bias; pink) in
predictable and unpredictable blocks. f) Area under the repetition retrospective bias curve (yellow) and the random
retrospective bias curve (pink) in predictable and unpredictable blocks. Individual dots reflect the average AUC
of each participant and error bars depict the SEM. Asterisks denote statistically significant differences
following relevant statistical tests. Shaded areas reflect the SEM and the lines below the bias curves
reflect orientation-bins that were significantly different between conditions following cluster-

permutation testing.
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Subsequently, I compared the prospective bias exerted by the repeated orientation on
cuerng Gabors with the repetition bias of the repeated Gabor on random grating reports
(Figure 2.4c, d). Interestingly, cluster-based permutation testing revealed a significant
cluster between the prospective and repetition bias curves in predictable blocks only (Figure
2.4c; cluster (7 to 40): **p = .001). Additionally, an ANOVA of AUC with condition
(repeated, cueing, vs random) and block type (predictable vs unpredictable) as factors revealed
a main effect of condition (F(1,46) = 5.17, *p = .03, n* = .024), no main effect of block
type (F(1,46) = .26, p = .61,m> = .001) and no interaction between the factors (F(1,46)
= 1.58, p = .22, * = .007). Together, these results provided preliminaty evidence for
a small diminishment of the prospective bias with respect to the repetition bias, especially
in predictable blocks. This suggested that participants were slightly less biased away from
the repeated orientation during cueing trials which were predictive of the upcoming

appearance of a repeated orientation.

Furthermore, the refrospective bias induced by the r¢peated orientation was stronger
than that induced by any other random Gabor in both block types (Figure 2.4e;
predictable — cluster (25 to 40): *p = .03; unpredictable — cluster (22 to 43): **p = .007).
Additionally, an ANOVA of AUC with condition (repeated, cueing, vs random) and block
type (predictable vs unpredictable) as factors revealed a main effect of condition (F(1,40)
= 14.27, ***p < .001, n* = .038; Figure 2.4f), no main effect of block type (F(1,46) =
16, p = .69, n* < .000) and no interaction between the factors (F(1,46) = .27, p = .6,
1° < .000). Together, these findings suggested that the r¢peated otientation exerted a

larger perceptual bias on subsequent random Gabors than any random orientation.

Experiment 2 replicated most of the findings from Experiment 1, showing that a
frequently displayed stimulus orientation within a block (medium-term feature
regularity) exerts a general repulsive bias on other orientation reports (repetition bias).
Additionally, it confirmed the trend observed in Experiment 1 that the refrospective bias
of the repeated orientation was stronger than that of other random orientations.
Interestingly, in contrast to Experiment 1, Experiment 2 revealed that the bias exerted
by the repeated feature on predictive, cueing Gabors (prospective bias) seemed to be slightly

smaller than the effect on random orientations (repetition bias). This effect seemed to be
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particularly prominent in blocks in which the exeing colour was explicitly predictive of

the repeated orientation. Nevertheless, it was a small effect.

2.5 EXPERIMENT 3

In addition to replicating the findings from Experiments 1 and 2, the aim of
Experiment 3 was to elucidate whether the repefition biases related to the medium-term

feature regularity were dependent on having to respond to the repeated orientation.

2.5.1 Methods

2.5.1.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R73580/RE001). The sample size for Experiment 3 was
calculated based on Experiments 1 and 2. Fifty-five participants were recruited through
the Prolific Academic platform (https://www.prolific.co). Pre-screening and payment
of participants were the same as in Experiments 1 and 2. The same participant
exclusion criteria as in previous experiments resulted in excluding data from 7
participants, leaving a final sample size of 48 in subsequent analyses (mean age: 33.67;

age range: 23-40; age SD: 4.9; 11 female and 37 male; 6 left-handed).

2.5.1.2 Experimental procedure and stimuli

Participants performed an orientation report task with the same basic stimulus
features, timings, and orientation report procedure as in Experiments 1 and 2. The

experimental details differed as explained below (Figure 2.5a).
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In Experiment 3, a repeated orientation was shown more often than any other
otientation (1/4™ of trials). As in the unpredictable blocks of Experiment 2, the repeated
orientation was never predictable, and its orientation was not disclosed to participants.
Importantly, in Experiment 3, participants only reproduced the orientation of 50% of
the displayed Gabors. The requirement to respond was randomly determined on every
trial. The appearance of a dial after the stimulus determined whether participants
should respond to the previously presented Gabor. If a dial was displayed, participants
had to report the orientation of the stimulus. If the fixation circle remained on the
screen and the dial did not appear, participants did not respond. In trials that did not
require an orientation report, the fixation circle remained on the screen 7z /ien of the

dial, thus matching the duration of both trial types.

In Experiment 3, participants completed 20 blocks composed of 50 trials each.
Half of the blocks corresponded to repeated Gabor response blocks (hereafter, response
blocks) and the other half were repeated Gabor no response blocks (hereafter, no response
blocks). In response blocks, random and repeated Gabors had the same probability (50%)
of requiring a response. Alternatively, in zo response blocks, repeated Gabors never
required an orientation report. The order of block types was randomised and the
orientation of the r¢peated Gabor in each block was chosen as detailed in Experiment
2, such that blocks of both kinds displayed repeated orientations from each the 10 non-

repeated orientation bins.

2.5.1.3 Data analysis and statistical testing

Data cleaning followed the same procedure as in Experiment 2. “Bad” trials were
identified separately for each block type, and an average of 1% (SD: 0.51%) of trials

were removed per participant.

Due to an absence of responses to repeated Gabors in 7o response blocks, the condition

variable had two levels corresponding to repeated and random orientations in response
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blocks only. Additionally, there were no e#eing Gabors in Experiment 3. Therefore, the

dependent variables were compared between conditions using paired-sample t-tests.

Response-bias curve calculation was performed as detailed in Experiments 1 and
2 separately for response and no response blocks. An average of 115.1 trials (SD: 7.28;
response) and 147.27 trials (SD: 10.82; no response) per participant were used for the
calculation of both the repetition bias curve and the shuffled control condition. An average
of 60.17 trials (SD: 6.12; response) and 76.23 trials (SD: 6.5; no response) were used to
calculate both the repetition retrospective bias the random retrospective bias. Statistical
significance was tested using cluster-based permutation testing and AUC calculation

followed by t-tests, as detailed above.

2.5.2 Results

2.5.2.1 General performance

A paired-samples t-test of repeated vs random Gabors in response blocks revealed no
significant differences between conditions in report error (Figure 2.5b; M., 8.06°,
SDrep: 4.83°%, Muuna: 8.32°, SDuana: 5.59°, t(46) = -1.37, p = .18, d = .2). Nevertheless,
participants were consistently faster at responding to repeated as opposed to random
Gabors (Figure 2.5¢; Mt 1111.37 ms, SDyp: 178.28 ms, Miuaa: 1138.42 ms, SDrana:
182.5 ms, t(46) = -4.63, **p < .001, d = .67). Therefore, despite its implicit and
unpredictable nature, the repetition of an orientation seemed to fasten participants’

responses to that feature.
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Figure 2.5. Experiment 3: task design and general performance. a) Trial schematic. In each trial,
participants reported the orientation of a Gabor patch coloured in one out of four possible colours. A
repeated otientation was shown in 1/4th of trials of a block. The repeated otientation was unpredictable,
and it was not explicitly disclosed to participant. Participants only reported the orientation of Gabors in
half of the trials and had to hold off their responses in the other half. In response blocks (10/20),
participants were equally likely to report the otientation of random and repeated Gabors. In no response
blocks (10/20), participants never reported the orientation of repeated Gabors despite being exposed to
them in 1/4t of the trials. b) Mean teportt error (°) to random and repeated Gabots in response blocks. ¢)
Mean reaction time (ms) to random and repeated Gabors in response blocks. Error bars depict the SEM and

asterisks denote statistically significant differences following relevant statistical tests.

2.5.2.2 Perceptual biases

Consistent with the findings reported in Experiments 1 and 2, cluster-based
permutation analyses of response-bias curves showed that participants were

systematically biased by the repeated orientation in their orientation reports of random
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Gabors (Figure 2.6a; left to right; response — cluster 1 (-59 to -44): *p = .03, cluster 2 (16
to 43): **p = .001; no response — cluster 1 (47 to -20): ***p < .001; cluster 2 (28 to 37): *p
= .04). This was confirmed by a 2x2 ANOVA of AUC with condition (repeated vs
random) and block type (response vs no response) as factors, which revealed a main effect
of condition (F(1,47) = 60.64, ***p < .001, n* = .19; Figure 2.6b). Interestingly, block
type did not influence the repetition bias (F(1,47) = .18, p = .67, n* = .002) and the
factors did not interact (F(1,47) = .25, p = .62, n° = .001). Togethet, the
complementary analyses revealed that participants reported random Gabors as more
dissimilar to the repeated orientation regardless of whether repeated Gabors had to be
reported. Therefore, it was concluded that exposure to the medium-term statistic (i.c.,
repeated feature) was sufficient for the repefition bias to emerge and that engaging an

active motor process by reporting its orientation was not necessary.

The retrospective bias induced by the repeated orientation on a subsequent randon
orientation report was stronger than the refrospective bias between random targets in
response blocks (Figure 2.6¢; c/uster (-35 to -17): ***p < .001). No clusters were found
in no response blocks. This pattern of findings was similar in a 2x2 ANOVA of AUC
with condition (repeatedvs random) and block type (response vs no response) as factors which
revealed a main effect of condition (F(1,46) = 8.29, **p = .006, n* = .03; Figure 2.6d),
no main effect of block type (F(1,46) = .0001, p = .99, n* = .0008) and no interaction
between the factors (F(1,46) = .17, p = .68, n° < .000). These results suggested that
the retrospective bias of the repeated feature was stronger than the refrospective bias between

random features.

Experiment 3 concluded that exposure to a repeated feature was sufficient for the
repetition bias to emerge. Moreover, the refrospective bias exerted by the repeated

orientation was enhanced compared to random Gabors in both response and no response

blocks.
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Figure 2.6. Experiment 3: repetition bias and retrospective bias. a) Average response bias relative
to the angular difference between random Gabors and the repeated otientation (repetition bias; green) and
between random Gabors and the shuffled repeated otientation (shuffled bias; grey) in response and no response
blocks. b) Area under the repetition bias curve (green) and shuffled bias curve (grey) in response and no response
blocks. ¢) Average response bias relative to the angular difference between the repeated orientation and
subsequent random Gabors (repetition retrospective bias; yellow) and between adjacent random Gabors
(random: retrospective bias, pink) in response and no response blocks. d) Area under the repetition retrospective bias
curve (yellow) and the random retrospective bias curve (pink) in response and no response blocks. Individual
dots reflect the average AUC of each participant and error bars depict the SEM. Asterisks denote
statistically significant differences following relevant statistical tests. Shaded areas reflect the SEM and
the lines below the bias curves reflect orientation-bins that were significantly different between

conditions following cluster-based permutation testing.

2.6 DISCUSSION

Across three orientation-reproduction experiments, the present study investigated the
effects of medium-term feature regularities on perception. Medium-term feature
regularities were manipulated by repeating one orientation more frequently among
other intervening random orientations. The consequences of exposure to this feature
regularity on perception were estimated by calculating perceptual biases to the repeated
feature. Additionally, this study investigated the effects of explicit predictability and

the requirement to respond to the repeated feature on perceptual biases.
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The feature regularity affected participants’ general performance across all
experiments. When it was explicit and predictable, the repeated orientation was reported
more accurately but more slowly than random orientations (Experiments 1).
Alternatively, when it was unpredictable and implicit, participants were faster at
reporting the repeated orientation than random orientations but equally as accurate
(Experiment 3). A limitation of Experiment 3 is that, despite a lack of responses to
repeated features in no response blocks, participants could have prepared their responses.
While this is unlikely given the higher RTs in Experiment 3 as opposed to 1 and 2, the
present design cannot completely rule out this possibility. Uncertainty about the

required response could be introduced to address this concern directly.

Exposure to a repeated orientation resulted in a tendency to report other
orientations as more dissimilar to the former (repetition bias). This was replicated across
three experiments that differed in experimental parameters such as the proportion of
repeated orientations (1/6™ vs 1/4™ of trials in a block) and the predictability of the
repeated Gabot’s colour (predictable vs unpredictable). Interestingly, the repeated orientation
exerted a biasing effect regardless of whether it was explicitly instructed to participants
and despite its predictability from the previous trial (Experiments 1 and 2).
Additionally, exposure to the repeated orientation without having to respond to it was
sufficient for the repefition bias to emerge (Experiment 3). Therefore, the main
conclusion of this study is that exposure to medium-term feature regularities (i.e.,
repeated exposure to a feature during a block) results in systematic biases in perception
despite predictability and relevance. This is in line with other studies which have also
found perceptual biases following exposure to two frequent motion directions (Chalk
et al, 2010; see also Gekas et al,, 2013, 2015; Sotiropoulos et al., 2011), cued

orientations (Kok et al., 2013), and colour (Scotti et al., 2021).

An additional question addressed by the present study was whether the repetition
bias changed around the predicted time of r¢peated feature appearance. To investigate
this, I calculated the bias exerted by the repeated orientation on the immediately
preceding cueing Gabors (prospective bias) and found mixed effects. In Experiment 1, the

prospective bias was no different to the repetition bias. Alternatively, Experiment 2
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revealed that cueing Gabors were slightly less biased by the repeated orientation than
random ones, particularly when the contingency was explicit and predictable. The
observed disparity could result from design-related differences such as the higher
frequency of repeated otientations in Experiment 2 vs 1 (1/4"™ vs 1/6") or the
predictability of the background colour of r¢peated Gabors in Experiment 1 but not 2.
Nevertheless, the magnitude of the repetition bias in Experiments 1 and 2 was similar
which argues against this possibility. Moreover, the difference between the prospective
and repetition bias in Experiment 2 was calculated using a smaller number of trials and

it was a small effect.

The lack of a consistent difference between the perceptual biases exerted by the
repeated feature on immediately preceding (predictive) cueing otientations vs random
orientations is somewhat puzzling. It is in contrast with studies which have found a
modulation of brain activity patterns specific to expected features (Aitken et al., 2020;
Demarchi et al., 2019; Kok et al., 2012, 2013). Nevertheless, most of these studies
report activity changes soon before the onset of the expected feature (~40 ms; Kok et
al., 2017) while, in this study, the prospective bias was calculated ~2 s before the
appearance of expected feature, in the previous trial. Therefore, perceptual biases to
the upcoming orientation may emerge closer to the expected time of repeated
orientation appearance. Alternatively, the changes in underlying brain activity patterns
could be independent from perceptual biases, which could account for the

inconsistency of the effects in the present study.

Most of the presented results show that the refrospective bias exerted by the repeated
orientation was stronger than the refrospective bias of random orientations. This suggests
that retrospective and repetition biases modulate perception concurrently and, more
broadly, that multiple types of biases operate on perception at the same time. This
result is consistent with studies that have found interactions between biases to feature
regularities such as the central tendency effect and serial biases (Bae, 2024; Pinchuk-
Yacobi et al., 2016). At the extreme, some studies have claimed that both kinds of
biases reflect the same process (Akrami et al., 2018; Boboeva et al., 2023; Hahn & Wei,
2024; Sailor & Antoine, 2005; Tong & Dubé, 2022), while others have argued for their
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independent nature (Cicchini et al., 2022, 2024; Lieder et al., 2019; Pascucci et al., 2023;
Saarela et al., 2023).

Of note, the difference between the repetition retrospective bias and random: retrospective
bias is not consistent across all experiments in the present study. These small disparities
could be the product of differences in the proportion of repeated orientations between
Experiments 1 and 2 and of the requirement to respond to repeated orientations in
Experiment 3. Alternatively, they could be the product of poor online data quality
(Sauter et al., 2020). Nevertheless, all experiments show a trend towards statistical
significance in the difference between repetition retrospective and random retrospective biases,
suggesting that this is probably a small but consistent effect. There may be interesting
functional differences between repefition and retrospective biases which could be further
explored in the future. Interestingly, the magnitude of the repezition retrospective bias does
not seem to reflect the summation of the random retrospective bias and the repetition bias,
hinting at a non-additive relation between both. Alternatively, this could be the product
of ceiling effects whereby the magnitude of perceptual biases tends to remain relatively

small.

A few recent studies have demonstrated that feature distribution manipulations
modulate serial biases. For example, uniform and Gaussian feature distributions result
in serial effects in opposite directions (Blondé et al., 2023; see also Gekas et al., 2019;
Scotti et al., 2021; Taubert et al., 2016). Additionally, computational models better
describe the behavioural effects of serial dependence when they include parameters
describing not only the immediate past, but also the distribution of longer-term
statistics in the environment (Chopin & Mamassian, 2012; Gekas et al., 2019; Glasauer
& Shi, 2022; Kalm & Norris, 2018; van Bergen & Jehee, 2019). Together, these findings
speak to interesting relations between serial biases and perceptual biases formed from

exposure to regularities over time which merit further investigation.

Despite an effort to reduce the lingering effects of retrospective biases on the
repetition bias in this study (see Methods), it could theoretically reflect the summation

of local retrospective biases. In fact, the serial bias of a feature in trial N is observed

89



up to 3-5 trials later (for meta-analysis see Manassi et al., 2023). Nevertheless, the
amplified retrospective bias of the repeated feature preliminary argues against this

possibility.

The present study reports perceptual biases away from both the repeated feature
(repetition bias and prospective bias) and the feature in the previous trial (retrospective bias).
In contrast, perceptual biases have been mostly reported towards the immediately
preceding feature (serial dependence; Cicchini et al., 2018; Czoschke et al., 2019;
Fischer et al., 2020; Fischer & Whitney, 2014; Manassi & Whitney, 2022) and towards
repeated features (Chalk et al,, 2010; Gekas et al., 2013, 2015; Kok et al., 2013;
Sotiropoulos et al.,, 2011). However, some studies have found negative serial biases
(Bliss et al., 2017; Blondé et al., 2023; Gekas et al., 2019) which co-exist with positive
ones (Fritsche et al., 2020; Gekas et al,, 2019; Moon & Kwon, 2022). Similarly,
exposure to medium-term regularities can also result in repulsive biases (e.g., Scotti et
al., 2021). The significance of the directionality of biases remains debated, but recent
proposals have suggested that they reflect the same underlying phenomenon (Hahn &
Wei, 2024; Wei & Stocker, 2015).

The negative direction of the reported biases could reflect the choice of stimulus
parameters. Specifically, the following features of the present task have previously been
shown to result in negative rather than positive biases: 1) high certainty and visibility
of targets (high contrast and no masking; for meta-analysis see Manassi et al., 2023), 2)
a short delay between target appearance and response (Bliss et al., 2017), and 3) task
designs which do not require responses to every target (Experiment 3; i.e., Blondé et
al., 2023; Gekas et al., 2019). Using terms borrowed from Bayesian probability theory,
in this task, sensory certainty and expectation reliability were both high. The chosen
stimuli were highly visible and distinguishable, as evidenced by the high accuracy of
participants’ orientation reports. Additionally, the explicit disclosure of the repeated
feature and its predictability following cxeing Gabors resulted in the formation of strong
and reliable predictions about the repeated feature. Moreover, repeated orientations were
also temporally predictable, as the ISIs and ITIs were constant across trials. The

reliance on the expectancy of repeated orientations is supported by the differential
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behavioural patterns seen for both repeated and cueing Gabor reports (Experiment 1)
and by participants’ accurate responses when asked about the cueing-repeated Gabor

contingencies.

Under the Bayesian framework, the reliability of sensory inputs and of
expectations (priors) seem to be two key determinants of the perceptual and
behavioural consequences of expectations (de Lange et al, 2018). Consistently,
perceptual biases are particularly prominent when sensory evidence is low (e.g., Chalk
et al., 2010). In the present study, the reliability of the sensory evidence was high and,
therefore, participants need not rely on expectations. Additionally, the repeated teatures
were highly predictable, and it is known that some amount of variability in stimulus
features (e.g., Brady, 1998; Szpiro et al., 2014) and timings (Shdeour et al., 2024)
benefits learning. Thus, the high reliability of sensory signals and expectations in this
task may explain the inconsistent differences between the bias exerted by the repeated
feature on cueing (predictive) Gabors vs random Gabors. Speculatively, increasing
sensory uncertainty in this task may result in positive perceptual biases and enhancing
expectation uncertainty may lead to differences between the prospective bias and the

general repetition bias.

The mechanisms whereby medium-term feature regularities and other
expectations may have resulted in perceptual biases in this task remain elusive. Several
studies have found a reduction in activity in related sensory areas, while the underlying
activity patterns have been found to reflect the expected feature (Aitken et al., 2020;
Demarchi et al., 2019; Kok et al., 2012, 2013, 2017; see also Chelazzi et al., 1993; Luck
et al., 1997; Martinez-Trujillo & Treue, 2004; Serences et al., 2009; Stokes et al., 2009).
Relatedly, exposure to repeated stimuli is known to suppress neural activity (repetition
suppression; e.g., Summerfield et al., 2008). Additionally, visual adaptation is known
to change the tuning curves of V1 neurons (Clifford, 2002; Clifford et al., 2007; Kohn,
2007; Thompson & Burr, 2009; Weber et al., 2019; Webster, 2015). Recently, Fritsche
and colleagues (2022) showed that a briefly presented grating can induce feature-
specific changes in the properties of V1 neurons which persist for dozens of seconds

in the midst of intervening stimuli. In the present study, one, all, or neither of these
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neural mechanisms may be at play. Future efforts should be devoted to investigating
the neural mechanisms whereby statistics across several timescales modulate

perceptual systems.

Studies investigating the neural and behavioural consequences of expectations
have done so in at least two ways. In some studies, feature regularities are displayed
over time, and they are thought to be learned implicitly giving rise to expectations
which, subsequently, bias perception (e.g., Chalk et al., 2010). Alternatively,
expectations have been manipulated by explicitly instructing participants to expect
specific stimuli (e.g., Kok et al., 2012). Interestingly, while the main behavioural
consequence of the latter is to improve task-performance, the former additionally
results in perceptual biases (de Lange et al., 2018). In the present study, the repeated
feature was displayed more frequently (exposure to feature regularities over time), and
it was specifically expected after cueing Gabors (short-term predictive relations between
events). While the present study cannot separate the behavioural consequences and
perceptual biases that are due to each kind of expectation, future studies could build
on the present design to disentangle the effects of these two sources of expectations

on perception.

Additionally, there is a growing interest in trying to disentangle the effects of
relevance and expectation on perception and attention (for review see
Rungratsameetaweemana & Serences, 2019; Summerfield & de Lange, 2014). In most
studies, attention is guided to expected attributes that are also relevant to the task (e.g.,
Posner, 1980), but expectation and relevance seem to have differing effects on

perception and attention (Bang & Rahnev, 2017; Jiang et al, 2013;

Rungratsameetaweemana et al., 2018; Wyart et al, 2012). The current study
manipulates behavioural relevance of the repeated (expected) feature by cueing its
appearance (Experiments 1 and 2) and by changing the requirement to respond to it

(Experiment 3). Future studies could build on the present design to disambiguate

between the effects of relevance and expectation on perception.
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The current study presents a simple experimental design in which shorter- and
longer-term task-statistics can be carefully manipulated and their joint effects on
perceptual biases can be quantified. This design is additionally amenable to the
investigation of interactions between biases emerging from shorter- and longer-term
statistics and can be used to experimentally test the predictions made by computational
models (e.g., Hahn & Wei, 2024; Tong & Dubé, 2022). The simplicity of the stimulus
features and responses in this design makes it easily compatible with more complex
manipulations of the statistical structure of the environment (Fiser & Lengyel, 2022;
Schapiro & Turk-Browne, 2015). Additionally, this task is easily applicable to other

stimulus features and sensory domains.

Overall, the present findings add to a growing body of theoretical (Chopin &
Mamassian, 2012; Glasauer & Shi, 2022; Hahn & Wei, 2024; Kalm & Nortis, 2018;
Tong & Dubé¢, 2022; van Bergen & Jehee, 2019) and empirical (Akrami et al., 2018;
Bae, 2024; Blondé et al., 2023; Boboeva et al., 2023; Gekas et al., 2019; Pinchuk-Yacobi
et al., 2016; Scotti et al., 2021; Taubert et al., 2016) work reporting that feature
regularities across several timescales concurrently shape perception. Nevertheless,
several questions remain open about how feature regularities shape perception across
different timescales. Do they act at the same processing stage? If not, when do they
become integrated? Are they causally responsible for the observed behavioural
benefits? Are they intrinsically linked to expectations? What is(are) their functional

role(s)? These and other questions could be addressed by future research efforts.
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FLEXIBLE USE OF TEMPORAL
EXPECTATIONS IN EXTERNAL

ATTENTION

3.1 ABSTRACT

The temporal regularities in our environments support the proactive dynamic
anticipation of relevant events. One important outstanding question is whether
temporal predictions about visual and auditory events must be linked to predictions
about spatial locations or motor plans to facilitate behaviour. To test this, I developed
a task for manipulating temporal expectations and task relevance of visual
(Experiments 1 and 2) and auditory (Experiment 3) stimuli appearing within rapidly
presented streams, while stimulus location and responding hand remained uncertain.
Different target stimuli appeared in one of two concurrent (left and right) streams with
distinct temporal probability structures. Targets were defined by colour (Experiments
1 and 2) or pitch (Experiment 3) on a trial-by-trial basis and appeared equiprobably in
either stream, requiring a localisation response. Across three experiments, participants
were faster and, in some cases, more accurate at detecting temporally predictable
targets compared to temporally unpredictable targets. It is concluded that temporal
expectations learned incidentally from temporal regularities can be called upon flexibly

in a goal-driven manner to guide external attention. Moreover, visual and auditory
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temporal attention are shown to facilitate performance in the absence of concomitant

spatial or motor expectations in dynamically unfolding contexts.

3.2 INTRODUCTION

Consistent temporal structuring of events is prevalent in daily experience, ranging from
regular isochronous rhythms (e.g., footsteps) to more complex sequences (e.g., music).
These temporal regularities embedded in our environments give rise to expectations
about when events are likely to occur, which, in turn, proactively guide selective
anticipatory attention (for reviews see Correa, 2010; Nobre & Rohenkohl, 2014; Nobre
& van Ede, 2018, 2023; Vangkilde et al., 2013). In the present study, I consider how
two fundamental factors guide the orienting of attention to the timing of visual and

auditory stimuli — expectations and task goals.

Temporal expectation has been suggested to exert its effects by latching onto
other relevant anticipated stimulus attributes and modulating them at predictable times
(Nobre & Rohenkohl, 2014). Joint expectations about the location and timing of a
stimulus (spatiotemporal expectations) have consistently been reported to facilitate
performance (e.g., Boettcher et al., 2022; Doherty et al., 2005; Lange & Roder, 2010;
MacKay & Juola, 2007; Rieth & Huber, 2013; Rolke et al., 2016; Seibold et al., 2020;
Weinbach et al., 2015). Furthermore, temporal expectation modulates the firing rates
of neurons coding the locations of anticipated task-relevant stimuli (e.g., Ghose &
Maunsell, 2002; Janssen & Shadlen, 2005). At the extreme, some studies have reported
that temporal expectation in the absence of spatial certainty fails to facilitate behaviour,
instead acting only by amplifying the effects of spatial expectations (e.g., Doherty et
al., 2005; O’Reilly et al., 2008; Rohenkohl et al., 2014; Seibold et al., 2020).

In parallel, temporal expectation has been proposed to act by modulating
preparatory motor activity at specific times, thus speeding response times (Boettcher
et al., 2021; Heideman, et al., 2018; Miniussi et al., 1999; Thomaschke & Dreisbach,
2013; Trillenberg et al., 2000; van Ede et al., 2020; van Elswijk et al., 2007). However,
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it is debated whether temporal expectation modulates specific motor programs, or
instead acts by exerting a more general influence on motor processes (Cotti et al., 2011;
Kornysheva et al., 2013; Shin & Ivry, 2002). Indeed, in most studies investigating visual
temporal expectation, the locations of expected targets and/or the required responses
are kept constant or predictable. Consequently, it is currently unknown whether
allocating attention to points in time based on temporal expectation can facilitate

behaviour in the absence of spatial or action-related certainty.

The effects of temporal attention on behaviour have been studied using different
experimental approaches. Tasks using predictive or instructive temporal cues (Coull &
Nobre, 1998; Denison et al., 2017; Griffin et al., 2002; Nobre, 2001) have grounded
most of the research on temporal attention. Like their spatial counterpart, temporal
cueing tasks use cues to indicate when a stimulus will likely be displayed (e.g., Coull &
Nobre, 1998) or which stimulus is goal-relevant based on its timing (Denison et al.,
2017, 2021; Fernandez et al., 2019; Griffin et al., 2002). In turn, the predictive or
instructive cues deploy endogenous attention to moments in time (for reviews see
Correa, 2010; Nobre, 2010). In contrast, in most everyday situations, attention is
typically guided by predictions formed through the incidental learning of regularities
in the environment. In the case of spatial attention, repeated contextual spatial
configurations can guide attention to specific locations (Chun & Jiang, 1998). Similarly,
targets preceded by repeating temporal patterns are more readily attended and better

detected (Olson & Chun, 2001).

Task designs using informative endogenous cues vs incidental contextual learning
capture complementary aspects of how temporal expectations are formed and utilised
in real-world behaviour (Tal-Perry & Yuval-Greenberg, 2022). On the one hand,
contextual cueing tasks simulate real-world scenarios by emphasising the incidental
learning of temporal regularities that can guide expectation-based attention (Beck et
al., 2014; Boettcher et al., 2022; Heideman et al., 2018; O’Reilly et al., 2008; Rieth &
Huber, 2013; Salet et al., 2021). In contrast, instructive cueing tasks allow for trial-wise
manipulations of attention based on task goals, hence probing the flexible and goal-

dependent usage of temporal expectations (Denison et al., 2017, 2021; Fernandez et
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al., 2019; Griffin et al., 2002). Both the automatic utilisation of incidentally learned
temporal regularities and flexible, goal-dependent prioritisation are likely to be essential
features of how temporal expectations guide behaviour in our dynamically unfolding

environments (Nobre & van Ede, 2018).

In the present study, the strengths of both approaches are harnessed by
developing a design that encourages goal-dependent usage of contextually embedded
temporal expectations to identify targets within extended dynamic backgrounds with
pronounced sensory competition. In the present task, participants formed temporal
expectations based on the characteristic temporal regularities of stimuli appearing
within two rapidly presented concurrent streams. The identity of the relevant target
(based on colour or pitch) on any given trial was cued on a trial-by-trial basis to test
whether participants could utilise learned temporal regularities flexibly to prioritise the
task-relevant stimulus. Importantly, the exact stimulus location (left or right stream)
and required response hand were unpredictable and varied trial by trial. Across three
experiments, I investigated whether temporal expectation, independent of spatial and
motor expectations, facilitated behaviour. To foreshadow the results, visual and
auditory temporal expectations were found to be flexibly directed to task-relevant

events in the absence of spatial or response-related certainty.

3.3 EXPERIMENT 1: VISUAL ONLINE STUDY

3.3.1 Methods

3.3.1.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R73580/RE001). Data were collected from 54 patticipants

recruited through the Prolific Academic platform (https://www.prolific.co). Pre-
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screening of participants ensured they were aged 18 to 40, fluent in English, had
normal or corrected eyesight, and fulfilled specific participation requirements in
Prolific Academic. Study inclusion required an approval rate above 95% and
participation in at least ten prior experiments. Participants were paid at a rate of £7.50
per hour and received a bonus of up to £2.50, which scaled with performance above
90% accuracy. On average, participants received a bonus payment of £1.50. All
participants provided informed consent before beginning the task. To accommodate
the additional variability in online testing, the sample size was chosen by doubling the
size of the samples used in similar in-person studies of the effects of temporal

expectations in extended contexts (i.e., Boettcher et al., 2022).

Data quality in online testing can vary (Sauter et al., 2020), prompting the adoption
of strict exclusion criteria. Participants were excluded from further analysis if they
performed below 60% accuracy, did not respond to more than 30% of trials, or had
mean RTs above 5 SDs from the across-participant mean. Five participants were
excluded in total, leaving 49 for analyses (14 female; mean age: 24.75, SD: 7; 8 left-
handed).

3.3.1.2 Experimental procedure and stimuli

The experimental script was generated using PsychoPy (PsychoPy Builder v2021.1.4;
Peitce et al., 2019) and hosted online through Pavlovia (https://pavlovia.org/; Sauter
et al., 2020). Participants completed the study on their personal computers or laptops.
Participants were encouraged to use Mozilla Firefox or Google Chrome for this study
and asked to keep 60 cm away from their screens. They were not allowed to take part
in the study from their phones or tablets. At the beginning of the experiment,
participants scaled the image of a credit card to match the size of a physical one which
they placed against the screen. This procedure was used to estimate the resolution of
their computer screen before starting the experiment (Li et al., 2020). The ratio
between the card image width (pixels) and the actual card width (cm) estimated the

pixel density (pixel per cm) per participant. Together, this value and the recommended
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distance from the screen (60 cm) allowed the estimation of the DVA of stimulus

presentation.

The task involved identifying one of up to three possible coloured targets that
could appear within either of two concurrent rapidly presented streams. Possible
targets were coloured circles (green, blue, pink, or yellow), which appeared only once,
within either stream, during the trial. Which colour was relevant for the trial was cued
by a coloured central cue at trial onset, and participants produced a speeded localisation
response by using the equivalent (left vs right) hand upon detecting the relevant target
(Figure 3.1). Importantly, the location of target appearance (left vs right) was
equiprobable and, consequently, the required response hand was also unpredictable.
The task was divided into six blocks, each containing 72 trials and lasting ~6 min.
Before beginning the first block, participants conducted a practice block of 24 trials.
Participants were instructed to rest between blocks. In total, the task lasted around 1

hr.

At the beginning of each trial, a centrally presented cue indicated which of the
possible target colours required a response on that trial. The cue was a 250-ms change
in the colour of the central fixation cross to match the colour of the designated target.
After a 500-ms delay, participants were presented with two streams of coloured and
white circles (diameter: 5 DVA). Coloured circles appeared briefly (75 ms) either on
the left or on the right side of the screen with a white circle displayed on the opposite
side at an estimated distance of 8 DVA from the centre of the screen. Both circles
were immediately followed by a bilateral multi-coloured mask, which remained on the

screen until the onset of the next coloured circle (Figure 3.1).

Each coloured circle within the streams was coloured with one out of four
possible colours, which were equidistantly spaced in the CIELab colour space (CIE,
2004; green: #01EB87, orange: #FFAC00, blue: #00E1FF, red: #FF6686). One of
these colours was designated as the distractor colour, and the other three corresponded
to the three possible zarger colours. Designated target and distractor colours were

constant within a participant and were counterbalanced across participants. On each
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trial, participants were cued to identify one out of the three target colours. Thus, only
the cued target was task-relevant in each trial, but uncued, task-irrelevant, targets and

distractors were also displayed within the streams.

As the main experimental manipulation of temporal expectation, the three targets
differed according to when they appeared. The temporal predictability of targets was
linked to their colour. Early targets appeared at a fixed time of 750 ms from stream
onset; /ate targets appeared at a fixed time of 1500 ms from stream onset; and random

targets could appear at any time from stream onset, except for around the early (700 —

800 ms) and Jaze (1450 — 1550 ms) time points.

Participants responded indicating the location of the circle that matched the cue
colour shown at the start of each trial. All circles had an equal probability of appearing
on the left or on the right and there was a balanced number of left and right circles in
each trial +/- 1. As soon as they detected the target, participants had to press either
the left (f) or the right (j) key corresponding to the location of the target in the left or
right stream, respectively. Importantly, because of the dependency between target
location and response hand, the required response was random and unpredictable until
the target appeared. For target colours with consistent (early or late) temporal onsets,
it was hypothesised that participants would incidentally learn the time of target
appearance and proactively direct attention to the predicted moment of the target
colour to identify target location (left vs right) and generate the correct response (left
vs right hand). In contrast, the lack of temporal prediction associated with the
randomly timed targets would not support temporally focused proactive attention,
resulting in a relative behavioural disadvantage in the detection of randomly timed

targets compared to temporally predicted targets.

The streams had a total duration of 2250 ms and did not stop when participants
responded. During I'TTs (jittered 1750-2000 ms), two placeholder white circles were
displayed on the left and the right of the screen. Participants were instructed to keep

their eyes on the central fixation cross for the duration of each block.
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To minimise the potential effects of foreperiod-linked expectations in the
detection of random targets, their onset probability approximated a non-ageing flat
distribution (Trillenberg et al., 2000). The absolute likelihood for the random target to
appear was 50% during the first third of the trial, 25% in the middle third, and 12.5%
in the final third (Supplementary Figure 7.1). Thus, as time passed, the conditional
probability for the target to occur in each third of the trial, had it not yet appeared

(hazard rate), remained at 50%.

In each trial, participants had to respond to the target with the cued colour.
Participants were cued to respond to the early, late, and random targets equiprobably
(33.3% each; Supplementary Figure 7.1). In 37.5% of trials, one of the three targets
was absent (12.5% eatly absent, 12.5% late absent, 12.5% random absent). These trials
did not overlap. A third of the trials in each absent category occurred during a trial
with a cotresponding cue. This resulted in 4.17% of eatly/late/random trials in which
participants were cued on the corresponding target and the target was absent. In these
trials, participants were instructed not to respond. Overall, a total of 12.5% of all trials
required no response from participants. No-response trials were included to promote
participants’ engagement in this task and to preserve the non-ageing flat distribution

of random target appearance.

All trials contained between 9-12 coloured circles. Most trials contained 3 targets
and 6-9 distractors. However, when one of the targets was absent, the trial instead
contained 2 targets and 7-10 distractors. The number of distractors was selected
randomly from a uniform distribution. To distribute the stimuli equally across the
duration of the trial, the streams were segmented into three-thirds. The early target
marked the onset of the middle third and the late target marked the onset of the final
third. Either 3 or 4 coloured circles appeared in each third. The first circle appearing
in each trial was always a distractor and different numbers of stimuli could precede
each target, hence minimising any effects of temporal order and emphasizing temporal

regularities based on onset timings instead.
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Each coloured circle lasted 75 ms. During the ISIs, bilateral circular masks were
displayed. ISIs were calculated by choosing pseudo-random numbers from a gamma
distribution with a minimum duration of 53 ms, a maximum of 423 ms, and an average
of 141 ms, depending on how many stimuli were presented in each third. Twelve
unique masks were created by sampling 64x64 elements from a uniform distribution
of all target and distractor colours, and one of these masks (chosen randomly) appeared

in each trial.

At the end of each trial, participants were provided with written, visual feedback
about their performance that was displayed on the centre of the screen. Specifically,
participants saw the following message “Correct!” when they correctly detected a
target, “Incorrect!” when they pressed the incorrect key, “Too early!” when they
pressed before target appearance, “Incorrect! No target present.” when they responded
in the absence of a target, “Correct! No target present.” when they correctly withheld
their response in the absence of a target, and “No response given!” when they did not

respond in the presence of a target.

At the beginning of the task, participants were shown the three target colours they
would need to detect throughout the study. At the end of the session, they were asked
to fill in a questionnaire prompting them to report any patterns they had noticed
regarding the appearance of the stimuli. Participants had unlimited time to respond
using free text. Additionally, participants were shown a horizontal line representing
“time in trial” and were asked to place a rectangle at the location on the line that
corresponded to the estimated time of target appearance. The horizontal line was
divided into 10 bins and participants were asked to report the time of each target’s
appearance on a different line. The percentage of participants who placed the rectangle
on bins 3 or 4 out of 10 when asked about the timing of the early target was calculated.
Similarly, the percentage of participants who placed the rectangle on bins 6 or 7 out of
10 when prompted to report the time of late target occurrence was estimated. This

approach yielded a chance-level report of target timing of 20%.
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Random  Early target Distractors
target (750 ms) (6-9)

T T
Cue Delay Stream 2250 ms ITI: jittered 1750-2000 ms
250 ms 500 ms Circles: 75 ms, Masks: 53-423 ms

Figure 3.1. Experiment 1: visual online task design. At the beginning of each trial, patticipants saw
a cue (change in the colour of the fixation cross) indicating which of three coloured targets to detect.
Participants had to search for a citcle with this colour within two streams of successively appeating
circles and masks. Unknown to the participants, one of these targets appeared at 750 ms from stream
onset (early target), another appeared at 1500 ms from stream onset (late target), and the other could
happen at any time (random target). Participants had to respond with the hand corresponding to the

side of the trial-designated target.

3.3.1.3 Data analysis and statistical testing

All data analyses were performed using R studio (RStudio Team, 2020). All analyses
were performed on trials in which the target stimulus was present. The following trials
were excluded from RT analyses: incorrect trials, trials with responses faster than 100
ms, and trials with responses slower than three times the SD of the average RT per
participant and condition (eatly, late, and random) following removal of incorrect trials
and trials with RTs faster than 100 ms. After cleaning, an average of 3.43% (SD: 3.54%)

trials were removed per participant from the RT analyses.

Two dependent variables were of interest: RT (time from target onset to correct
response) and accuracy (proportion of correct responses out of all responses). All

analyses compared these measures according to the three conditions: eatly, late, and
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random targets. The number of trials in which participants responded when the cued
target was absent (i.e., false alarms) was very low (an average of 0.037% of trials; range:

0-0.12%). Consequently, false alarms were not further analysed in the present study.

In a supplementary analysis, reaction time and accuracy were combined into the
inverse efficiency score metric (IES; Townsend & Ashby, 1983) to assess the potential
effects of a speed-accuracy trade-off on participants’ performance over time. The IES
is defined as the average reaction time in correct trials divided by the proportion of
correct responses per trial and per condition. The IES for early and late targets was
calculated per participant and the effect of early/late targets on this metric was assessed
with a paired-sample t-test. To calculate the IES to random targets, the time from
stream onset until stream offset was divided into 6 time bins ensuring the same number
of random targets per bin and the effects of time-in-stream on IES were assessed with

an ANOVA (see Supplementary Figure 7.5).

Importantly, previous studies have shown that RT and accuracy change as a
function of time before target appearance, the foreperiod, with RTs typically
decreasing as a function of time (Los, 2010; Luce, 1991; Niemi & Naatanen, 1981).
Given that the main distinguishing feature between the three conditions in the task
was the time of target appearance (early, late, and random), potential confounds arising
from foreperiod effects in the analyses were considered by incorporating the effects of

random target onsets on performance in two different ways.

Participant-specific generalised linear modelling, followed by parametric
comparisons

For each participant, a GLM was fit (using the g/~ function from /ue4 R package;
Version 1.1-30; Bates et al., 2015) to the RT's in response to random targets (assuming
a Gamma distribution of RT's and a Gaussian link function; Lo & Andrews, 2015) and
to the accuracy of the responses to random targets (assuming a binomial distribution
of accuracy and a Gaussian link function). RT and accuracy for random targets was

modelled as a linear function of random-target onset time. In participant-specific
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accuracy GLMs, a Gaussian link function was used when the model converged and,

alternatively, a logit link function was chosen in 27 of the models.

From each participant-specific model of performance to random targets, the value
of RT and the value of accuracy at the time of early (750 ms from stream onset) and
late (1500 ms from stream onset) target appearance was interpolated. Subsequently,
the interpolated (or estimated) RT and accuracy values when participants responded
to random targets were compared with the actual RT and accuracy values when
participants responded to early or late targets. It was hypothesised that participants
would be faster and more accurate in responding to temporally predictable targets than
would have been estimated based on foreperiod effects alone. To test this hypothesis,
I assessed how the factors of predictability (predicted vs random) and time (eatly vs
late) modulated RT and accuracy (actual and estimated) using 2x2 ANOVAs (Figure
3.2).

To gauge the consistency of the results in the participant-specific GLMs, the same
procedure was repeated using different link functions in supplementary analyses. The
relation between RT and random-target onset was tested assuming linear, logarithmic
and inverse link functions for all participants and by choosing the best-fitted model
(out of the ones above) for each participant (Supplementary Figure 7.2a,b).
Similarly, participants’ accuracy was modelled as a function of random-target onset
with four different link functions: linear, logit, cauchit, and the participant-specific best
tit (Supplementary Figure 7.2c,d). The best-fitted model was identified by selecting
the model with the minimal Bayesian information criterion (BIC) and Akaike

information criterion (AIC) values.

Generalised linear mixed-effects models

To confirm the reliability of the results, two comprehensive GLMMs were built
for RTs and accuracies, respectively. These included condition and target onset as

predictors, together with the random effects of participant and target colour.
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RT was modelled according to the following formula as implemented in /Jzerd,
assuming a gamma distribution of RT and an identity link function between RT and

the fixed effects.

RT ~ 1 + Condition * TargetOnset + (1 + Condition * TargetOnset | Participant) + (1

+ Condition * TargetOnset | TargetColonr)

The Condition variable had three levels according to the timing of target onset in
each trial: early, late, or random. The random condition was used as the reference
contrast, ensuring comparison of the early and late conditions to the random
condition. Furthermore, adding the TargetOnset variable as a predictor captured any
variability related to foreperiod effects that might affect the detection of the random
target. Consequently, any significant effect of condition on RT would represent effects
of visual temporal expectation, above and beyond foreperiod effects and random

effects arising from participant and target colour.

Following Matuschek et al.'s (2017) procedure, and with the aim of balancing
Type-I errors and power, this maximal model was simplified by eliminating predictors
that explained little to no variance until the most parsimonious model remained that

did not significantly worsen the model fit:

RT ~ 1 + Condition * TargetOnset + (1 + Condition * TargetOnset | Participant)

A similar procedure was followed for accuracy, assuming a binomial distribution
of the dependent variable and an identity link function between correctness and the

fixed effects:

Correctness ~ 1 + Condition * TargetOnset + (1 + Condition * TargetOnset |

Participant) + (1 + Condition * TargetOnset | TargetColonr)

Like above, this maximal model was simplified by eliminating predictors until the

most parsimonious model that fit the data best was left:
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Correctness ~ 1 + Condition * TargetOnset + (1 + Condition * TargetOnset | Participant)

All models were estimated using a maximum likelihood criterion. The outputs of
the models are reported as unstandardised regression coefficients with the t-statistics

and the results of two-tailed tests with a 5% criterion for significance.

Due to participant-specific differences in foreperiod effects (e.g., changes in the
relation between RT/accuracy and time-in-stream) I decided to base the main
interpretations on the participant-specific GLMs and considered the results of the

GLMMs as complementary and confirmatory.

3.3.2 Results

The main experimental question concerned whether participants were faster and more
accurate at detecting temporally expected targets compared to temporally unexpected
targets. Such an effect would indicate benefits of visual temporal expectation in the
absence of certainty about stimulus location (left or right stream) or required response
(left or right hand). To address this question, RTs and accuracies for the early and late
expected targets were compared to the estimated RT and accuracy values at early and

late times based on random-target onset (see Methods).

A 2x2 ANOVA on response times revealed a main effect of time in trial (F(7,48)
= 27.25, ¥F*p < 001, n* = .04) and a main effect of predictability (F(1,48) = 9.28, **p
=.003, n* = .01) on RT, but no interaction between the factors (F(1,48) = .06, p = .8,
1° < .000; Figute 3.2a,b). The main effect of time is suggestive of foreperiod effects
in this task, with participants responding faster to late targets than early targets.
Additionally, the main effect of predictability indicates that participants were faster at

detecting temporally expected targets than temporally unexpected ones.

For accuracy, only a main effect of time was found (F(1,48) = 15.1, ***p < .001,
1° = .06), with no main effect of predictability (F(1,48) = .78, p = .38, n* = .003) or
interaction between the factors (F(1,48) = .27, p = .6, n° = .0003) (Figure 3.2c,d).
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Accuracy deteriorated with time in the trial. It was speculated that the absence of
effects of temporal predictability on accuracy in the present task may have resulted
from the near-ceiling performance of participants, especially, towards the beginning of
the streams. A similar pattern of results was observed when fitting the participant-
specific GLMs assuming a set of non-linear relations between the dependent variables

(RT and accuracy) and target onset (see Supplementary Figure 7.2).

To test the presence of systematic changes in performance as a function of time
in trial, RT and accuracy were combined into a single measure of IES (Townsend &
Ashby, 1983). A paired-samples t-test revealed no differences in IES between early and
late targets (t(48) = 1.47, p = .15, d = .21; Supplementary Figure 7.5). I additionally
divided random targets into 6 time-bins depending on their onset with respect to
stream onset and calculated IES per bin and per participant. An ANOVA with bins as
a factor revealed a small, yet significant effect of bin on IES (F(1,48) = 4.36, *p = .04,
n° = .083) and a follow-up linear contrast revealed a downwards slope of IES as a
function of binned time (B = -.008, t = -2.16, *p = .03). From this, it was concluded
that time-in-stream changed response properties (i.e., speed-accuracy trade-off) and
had a slight effect on overall task performance in Experiment 1 (Supplementary

Figure 7.5).
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Figure 3.2. Experiment 1: visual online task performance. a) Mean RT to random targets as a
function of target onset as estimated by participant-specific GLMs (thin grey lines) and actual RT to
early (pink) and late (yellow) targets across participants. b) Left: average RT to expected targets and
average RT to random targets (as estimated by patticipant-specific GLMs). Right: difference between
RT at the time of early/late target as estimated from participant-specific GLMs and actual RT to
early/late tatgets. ¢) Mean accuracy to random targets as a function of tatget onset as estimated by
patticipant-specific GLMs (thin grey lines) and actual accuracy to eatly (pink) and late (yellow) targets
across participants. d) Left: average accuracy to expected targets and average accuracy to random targets
(as estimated by patticipant-specific GLMs). Right: difference between accuracy at the time of early/late
target as estimated from participant-specific GLMs and actual accuracy to eatly/late targets. Error bars
represent SEM, pink represents eatly time, yellow represents late time, lighter colours represent the
values estimated based on participant-specific GLMs and darker colours represent actual values.
Individual participants’ differences are depicted by dots and dashed lines represent O (no difference).

Statistical significance is indicated with asterisks.

Similar results were obtained when fitting the dependent variables in two
exhaustive GLMMs that considered RT (eardy: B = -.022, t = -1.56, p = .12; ate: 3 = -
019, t = -3.22, **p = .001) and accuracy (early: B = .023, z = .26, p = .79; late: = -
07,z = -84, p = .4) as the dependent variables and participants as a random effect

(see Methods). The small disparities observed in the results revealed by each statistical
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approach likely arise from differences in how participant-specific effects are integrated
and considered in each kind of model. While GLMMs are a powerful method for
integrating single-trial variables into a model, they may not explicitly consider
participant-specific differences in performance (e.g., participant-specific changes in the
relation between the dependent variables RT/accuracy and time-in-stream), which may
contribute to the present differences. Due to their sensitivity to participant-specific
performance patterns, the conclusions are based on the results of the participant-

specific GLMs while the GLMMs serve to provide supplementary confirmation.

In the post-experiment questionnaire, three participants out of forty-nine reported
having noticed that some target colours appeared closer to the onset and others closer
to the offset of the streams. When prompted to place a vertical bar on a horizontal line
depicting “time in trial”, 18% of the participants placed the early target colour around
the time of its appearance and 13% of the participants placed the late colour correctly.
Chance level placement would occur on 20%. This suggests that, for most participants,
temporal regularities within the trial were learned incidentally and benefited

performance implicitly, without their explicit knowledge.

3.4 EXPERIMENT 2: VISUAL IN-PERSON STUDY

The second experiment was aimed at replicating the results from Experiment 1 during
in-person testing and after introducing minor modifications to improve task sensitivity
and offer generalisation. Specifically, the difficulty of the task was increased to enhance
the variability of participants’ accuracies and thereby optimise the design to investigate
any potential effects on target detection accuracy. Additionally, to ensure that the
results found in Experiment 1 were not tied to the specific choices of colours and
timings, four different colours and slightly different stimulus durations and stream

timings were used in Experiment 2.

3.4.1 Methods
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3.4.1.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R76234/RE001). Due to reports of varying data quality in
online experiments (Sauter et al., 2020), the sample size was reduced from Experiment
1 to Experiment 2. The sample size was chosen based on the effect sizes reported in
similar studies exploring the effects of temporal expectations in dynamic and extended
contexts (i.e., Boettcher et al., 2022). Data was collected from 24 participants recruited
through the Oxford Psychology Research (OPR) participant recruitment scheme. Pre-
screening of participants ensured they were aged 18 to 40, fluent in English, had
normal or corrected eyesight and hearing, were not taking psychoactive medication,
and had no history of severe neurological or psychiatric disorders. Participants were
paid at a rate of £10 per hour. All participants provided informed consent prior to
beginning the study. Using the same participant exclusion criteria as above, one
participant was excluded from further analyses, leaving 23 for analyses (11 female;

mean age: 25.96, SD: 3.4; 5 left-handed).

3.4.1.2 Experimental procedure and stimuli

The experimental script was generated using PsychoPy (PsychoPy Builder v2021.1.4;
Peirce et al., 2019). To perform the task, participants were placed 60 cm away from a
monitor [22-inch (55.88 cm) Samsung SyncMaster 2233; resolution, 1680 X 1050

pixels; refresh rate, 100 Hz; screen width, 47 cm].

The stimuli and experimental procedures were the same as those in Experiment
1, with the following differences (Figure 3.3). To make the task more difficult, the
timings of the stimuli were shortened. The duration of the streams was 1500 ms, with
the early target appearing at 500 ms and the late target appearing at 1000 ms from
stream onset. All coloured circles (targets and distractors) appeared for 50 ms, and the
ISIs (masks) lasted a minimum of 45 ms and a maximum of 350 ms (centred on a mean

duration of 130 ms). The masks were created by sampling 16x16 elements from a
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3.4 | EXPERIMENT 2: VISUAL IN-PERSON STUDY

uniform distribution of target and distractor colours and white, thus amplifying their
masking effect. To ensure that the results found in Experiment 1 did not depend on
specific colours, four slightly different, also highly distinguishable colours (green:
#00EDS2, orange: #FFACO00, pink: #FF62FF, blue: #00DEFF) were chosen for

Experiment 2.

Experiment 2 was divided into 8 blocks, each containing 72 trials and lasting ~5
min. The first block provided participants with a chance to practice the task.
Participants were instructed to rest between blocks. The task lasted around 1 h in total.
At the end of the session, participants were asked to report any patterns they had
noticed regarding the appearance of the stimuli but were not prompted to provide

more details as in Experiment 1.

Random  Early target Distractors
target (500 ms) (6-9)

Cue Delay Stream 1500 ms ITI: jittered 1750-2000 ms
250 ms 750 ms Circles: 50 ms, Masks: 45-350 ms

Figure 3.3. Experiment 2: visual in-person task design. At the beginning of each trial, participants
saw a cue (change in the colour of the fixation cross) indicating which of three coloured targets to detect.
Participants had to search for a citcle with this colour within two streams of successively appeating
circles and masks. Unknown to the participants, one of the coloured targets appeatred at 500 ms from
stream onset (early target), another appeared at 1000 ms from stream onset (late target), and the other
could happen at any time (random target). Participants had to respond with the hand corresponding to

the side of the trial-designated target.
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3.4.1.3 Data analysis and statistical testing

Data analysis followed the same procedures as in Experiment 1. An average of 2.05%
(SD: 2.27%) trials were removed per participant for the RT analyses. An average of
0.017% of trials (range: 0.002-0.09%) constituted false alarm trials and these were not

further analysed.

3.4.2 Results

As in Experiment 1, the hypotheses in Experiment 2 pertained to whether participants’
performance would be improved by the temporal predictability of the targets

embedded within the streams.

To address this question, RT and accuracy values at the expected target times were
estimated based on the random-target onsets and compared to the actual RT and
accuracy values for early and late targets across participants. A 2x2 ANOVA revealed
a main effect of time (F(7,22) = 9.47, **p = .006, n* = .037) and a main effect of
predictability (F(7,22) = 6.43, *p = .02, n* = .038) on RT, and a trend towards an
interaction between the factors which did not reach statistical significance (F(7,22) =
3.9, p = .06, n* = .008; Figure 3.4a,b). Additionally, there was a main effect of both
time (F(7,22) = 5.64, *p = .03, n° = .043) and predictability (F(7,22) = 5.56, *p = .03,
1° = .076) on accuracy but no interaction between the factors (F(1,22) = .02, p = .88,
n° < .000; Figure 3.4c,d). From this, it was concluded that participants were faster
and more accurate at detecting temporally expected targets than temporally

unexpected ones.

Across the trial duration, performance became faster but less accurate for long
compared to short target onsets. To investigate potential changes to performance as a
function of time, IES was calculated for early and late targets and no evidence for
statistically significant differences between conditions was found (t(22) = -.62, p = .52,

d = .14). Additionally, an ANOVA of random target IES with bins as factors showed
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that there were no differences in IES as a function of time in stream (F(1,22) = .43, p
= .52, " = .02; Supplementary Figure 7.5). From this, it was concluded that overall

performance did not change systematically over time in Experiment 2.
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Figure 3.4. Experiment 2: visual in-person task performance. a) Mean RT to random targets as a
function of target onset as estimated by participant-specific GLMs (thin grey lines) and actual RT to
carly (pink) and late (yellow) targets across participants. b) Left: average RT to expected targets and
average RT to random targets (as estimated by patticipant-specific GLMs). Right: difference between
RT at the time of eatly/late tatgets as estimated from participant-specific GLMs and actual RT to
early/late tatgets. ¢) Mean accuracy to random targets as a function of target onset as estimated by
patticipant-specific GLMs (thin grey lines) and actual accuracy to eatly (pink) and late (yellow) targets
across participants. d) Left: average accuracy to expected targets and average accuracy to random targets
(as estimated by patticipant-specific GLMs). Right: difference between accuracy at the time of early/late
targets as estimated from participant-specific GLMs and actual accuracy to eatly/late targets. Error bars
represent SEM, pink represents eatly time, yellow represents late time, lighter colours represent the
values estimated based on participant-specific GLMs and darker colours represent actual values.
Individual participants’ differences are depicted by dots and dashed lines represent O (no difference).

Statistical significance is indicated with asterisks.
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These results were similar in participant-specific GLMs with non-linear link
functions (see Supplementary Figure 7.3) and in two exhaustive GLMMs for RT
(early: B = -.042, t = -2.19, *p = .03; late: = -.013, t = -.93, p = .35) and accuracy (early:
B =.056, z = 2.55, *p = .01; /ate: B = -.053, t = 1.92, p = .006). The small disparities
observed in the results revealed by each statistical approach likely arise from
differences in the treatment of participant-specific effects in each kind of model. In
the post-task debriefs of Experiment 2, no participants reported being aware of the

regularities.

In Experiment 2, the main pattern of findings from Experiment 1 was replicated.
Namely, visual temporal expectation facilitated performance despite spatial uncertainty
and when participants were unable to prepare one action. Therefore, the effects
generalised across online vs in-person testing conditions, stimulus timings, stimulus
colours, and task difficulty. Furthermore, increasing the demands of stimulus
presentation parameters in Experiment 2 revealed that the effects of visual temporal

expectation occurred both in participants’ reaction times and accuracies.

3.5 EXPERIMENT 3: AUDITORY IN-PERSON STUDY

The third experiment was aimed at testing the generalisability of the previous results
to other sensory modalities and, more specifically, to audition. Therefore, the
experimental design was translated from the visual to the auditory modality while

keeping most experimental parameters as similar as possible.

3.5.1 Methods

3.5.1.1 Participants
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This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R76234/RE001). The sample size was chosen based on the
effect sizes in Experiment 2. Data were collected from 30 participants recruited
through the OPR participant recruitment scheme. Pre-screening of participants
ensured they were aged 18 to 40, fluent in English, had normal or corrected eyesight
and hearing, were not taking psychoactive medication, and had no history of severe
neurological or psychiatric disorders. Participants were paid at a rate of £10 per hour.
All participants provided informed consent before the study. Given the lower mean
accuracy and higher accuracy variability observed in Experiment 3, participant
exclusion criteria were adapted accordingly. Specifically, participants whose average
accuracy was below 55% and who did not respond to more than 30% of trials were
removed from further analyses. Other participant exclusion criteria were as in
Experiment 2. In total, three participants were excluded from further analyses, leaving
a sample size of 27 participants (17 female and 10 male; mean age: 20.05, SD: 3.08; 3
left-handed).

3.5.1.2 Experimental procedure and stimuli

The experimental script was generated using the Psychophysics Toolbox version
3.0.18 (Brainard, 1997) on Matlab 2022a (The Mathworks Inc., Natick, NA, USA). The
task was displayed on a monitor (Dell U2312HM; 1920x1080 pixels resolution; 100 Hz
refresh rate) while participants sat ~60 cm away from it. Participants wore Beats EP
® wired headphones (model A17406) for the duration of the study. All sounds were
played at a sampling rate of 48 kHz. The experimental procedure and stimulus timings
were the same as those in Experiment 2 with the key difference that the lateralised
coloured circles (targets) were replaced with pure tones of different pitches which were

played over the left and right ear.

The task involved identifying one of up to three possible pure tones (targets) that
could be played within either of two streams of tones which were concurrently played

on each ear. Possible targets were pure tones (600 Hz, 896 Hz, 1339 Hz, and 2000 Hz)
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which were played once within either stream. The relevant tone for each trial was cued
by playing a matching pure tone binaurally at trial onset, and participants produced a
speeded localisation response by using the corresponding (left vs right) hand upon
hearing the relevant target (Figure 3.5). The ear to which the target tone was played
was equiprobable and, consequently, the required response hand was unpredictable.
The task was comprised of 8 blocks, each containing 72 trials and lasting ~5 min.
Participants were allowed to rest between blocks. The first block was a practice block

to become accustomed to the procedure and was not included in further analyses.

At the beginning of each trial, a pure tone was played binaurally for 250 ms (cue),
indicating which of the possible target tones required a response on that trial.
Following a 750-ms delay, pure tones interspersed within two streams of white noise
were played through the headphones. Volume was kept constant across participants
(50% of the computer’s audio-device volume) and tones of different frequencies were
matched in loudness using the ISO226 Equal-Loudness-Level Contour Signal
(Tackett, 2024). Each tone was played for 50 ms and had two Gaussian ramps at the
beginning and the end (5 ms long each). Each of the tones was played either on the
left or the right ear while nothing was played on the opposite ear. Each tone was
immediately followed by a binaural white noise mask, which was played until the onset

of the next pure tone.

Each pure tone in the stream had a pitch matching one out of four logarithmically
equidistant frequencies: 600 Hz, 896 Hz, 1339 Hz, and 2000 Hz. One of these tones
was designated as the distractor tone and the other three corresponded to the three
possible farget tones. In contrast to Experiments 1 and 2, in Experiment 3, only the
two middle frequencies were ever chosen as distractors (896 Hz and 1339 Hz). This
was aimed at equalising the distance between the distractor tone and the three possible
target tones, a factor which is known to affect discriminability of pure tones (Levitt,
1971). Designated target and distractor tones were constant within a participant and
counterbalanced across participants. Importantly, a white fixation cross was shown in
the centre of the screen throughout the task, thus encouraging participants to fixate

on the centre.
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On each trial, participants were cued to identify one out of the three target tones
(task-relevant) but uncued, task-irrelevant targets and distractors were also played.
Crucially, the three target tones of distinct frequencies also differed in their timings.
Like Experiments 1 and 2, the three target tones differed according to when they were
played, and the temporal predictability of targets was linked to their pitch. Ear/y targets
were played at a fixed time of 500 ms from stream onset; /afe targets were played at a
fixed time of 1000 ms from stream onset; and random targets could be played at any
time from stream onset, except for around the ear/y (400 — 600 ms) and Zaze (900 — 1100
ms) time points. All tones had an equal probability of being played on the left and on

the right and there was a balanced number of left and right tones in each trial +/- 1.

Following the procedure detailed in Experiments 1 and 2, random target onset
probability had a non-ageing flat distribution (Trillenberg et al., 2000). The proportion
of cued and absent trials, as well as the number of tones per stream were identical to
what was previously described. The number of tones (targets and distractors) played
across both streams was the same as in Experiments 1 and 2 (9-12 tones with mostly
3 targets and 6-9 distractors). The ITI was randomly sampled from a uniform
distribution between 1000 ms to 1250 ms and other timings (e.g., stream duration)

were identical to those in Experiment 2.

At the beginning of the task, participants were played the three target tones they
would need to detect throughout the study. At the end of the session, they were
informally asked about any patterns that they had noticed regarding the appearance of

the stimuli.
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freq

Random Early target Distractors Late target
target (500 ms) (6-9) (1500 ms)

1 1 L 1]
Cue Delay Stream 1500 ms ITI: jittered 1750-2000 ms
250 ms 750 ms ones: 50 ms, White noise : 45-350 ms

Figure 3.5. Experiment 3: auditory in-person task design. At the beginning of each trial,
participants heard a pure tone binaurally (cue) indicating which of three pure tones (targets) to detect.
Participants had to search for a pure tone with the cue-matching pitch within two auditory streams of
successive pure tones (monaural) intercalated with white noise (binaural). Unknown to the participants,
one of the tones was played at 500 ms from stream onset (eatly target), another was played at 1000 ms
from stream onset (late target), and the other could happen at any time (random target). Participants

had to respond with the hand corresponding to the side on which the target tone was played.

3.5.1.3 Data analysis and statistical testing

Data analysis followed the same procedure as in Experiments 1 and 2. An average of
1% (SD: 0.63%) of trials were removed per participant from the RT analyses. An
average of 4.37% of trials (range: 0-8.33%) constituted false alarm trials, and these were

not further analysed.

The most parsimonious GLMMs that did not significantly worsen the model fit

in Experiment 3 were the following:
RT ~ 1 + Condition + TargetOnset + (1 + Condition + TargetOnset | Participant)

Correctness ~ 1 + Condition + TargetOnset + (1 + Condition + TargetOnset | Participant)
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3.5.2 Results

As in Experiments 1 and 2, the hypotheses in Experiment 3 pertained to whether
participants’ performance would be improved by the temporal predictability of the

targets embedded within the auditory streams.

RT and accuracy at the expected times were estimated based on the random-target
onsets and they were compared to the actual RT and accuracy values for early and late
targets across participants. A 2x2 ANOVA revealed a main effect of time (F(7,26) =
53.17, ***p < .001, n* = .15) and a main effect of predictability (F(7,26) = 5.7, *p =
.02, 7* = .014) on RT, but no interaction between the factors (F(7,26) = .15,p = .7, 1’
< .000; Figure 3.6a,b). Additionally, there were no main effects of time (F(7,26) =
02, p =.9, 7 <.000) nor predictability (F(7,26) = 2.37, p = .14, 7> = .023) on accuracy
and no interaction between the factors (F(1,26) = .01, p = .73, n* < .000; Figure

3.6¢,d). From this, it was concluded that participants were faster but not more accurate

at detecting temporally expected tones than temporally unexpected ones.

These results were confirmed in participant-specific GLMs with non-linear link

functions (see Supplementary Figure 7.4) and in two exhaustive GLMMs for RT
(early: B = -.068, t = -1.7,p = .09; late: B = -.049, t = -2.32, *p = .02) and accuracy (early:
B=.27,2=122p=.22 late: B = .43, t = 1.7, p = .09).
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Figure 3.6. Experiment 3: auditory in-person task performance. 2) Mean RT to random targets as
a function of target onset as estimated by participant-specific GLMs (thin grey lines) and actual RT to
early (pink) and late (yellow) targets across participants. b) Left: average RT to expected targets and
average RT to random targets (as estimated by patticipant-specific GLMs). Right: difference between
RT at the time of eatly/late tatgets as estimated from participant-specific GLMs and actual RT to
early/late tatgets. ¢) Mean accuracy to random targets as a function of target onset as estimated by
patticipant-specific GLMs (thin grey lines) and actual accuracy to eatly (pink) and late (yellow) targets
across participants. d) Left: average accuracy to expected targets and average accuracy to random targets
(as estimated by patticipant-specific GLMs). Right: difference between accuracy at the time of early/late
targets as estimated from participant-specific GLMs and actual accuracy to eatly/late targets. Error bars
represent SEM, pink represents eatly time, yellow represents late time, lighter colours represent the
values estimated based on participant-specific GLMs and darker colours represent actual values.
Individual participants’ differences are depicted by dots and dashed lines represent O (no difference).

Statistical significance is indicated with asterisks.

Across trial duration, performance became faster for long compared to short
target onsets. To investigate potential changes to performance as a function of time,
IES was calculated for early and late targets and evidence for statistically significant
differences between conditions was found (t(26) = 3.34, **p = .002, d = .64).
Additionally, an ANOVA of random target IES with bins as factors showed that there
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were differences in IES as a function of time in stream (F(1,26) = 24.63, ***p < .001,
n° = .49; Supplementary Figure 7.5). From this, it was concluded that overall
performance changed systematically over time in Experiment 3, such that participants
became better (lower IES values) over time. Given that no general decreases in
accuracy were found as a function of time-in-stream, this was interpreted as mostly
driven by RT. At the end of the session, three participants reported having noticed a
similar “melody” and two participants correctly identified that some tones had been
played towards the beginning or the end of the stream. Therefore, there may have been
explicit awareness of the temporal regularities in the task in some, but probably not all

participants.

Together, Experiment 3 generalised the main findings from Experiments 1 and 2
to the auditory modality. Both visual and auditory attention could be flexibly directed
to temporally expected features in the absence of spatial and motor certainty. Despite
similar average accuracies in Experiments 2 and 3, Experiment 3 only found
differences in participants’ RT as a function of temporal predictability, suggesting that
the mechanisms underlying task performance may have differed from the visual to the

auditory modality.

3.6 DISCUSSION

The present study shows that expectations arising from incidentally learned temporal
regularities can guide behaviour in a flexible, goal-driven manner, even in the absence
of spatial and motor certainty. This finding was replicated across three experiments
that differed in sensory modality (visual vs auditory), stimulus timings, difficulty, and
testing modality (online vs in-person). Across all experiments, temporal expectation
influenced participants’ reaction times. Following an increase in task difficulty in
Experiments 2 and 3, the behavioural benefit of visual, but not auditory, temporal
attention was evident in accuracy measures. Performance benefits from temporal
expectations in all experiments surpassed and did not interact with behavioural effects

related to the passage of time in a trial (foreperiod).
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It has previously been proposed that attention based on temporal expectation
must act through other stimulus attributes, in the case of visual temporal attention
particularly through space and, in visual and auditory temporal attention, also through
motor processes (e.g., Morillon et al, 2015; Salet et al., 2021; Thomaschke &
Dreisbach, 2013). Most studies to date have investigated temporal attention under
spatial or motor certainty. Investigating the co-dependence of spatial and temporal
expectation specifically, Rohenkohl and colleagues (2014) simultaneously cued a
location (left vs right) and a temporal interval (short vs long) in each trial and found
that behavioural benefits of visual temporal expectation were restricted to the attended

location (see also Doherty et al., 2005; Seibold et al., 2020).

In contrast, in this task, no spatial certainty was required to express the benefits
of temporal expectation. Here, temporal predictability was linked to stimulus
colout/pitch while remaining decoupled from stimulus location and motor response.
The spatially distributed nature of the benefits conferred by combined colour-temporal
and pitch-temporal predictions suggests that temporal regularities can also tune
feature-based attention (Cohen & Maunsell, 2011; Gabay & Henik, 2010; Kingstone,
1992; Maunsell & Treue, 20006; Pratt & Abrams, 1999; Thomaschke et al., 2016;
Wagener & Hoffmann, 2010b; Warren et al., 2014). Speculatively, temporal
expectations could latch onto different types of top-down attentional signals, including
spatially distributed feature-based representations, and not necessarily require full

spatial or motor certainty.

From a neural perspective, temporal expectations have been suggested to exert
their effects by amplifying neural motor and/or perceptual representations at specific
times (Nobre & Rohenkohl et al., 2014; Nobre & van Ede, 2018). Preparatory motor
responses have repeatedly been shown to change with temporal expectancy (Boettcher
et al., 2021; Calderon et al., 2018; Cisek, 2007; Heideman, et al., 2018, 2018a, 2018b;
Miniussi et al., 1999; Thomaschke & Dreisbach, 2013; Trillenberg et al., 2000; van Ede
et al., 2020; van Elswijk et al., 2007; Wang et al., 2020).
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In the visual domain, temporal expectation has been shown to modulate neuronal
firing based on sensory and sensorimotor spatial receptive fields (Ghose & Maunsell,
2002; Janssen & Shadlen, 2005), as well as other visual features (Warren et al., 2014,
Anderson & Sheinberg, 2008). Similarly, in the auditory domain, the frequency tuning
of rodent auditory cortex neurons is known to be modulated by temporal expectations
(Jaramillo & Zador, 2011). In all these studies, however, stimuli were spatially certain.
The present results suggest that temporal expectation can equally modulate top-down
attentional biases of non-spatial features such as colour and pitch. A related
observation was that by Lima and colleagues (2011). In their study, NHPs temporally
anticipated a centrally presented grating. Neuronal modulation of orientation-specific
activity by temporal expectation extended beyond the spatial confines of the fovea
representation, possibly reflecting how temporal predictions interact with a spatially
distributed representation of orientation. In addition to modulating neural
representations over at least two locations, the results of the present study speculatively
suggest that temporal expectations can increase temporal preparedness for two
different actions simultaneously (see also Calderon et al, 2018; Cisek, 2007;

Kornysheva et al., 2013; Wang et al., 2020).

In this task, target locations and corresponding responses were simple and not in
strong competition; the two locations were in different hemifields or ears, and the two
responses engaged different hands. It will be important to investigate whether benefits
from temporal orienting of attention still occur under greater spatial and motor
ambiguity or competition. It remains possible that temporal expectation is confined to
influencing non-competing spatial or motor representations that can be activated
concurrently to guide task performance. In addition, spatial or motor factors may
interact strongly with other non-spatial factors in setting proactive expectations and
set limits to how learned temporal structures can influence the resulting top-down

attentional signals.

Most of the literature investigating attention has focused on the visual domain.
While the basic principles have been considered to be generalisable across sensory

systems, several differences between visual and auditory attention have also been noted
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(for reviews see Noyce et al., 2023; Shinn-Cunningham & Best, 2008). While visual
features are encoded spatially, auditory information is expressed over time and the
location of an auditory source is estimated at later processing stages by comparing the
time at which a sound reaches each ear (e.g., Musiek & Chermak, 2015). Consistently,
directing attention to the location of a sound has been suggested to engage a visual
attention system, and orienting attention to the time of visual events seems to activate
an auditory system instead (Lee et al., 2012; Michalka et al., 2015, 2016). Interestingly,
in the present study, both visual and temporal attention were found to facilitate
performance in the absence of spatial and motor-related certainty through similar
effects on reaction time. Using this design, future studies could directly compare the
modulatory effects of attention on visual features such as colour and auditory features

such as pitch.

An innovative aspect of the present design is the orthogonal manipulation of task
relevance (task-relevant and task-irrelevant targets) and temporal expectations (eatly,
late, and random; see also Duyar et al.,, 2023). Most informative cueing studies of
temporal attention manipulate expectations by changing the probability of target
appearance (e.g., Coull & Nobre, 1998; Miniussi et al., 1999). In contrast, here, task
goals were manipulated on a trial-by-trial basis, such that all or most targets were

present in any given trial, but only one was relevant to the task at hand (see also

Denison et al., 2017, 2021; Fernandez et al., 2019; Griffin et al., 2002).

In real-world contexts, goals and contextual regularities work together to guide
attention proactively. Yet, experimentally, the deployment of attention based on goals
(e.g., Griffin et al., 2002) or contextual regularities (e.g., Olson & Chun, 2001) have
been investigated separately using distinct task designs. This mixed design brings the
two types of guidance signals together: expectations result from incidentally learned

temporal structures and goals determine their flexible utilization.

While this study suggests that a combination of contextual temporal expectations
and task goals can guide behaviour, it does not elucidate how they operate together to

guide attention. For example, the present studies are uninformative regarding the
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extent to which temporal expectations modulate processing of predictable but task-
irrelevant targets. In the future, this task design could be combined with continuous
and time-resolved metrics such as gaze and pupil size (see Denison et al., 2019, 2020;
Palmieri et al., 2023), and neurophysiological measures of anticipation (e.g., CNV,
alpha power) and stimulus processing (e.g., P1, N2PC, P300, decoding of target
colout), to probe how temporal regularities enhance and/or inhibit the processing of

goal-relevant and goal-irrelevant events over time.

Furthermore, the mechanisms whereby temporal regularities are learned and used
to guide visual attention in the present task require further study. Participants likely
formed associations between specific colours/pitches and moments in time, which in
turn facilitated target identification and localisation to select the appropriate response
(see also Chun & Jiang, 1998; Zhao et al.,, 2013). From a neural perspective, the
incidental learning of temporal structure through statistical regularities may include
visual areas interacting with the basal ganglia, the cerebellum and/or the hippocampus-
based learning systems (e.g., Breska & Ivry, 2016; Chun & Phelps, 1999; Covington et
al., 2018; Goldfarb et al., 2016; Turk-Browne et al., 2009).

Other than their online vs in-person implementation, the main difference between
Experiments 1 and 2 was the increased temporal competition and resulting task
difficulty of the latter. This resulted in accuracy improvements for identifying
temporally expected targets. Some studies have suggested that the speeding of
responses caused by temporal expectations is reflective of modulations in preparatory
motor activity, whereas changes in accuracy reflect influences on perceptual processes
(e.g., Tal-Perry & Yuval-Greenberg, 2022). In the context of the present task, this
would speculatively point to a modulation by visual attention of both motor and
perceptual processes when task difficulty is sufficiently high (see also Kingstone, 1992).
Interestingly, despite similar average accuracies in Experiments 2 and 3, auditory
temporal attention did not improve pitch detection accuracy. This may be the product
of a larger variability in participants’ identification of pitch as opposed to colours, but
it might also reflect underlying differences in the modulatory effects of auditory and

visual attention. Titrating what stages of processing (sensory, associative, or motor)
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contribute to the present behavioural effects would benefit from using additional
appropriate psychophysical methods (e.g., signal detection theory, theory-of-visual-

attention modelling, e.g., Vangkilde et al., 2013) and electrophysiological measures.

Investigating cognitive processes unfolding in extended contexts brings along
difficulties. The passage of time (foreperiod) may drive expectation and/or change the
level of non-specific motor preparation or arousal, hence resulting in systematic
changes to the behavioural metrics of interest (Los, 2010; Luce, 1991). Like previous
studies, I sought to reduce foreperiod-related effects by keeping the conditional
temporal probability of random targets appearing fixed at 50% in each successive third.
Foreperiod effects were nevertheless present in the behavioural metrics of this baseline
condition. Understanding the source of the foreperiod effect under such controlled
conditions is of intrinsic interest and deserves investigation. In this case, the foreperiod
effect was modelled by capitalising on the temporal spread of random target
appearance to isolate the benefits of temporal attention above and beyond the

foreperiod effects.

The complications observed in dynamic tasks tap into the nuances of natural
behaviour unfolding in real-world contexts, where several dimensions of temporal flux
co-exist and interact (Nobre & van Ede, 2023). These results highlight the need to
develop dynamic, ecologically valid designs in which foreperiod effects and other kinds

of temporal expectations co-occur and simultaneously influence behaviour.

Taken together, the present results show that visual and auditory temporal
expectations formed from incidentally learned temporal regularities can be called upon
flexibly, in a goal-driven manner, to guide behaviour. Moreover, I find that temporal
attention can facilitate performance in the absence of concomitant spatial or motor
expectations in dynamically unfolding environments. Importantly, this was the case
both in the visual and auditory modality. Combining this task design with continuous
behavioural and neurophysiological measures can pave the way to a better

understanding of temporal attention.
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TEMPORAL REGULARITIES TUNE THE
PRIORITISATION OF WORKING-

MEMORY CONTENTS

4.1 ABSTRACT

Internal selective attention prioritises working-memory contents to prepare us for
prospective behaviours. The prioritisation of visual contents in working memory is
flexible and temporally tuned. In addition to visual contents, action-related contents
can also be prioritised in working memory, highlighting the pragmatic nature of
internal attention. An open question is whether the prioritisation of action-related
contents is similarly flexible and tuned to the temporal structure of the task.
Additionally, it is unclear if the modulation of co-existing sensory and action-related
contents in working memory is intrinsically coupled. In Experiment 1, I designed a
task that encourages the flexible prioritisation of two item locations and two associated
prospective actions as a function of dynamically evolving temporal expectations. The
design orthogonally manipulated item location (left vs right side) and prospective
action (left vs right hand), enabling the independent tracking of the prioritisation of
sensory contents (through alpha EEG activity modulation and gaze biases) and
prospective actions (through mu-beta EEG activity changes). Results across two
sessions showed that sensory- and action-related prioritisation co-exist in working

memory. Both are flexible and temporally tuned, as indexed by reaction-time benefits,
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modulations in alpha and mu-beta EEG activity, and shifts in gaze biases. Interestingly,
modulations of visual and action signals were not continuously temporally coupled.
The findings highlight a variety of modulatory processes that co-occur to prepare

internal representations for adaptive behaviour.

Most studies have manipulated the prioritisation of contents in visual working
memory. While it is thought that the basic principles are generalisable to other sensory
modalities, the flexibility and temporal tuning of the prioritisation of auditory contents
in working memory have not been probed. In Experiment 2, I translated the key
features of the task design in Experiment 1 to address this question. Reaction times
revealed that the prioritisation of auditory contents was similarly flexible and
temporally tuned. Nevertheless, it was not accompanied by content-specific biases in
gaze position. These findings point to at least partially non-overlapping mechanisms
for the prioritising visual and auditory working-memory contents, which merit further

investigation.

4.2 EXPERIMENT 1: VISUAL

4.2 .1 Introduction

Internal selective attention serves to select and prioritise working-memory contents
according to goals, expectations, and other control-related cognitive processes (Myers
et al., 2017; Nobre, 2018; Nobre & van Ede, 2023; Oberauer, 2019; Oberauer & Hein,
2012; van Ede & Nobre, 2023). Far from changing randomly, our environment is
highly structured across space, time, and several other attributes (e.g., Schwartz et al.,
2007). Internal attention is thought to use these regularities to prioritise working-

memory contents and, thereby, proactively guide ongoing behaviour.

Numerous studies have found that expectations about the sensory qualities of

objects (i.e., location, colour, and other stimulus features) can proactively guide internal
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attention to the relevant working-memory contents thus facilitating subsequent task
performance (Griffin & Nobre, 2003; Landman et al., 2003; Lewis-Peacock et al., 2012;
Oberauer & Hein, 2012; Serences et al., 2009; for reviews see Souza & Oberauer, 2016;
van Ede & Nobre, 2023). A growing body of literature has also highlighted the
pragmatic nature of internal attention, demonstrating that it can proactively prioritise
action-related contents in working memory (Boettcher et al., 2021; Formica et al,,
2021; Gonzilez-Garcia et al., 2020; Henderson et al., 2022; Kikumoto et al., 2022;
Nasrawi et al., 2023; Nasrawi & Van Ede, 2022; Rosner et al., 2022; Schneider et al.,
2017; van Ede et al,, 2019a). Sensory and action-related contents can co-exist in
working memory. When an item in working memory is probed, the selection of its
sensory- and motor-associated contents starts concurrently (van Ede et al., 2019a).
However, there is much left to discover concerning the relationship of sensory- and

action-related modulation in working memory.

Electroencephalography (EEG) provides a powerful method to independently
track the prioritisation of sensory- and action-related contents in working memory.
The selection of action plans is mirrored by a relative reduction in mu-beta (8-30 Hz)
activity contralateral to the prospective hand action at central electrodes (e.g., Kaiser
et al., 2001; Pfurtscheller et al., 2000; Schneider et al., 2017; van Ede et al., 2019a). In
turn, the selection of stimulus locations in working memory is mirrored by a relative
reduction in contralateral alpha-frequency (8-12 Hz) activity in posterior electrodes
(e.g., Mok et al., 2016; Myers et al., 2014; Poch et al., 2014; Schneider et al., 2016; van
Ede et al., 2017; Wallis et al., 2015). Moreover, small changes in gaze position become
biased toward the prioritised locations in working memory (Liu et al., 2022; van Ede

etal, 2019b, 2021).

It is becoming increasingly clear that the prioritisation of sensory contents in
working memory is a highly dynamic and flexible process (De Vries et al., 2018; Lewis-
Peacock et al., 2012; Myers et al., 2018; Rerko & Oberauer, 2013; van Ede et al., 2021,
Van Moorselaar et al., 2015). For example, the prioritisation of sensory contents, as
measured with EEG activity modulations and pupil size, changes according to

temporal expectations concerning the likely time of an item to be probed (van Ede et
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al., 2017; Zokaet et al., 2019). However, it remains unknown whether the prioritisation
of action-related contents can be similarly tuned to the temporal structure of the task.
Additionally, while sensory- and action-related contents can be prioritised concurrently
(van Ede et al., 2019a), it is unclear whether these two aspects of the representation
are functionally bound. Does their prioritisation co-evolve in lockstep according to

temporal expectations based on the dynamic structure of the task?

To address these questions, I designed a task that zoomed into how temporal
expectations guide the dynamic prioritisation of sensory- and action-related contents
that co-exist in working memory. Item location (left vs right side) was orthogonally
crossed with required action (left vs right hand). The design thus enabled tracking the
prioritisation of sensory contents (location) and prospective actions independently.
Contralateral alpha (8-12 Hz) and mu-beta (8-30 Hz) attenuation provided markers of
the prioritisation of sensory- and action-related contents in working memory,
respectively. Gaze position provided an additional marker of location selection. To
foreshadow the results, the prioritisation of both sensory- and action-related contents
evolved flexibly as a function of dynamically changing expectations. However, their
prioritisation was not temporally coupled, suggesting that multiple modulatory
functions can operate in tandem on different aspects of working-memory

representations.

4.2.2 Methods

4.2.2.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R57489/RE006). The sample size of the present study was
based on previous studies investigating related questions (Boettcher et al., 2021; van

Ede etal., 2019a). Thirty-one volunteers participated in two visits each. All participants
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self-reported having normal or corrected eyesight. They provided written consent

before each visit and were reimbursed at £15/h for their participation.

Exclusion criteria were pre-defined. Participants were excluded from further
analyses if their average performance error or RT was above 3 SDs from the mean
error or RT, respectively, across all participants in either visit. Data from one
participant were excluded from further analyses based on these criteria. The final
sample (n = 30) had an average age of 23.57 (SD: 3.85). Three individuals were left-
handed and twenty-seven were right-handed by self-report; six participants identified

as male, twenty-three as female, and one as non-binary.

4.2.2.2 Experimental procedure and stimuli

I designed a visual-motor working-memory task to study the flexible and dynamic
prioritisation of visual and action-related contents in working memory (Figure 4.1a).
Participants were shown two coloured, tilted bars and were asked to report the tilt of
one of the bars at the end of each trial. In half of the trials (znformative), two key pieces
of information allowed participants to anticipate which of the two items they would
have to report: 1) a retro-cue matching the colour of one of the bars; and 2) the
duration of the delay following the retro-cue and before the response probe.
Participants reported the bat’s orientation at the end of the trial. Importantly, the bar
orientation (left vs right) was linked to the hand (left vs right) of the response.
Additionally, the location of the bars (left vs right) and the direction of their tilt (left
vs right) were manipulated orthogonally. Therefore, the prioritisation of bar locations
and prospective hand actions could be tracked independently using their respective
EEG and eye-tracking markers (see also Boettcher et al., 2021; van Ede et al., 2019a,
2019b).

The experimental script was generated using the Psychophysics Toolbox version

3.0.18 (Brainard, 1997) on Matlab 2022a (The Mathworks Inc., Natick, NA, USA).
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Participants sat in a dimly lit room, ~60 cm away from a monitor (Dell U2312HM,;
1920x1080 pixels resolution; 100-Hz refresh rate).

The background colour of the display was grey (#7F7F7F) for the duration of the
task. At the beginning of each trial, participants saw the encoding display made of a
white central fixation cross (HFFFFFF; 14 pixels) and two coloured, tilted bars shown
for 250 ms. One bar was always on the left and the other on the right side of the screen.
Each bar was centred 192 pixels (5.2 DVA) away from of the central fixation cross,
had a length of 192 pixels and a width of 38 pixels. One bar was always tilted leftward
and the other rightward. Bar tilts were drawn from one out of three possible bins with
a uniform distribution of orientations (+/-10-33°, +/-34-57°, and +/-58-80°). To
avoid cardinal effects, none of the displayed bars had orientations along the vertical or
horizontal meridians. Orientation bins were counterbalanced such that all bins were
equiprobably sampled for each participant. Bar location and tilt were orthogonally
manipulated, such that leftward- and rightward-tilted bars were equally likely to appear
on the left or right side of the screen across trials. The two bars on the encoding display
had two different colours out of four possible, highly distinguishable colours: blue
(#00DEFF), orange (#FFACO00), pink (#FF62FF), and green (#00EDS2). Colours
were counterbalanced across trials such that all possible combinations of colour,

location, and tilt were displayed.

Following the encoding display, the coloured bars disappeared, and the central
fixation cross remained on the screen for 750 ms (delay 1; Figure 4.1a). Subsequently,
the colour of the central fixation cross changed for 200 ms (retro-cue). In half of the
trials (znformative; 50%), the colour of the retro-cue matched the colour of one of the
two bars displayed previously. In the other half of the trials (noninformative; 50%), the
fixation cross changed to a different colour that matched neither encoded item on that
trial. The colour of the cue was chosen from the four possible colours detailed above.
Cue colour was counterbalanced such that all colours acted as cues in the same number
of trials across the task and appeared equiprobably in informative and noninformative

trials.
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In half of the informative and half of the noninformative trials, the response probe
appeared 1 s after cue offset (short trials; 50%). In the other half of the trials, the
response probe appeared 3 s after cue offset (fong trials; 50%). During the post-cue

delay (short and long), only a white, central fixation cross remained on the screen.

Crucially, in informative trials, two pieces of information predicted which of the
two bars would be probed at the end of the trial with 100% validity: 1) the colour of
the retro-cue; and 2) the duration of the delay between the cue and the probe. When
the cue was informative (matching the colour of one of the two bars displayed at
encoding) and the delay following the cue was short (1 s), participants were prompted
to report the orientation of the cued bar at the end of the trial (100% validity).
Alternatively, in informative trials with a long delay (3 s), participants were always
required to report the orientation of the other (uncued) bar. Therefore, participants
were encouraged to attend to the retro-cue and to track the duration of the subsequent
delay to know which of the two bars they would be asked to report. In informative
trials, they could anticipate reporting the item with the cued colour after the short
interval. Once the short interval passed, they could shift the focus of attention to
anticipate the item with the other colour. In noninformative trials, which of the two

bars would be probed was unpredictable.

Following the delay, the colour of the central fixation cross changed again (probe)
prompting participants to reproduce the tilt of the colour-matching bar (Figure 4.1a).
To this end, participants used the “I’” and “J”” keys on the keyboard with their left and
right index fingers respectively. Upon response initiation, a grey bar appeared centrally
in the vertical position. Pressing the “F” key led to a counterclockwise rotation of the
grey bar and pressing the “J”” key made it move clockwise. Participants were instructed
to release the key when the grey bar reached the desired orientation. The size of the
grey bar was the same as that of the coloured bars on the encoding display. The grey
bar did not rotate further than 90° in either direction. Therefore, leftward tilted bars
could only be reported with the left hand and rightward tilted bars with the right hand.

The response key could not be changed once a response was initiated. Participants
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were instructed to report the orientation as quickly and accurately as possible. They

had a maximum of 3 s to respond from probe onset.

If participants responded with the correct key (F for leftward-tilted bars and ] for
rightward-tilted bars), they received visual feedback about the percentage accuracy of
their response. If they pressed the incorrect key, they received the message “Wrong
target!”. If they did not respond, they saw ““T'oo slow!”. All feedback appeared centrally
in white letters and was displayed for 500 ms. I'TIs followed a beta distribution with a
minimum of 3 s, maximum of 10 s, and average of 5.5 s. During each ITI, a white

fixation cross was displayed centrally.

The present study was divided into two separate visits in which participants
repeated the same task procedure. The first visit consisted of a behavioural session in
which participants completed 8 blocks of 32 trials each for a total of ~1 h. The second
visit consisted of an EEG and eye-tracking session in which participants completed 15
blocks with 32 trials each for a total of ~2.5 h. Every 5 blocks, participants had the
chance to rest for 10-15 minutes. Before beginning the first session of the experiment,
participants were walked through the instructions of the task and were asked to

practice the procedure for at least one block.

4.2.2.3 Behavioural data analysis

Behavioural data were analysed using the R statistical programming language (version
4.2.1; R Core Team, 2021) and R studio (version RStudio 2022.07.1; RStudio Team,
2022). Report errors were calculated as the absolute difference between the reported
orientation and the orientation of the probed bar. RT was defined as the time from
probe onset until response initiation. Trials without a response, trials with RT's faster
than 100 ms, trials with RT's slower than three times the SD of the average RT per
participant, and trials with report errors higher than three times the SD of the
participant-average error were excluded from further behavioural analyses. This

resulted in an average removal of 2.82% (SD: 0.6%) of trials.
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The statistical significance of the dependent variables of interest across
participants (report error and RT) was tested using repeated-measures ANOVA with
informativeness (informative and noninformative) and duration (short and long) as
factors. The metric of effect size was n° and the within-subject SEM was quantified
using the normalised data (Morey, 2008). Paired-samples Student’s t-tests were used

for post-hoc comparisons, and the effect size was reported as Cohen’s d.

4.2.2.4 EEG: acquisition and preprocessing

EEG was acquired using a 64-channel Quik-Cap Neo Net cap (Ag/AgCl electrodes),
Synamps amplifiers, and the CURRY 8 acquisition software (Compumedics
Neuroscan). Sixty-four channels were distributed across the scalp following the
international 10-10 positioning system. Data were referenced online to a reference
channel positioned between Cz and CPz. Another channel (AFz) was used as the
ground. Vertical and horizontal EOG were simultaneously recorded using a bipolar
system integrated into the cap. Horizontal EOG electrodes were placed on the side of
each eye and vertical EOG was positioned above and below the left eye. ECG was
measured with an integrated, bipolar set-up. The upper ECG was placed on the left
ribcage, centred above the left chest; the lower ECG was placed on the side of the left
ribcage. During set-up, electrode impedance was lowered to below 5 kiloohms where
possible and was at least below 10 kiloohms. Data were digitised at 1,000 Hz and

filtered at 500 Hz during acquisition.

All EEG data were processed and analysed in Python 3.11 using MNE-Python
(version 1.5.1; Gramfort, 2013) and custom-made scripts. First, data were notch-
filtered at 50 Hz, and high-pass (0.05 Hz) and low-pass (40 Hz) filtered with a Finite
Impulse Response (FIR) filter. Subsequently, the continuous data were visually
inspected. Channels deemed “bad” were interpolated using spline interpolation as
implemented with the znterpolate_bads function in MNE-Python. Then, data were
down-sampled to 250 Hz and re-referenced to the sensor average. An independent

component analysis (ICA) identified artefacts related to eye movements by correlating
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individual ICs with the EOG signals. Based on the correlation values and visual
inspection of IC time courses and topographies, ICs capturing eye-related activity were
identified and subtracted from the EEG data. An average of 0.93 ICs (SD: 0.31; range:

0-2) were removed per participant.

Subsequently, the raw EEG data were epoched around cue onset and probe
appearance (-0.25 s to 1.25 s in short trials and -0.25 s to 3.25 s in long trials) and
activity during the baseline period (-0.25 to 0 s) was subtracted from each epoch. A
surface Laplacian transform was applied to the epoched data using the
compute_current_source_density MNE-Python function to reduce the effects of volume

conduction and thus increase the spatial resolution and interpretability of the results.

In the EEG analyses, included trials were limited to those in which participants
had pressed the correct key and RT was higher than 100 ms. Noisy trials, as identified
on the epoched EEG time courses using a Generalized ESD procedure (Rosner, 1983),
were also excluded. In total, 89.67% (SD: 5.34%) of trials were used in subsequent

analyses.

4.2.2.5 EEG: time-frequency analyses

All EEG analyses focused on the period of interest from retro-cue onset until probe
onset (Figure 4.1a). The retro-cue in informative trials was hypothesised to prompt
participants to direct attention to the cued sensory (location) and action-related
(response hand) contents in working memory. Importantly, it was hypothesised that
in long trials, participants would “shift” to prioritising the other stimulus location and
response hand after the short interval lapsed. Crucially, given the orthogonal
manipulation of bar location and tilt, prioritisation of locations and action plans could
be tracked independently with EEG (see also Boettcher et al., 2021; van Ede et al,,
2019a). Specifically, it was hypothesised that EEG alpha-frequency activity (8-12 Hz)
at occipital electrodes contralateral to the location of the prioritised item would be

reduced. In parallel, it was predicted that EEG mu-beta activity (8-30 Hz) at central
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electrodes contralateral to the prioritised response hand would be reduced. Alpha-band
activity (8-12 Hz) at left (PO7) and right (POS) visual sensors was used to track
sensory-related prioritisation. Mu-beta activity (8-30 Hz) in left (C3) and right (C4)
motor electrodes was used to track action-related prioritisation (see also Boettcher et
al., 2021; van Ede et al., 2019a). The same pattern of findings was confirmed using a

larger cluster of lateralised visual and motor sensors (Supplementary Figure 7.6).

The epoched EEG time series were transformed into their time-frequency
decompositions by convolving them with a 300-ms Motlet wavelet from 2 to 40 Hz in
steps of 1 Hz. The 50 ms around the two edges of each epoch were subsequently
cropped to remove any edge artefacts related to the time-frequency decomposition.
Time-frequency activity in lateralised visual (PO7/PO8) and motor (C3/C4) channels
was contrasted between trials in which either the stimulus location or the prospective
action hand (related to the tilt), respectively, was contralateral vs ipsilateral to each
channel. This was calculated and normalised as follows: [((contra — ipsi)/(contra +
ipsi)) * 100], separately for left and right sensors per participant. Subsequently, the
contrast across both sides was collapsed in the visual and motor selection conditions
separately and averaged across participants. The time-frequency contrasts averaged
across participants are shown in Figure 4.2 (informative trials) and Supplementary
Figure 7.7 (noninformative trials). The average time-frequency activity in the early
period (0.2 to 1.2) includes both short and long trials. The later period (1.2 to 3.2)

includes only long trials.

The same procedure was followed with each symmetrical electrode pair to create
the topographical lateralisation maps shown in Figure 4.2c. The topographies show
alpha and mu-beta left-versus-right contrasts across channels on the time points that
correspond to the statistically significant clusters (see Cluster-based permutation

testing).

Additionally, to generate the time course of posterior alpha and central mu-beta
modulations, signals from the pre-defined frequencies were averaged at the selected

channels. The time courses for the normalised change in posterior alpha (PO7/POS;
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8-12 Hz) and in central mu-beta (C3/C4; 8-30 Hz), are compared in Figure 4.2c.
Additionally, the mu (8-12 Hz) and beta (14-30 Hz) bands were also averaged

separately as shown in Supplementary Figure 7.8.

4.2.2.6 EEG: latency quantification

Next, the temporal relation between the time courses of the two frequency bands of
interest (alpha and mu-beta) were investigated. A set of key control points was
identified on the trial-average time courses following two approaches: 1) estimating
the control points per participant and 2) using a hierarchical bootstrapping procedure

(Saravanan et al., 2019).

In the first approach, the participant-average alpha and mu-beta time courses were
smoothed using a Gaussian kernel with a SD of 12 ms to remove potential noise and
facilitate the identification of the control points. For each participant, the minimum
point of alpha and mu-beta attenuation was identified within a pre-defined time
window (0.1 to 1 s from cue onset), and the maximum point of alpha and mu-beta was
identified in a later window (1 to 2.5 s from cue onset). Subsequently, the time of zero
crossing between the identified minimum and maximum was identified as the shift
time. When participants had multiple zero crossings between the minimum and
maximum time points, the earliest, average, and latest shift times were calculated. A
two-sided paired-samples t-test compared the mean shift times of the alpha time
course and the mu-beta time course (Figure 4.3a). The effect size was reported as

Cohen’s d.

In the hierarchical bootstrapping approach, half of the trials in half of the
participants were randomly sampled over 100 iterations. For every sampled participant
and subset of trials, the contralateral-versus-ipsilateral alpha and mu-beta time courses
were calculated. The time courses were smoothed using a Gaussian kernel with a SD
of 12 ms to facilitate the identification of the control points: the minimum and

maximum alpha/mu-beta modulation times, the minimum shift time, the mean shift
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time, and the maximum shift time. Next, the mean shift times of the alpha and mu-
beta time courses were compared across all iterations using a two-sided paired-samples

t-test (Figure 4.3b). The effect size was reported with Cohen’s d.

4.2.2.7 EEG: relation to behaviour

Subsequently, I investigated the relation between the two behavioural dependent
variables of interest (report error and RT) and the modulation of alpha and mu-beta-
frequency activity during the post-cue delay in informative trials separately for trials
with a long and a short delay. For each participant and trial type (short and long), the
median RT was estimated, and the trials were divided into those that were faster (fast)
and those that were slower (slow) than the median RT. In parallel, the median report
error was calculated. Trials were then separated into those with more (precise) or less
accurate (imprecise) reports than the median error. Subsequently, I calculated the
contralateral-versus-ipsilateral alpha and mu-beta contrasts in fast vs slow trials and in
precise vs imprecise trials and compared them using cluster-based permutation testing

as detailed below (Figure 4.4).

4.2.2.8 Eye-tracking data analyses

In visit 2 (EEG), bilateral eye position was continuously monitored with an eye-
tracking device at a sampling rate of 1000 Hz (Eyelink 1000, SR-Research Ltd., Ottawa,
Ontario, Canada). Participants performed an eye-tracking calibration task before
blocks 1, 6, and 11 of the experiment. Additional calibration tasks were performed if
ocular drift was noticed between these moments. Calibration did not work for three
participants and eye-tracking data could not be collected. One participant was excluded
who did not meet the behavioural inclusion criteria. Additionally, three other
participants were excluded because the eye-tracking signal was lost for more than 50%

of the trials. In total, eye-tracking data from 24 participants were analysed.
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The eye-tracking signal was pre-processed following the steps detailed in related
studies (e.g., Drachkow et al., 2022; Gresch et al., 2024; van Ede et al., 2019b). First,
the acquired edf files were converted into the asc format using EDFConverter (SR-
Research Ltd.). All subsequent analyses were performed using R studio (RStudio
Team, 2020), the eyelinker R library, and custom-made scripts.

Eye-blinks were identified and the signal +/-100 ms around each blink was
discarded following the guidelines from the Eyelink manual (Eyelink 1000, SR-
Research Ltd., Ottawa, Ontario, Canada). Subsequently, data from the left and right
eye were averaged yielding one time course for eye movements along the horizontal
axis (x-position) and another along the vertical axis (y-position). In the present study,
the bars were positioned along the horizontal axis. Therefore, only the horizontal gaze

position was analysed further.

Next, data were epoched from 500 ms before to 3400 ms after cue onset in long
trials and between -500 and 1400 ms in short trials. Trials with eye movements
exceeding half the distance to the bars (96 pixels) were removed from further analyses
(see also Gresch et al., 2024). Additionally, trials with RTs below 100 ms or with
incorrect responses were discarded from further analyses. An average of 13.05% of

trials (SD: 11.15%) were excluded.

The time course of the horizontal gaze position in each trial was smoothed with
a 20-ms moving window. Subsequently, the epochs were cropped between 200 ms
before and 1200 ms (short) or 3200 ms (long) after the cue to remove any smoothing-
related edge artefacts. Finally, the average baseline activity (-200 to O ms), was

subtracted from each epoch.

Leftward and rightward gaze-position time courses were compared between trials
where the left or the right item was cued (Figure 4.5a). Additionally, “towardness”
was calculated as the subtraction between the trial-average gaze position in trials where
the right item was prioritised and the sign-flipped mean gaze position in left-item trials

divided by two. Thus, towardness indicated the extent of biases in gaze position
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towards the prioritised item location. Statistical contrasts compared gaze position
during leftward and rightward shifts and compared the towardness metric against zero

using cluster-based permutation as described below.

4.2.2.9 Cluster-based permutation testing

Cluster-based permutation (Maris & Oostenveld, 2007) tested for statistical differences
in the contralateral-versus-ipsilateral contrasts and eye-tracking time courses. This
statistical approach assumes the effects of interest are clustered across the relevant
dimensions (e.g., time, time-frequency, space-time-frequency), making it suitable for
testing the statistical significance of time and time-frequency activity patterns in EEG

and eye-tracking data.

First, a mass-univariate t-test (two-sided, alpha = .05) was performed on the
group-level contralateral-versus-ipsilateral contrasts, and the sum of all t-values in a
cluster was defined as the cluster statistic for each given cluster. Next, the time-
frequency contralateral-versus-ipsilateral contrasts across the two conditions of
interest (informative vs noninformative) were randomly permuted (sign-flipped)
10,000 times for each participant. The largest clusters found under this null hypothesis
were compared with the cluster statistics in the observed data. For each cluster, the
proportion of permutations whose largest cluster exceeded the cluster identified in the
observed data was calculated and the resulting p-value was estimated. Importantly, this
approach circumvents the common problem of multiple comparisons by comparing
distributions of the summary cluster statistics. Cluster-based permutation was used on
time-frequency spectra of the contralateral-versus-ipsilateral contrast in informative
trials vs noninformative trials (null hypothesis). A similar procedure was used to
compare the alpha, mu-beta, and gaze-position time courses against a null hypothesis

of zero and against each other.

4.2.3 Results

143



The present study investigated whether and how sensory- and action-related working-
memory contents could be prioritised as a function of dynamically evolving

expectations.

4.2.3.1 Behavioural results

If participants prioritised each of the relevant working-memory contents at the
expected times, their responses were hypothesised to be faster in both short and long
informative trials as opposed to noninformative trials. Across both experimental visits
(behavioural and EEG), repeated-measures ANOVAs of RT with informativeness and
duration as factors revealed a main effect of informativeness on RT (visit 1: F(1,29) =
130.47, *<*p < .001, n* = .25; visit 2: F(1,29) = 188.42, ***p < .001, n* = .26), a main
effect of duration on RT (visit 1: F(1,29) = 73.6, ***p < .001, n* = .09; visit 2: F(1,29)
= 78.71, ***p < .001, n* = .07), and no interaction between the factors (visit 1: F(1,29)
=1.98,p = .17, n* = .002; visit 2: B(1,29) = .11, p = .74, 7" < .000; Figures 4.1b and
4.1d). Overall, participants were faster at responding to targets in informative trials
than noninformative, thus suggesting that retro-cues and internally driven temporal
expectations facilitated performance in this task. Moreover, participants were faster in

long trials compared to short trials.

Report errors in the task were consistently low and insensitive to the
informativeness of the retro-cue on either visit (visit 1: F(1,29) = .45, p = .5, 7> < .001;
visit 2: F(1,29) = 23, p = .63, n° < .001). A main effect of duration on error indicated
smaller errors (higher accuracy) on short trials than long trials (visiz 1: F(1,29) = 4.3, *p
= .02, * = .005; visit 2: ¥(1,29) = 20.72, ***p < .001, n* = .03). The factors did not
interact (visit 1: F(1,29) = 1.64, p = .2, n* = .002; visit 2: F(1,29) = 1.49,p = .23, n* =
.001; Figure 4.1c and 4.1d).
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Figure 4.1. Visual experiment: task design and behavioural results. a) Trial schematic. Two
coloured, tilted bars (one on the left and the other on the right; one tilted to the left and the other to
the right with location and tilt being orthogonally manipulated) were displayed at encoding. In half of
the trials (informative) a retro-cue matching the colour of one of the two bars was shown and in
noninformative trials (50%) a cue with a distinct colour appeared instead. In informative trials, if the
delay after cue offset was short (1 s), patticipants were probed about the cued item. Alternatively, if the
delay was long (3 s), they had to report the other (uncued) item. In noninformative trials, the probed
item was unpredictable. Reaction time (s) (panel b) and report error (°) (panel ¢), in informative and
noninformative and short and long trials in visit 1 (behavioural session). RT (5): Ming/shore: -63, SDing/short:
.06, Muoninf/short: =77, SDhoninf/short: -00, Ming/tong: -53, SDinf/tong: -07, Muoninf/tong: .09, SDhoninf/long: .04; Error
(°): Ming/shore: 9.25, SDing/shore: -85, Mioning/shore: 9-17, SDanoning/shore: -80, Ming/long: 9.34, SDing/long: 1.13,
Muonint/tong: 9-68, SDnoninf/long: -70. Reaction time (s) (panel d) and report error (°) (panel e), in informative
and noninformative and short and long trials in visit 2 (EEG session). RT (5): Ming/shore: .57, SDing/short:
.05, Muoninf/short: -7, SDhoninf/short: <04, Ming/tong: .51, SDinf/long: .05, Muoninf/long: -65, SDhoninf/long: .04; Error
(°): Ming/shore: 8.72, SDing/shore: .68, Mioning/shore 8.79, SDanonine/shorts -54, Min/tong: 943, SDing/tong: .79,
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Muoninf/tong: 9-24, SDnoninf/long: -7. Thin grey lines represent individual participants, error bars represent
the SEM, grey represents noninformative trials and colours depict informative trials (red: short, blue:

long). More transparent colours reflect visit 1 and less transparent colours visit 2.

4.2.3.2 EEG: alpha- and mu-beta-frequency activity

modulation

Next, I turned to the pre-defined alpha- and mu-beta-frequency EEG activity during
the post-cue delay. Based on previous studies (e.g., van Ede et al., 2019a), alpha activity
contralateral to the selected item location was hypothesised to be modulated by the
internal prioritisation of locations. Additionally, mu-beta activity contralateral to the
prospective action hand was predicted to change together with prospective action
selection. Cluster-based permutation analyses of the time-frequency spectra in the
ipsilateral-versus-contralateral contrasts of visual and motor selection in informative
trials vs the same contrast in noninformative trials confirmed these hypotheses (see

Supplementary Figure 7.7).

A pronounced reduction in alpha activity contralateral to the selected item
location was observed following the retro-cue in the early part of the post-cue period
which contained both short and long trials (Figure 4.2a; first cluster: ***p < .001).
Strikingly, in long trials, the side of relative alpha attenuation shifted as the interval
exceeded that for probing at the short time (Figure 4.2a; second cluster: *p = .04).
This “shift” in alpha activity from one hemisphere to the other was suggestive of a
sequential prioritisation of the cued item location first and the un-cued item location

later (Figure 4.2c in burgundy; first cluster: ***p < .001; second cluster: *p = .03).

In parallel, a noticeable early reduction in mu-beta activity occurred in
contralateral motor areas with respect to the response hand signalled by the retro-cue
in both short and long trials (Figure 4.2b; first cluster: **p = .002). Strikingly, the side
of mu-beta attenuation also shifted from one hemisphere to the opposite, mirroring
the flexible prioritisation of successive action plans corresponding to the first and

second items, respectively (Figure 4.2b; only long trials; second cluster: ***p < .001).
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These findings were confirmed on the average time course of mu-beta activity (Figure
4.2c in green; first cluster: **p = .003; second cluster: ***p < .001). Importantly, the
present findings were not dependent upon EEG sensor choice. Selection of a larger
set of visual and motor channels revealed an equivalent pattern of results

(Supplementary Figure 7.6).

Similar to previous studies (e.g., van Ede et al., 2019a), the modulation of alpha
activity linked to the prioritisation of item location had a lateralised occipital (visual)
EEG topography. Alternatively, changes in mu-beta activity were predominantly
confined to central (motor) EEG channels (Figure 4.2c). The prioritisation of the first
and second location both modulated alpha-frequency activity with comparable
topographies. Similarly, the prioritisation of the first and second prospective actions

had similar topographies and modulated the same mu-beta frequency band.
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Figure 4.2. Visual experiment: frequency-specific EEG activity locked to cue onset in
informative trials. a) Contrast between EEG time-frequency activity contralateral vs ipsilateral to the
cued bat location in occipital sensors (PO7/PO8) divided by summed contralateral and ipsilateral
activity and expressed as a percentage. b) Contrast between EEG time-frequency activity contralateral
vs ipsilateral to the cued prospective action in central sensors (C3/C4) divided by summed contralateral
and ipsilateral activity and expressed as a percentage. ¢) Average alpha (8-12 Hz) activity difference
between contralateral and ipsilateral sensors to the cued location across participants (burgundy) and
average mu-beta (8-30 Hz) activity between contralateral and ipsilateral sensors to the cued action across
participants (green). Black outline indicates significant clusters. Shaded areas represent the SEM and
cluster-permutation corrected significant time points are indicated with horizontal lines (burgundy:
alpha vs null; green: mu-beta vs null; grey: alpha vs mu-beta). Topographies represent the average
frequency-specific activity in left-versus-right contrasts across all sensors during the specified time-

windows which correspond to the alpha and mu-beta clusters in panels a and b. The first part of the
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time-frequency spectra in panels a and b and of the time course in ¢ (-0.2-1.2 s) corresponds to the
average of short and long trials, and the second part (1.2-3.2 s) corresponds to long trials only. The
vertical dotted lines represent (from left to right) the onset (0 s) and offset (0.2 s) of the retro-cue and

the time of probe appearance in eatly trials (1.2 s).

Interestingly, visual inspection of the time-frequency spectra in Figure 4.2b
suggested potential differences in the time courses of the lower mu-frequency band
(8-13 Hz) and the higher beta activity (14-30 Hz) when shifting from one prospective
action to the next (Figure 4.2b). Indeed, averaging across the mu and beta frequency
bands separately revealed that mu activity was attenuated in the hemisphere
contralateral to the prospective response hand until well after the time of eatly probe
appearance, while, on average, the beta modulation returned to baseline earlier

(Supplementary Figure 7.8).

Strikingly, the time courses of stimulus location and prospective hand action
prioritisation seemed to follow distinct trajectories. Specifically, the prioritisation of
location information was relatively short-lived in both selection events. Conversely,
the prioritisation of the first and second prospective hand actions seemed to be longer-
lasting. This observation was supported by the presence of statistically significant
differences between the alpha and mu-beta time courses across the post-cue delay (first

cluster: *p = .04; second cluster: **p = .0006; third cluster: ***p < .001; Figure 4.2c).

These differences may suggest that, even when sensory and action-related
contents co-exist in working memory, they can be selected at different times. Their
prioritisation, therefore, need not be continuously coupled in time. To test the
temporal coupling between the two signals, the average time at which the alpha (visual)
and mu-beta (motor) time series crossed the y-axis per participant was compared. A
paired-samples t-test between the average shif? time across participants revealed that the
visual shiff, quantified on the alpha time series, occurred significantly earlier than the
motor shiff, quantified on the mu-beta time series (t(29) = 4.3, ***p < .001, d = .87,
Figure 4.3a). The findings were confirmed using a hierarchical bootstrapping
procedure, which revealed that the average shift time was consistently earlier for the

visual shift than the motor shift (t(99) = 19.5, ***p < .001, d = .78; Figure 4.3b).
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4 | TEMPORAL REGULARITIES TUNE THE PRIORITISATION OF WORKING-MEMORY
CONTENTS

Interestingly, the average of the estimated vzsual shift time coincided approximately with
the time of probe appearance in early trials. The motor shift time occurred around 300

ms later (participant-average mean: 305.1 ms; bootstrapping mean: 294.28 ms).
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Figure 4.3. Visual experiment: average shift times of the alpha and mu-beta time courses. a)

Average alpha (8-12 Hz) activity difference between contralateral and ipsilateral sensors to the cued

location (burgundy) in long trials and average mu-beta (8-30 Hz) activity between contralateral and
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ipsilateral sensors to the cued action (green) in long trials. Shaded areas represent the SEM. The
burgundy citcle represents the participant-average shift time as estimated on the alpha time course, and
the green circle represents the shift time estimated on the mu-beta activity average. The edge of the line
on the left of each circle represents the average minimum shift time across patticipants for the alpha
and mu-beta time courses respectively. The edge of the line on the right of each circle depicts the average
maximum shift time across participants. The vertical dotted lines represent (from left to right) the onset
(0 s) and offset (0.2 s) of the retro-cue and the time of probe appearance in eatly trials (1.2 s). b) Top
and right: the histograms represent the distribution of average mu-beta (green) and alpha (burgundy)
shift times, respectively, on the 100 iterations of the bootstrapping procedure (50 bins per histogram).
Centre: scatter plot of the average mu-beta and alpha shift times in each of the 100 bootstrapping
iterations (grey dots) as plotted on the mu-beta (x-axis) and alpha (y-axis) time space. Vertical and
horizontal dotted lines represent the time of early probe appearance (1.2 s after retro-cue onset). The
burgundy citcle represents the participant-average shift time as estimated on the alpha time course, and
the green circle represents the shift time estimated on the mu-beta activity average. The lines on each

side of each circle depict the SEM across all bootstrapping iterations.

4.2.3.3 EEG: correlation with behaviour

Next, the relation between the behavioural variables of interest (report error and RT)
and the alpha- and mu-beta-frequency activity patterns were investigated. Correlations
with behavioural performance were observed for mu-beta modulations. Long
informative trials with faster responses also displayed stronger suppression of mu-
beta-frequency activity in the hemisphere contralateral to the hand of the second
prospective action (first cluster: *p = .02; second cluster: **p = .002; third cluster: ***p
< .001; Figure 4.4b). Interestingly, despite not showing a general effect of
informativeness on report error (Figure 4.1c and 4.le), smaller errors (higher
precision) in informative long trials were also related to a stronger mu-beta modulation
(cluster: *p = .02; Figure 4.4d). Together, these results suggested that modulations in
mu-beta activity were tightly related to performance. Alternatively, no significant
clusters in lateralised alpha activity were found in fast vs slow trials nor precise vs
imprecise trials (Figure 4.4a,c). Furthermore, first part of the post-cue delay showed
no differences in the relation between behaviour and frequency-specific activity

modulation.
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Figure 4.4. Visual experiment: correlation with behaviour. Alpha and mu-beta activity contralateral
vs ipsilateral to the cued location/hand in fast vs slow and precise vs imprecise trials. a,b) Average alpha
(8-12 Hz; pink/red) and mu-beta (8-30 Hz; light and dark green) actvity difference between
contralateral and ipsilateral sensots to the cued location/action in trials categorised as fast (dark) ot slow
(light) based on a median split of RT per participant. ¢,d) Average alpha (8-12 Hz; pink/red) and mu-
beta (8-30 Hz; light and dark green) activity difference between contralateral and ipsilateral sensors to
the cued location/action in trials categorised as precise (datk) or imprecise (light) based on a median
split of report error per participant. Darker colours represent better (faster or mote precise)
performance. The first part of the time courses corresponds to the average of short trials only and the
second part (1.2-3.2 s) corresponds to long trials only. The vertical dotted lines represent (from left to
right) the onset (0 s) and offset (0.2 s) of the retro-cue and the time of probe appearance in early trials
(1.2 s). Cluster-based permutation significant time points of the contrast between the displayed time

courses are indicated with horizontal grey lines.

4.2.3.4 Eye-tracking results

In addition to an attenuation of contralateral alpha activity over occipital EEG
channels, the prioritisation of stimulus locations in visual working memory has also
been shown to lead to small biases in gaze position in the direction of internally
selected items (e.g., Liu et al., 2022; van Ede et al., 2019b, 2021). In the present study,
shifting from prioritising one item location to the other was hypothesised to be

accompanied by a shift in the direction of this gaze bias. Using the eye-tracking signal
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recorded in the second visit of the study (EEG session), the average horizontal gaze
position locked to the retro-cue onset was estimated as a function of which location
was cued (Figure 4.5). This revealed a significant bias of gaze position towards the
location of the cued item first (Figure 4.5a; cluster: *p = .03; Figure 4.5b cluster: *p
= .02), followed by a general bias of gaze towards the opposite location in long trials

(Figure 4.5a; cluster: **p = .002; Figure 4.5b; cluster: **p = .002).

From this, it was concluded that the prioritisation of item locations in working
memory as a function of dynamically evolving expectations was mirrored by biases in

horizontal gaze position which were tuned to the relevant times.
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Figure 4.5. Visual experiment: horizontal gaze position as a function of cued item location
locked to retro-cue onset in informative trials. a) Participant-average horizontal gaze position (in
pixels) when an item on the left (blue) vs on the right (red) was cued locked to cue onset in informative
trials. b) Participant-average towardness (metric which collapses across left and right cued items) locked
to cue onset in informative trials. Shaded areas represent the SEM, and vertical dotted lines represent
(from left to right) the offset of the retro-cue and the time of probe appearance in eatly trials. Cluster-

permutation significant time points are indicated with horizontal grey lines. The first part of the time
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courses (0-1.2 s) is the average across both short and long trials, and the second part (1.2-3.2) averages

across long trials only.

4.2.4 Discussion

The present study reveals that both sensory and motor-related contents in working
memory are dynamically and flexibly modulated in a temporally structured fashion as
expectations develop and shift about the likely stimulus location and prospective
response hand. Across two sessions, response times revealed that participants were
faster when responding to targets at the expected times. Mirroring the behavioural
results, alpha and mu-beta modulation time courses uncovered that the prioritisation
of both sensory- and action-related contents in working memory was flexible (i.e., it
“shifted” from prioritising the first to the second item/action) and temporally tuned
(i.e., both instances of selection of the relevant item/action were temporally specific).
Interestingly, however, the time courses of visual and motor prioritisation as measured
with alpha and mu-beta EEG activity were not continuously coupled. In addition to
modulations in EEG activity, gaze biases reflecting oculomotor readouts of the

internal orienting of attention were also dynamically and flexibly modulated.

The present task successfully elicited a flexible and dynamic prioritisation of
sensory and action-related working-memory contents, as indexed by multiple
behavioural and physiological metrics. In contrast to most previous studies in which
location and action selection were locked to the encoding display or the response probe
(e.g., Boettcher et al., 2021; Nasrawi et al., 2023; van Ede et al., 2019a), here, the first
location and action selection were driven by a retro-cue. Therefore, encoding of item
colours, locations, orientations, and associated hand-actions was equivalent in this task
(see also Ester & Weese, 2023; Schneider et al., 2017). Additionally, the delay between
the retro-cue and the probe permits zooming into the behavioural and neural changes
driven by anticipatory processes, and relatively isolated from the potential effects of
an imminent response. Importantly, the orthogonal manipulation of item location and
prospective hand action allowed for independent tracking of visual and motor

prioritisation in working memory (see also van Ede et al., 20192). Moreover, the
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present task could probe the interrelations between physiological signals such as EEG
frequency-specific activity modulations and eye-tracking, and the complementary

behavioural variables of interest, such as RT and report error.

Importantly, in this task, attentional shifts to other stimulus locations and
associated actions were driven internally by temporal expectations. This manipulation
is a good model for the signals that guide internal attention in typical dynamic contexts.
Changes in task goals as a function of time are often internally driven, variable
processes. Building on these key features, the present study replicates the finding that
sensory content prioritisation in working memory is flexible (De Vries et al., 2017,
2018; LaRocque et al., 2013; Lewis-Peacock et al., 2012; Murray et al., 2013; Myers et
al., 2018; Rerko & Oberauer, 2013; Van Moorselaar et al.,, 2015), dynamic, and
temporally tuned (van Ede et al., 2017; Zokaei et al., 2019).

To the best of my knowledge, the present study is the first to reveal the flexible,
dynamic, and temporally tuned nature of action-related content prioritisation in
working memory. Specifically, action-related contents which were deprioritised in the
first instance could be re-prioritised later as indexed by a strong mu-beta modulation
and behavioural benefits in long trials. Importantly, the extent of mu-beta modulation
correlated with enhanced task performance. Moreover, this study shows that action-
related contents can be prioritised based on both external cues and internal states. The
present study also lends support to the view that internal attention can prioritise not
only immediately upcoming, specific actions, but also multiple, potential and
prospective actions (see also Cisek, 2007; Cisek & Kalaska, 2010; Gallivan et al., 2015,
2016; Nasrawi et al.,, 2023; Nasrawi & Van Ede, 2022; Tanji, 2001). Here, the
prioritisation of two distinct actions unfolded serially as a function of changing

relevance.

The present task reveals that sensory and action-related contents that co-exist in
working memory are both flexibly and dynamically prioritised. In external attention,
temporal expectations have been reported to modulate different systems according to

the goals of the task. Specifically, van Ede and colleagues (2020) showed that temporal
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expectations modulated spatial-sensory systems when the purpose of the task was
perceptual and motor systems when speeded responses were emphasised.
Complementing and extending these findings, the present study uncovered that
temporal expectations could modulate different systems (sensory and motor) within

the same task.

Interestingly, the modulation of sensory and motor contents follows a similar
pattern when driven by an external cue or an internal state. Namely, the first and
second instances of location prioritisation attenuated contralateral alpha activity with
a seemingly comparable topography. Similarly, prioritising hand actions based on
external cues or internal states influenced mu-beta activity over apparently similar
contralateral central sensors. Nevertheless, the present study may have overlooked
nuanced differences between cue- and internally driven selection, which could be

further investigated in the future.

A central finding of the current study is that modulation of sensory and motor
contents in working memory followed a similar pattern but were not strictly
functionally coupled. The prioritisation of sensory- and action-related contents did not
unfold in lockstep. Consistent with previous studies, modulation of alpha activity
pointed to a transient selection of item locations (see also De Vries et al., 2017, 2018;
Mok et al., 2016; Schneider et al., 2015, 2016). In contrast, mu-beta activity showed a
longer-lasting modulation of motor systems. This is in line with the requirement to
respond using the selected effector (left or right hand) at the end of the trial
Nevertheless, previous studies have found that preparatory mu-beta modulations can
emerge, disappear during an interrupter task, and reemerge later (Boettcher et al.,
2021). This suggests that the sustained motor modulation observed in the delay period

of the present study may not be strictly necessary for successful task performance.

Relatedly, in long trials, mu-beta modulation persisted well into the second part
of the delay, after the time of early probe appearance had passed. Probing (van Ede et
al., 2019a) or cueing (present study; see also Ester & Weese, 2023) sensory- and action-

related contents has been shown to trigger a parallel selection of both. Instead, the
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present task suggests that shifting between visual items and between motor contents

based on internally driven temporal expectations decouples their time courses.
y p p p

Specifically, the present findings point to a systematic lag in the prioritisation of

prospective hand actions compared to item locations.

Several interpretations could explain this finding, but further research will be
necessary to arbitrate between them. For example, the relatively long duration of the
second delay (2 s) may prolong the selection of the first action. Lingering selection and
preparation of the first action does not compromise performance in long trials, since
there is ample time to re-prioritise the second action. This intriguing possibility could
be investigated by manipulating the duration of the delay in long trials. Alternatively,
or additionally, temporal uncertainty may have different effects in different systems
(visual and motor). This possibility can also be tested by systematically varying delays

in both short and long trials.

The earlier and transient nature of the alpha modulation vs the later and longer-
lasting changes in mu-beta activity are congruent with other studies which have
suggested that working-memory contents may undergo a change from a sensory to a
motor code as the requirement to respond takes precedence in the task (Gonzalez-
Garcia et al., 2020; Henderson et al., 2022; Kikumoto et al., 2022; Panichello &
Buschman, 2021). By zooming into the period of internal prioritisation, the present
design shows how relevant sensory/action contents ate prioritised as a function of
when and for how long they are useful and relevant. The short-lived nature of alpha
modulations and the earlier alpha shift time could reflect the fact that spatial orienting
may help activate working-memory contents into a prioritised state (Stokes, 2015).
Following this initial spatial selection, sustained spatial focus may no longer be useful
or necessary, giving way to processes related to output gating and motor selection (see
also (Myers et al., 2017; Wallis et al., 2015). Nevertheless, this and other studies have
also shown that spatial and motor contents can be prioritised simultaneously and in
parallel (van Ede et al., 2019a), suggesting that prioritisation of sensory and action-

related contents is not always serial.
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Interestingly, visual inspection of the time-frequency spectra in Figure 4.2
revealed a difference in the prioritisation time courses of mu (8-12 Hz) and beta (13-
30 Hz) activity, which was later confirmed statistically (Supplementary Figure 7.8).
Mu and beta rhythms have been suggested to have distinct anatomical origins and to
reflect the engagement of different brain networks (Ronnqvist et al., 2013; Salmelin et
al., 1995; Salmelin & Hari, 1994). Consistent with their functional differences, the
present findings show a temporal decoupling between both signals which coincides
with the time of the early probe. This opens interesting avenues to explore the
differential role of mu and beta rhythms in mediating the dynamic prioritisation of

action plans in working memory.

Recently, physiological signals recorded from peripheral sources (e.g., the eye)
have been shown to reflect changes in internal attention. Specifically, small shifts in
gaze position towards the location of working-memory items follow the deployment
of covert internal attention to specific locations (Liu et al., 2022; van Ede et al., 2019Db).
Here, I additionally discovered that biases in gaze position mirror the dynamic
prioritisation of locations based on changing temporal expectations (see also van Ede
et al., 2017). The result complements findings from a different study in which pupil
size dynamically tracked the prioritisation of stimuli with different luminance contrasts
in working memory (Zokaei et al., 2019). Together, this reinforces the utility of

oculomotor proxies of internal shifts of attention.

This study found a consistent speeding of responses to expected items following
both external cues and internally driven temporal expectations. Moreover, reaction
times were smaller in informative and noninformative long trials vs short trials which
may reflect increased preparedness to respond following a longer delay (e.g., Los,
2010). While no effects of informativeness were identified on report error, longer trials
had higher errors in both informative and noninformative conditions, possibly due to
a time-related decay in working-memory contents (Baddeley, 1986) or because of a
speed-accuracy trade-off. Interestingly, despite a lack of an effect of informativeness
on report error, mu-beta-frequency (proxy of motor selection) activity during the

second part of the memory delay was stronger in precise than imprecise trials.
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Additionally, mu-beta modulation was enhanced in faster trials as opposed to slower
ones. Despite a modulation in alpha-frequency activity during the memory delay, the
latter was not systematically correlated with behaviour. The relation between mu-beta
modulation and behaviour was only statistically significant during the latter part of the
post-cue delay, during which one certain prospective action was held in working
memory. This poses questions about whether certain and immediate prospective
actions modulate mu-beta activity differently from uncertain actions (but see Nasrawi
et al., 2023; Nasrawi & Van Ede, 2022). Additionally, these findings point to a key role
for mu-beta activity in flexibly prioritising motor contents in working memory and

highlight its value as a functionally relevant marker of internal attention.

In the current task, the two bars were arranged spatially but their location was not
strictly necessary for the task. Remembering the colour of the bars was sufficient to
successfully use the coloured retro-cue and probe, and remembering their tilt was
enough to select the correct response. Despite not being necessary, location was
selected following the retro-cue and, interestingly, it was also re-prioritised when
participants selected the second item on the basis of internally driven temporal
expectations, as evidenced by the modulation in alpha activity in the second memory
delay. This is consistent with other studies showing that spatial arrangement is stored
in working memory even when it is task-irrelevant (e.g., Kuo et al., 2009; Sligte et al.,
2008; Sreenivasan et al., 2014). A complementary question that remains unanswered is
when other relevant object features were prioritised during the task (e.g., colour and

orientation; Ester & Weese, 2023).

In summary, the present study shows that sensory and action-related contents that
co-exist in working memory are flexibly and dynamically prioritised and tuned to the
moments when they will become relevant. This points to a fine temporal organisation
of internal attention according to external temporal regularities. Moreover, the
prioritisation of sensory and action-related contents that co-exist in working memory
was not found to be continuously temporally coupled. This speaks to the multiplicity
of flexible and dynamic modulatory processes that co-occur to prepare internal

representations for adaptive behaviour.
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4.3 EXPERIMENT 2: AUDITORY

4.3.1 Introduction

Internal attention is the process of prioritising selective contents within internal
representations to proactively guide behaviour according to goals, expectations, and
other control functions (Heuer et al., 2020; Myers et al., 2017; Souza & Oberauer, 20106;
van Ede & Nobre, 2023). In the laboratory, retro-cues are often used to orient
attention to working-memory contents (Griffin & Nobre, 2003). In these tasks,
participants encode a set of attributes into working memory and an informative cue
during the working-memory delay (retro-cue) orients attention towards one of the
encoded attributes. Informative retro-cues result in more accurate and faster reporting
of attributes of the cued items (Astle et al., 2012; Griffin & Nobre, 2003; Landman et
al., 2003; Sligte et al., 2010).

Internal attention can flexibly prioritise, de-prioritise, and re-prioritise visual
contents in working memory (Christophel et al., 2018; De Vries et al., 2017, 2018;
LaRocque et al., 2013; Lewis-Peacock et al., 2012; Muhle-Karbe et al., 2021; Myers et
al., 2018; Rerko & Oberauer, 2013; van Ede et al., 2021). For example, selecting one
item in working memory does not diminish the ability to select other encoded items
later (Murray et al.,, 2013; Myers et al., 2018). Additionally, internal prioritisation is
tuned to the moments when visual items are expected to become relevant (van Ede et

al., 2017; Zokaeti et al., 2019).

Auditory studies have similarly revealed retro-cueing benefits for reporting
contents in auditory working memory (Backer et al., 2015, 2020; Backer & Alain, 2012;
Fan et al., 2021; Lim et al., 2015). However, the extent to which auditory internal

attention is flexible, dynamic, and temporally tuned is yet to be explored.

Cueing participants to attend to an external location or a location in working

memory activates an overlapping network of frontoparietal areas, including key regions
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of the oculomotor system (Nobre et al., 2004; see also Bledowski et al., 2009; Esterman
et al., 2009; Nee & Jonides, 2008; Tamber-Rosenau et al., 2011; Wallis et al., 2015).
Moreover, visual contents in working memory are spatiotopically arranged even when
space is not directly relevant to the task (e.g., Kuo et al., 2009, 2014; Schneegans &
Bays, 2017; Sligte et al., 2008, 2010; van Ede et al., 2019a). Interestingly, oculomotor
metrics of gaze position, microsaccades, and pupil dilation can track the prioritisation
of visual items in working memory (van Ede et al., 2019b, 2021; Zokaei et al., 2019;
see also Spivey & Geng, 2001). Accordingly, internal visual attention has been
proposed to engage the oculomotor system and its peripheral effector organs, as in

external visual attention (Deubel & Schneider, 1990).

Auditory and visual external attention engage partially overlapping and partially
differing frontoparietal brain networks (Lee et al., 2014; Noyce et al., 2017; Spence &
Santangelo, 2010; Zatorre et al., 1999). When auditory attention is directed to spatial
locations, it has been suggested to build on brain systems that are typically dedicated
to visual (spatial) attention (Lee et al., 2012; Michalka et al., 2015, 2016). However, less
is known about the role of the oculomotor system in internal auditory attention.
Interestingly, directing internal attention to the serial order of auditory (verbal)
contents results in small shifts in gaze position (Sahan et al., 2022). This suggests that
the internal prioritisation of auditory (verbal) working-memory contents can engage
the oculomotor system. Nevertheless, it remains unclear whether prioritising sound
locations in working memory can dynamically bias gaze position towards the

prioritised locations.

In this study, the task introduced in Experiment 1 was adapted to investigate
whether auditory contents in working memory could be flexibly and dynamically
prioritised as a function of temporally evolving probabilities of different sounds being
probed. Additionally, I tested whether biases in horizontal and vertical gaze position,
as measured with eye tracking, dynamically tracked the prioritisation of sound location
and pitch in auditory working memory. To foreshadow the results, participants could

flexibly and dynamically prioritise contents in auditory working memory. Nevertheless,
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no modulations of gaze position were found as a function of the internal prioritisation

of sound location and pitch.

4.3.2 Methods

4.3.2.1 Participants

This study was approved by the Central University Research Ethics Committee of the
University of Oxford (R57489/RE006). The sample size of the present study was
based on Experiment 1. Data from 30 participants were collected. All participants self-
reported having normal or corrected eyesight and normal audition. They provided
written consent before participation and were reimbursed at £15/h for their

participation.

Based on pre-defined exclusion criteria, participants were excluded from further
analyses if their average side accuracy (see Behavioural data analysis for details) on
the task was below 60% or if their RT was above 3 SDs from the cross-participant
mean RT. Data from six participants were excluded from further analyses based on
these criteria. The final sample (n = 24) had an average age of 22.25 (SD: 4.97). Four
individuals were left-handed and twenty were right-handed by self-report; five

participants identified as male, eighteen as female, and one as non-binary.

4.3.2.2 Experimental procedure and stimuli

Based on the visual-motor task in Experiment 1 (informative trials), an auditory-motor
working-memory task was designed to investigate the prioritisation of auditory
working-memory contents (Figure 4.6a). In each trial, two vowel sounds were
sequentially played to participants, and participants were asked to report the pitch of

one of the two sounds at the end of each trial.
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The experimental script was generated using the Psychophysics Toolbox version
3.0.18 (Brainard, 1997) on Matlab 2022a (The Mathworks Inc., Natick, NA, USA). The
task was displayed on a monitor (Dell U2312HM; 1920x1080 pixels resolution; 100 Hz
refresh rate) while participants sat ~60 cm away from it. For the duration of the study,
participants wore Beats EP wired headphones (model A1746) covering both ears.
Volume was kept constant across participants (50% of the computer’s audio-device
volume) and tones of different frequencies were matched in loudness using the
1SO226 Equal-Loudness-Level Contour Signal (Tackett, 2024). All sounds were played
at a sampling rate of 48 kHz.

At the beginning of each trial, participants heard two vowel sounds (a: /&/ or i:
/i:/), each of which lasted 400 ms. The sounds wete played sequentially with a 500 ms
delay in between and each sound was played over one ear (left or right). During this
encoding stage, a white fixation cross was displayed on the screen (14 pixels). The
vowel sounds (a or i) varied in their pitch (low or high). Within the low and high pitch
conditions, the specific frequency of the sound was drawn from one out of three
possible frequencies. These were equally spaced in a logarithmic scale (low-pitch: 70
Hz, 95.4 Hz, 130 Hz; high-pitch: 190 Hz, 217.94 Hz, 250 Hz). The low- and high-pitch
conditions were rendered distinguishable by leaving a larger space between the highest
low-pitch sound and the lowest high-pitch sound. Sound identity (vowel; a vs i),
location (left vs right), order (first vs second), and pitch (high vs low) were
counterbalanced such that participants heard sounds with all possible feature
combinations. Importantly, sound location and pitch were manipulated orthogonally,
such that the high-pitch and low-pitch sounds were equally likely to be played through

the left and right ear’.

Following encoding, there was a delay of 750 ms during which the white fixation
cross remained on the screen, and nothing was played through the headphones.

Subsequently, a vowel appeared on the centre of the screen for 200 ms (retro-cue).

7 This simulates the orthogonal manipulation of bar location and tilt in Experiment 1. Here, sound
location would correspond to bar location in Experiment 1 and sound pitch (low vs high) would
correspond to bar tilt (left vs right) in Experiment 1.
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The displayed vowel corresponded to one out of the two played vowels (a or i), had a
height of 38 pixels, and was coloured white. Both vowels were displayed as retro-cues

in the same number of trials per block.

In half of the trials, the response probe appeared 2 s after cue offset (short trials;
50%). In the other half of the trials, the response probe appeared 4 s after cue offset
(long trials; 50%). During the post-cue delay (short and long), only a white, central
fixation cross remained on the screen, and nothing was played through the

headphones.

Crucially, two pieces of information predicted which of the two sounds would be
probed at the end of the trial with a validity of 80%: 1) the identity of the retro-cue
(vowel); and 2) the duration of the delay between the cue and the probe. When the
delay following the cue was short (2 s), participants were prompted to report the pitch
of the cued sound at the end of the trial (80% validity). Alternatively, in trials with a
long delay (4 s), participants were required to report the pitch of the other (uncued)
sound (80% wvalidity). In 20% of short and long trials, the retro-cue was misleading
(invalid), and participants were probed about the opposite, unpredicted sound. In short
invalid trials, the uncued sound (unexpected) was probed; in long invalid trials, the
cued sound (unexpected) was probed. Therefore, participants were encouraged to
attend to the retro-cue and to track the duration of the subsequent delay to know

which of the two sounds they would be asked to report.

Following the delay, a vowel appeared in the centre of the screen (probe)
prompting participants to report the pitch of the vowel-matching sound (Figure 4.6a).
To this end, participants used the “I’” and “J”” keys on the keyboard with their left and
right index fingers respectively. Importantly, the pitch of the probed sound determined
the hand of the required response. Low-pitch items required a left-hand response (F
key), and high-pitch items required a right-hand response (J key). Upon response
initiation, participants heard one of three pure tones with a low (70 Hz, 95.4 Hz, 130
Hz) or a high (190 Hz, 217.9 Hz, 250 Hz) pitch through both ears (tone duration: 500

ms). Key presses caused other tones to be played such that participants could orderly
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circle around the three tones by pressing the response key again and again. These tones
matched the pitch of the vowel sounds. Participants were instructed to press the space
bar when the tone they heard matched the pitch of the probed vowel. Importantly,
low-pitch pure tones could only be heard by pressing on the F key and high-pitch pure
tones by pressing on the J key. Additionally, the response key could not be changed
once a response was initiated. Participants were instructed to report the pitch as quickly

and accurately as possible. They had a maximum of 5 s to respond from probe onset.

Participants were given feedback on their performance. If they responded with
the correct key (F for low-pitch sounds and | for high-pitch sounds) and reported the
correct pitch, they saw the message “Correct target!”. Alternatively, if they responded
with the correct key but did not correctly report the specific pitch, they saw “Correct
side but wrong pitch!”. If participants responded with the incorrect key, they saw
“Wrong target!”. If they did not respond, they saw “Too slow!”. All feedback appeared
centrally in white letters and was displayed for 500 ms. I'TIs were sampled randomly
from a uniform distribution between 1250 and 1750 ms. During each ITI, a white

fixation cross was displayed centrally.

Participants completed 7 blocks of this task of 32 trials each for a total of ~1 h.
Between each block, participants had the chance to rest. Before starting the
experiment, participants were walked through the instructions of the task.
Additionally, they practised the pitch report procedure by circling around the low-pitch
and high-pitch sounds with their respective keys. Before starting the experiment, they

practiced the task procedure for at least one block.

4.3.2.3 Behavioural data analysis

Behavioural data were analysed as detailed in Experiment 1. RT was defined as the
time from probe onset until response initiation. Two different metrics of accuracy were
calculated. Side accuracy referred to the proportion of trials in which participants

correctly discriminated the pitch (low vs high) of the probed sound. Given that there
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were two possible pitch conditions (low vs high), chance level for side accuracy was
50%. Tone accuracy was estimated as the proportion of trials in which the specific
frequency of the sound was correctly reported, out of all the trials where pitch was
successfully discriminated. Given that there were three possible frequencies in each

pitch condition, chance level for tone accuracy was 33.4%.

Trials without a response and trials with RTs faster than 100 ms were removed
from further analyses. Additionally, trials in which participants did not correctly
discriminate between high or low pitch were not included in RT and side accuracy

analyses. This resulted in the exclusion of an average of 0.56% trials (SD: 0.92%).

The statistical significance of the dependent variables of interest (RT, side
accuracy, and tone accuracy) was tested using repeated-measures ANOVAs with
validity (valid vs invalid) and duration (short vs long) as factors. The metric of effect
size was 7° and the within-subject SEM was quantified using the normalised data
(Morey, 2008). Bonferroni-corrected paired-samples t-tests were used for unplanned

post-hoc comparisons and the effect size was reported as Cohen’s d.

4.3.2.4 Eye-tracking data analysis

Participants were asked to keep their eyes on the centre of the screen for the duration
of the task. Eye-tracking was recorded as in Experiment 1. Participants performed an
eye-tracking calibration task before the first block of the experiment. Additional

calibration tasks were performed between blocks if ocular drift was noticed.

The eye-tracking signal was pre-processed as detailed in Experiment 1. In
Experiment 2, horizontal and vertical gaze position were analysed further. The data
were epoched from 500 ms before to 2500 ms (short) or 4500 ms (long) after cue
onset. Trials with eye movements exceeding 125 pixels were removed from further
analyses. Additionally, trials with RTs below 100 ms or with incorrect responses (side
accuracy) were discarded from further analyses. An average of 31.6% of trials (SD:

14.89%) were excluded, most of which contained large eye movements.
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The time course of the horizontal and vertical gaze position in each trial was
smoothed with a 60-ms moving window. Subsequently, the epochs were cropped
between 200 ms before and 2200 ms (short) or 4200 ms (long) after cue onset to
remove any smoothing-related edge artefacts. Finally, the average baseline activity (-

200-0 ms), was subtracted from each epoch.

Leftward and rightward gaze-position time courses were compared between trials
where a sound from the left or the right was cued (Figure 4.7a). Upward and
downward gaze-position time courses were compared between trials where a low-pitch
vs high-pitch sound was cued (Figure 4.7b). Cluster-based permutation testing was
used to statistically compare the leftward and rightward horizontal gaze-position time
courses and the upward and downward vertical gaze-position time courses, as detailed

in Experiment 1.

4.3.3 Results

Experiment 2 investigated whether the prioritisation of contents within auditory
working memory was flexible and temporally tuned. Additionally, it tested for the
presence of systematic gaze-biases accompanying shifts of auditory internal attention

as a function of stimulus location and pitch.

4.3.3.1 Behavioural results

If participants effectively prioritised each of the relevant working-memory contents at
the expected times, their responses should be faster in both short and long valid-retro-
cue trials compared to invalid-retro-cue trials. A repeated-measures ANOVA of RT
with validity and duration as factors confirmed a main effect of validity (F(7,23) = 6.07,
*p = .02, ° = .004), a main effect of duration (F(7,23) = 10.01, **p = .004, n*> = .038),
and no interaction between the factors (F(7,23) = .18, p = .68, n* < .000 Figutre 4.6b).
These results confirmed that participants’ responses were systematically faster in trials

with valid vs invalid cues. This suggested that the relevant auditory contents were
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prioritised in a temporally tuned fashion. Additionally, participants were faster in long

than short trials.

An ANOVA of side accuracy with validity and duration as factors revealed a main
effect of duration (F(7,23) = 16.66, ***p < .001, n* = .034; Figure 4.6¢), showing
participants to be more accurate in short trials. No main effect of validity was found
(F(1,23) = .008, p = .98, > < .000), but an interaction between the factors (F(7,23) =
10.2, **p = .004, n* = .018) occurred. Bonferroni-corrected post-hoc t-tests revealed
that participants were similarly accurate in valid and invalid short trials (¢(29) = -2.56,
p = .08, d =.52) and long trials (t(29) = 1.9, p = .28, d = .39). Participants were more
accurate in short invalid trials than long invalid trials (t(29) = 3.98, *p = .04, d = .81)
but this effect was absent in valid trials (¢(29) = 1.4, p = .72, d = .29). These results
suggested that participants were significantly less accurate in long invalid trials than
short invalid trials. Nevertheless, no evidence was found for increased accuracy as a

function of validity.

Finally, an ANOVA of tone accuracy with the same factors as above revealed a
main effect of duration (F(7,23) = 12.69, **p = .002, n° = .02). No main effect of
validity (F(7,23) = 2.04, p = .17, > = .002) or interaction between the factors (F(7,23)
= 1.88, p = .18, n* = .003; Figure 4.6d) occurred. Together, these findings revealed
that participants were significantly more accurate in short trials than long trials, but

accuracy performance was not improved by cue validity.
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4.3 | EXPERIMENT 2: AUDITORY
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Figure 4.6. Auditory experiment: task design and behavioural results. a) Trial schematic. Two
vowel sounds were played sequentially at encoding (one on the left and the other on the right ear; one
low-pitch and the other high-pitch with location and pitch being orthogonally manipulated). After a
delay, a retro-cue matching the identity of one of the two vowels was shown. If the delay after cue offset
was short (2 s), participants were probed to report the cued item in 80% of trials (valid: 80%, invalid:
20%). Alternatively, if the delay was long (4 s), they had to report the other (uncued) item in 80% of
trials (valid: 80%, invalid: 20%). b) Reaction time (s), time from probe onset to response initiation, in
valid and invalid and short and long trials. ) Side accuracy, proportion of trials in which pitch (low vs
high) was correctly discriminated, in valid and invalid and short and long trials. d) Tone accuracy,
proportion of trials in which the correct tone was reported, in valid and invalid and short and long trials.
RT (5): Mu/shore 1.25, SDuar/shore: -33, Minval/shores 1.3, SDinval/shores -35, Mya/tongt 1.14, SDvai/iong: .29,
Minvat/tong: 1.17, SDinvat/tong: -33; Side accuracy: Myay/shore: .93, SDva/shore: 08, Minvat/shore: -95, SDinvat/shore: 35,
Muat/iong: 92, SDvat/tong: -09, Minval/tong: -9, SDinvattong: -11. Tone accnracy: Myarsshor: .58, SDvat/shores 19,
Minval/short: -58, SDinval/short: -2, Myai/tong: 545 SDvat/tong -2, Minval/long: -5, SDinval/long: -22. Thin grey lines
represent individual participants, error bars represent the SEM, grey represents invalid trials and colours

depict valid trials (red: short, blue: long).

4.3.3.2 Eye-tracking results
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The prioritisation of stimulus locations in visual working memory leads to small biases
in gaze position in the direction of the internally selected item (e.g., Liu et al., 2022;
van Ede et al., 2019b, 2021). In the present study, selecting a sound location was
predicted to lead to similar biases in horizontal gaze position. Additionally, shifting
from prioritising one sound location to the other was hypothesised to be accompanied
by a shift in the direction of this gaze bias (see Figure 4.5). Using eye-tracking, the
average horizontal gaze position locked to retro-cue onset was estimated as a function
of which location was cued (Figure 4.7a). This revealed no statistically significant

clusters in horizontal gaze position as a function of cued location.

The pitch of sounds has been hypothesised to be spatially represented along the
vertical axis with higher-pitch sounds corresponding to higher positions and lower-
pitch sounds to lower locations in space (C. C. Pratt, 1930). Therefore, cueing a high-
pitch sound may lead to an upward gaze bias while cueing a low-pitch sound might
result in a downward gaze bias. To test this possibility, the average vertical gaze
position was locked to retro-cue onset as a function of the pitch of the cued sound
(high vs low; Figure 4.7b). This comparison revealed no statistically significant

clusters in vertical gaze position as a function of cued pitch.
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Figure 4.7. Auditory experiment: horizontal and vertical gaze position as a function of cued
vowel location and pitch locked to retro-cue onset. a) Participant-average horizontal gaze position
(in pixels) when a sound on the left (blue) vs on the right (red) was cued, locked to retro-cue onset. b)
Participant-average vertical gaze position (in pixels) when a low-pitch sound (blue) vs a high-pitch sound
(red) was cued, locked to retro-cue onset. Shaded areas represent the SEM, and vertical dotted lines
represent (from left to right), retro-cue onset and offset and time of probe appearance in early trials.
The first part of the time courses (0-2.2 s) contains both short and long trials, and the second part (2.2-
4.2) contains long trials only. L, R, T, and B refer to the left, right, top and bottom part of the screen

respectively.

4.3.4 Discussion

The present study shows that the prioritisation of auditory contents in working

memory flexibly speeds response times in a temporally tuned fashion. Interestingly,
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the internal attention shifts in this task were not accompanied by shifts in gaze position

related to the location or pitch of the attended sounds in working memory.

In this study, response times revealed that participants were faster when
responding to targets at the expected times. Participants were systematically faster at
responding to validly cued sounds in short trials, suggesting that they used retro-cues
to prioritise the relevant sounds and/or prospective-responses in working memory
(Backer et al., 2015, 2020; Backer & Alain, 2012; Fan et al., 2021; Lim et al., 2015).
Crucially, the present study showed reaction-time benefits from internally driven
auditory temporal expectations. This design feature arguably better simulates everyday

situations compared to studies using external cues.

The present study revealed no systematic differences in accuracy between validly
and invalidly cued sounds, suggesting that prioritising working-memory contents did
not enhance pitch discriminability. Admittedly, participants’ discrimination accuracy in
this study was highly variable. Some participants discriminated between high- and low-
pitch sounds with near-perfect accuracies, while others had substantial difficulty with
discrimination (Figure 4.6c). Reproducing the specific pitch of high- and low-pitch
sounds by choosing the corresponding pure tone also yielded a large variance in
accuracies, with some participants’ performance nearing chance level (Figure 4.6d).
This accords with the relatively poor ability of human participants to identify or
reproduce pitch (Levitin & Rogers, 2005). The large variability in performance may

have occluded some of the underlying behavioural patterns in this study.

The inconsistencies between RT and accuracy results may reflect the fact that
retro-cues and temporal expectations in this task modulated response preparation but
not perceptual discriminability of sounds. This is consistent with the results in
Experiment 1 and with other studies suggesting that internal attention renders
working-memory representations “action-ready” (Boettcher et al., 2021; Formica et al.,
2021; Gonzalez-Garcia et al.,, 2020; Henderson et al., 2022; Heuer et al., 2020;
Kikumoto et al., 2022; Myers et al., 2017; Rosner et al., 2022; Trentin et al., 2023; van

Ede et al.,, 2019a). However, internal attention is also known to selectively enhance the
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quality or accessibility of working-memory contents (for review see van Ede & Nobre,
2023), and several studies have found that prioritising auditory working-memory

contents influences perceptual processing (e.g. Backer & Alain, 2012).

In this task, participants’ responses were systematically faster in long trials than in
short trials. This probably reflects increased preparedness to respond following a
longer delay (e.g., Los, 2010). However, participants’ responses were also consistently
more inaccurate in long trials, which could reflect a time-related decay in working-

memory contents (Baddeley, 1986) or a speed-accuracy trade-off.

Performance in Experiment 2 differed substantially from that in Experiment 1.
On average, participants were slower, more inaccurate and more variable at reporting
auditory pitch than visual orientation. Additionally, six participants had to be excluded
from further analyses altogether due to chance performance in the auditory task. This
suggests that the translation from the visual (Experiment 1) to the auditory modality
(Experiment 2) was not wholly successful. Specifically, I tried to transpose some of the
key features of the visual-motor working-memory task to an auditory design. First, the
orthogonal manipulation of location and action was aimed at independently tracking
the prioritisation of sensory features (location) and motor-related content (action) in
auditory working memory. Moreover, the incorporation of a pitch reproduction
response corresponded to the continuous orientation reports in Experiment 1. Finally,
the reported feature (pitch) was kept independent from the cued content (vowel) and
location. However, the one-to-one translation from a visual to an auditory design may
have resulted in an overly complex auditory task, which participants struggled to
perform successfully. In turn, this probably resulted in a lack of sensitivity to detect
consistent behavioural patterns in this study. In future experiments, the one-to-one

mapping approach should be replaced with a more nuanced translation.

In contrast to the visual-motor task in Experiment 1 and other studies (Liu et al.,
2022; van Ede et al., 2019b; van Ede et al., 2021), the present study suggests that sound
location prioritisation did not result in spatially specific gaze biases. While visual stimuli

are distributed spatially in visual scenes, auditory information is contained in time-
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varying signals (e.g., amplitude and frequency modulation). Sound location is
computed during a subsequent processing step, from the differences in the time at
which auditory signals reach each of the ears (for review see Noyce et al.,, 2023).
Consistently, auditory contents in working memory may not follow a spatial
configuration. Given this non-spatial arrangement, the prioritisation of auditory
contents may not engage the oculomotor system, which could explain the present
results. However, the null result in the present study may also be the product of task
difficulty and variable performance strategies. Consequently, further research efforts
should be devoted to investigating whether auditory internal attention engages the

oculomotor system.

Moreover, the present study provides no evidence that the internal selection of
auditory contents in working memory, as measured with vertical gaze biases, is
modulated by pitch. It has been repeatedly shown that humans and other species tend
to associate high-pitch sounds with higher positions in space and low-pitch sounds
with lower positions (e.g., Pratt, 1930). Based on this, the present study tested whether
internal prioritisation of a high-pitch sound would lead to an upwards gaze-bias and
vice versa. Contrary to my predictions, no biases in vertical gaze position were found
as a function of the pitch of the cued item. While this null finding might reflect a
genuine result, it could also be the product of participants’ poor discrimination of high
and low pitch in this task. Consequently, further research using more sensitive designs

could test this question further.

Auditory working memory serves key cognitive functions that require fine
temporal control, such as speech. Given the requirement of a flexible and temporally
tuned prioritisation of auditory working-memory contents, I speculate that some of
the null findings observed in the present study may have been related to the insufficient
sensitivity of the present task. However, it is also probable that the neural systems
responsible for orienting attention within auditory working memory are not the same
as those involved in visual working memory. This would be in line with the differences
reported between external auditory and visual attention (Braga et al., 2013; Michalka

et al., 2015, 2016; Noyce et al., 2017). Therefore, the eyes may not be the peripheral

174



effectors most strongly affected by internal auditory attention. Instead, it may harness

the functional circuitry of other systems such as the speech production system.

An interesting open question is whether the prioritisation of hand actions in
auditory working memory is linked to a temporally specific contralateral attenuation
of mu-beta activity (see Experiment 1; Schneider et al., 2017; van Ede et al., 2019a).
The time course of action selection, together with its topography would provide
interesting insights into how selecting the same action may be different depending on
the visual vs auditory nature of the task. Alpha attenuation has been observed during
the allocation of external attention to specific auditory locations and features (Bonacci
et al., 2019, 2020; Todorovic & de Lange, 2012; Wéstmann et al., 2021). Therefore, a
related question for further investigation is whether selecting auditory contents in
working memory is linked to a reduction in alpha-frequency activity in the present

design.

In summary, the aim of Experiment 2 was to investigate whether and how
auditory contents in working memory were flexibly prioritised as a function of time-
varying expectations. To do so, I translated some of the key features of the task in
Experiment 1 into the auditory modality. While auditory contents in working memory
seemed to be flexibly and dynamically prioritised, much remains to be learned about

the mechanisms underlying this process.
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(GENERAL DISCUSSION

Throughout this thesis, different facets of how temporal structures in the environment
modulate perception and attention have been presented, explored, and discussed.
Specifically, the present thesis investigated how expectations that emerge from
environmental regularities drive perception and attention in combination with other
guidance signals such as goal relevance. This work contributes to a growing body of
knowledge elucidating the nuanced ways in which perception and attention (internal

and external; visual and auditory) are tuned to environmental regularities.

Replicating and extending prior findings, Chapter 2 of this thesis reported that
feature regularities in the context of an ongoing task systematically biased perception
of other visual features. Moreover, feature regularities unfolding over different
timescales were found to modulate perception jointly. This chapter additionally
reported that while general task performance was influenced by guidance signals such
as predictability and relevance of the regular feature, perceptual biases were not

consistently affected.

Chapter 3 transitioned from feature regularities to temporal regularities. I
designed a task to capture two ways in which temporal regularities guide attention in
natural behaviour: the incidental learning of temporal regularities that form temporal
expectations; and the flexible prioritisation of predictable times based on task goals.
The studies in Chapter 3 found that selective temporal attention can be deployed

flexibly to predictable time points to enhance performance in the absence of spatial
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and motor certainty. The effects generalised across experiments in the visual and

auditory modalities.

Chapter 4 extended the inquiry to internal temporal attention. I tested whether
both sensory and motor contents in visual working memory were modulated flexibly
and dynamically based on temporal expectations. Using neural measures, I revealed
that motor contents in working memory were flexibly prioritised as internal attention
shifted between objects and their corresponding response hand according to temporal
expectations. The overall flexible pattern of motor modulation was similar to sensory
modulation according to object location. However, analyses of the time courses
showed that motor and sensory modulatory functions were not strictly temporally
bound, suggesting that multiple modulatory processes run in tandem. Moreover, using
an auditory task, I found that auditory contents in working memory could also be

flexibly prioritised according to dynamically evolving expectations.

5.1 GUIDANCE SIGNALS

Across all the empirical studies in this thesis, the joint effects of two guidance signals
(expectation and relevance) on perception and attention were investigated. By
manipulating the relevance of feature and temporal expectations, Chapters 2 and 3
found that perception and external attention, respectively, were influenced by changes
in the relevance of expectations. Chapter 2 revealed that while task performance was
influenced by the predictability and relevance of the regular feature, these did not
consistently affect perceptual biases. In Chapter 3, the relevance of features with
different temporal probability structures was manipulated trial by trial. Across three
experiments that differed in several features including sensory modality (visual and
auditory), different temporal expectations were flexibly used to guide external
attention. Finally, in Chapter 4, the relevance of different sensory (visual and auditory)
and action-related working-memory contents changed as a function of dynamically

evolving temporal expectations. This study confirmed that contents were prioritised
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flexibly and in a temporally tuned fashion on the basis of changing probabilities of

different contents being probed.

While debates about the effects of guidance signals on sensory processes exist
(Firestone & Scholl, 2014, 2016; Pylyshyn, 1999), the consensus is that ongoing
perception and attention are profoundly influenced by memories across different
timescales (Chun, 2000; Chun et al., 2011; Fiser & Lengyel, 2022; Hutchinson & Turk-
Browne, 2012; Nobre & Stokes, 2019; Schapiro & Turk-Browne, 2015), expectations
(Clark, 2013; de Lange et al., 2018; Gilbert & Li, 2013; Nobre & van Ede, 2018;
Summerfield & de Lange, 2014), relevance (Nobre, 2018; Nobre & Kastner, 2014;
Summerfield & de Lange, 2014), motivations (Nobre, 2018; Pessoa, 2009, 2015;

Serences, 2008), and possibly other control signals.

In the case of external attention, unique combinations of sensory inputs and
guidance signals are thought to be integrated in frontoparietal networks and their
connections with other cortical and subcortical areas. In turn, frontoparietal networks
feed back into in sensory, motor, and higher-level areas to modulate their activity
(Mesulam, 1981, 1990, 1999; Nobre, 2018; Nobre & Mesulam, 2014). Consistently, in
temporal attention, identical tasks with different purposes (perceptual vs motor) have
been shown to engage common nodes of the frontoparietal network (e.g., left IPS;
Davranche et al., 2011), which are differentially connected with sensory and motor
areas, respectively, depending on task purpose. Moreover, perceptual and motor
purposes of temporal expectations result in different downstream modulations,
targeting sensory and motor activity, respectively (Shalev et al., 2019; van Ede et al,,
2020). Here, Chapter 4 suggests that internal attention can have dissociable
modulatory effects on sensory and motor systems, respectively, depending on when

and for how long they are relevant.

From a broader perspective, the tasks in the present thesis encouraged participants
to respond “rapidly and accurately”, thus emphasizing the implicit goal of “optimising”
task performance. Nevertheless, several everyday tasks encourage learning,

exploration, and other goals instead of optimising performance. Therefore, an
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additional dimension which is beyond the scope of the present thesis is to investigate
how the effects of perception and attention may change according to the overarching

purpose of the tasks (Nobre, 2018).

5.2 TIME AS THE QUESTION

Many studies have found that temporal (external) attention modulates spatial and
motor processes. Invasive recordings in non-human primates have revealed temporally
specific changes in the firing rates of spatially selective neurons (Ghose & Bearl, 2010;
Ghose & Maunsell, 2002) and motor neurons (Heinen & Liu, 1997; Janssen & Shadlen,
2005; Kilavik & Riehle, 2010; Lucchetti & Bon, 2001; Riehle et al., 1997). Similar
modulations can be approximated from non-invasive neurophysiology and stimulation
studies in humans (e.g., Rohenkohl & Nobre, 2011; van Elswijk et al., 2007). Moreover,
these changes seem to result in behavioural benefits such that temporal expectations
act by increasing motor preparation (Heideman et al., 2018b, 2018a, 2018c; O’Reilly et
al., 2008; Thomaschke & Dreisbach, 2013) and/or by interacting with spatial attention
(Doherty et al., 2005; Nobre & Rohenkohl, 2014; Seibold et al., 2020).

Some studies have found modulations of other sensory features by temporal
attention (Anderson & Sheinberg, 2008; Jaramillo & Zador, 2011; Lima et al., 2011;
Warren et al., 2014). However, they have typically not manipulated spatial and motor
uncertainty. Therefore, potential modulations of temporal attention on non-spatial and
non-motor processes could not be entirely isolated. In this light, Chapter 3 of the
present thesis aimed at gauging the effects of temporal attention on visual and auditory
features while these were isolated from spatial and action-related attributes.
Behaviourally, the flexible allocation of attention on the basis of feature-temporal
expectations facilitated performance in the absence of spatial and motor certainty.
Future studies using non-invasive neurophysiology should track the time courses of
modulation of task-relevant and -irrelevant features that are temporally predictable and

unpredictable. This will provide further insights into the time courses of attentional
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modulation of sensory features based on different guidance signals in the face of spatial

and motor uncertainty.

In contrast, Chapter 4 builds on what is known about the modulatory effects of
external attention on spatial and motor attributes to investigate whether internal
attention harnesses similar principles. With this aim, locations and actions associated
with items in working memory were manipulated orthogonally. Their prioritisation
time courses were monitored with high temporal resolution using EEG and eye-
tracking. This study reported that the prioritisation of task-relevant locations and
actions in working memory resulted in location-specific and effector-specific
reductions in alpha- and mu-beta-frequency activity, respectively. These modulations
were tuned to the times at which each location and action was expected to become
relevant. Together, these findings show that, similar to what has been reported in
external attention, internal attention can modulate spatial and motor activity at specific
times. This is in line with several other studies which have identified similarities in the
underlying mechanisms of internal and external attention (Griffin & Nobre, 2003;

Nobre et al., 2004; Panichello & Buschman, 2021).

In Chapters 3 and 4, temporal regularities were bound to other stimulus
attributes. Chapter 3 demonstrated that these need not be spatial or motor. Instead,
attention could be oriented to temporally expected colours or sound frequencies thus
facilitating their detection. In Chapter 4, the sensory attributes of the prioritised
stimulus (location and colour) and the associated actions were temporally structured.
In turn, internal attention modulated activity related to spatial and motor codes in a
temporally tuned fashion. One outstanding question, then, is whether temporal
structures need to latch onto other stimulus attributes to be picked up by the brain

(Nobre & van Ede, 2018).

Even assuming they did, how this may occur is an unsolved puzzle. For example,
is there a clocking mechanism that activates attention’s modulatory effects at the
relevant times? How would this timekeeping mechanism be implemented in the brain?

Would this be orchestrated by frontoparietal networks, by subcortical areas with
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widespread and direct cortical projections, or through a completely different
mechanism? The distinction between implicit and explicit timing® may be key in
arbitrating between these options (Coull & Nobre, 2008). Does the use of temporal
information to guide other cognitive processes build on neural circuits dedicated to

timekeeping, provided that these exist?

Generally, the mechanistic conceptions of timing can be categorised into
proposals which suggest that there are dedicated timing circuits in the brain (Gibbon
et al., 1984; Lashley, 1951; Miall, 1989; Treisman, 1963) and those that propose that
timing is an intrinsic property of all brain circuits (Mauk & Buonomano, 2004;
Staddon, 2005; Wittmann, 2013; for reviews see Coull et al., 2011; Ivry & Schlerf, 2008;
Muller & Nobre, 2014). Within the former group, several candidate areas and
processes for timekeeping have been proposed, including the cerebellum (Ivry &
Keele, 1989; Ivry & Spencer, 2004) and the basal ganglia (Buhusi & Meck, 2005; Meck,
1996), perhaps through striatal-medial-frontal loops (Coull, 2004; Macar et al., 20006).
Within the latter group, Karmarkar and Buonomano (2007) suggested that a temporal
metric was calculated locally in each brain area. Alternatively, the entrainment of large-
scale neural networks to oscillatory activity could reflect a general mechanism for
timing, at least in the case of rhythmic stimuli (Fries, 2005; Lakatos et al., 2008;
Schroeder & Lakatos, 2009).

Adding to an already-complicated debate, guidance signals like the ones described
above and different sources of temporal regularities seem to engage different neural
systems and cognitive processes (Coull & Nobre, 2008; see also Bouwer et al., 2020
Breska & Deouell, 2014; Breska & Ivry, 2018; de la Rosa et al., 2012; Rohenkohl et al.,
2011; Shalev et al., 2019; Tal-Perry & Yuval-Greenberg, 2022; Trivifio et al., 2011).
Therefore, a comprehensive understanding of timing will also need to consider this
dimension. As detailed above, the present thesis makes some contributions to this

effort.

8 Implicit timing refers to the use of timing for other cognitive processes, while in explicit timing time
is the reported feature.
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Research in this thesis provides two key insights into how timing may be used for
attention. First, the finding that temporal attention can act flexibly under spatial and
motor uncertainty suggests that implicit timing for attention does not exclusively act
by modulating spatial and motor processes. Secondly, Chapter 4 shows that the same
temporal expectations lead to dissociable effects on sensory and motor systems,
respectively. This provides preliminary evidence that temporal attention may exert
different modulatory effects with distinct timings and durations, depending on the
temporal structure of the task. Thus, a multitude of timing signals may be needed to
pace the prioritisation of different contents (sensory and action-related) in distinct

neural systems.

5.3 TIME AS THE ANSWER

In addition to being the thematic undercurrent of this thesis, the temporal dimension
has also been considered in its methodology. Despite their shortcomings, the designs
presented in this thesis have attempted to assimilate some of the complexities of time.
The task in Chapter 2 is a continuous stream of orientation reports in which
regularities unfold over different timescales: session, block, and inter-trials
contingencies. Chapter 3 brings the investigation of temporal attention to an
extended design where several task-relevant and -irrelevant targets, together with
distractors and masks, unfold dynamically over time. This adds to a growing body of
literature which has incorporated the temporal dimension into tasks investigating
attention, such as visual search (e.g., Boettcher et al., 2022; Salet et al., 2021; Shalev et
al., 2022). Extended tasks highlight the methodological challenges of the temporal
dimension in which several time-varying signals and effects co-exist and interact. For
example, in Chapter 3, incidentally learned feature-temporal associations co-exist with
the hazard function (Luce, 1991) and sequential effects between past responses and
current target timings (Los, 2010). Nevertheless, embracing the complexity of the
temporal dimension is also intriguing and essential to gain a comprehensive

understanding of cognitive processes like attention.
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Conversely, a limitation of the present thesis is the usage of temporally discrete
proxies of task performance like RT, accuracy, or report error. An important step
forward will come from the adoption of temporally resolved readouts of behaviour
(e.g., EMG, mouse-tracking, and eye-tracking) together with modelling approaches
that capture temporally extended processes (e.g., drift-diffusion modelling).
Consistently, in Chapter 4, temporally resolved proxies of behaviour (eye-tracking)
and brain activity (EEG frequency-specific activity) were harnessed. Nevertheless,
these signals were averaged across trials, an approach that can miss out on key temporal
features of the data. For example, the short-lived nature of beta-frequency (13-30 Hz)
activity and the relevance of its temporal profile has long been ignored due to trial-
averaging (Feingold et al., 2015; Jones, 2016; Lundqvist et al., 2016, 2024; Quinn et al.,
2019; Shin et al., 2017; van Ede et al., 2018). Nevertheless, methods which underscore
the temporal motifs in neurophysiological data, such as Empirical Mode
Decomposition (EMD) and Hidden Markov Models (HMM), have begun to provide
important insights about the underlying neural dynamics (Echeverria-Altuna et al.,
2022; Heideman et al., 2020; Quinn et al., 2019). Thus, analysis approaches that
embrace the temporal complexity of physiological signals should be utilised (e.g., Bialas
et al., 2023; Ruesseler et al., 2023; Vidaurre et al., 2018).

5.4 LOST IN TRANSLATION ACROSS SENSORY

MODALITIES

In this thesis, attention is defined as the set of processes responsible for anticipating,
prioritising, selecting, routing, integrating, and preparing relevant contents to guide
adaptive behaviour (Nobre, 2018). While attention has been studied mostly in the
visual modality, auditory contents can also be prioritised by attention’. Importantly,
attention can be oriented not only to external auditory events (Cherry, 1953; Hillyard

et al., 1973; Chapter 3) but also to auditory contents in working memory (Backer &

° The same holds for contents from other sensory systems and for multimodal contents, which are
beyond the scope of the present thesis.
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Alain, 2012; Chapter 4). Consistently, the present thesis has attempted to test the
generalisability of some of its findings about external and internal attention across two

sensory modalities: vision and audition.

A conclusion that I draw from this thesis is that the translation of task designs
across sensory modalities is a complex and multi-faceted challenge. While stimulus
features can be translated across modalities using a one-to-one mapping approach (e.g.,
colour is replaced by pitch; see Chapter 3), this strategy can result in missteps at
different stages. For example, while colour discriminability is commonly achieved by
selecting colours that are equidistantly spaced in a pseudo-circular perceptual colour
space (e.g. CIELab), tone frequencies ought to be logarithmically spaced and corrected
for differences in loudness (Tackett, 2024). These disparities influence parameters such
as the perceptual distance between targets and distractors which, in turn, affect

perception and attention (Geng, 2014).

Moreover, there are fundamental differences in how accurately participants can
reproduce colour/orientation and pitch (Levitin & Rogers, 2005), which result in
discrepancies in task difficulty as a function of sensory modality. In turn, task difficulty
could interact with the guidance signals presented above and result in the engagement
of different behavioural strategies and distinct attentional processes at different times.
Therefore, one-to-one mappings between modalities do not guarantee the engagement
of comparable attentional (and, more broadly, cognitive) processes. In Chapters 3 and
4, auditory temporal attention (external and internal) was investigated and contrasted
with its visual counterpart. In contrast to what may have been naively expected given
the centrality of the temporal dimension to audition, participants’ responses were
consistently more variable and less accurate in auditory tasks than in visual tasks. In
addition to differences in low-level processes such as discriminability, different
guidance signals and attentional processes may have been engaged leading to the

performance differences.

Additionally, given the precedence of visual designs in this thesis, the auditory

tasks may have been visually biased. While visual information is distributed across
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space, auditory information unfolds over time. Perhaps unsurprisingly, trial-by-trial
attention cueing tasks (Posner, 1980) and multiple-stream tasks (Cherry, 1953; Hillyard
et al., 1973) emphasize key features of the visual and auditory modality, respectively.
While the former manipulates goal-driven flexibility, the latter highlights the
continuous temporal unfolding of attention. Arguably, the manipulation of temporal
attention using Posner-like tasks orients attention to points in time in a spatially
inspired fashion. Attended time-points represent snapshots and not dynamically
changing signals. Therefore, more veridical comparisons between auditory and visual
attention could be achieved by using ecologically valid signals from each modality. A
clear example of a temporally unfolding signal in the visual domain is motion, which

could be contrasted with time-varying sounds.

Relatedly, identifying the purposes that (visual and auditory) attention may have
evolved to subserve could help steer the development of fine-tuned experimental
designs (Cisek, 2007). Arguably, one key feature of auditory attention in humans is to
keep track of speech, the main vehicle for human communication. While a lot has been
uncovered about how speech is attended (e.g., Ding & Simon, 2012; O’Sullivan et al.,
2015; Rieke et al., 1997), its similarities and differences with visual attention, together
with the joint prioritisation of multimodal signals remain mysterious (Ahmed et al,,

2023).

5.5 LEARNING OVER TIME

The passage of time is responsible for learning and, therefore, for our memories and
experiences. Across all the tasks in this thesis, regularities in stimulus features and
timings were learned" by participants. The specific mechanisms whereby learning may
have occurred in the different tasks of the present thesis is unknown, but a few
candidate options are discussed below. In Chapter 2, participants learned the repeated

feature through exposure but, in Experiment 1 and predictable blocks of Experiment

10 Improvement in performance due to training or exposure (e.g., Fahle & Poggio, 2002).
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2, participants were also explicitly instructed about the relevant stimulus contingency.
In Chapter 3, participants learned the associations between specific features (colour

or pitch) and their corresponding timings incidentally through experience.

Speculatively, regularities and associations in these tasks may have been picked up
through statistical learning (for reviews see Hutchinson & Turk-Browne, 2012;
Schapiro & Turk-Browne, 2015). The implicit learning of associations between
adjacent events (associative learning) has been shown to modulate activity in I'T and
MTL neurons in non-human primates (Miyashita, 1988; Osada et al., 2008; Wirth et
al., 2003). Consistently, the learning of regularities in humans has been reported to
engage areas such as the MTL, the striatum (Turk-Browne et al., 2009), and the inferior
frontal gyrus (IFG; Turk-Browne et al., 2009). Moreover, learning predictive relations
between adjacent events seems to specifically engage the hippocampus (Schapiro et al.,
2012, 2013, 2014; Turk-Browne et al., 2010). Speculatively, these neural mechanisms

may underlie learning in the presented tasks.

Importantly, in Chapter 3, feature-temporal associations were learned. In
Chapter 4, no associative relations between features were present, but participants
may have learned to associate the requirement to respond with specific delays. The
learning of temporal associations has been comparatively less studied than associations
between other features. For example, Cravo and colleagues (2017) found that
associations between scenes and target timings facilitated subsequent attentional
guidance and modulated known markers of temporal attention such as the CNV.
Interestingly, the CNV has been suggested to reflect the engagement of medial frontal
areas like the SMA (Nagali et al., 2004) and, more broadly, striatal-medial-frontal loops
which are involved in other aspects of timing (e.g., Coull, 2004; Macar et al., 2000).
Additionally, learning of temporal intervals has been suggested to involve the
cerebellum and/or cortico-thalamic-striatal loops (for review see Breska & Ivry, 2016;

Merchant et al., 2013).

5.6 FINAL CONCLUSIONS
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Across three empirical chapters and eight experiments, the present thesis has made
important contributions to how perception, external attention, and internal attention
are tuned to feature and temporal regularities in the environment. Furthermore, this
thesis has contributed to the understanding of how different guidance signals
concurrently drive perception and attention. Moreover, an effort has been made to

generalise these findings across different sensory modalities.

The main conclusions to be drawn from this thesis are the following: 1) perception
is modulated by feature regularities across multiple timescales; 2) attention can be
oriented flexibly based on feature-temporal expectations in the absence of spatial and
motor certainty; 3) the prioritisation of sensory and action-related contents that co-
exist in working memory is flexible, temporally tuned, but not necessarily coupled; and
4) guidance signals such as expectation and relevance work in concert to guide
attention. In the quest to reach these conclusions, this thesis has been confronted with
some of the epistemological and methodological challenges posed by the temporal
dimension. On occasion, it has also gotten lost in translation between the visual and
the auditory modalities. As a whole, it has furthered our understanding of the ins and
outs of how temporal structures in the environment fine-tune cognitive processes such

as perception and attention.
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APPENDIX

7.1 APPENDIX 1 — CHAPTER 3

a | targettype  time in stream (ms) E1 | time in stream (ms) E2/E3 = % cued % left / right (when cued) % absent (when cued)
early 750 500 33:3 43.76 (14.6) 12.5 (4.17)
1500 1000 333 43.76 (14.6) 12.5(4.17)
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Supplementary Figure 7.1. Chapter 3. Details about trial types and percentages, the timing of targets,
and RT distributions. a) Details about trial types and percentages in Experiments 1-3. In each trial,
patticipants were cued and asked to respond to one of three targets which differed in their timing (eatly,
late, and random) and colour (Experiments 1 and 2) or pitch (Experiment 3). One of three targets was
cued in each trial and each target type (eatly, late, and random) was cued in one third of the trials. Thus,
each target type was task-relevant only in 33.4% of trials. Each target was absent in 12.5% of all trials
and only one target was absent in each trial, thus all three targets were present in 62.5% of trials. Out of
the 12.5% of trials in which each target was absent, only a third required a response to the absent target
and, therefore, was a no-response trial. Thus, only 12.5% of trials were no-response trials, a third per
target type (early, late, and random). Each target type (early, late, and random) appeatred on either side
equiprobably. b,c,d) Count of trials in which early, late, and random targets appeared at specific times
from stream onset (0 s) in Experiments 1, 2 and 3 respectively. e,f,g) Histogram of reaction times (in s)
to eatly, late, and random targets across participants in Experiments 1, 2 and 3, respectively. The vertical

line on the first panel reflects the time of late target appearance.
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Supplementary Figure 7.2. Chapter 3. Online visual task accuracy, and RT results using GLMs with
different link functions. a) GLM fits of RT to random targets as a function of target onset and mean
RT to early (pink) and late (yellow) targets across participant (error bars represent SEM). Differently
coloured lines represent the GLM fits with the different link functions: linear, logatithmic, and inverse.
b) Difference between RT at the time of eatly/late targets as estimated from participant-specific GLMs
(linear, logarithmic, inverse, and patticipant-specific best fit) and actual RT to eatly/late targets. Results
from 2x2 ANOVAs with time and predictability as factors for the different fits. Best fit: main effect of
tme (F(1,48) = 27.77, ***p < .001, n? = .04), main effect of predictability (F(1,48) = 8.14, **p = .006,
7? = .01) and no interaction between the factors (F(1,48) = .1, p = .7, n? <.000). Inverse fit: main effect
of time (F(1,48) = 31, ***p < .001, n? = .044), main effect of predictability (F(1,48) = 7.92, **p = .007,
7? = .008) and no interaction between the factors (F(1,48) = .05, p = .8, n? < .000). Logarithmic fit:
main effect of time (F(1,48) = 27.66, ***p < .001, n? = .044), main effect of predictability (F(1,48) =
8.84, **p = .005, n? = .01) and no interaction between the factors (F(1,48) = .1, p = .7, n> < .000). ¢
GLM fits of accuracy to random targets as a function of target onset and mean accuracy to early (pink)
and late (yellow) targets across participants (error bars represent SEM). Differently coloured thick lines
represent GLM fits with the different link functions: linear, logit, and cauchit. d) Difference between
accuracy at the time of eatly/late targets as estimated from participant specific GLMs (linear, logit,
cauchit, and participant-specific best fit) and actual accuracy to eatly/late targets. Results from 2x2
ANOVAs with time and predictability as factors for the different fits. Best fit: main effect of time
(F(1,48) = 15.1, ***p < .001, n? = .00), no main effect of predictability (F(1,48) = .8, p = .38, n> = .003)
and no interaction between the factors (F(1,48) = .027, p = .6, n? < .000). Cauchit fit: main effect of
time (F(1,48) = 14.27, ¥**p < .001, n? = .045), no main effect of predictability (F(1,48) = 3.16, p = .08,
7? = .01) and an interaction between both factors ( F(1,48) = 4.34, *p = .04, n?> = .005). Logit fit: main
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effect of time (F(1,48) = 15.1, ***p < .001, n? = .00), no main effect of predictability (F(1,48) = .78, p
= .37, n?> = .003) and no interaction between the factors (F(1,48) = .027, p = .6, n? < .000).
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Supplementary Figure 7.3. Chapter 3. In-person visual task accuracy, and RT results using GLMs
with different link functions. a) GLM fits of RT to random targets as a function of target onset and
mean RT to early (pink) and late (yellow) targets across participants (etror bars represent SEM).
Differently coloured lines represent GLM fits with the different link functions: linear, logarithmic, and
inverse. b) Difference between RT at the time of early/late targets as estimated from participant specific
GLMs (linear, logarithmic, inverse, and participant-specific best fit) and actual RT to eatly/late targets.
Results from 2x2 ANOVAs with time and predictability as factors for the different fits. Best fit: main
effect of time (F(1,22) = 9.7, **p = .005, > = .037), main effect of predictability (F(1,22) = 5.83, *p =
.02, n? = .034) and no interaction between the factors (F(1,22) = 4.19, p = .05, n? = .008). Inverse fit:
main effect of time (F(1,22) = 9.8, **p = .004, n2 = .038), main effect of predictability (F(1,22) = 5.7,
*p = .02, n* = .03) and an interaction between the factors (F(1,22) = 4.5, *p = .045, n2 = .008).
Logarithmic fit: main effect of time (F(1,22) = 9.66, **p = .005, n? = .038), main effect of predictability
(F(1,22) = 6.11, *p = .02, n? = .033) and no interaction between the factors (F(1,22) = 4.28, p = .05, n?
=.008). ¢) GLM fits of accuracy to random targets as a function of target onset and mean accuracy to
early (pink) and late (yellow) targets across participants (error bars represent SEM). Differently coloured
lines represent GLM fits with the different link functions: linear, logit, and cauchit. d) Difference
between accuracy at the time of early/late targets as estimated from patticipant specific GLMs (linear,
logit, cauchit, and participant-specific best fit) and actual accuracy to eatly/late targets. Results from 2x2
ANOVAs with time and predictability as factors for the different fits. Best fit: main effect of time
(F(1,22) = 5.67, *p = .02, n? = .043), main effect of predictability (F(1,22) = 5.52, *p = .03, n? = .07)

and no interaction between the factors (F(1,22) = .02, p = .89, n? < .000).=. Cauchit fit: main effect of
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tdme (F(1,22) = 6.55, *p = .02, n? = .05), main effect of predictability (F(1,22) = 4.88, *p = .04, n? =
.067) and no interaction between the factors (F(1,22) = .035, p = .85, n? < .000). Logit fit: main effect
of time (F(1,22) = 6.1, *p = .02, n? = .0406), main effect of predictability (F(1,22) = 5.35, *p = .03, 0> =
.074) and no interaction between the factors (F(1,22) = .0003, p = .98, n? < .000).
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Supplementary Figure 7.4. Chapter 3. In-person auditory task accuracy and RT results using GLMs
with different link functions. a) GLM fits of RT to random targets as a function of target onset and
mean RT to early (pink) and late (yellow) targets across participants (etror bars represent SEM).
Differently coloured lines represent GLM fits with the different link functions: linear, logarithmic, and
inverse. b) Difference between RT at the time of early/late targets as estimated from participant specific
GLMs (linear, logarithmic, inverse, and participant-specific best fit) and actual RT to eatly/late targets.
Results from 2x2 ANOVAs with time and predictability as factors for the different fits. Best fit: main
effect of time (F(1,26) = 53.12, ***p < .001, n? = .15), main effect of predictability (F(1,26) = 5.67, *p
= .02, n? = .014) and no interaction between both factors (F(1,26) = .14, p = .7, n* < .000). Inverse fit:
main effect of time (F(1,26) = 58.6, ***p < .001, n? = .15), no main effect of predictability (F(1,26) =
2.18, p = .15, n? = .005) and no interaction between the factors (F(1,26) = .17, p = .7, n? = .0002).
Logarithmic fit: main effect of time (F(1,26) = 54.6, ***p <.001, n? = .10), a trend towards a main effect
of predictability (F(1,26) = 6.11, p = .08, n? = .009) and no interaction between the factors (F(1,26) =
16, p = .7, n? = .0002). ¢) GLM fits of accuracy to random targets as a function of target onset and
mean accuracy to early (pink) and late (yellow) targets across participants (error bars represent SEM).
Differently coloured lines represent GLM fits with the different link functions: linear, logit, and cauchit.
d) Diffetence between accuracy at the time of eatly/late targets as estimated from participant specific
GLMs (linear, logit, cauchit, and patticipant-specific best fit) and actual accuracy to eatly/late targets.

Results from 2x2 ANOVAs with time and predictability as factors for the different fits. Best fit: no main
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effect of time (F(1,26) = .02, p = .9, n? < .000), no main effect of predictability (F(1,26) = 2.38, p = .14,
7? = .002) and no interaction between the factors (F(1,26) = .13, p = .72, n? < .000). Cauchit fit: no
main effect of time (F(1,26) = .0007, p = .98, n? <.000), no main effect of predictability (F(1,26) = 1.81,
p = .18, n? = .002) and no interaction between the factors (F(1,26) = .2, p = .65, n? = .001). Logit fit:
no main effect of time (F(1,26) = .01, p = .91, n? < .000), no main effect of predictability (F(1,26) = 2.2,
p = .15, n? = .002) and no interaction between the factors (F(1,26) = .15, p = .7, n* < .000).
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Supplementary Figure 7.5. Chapter 3. Reaction time (s), accuracy and inverse efficiency score (IES)
as a function of binned time-in-stream in Experiments 1 (left column), 2 (central column) and 3 (right
column). Time-in-stream was split into 8 bins corresponding to targets that occurred in the following
bins: Experiment 1: 0-0.24 s, 0.24-0.44 s, 0.44-0.7 5, 0.7-0.8 s (early), 0.8-1.1 s, 1.1-1.45 s, 1.45-1.55 s (late)
and 1.55-2.25. Experiments 2 and 3: 0-0.15 s, 0.15-0.3 s, 0.3-0.45 s, 0.45-0.55 s (eatly), 0.55-0.75 s, 0.75-
0.95 s, 0.95-1.05 s (late) and 1.05-1.5 s. RT (a, b, ¢), accuracy (d, e, f), and a IES (g, h, i; Townsend &
Ashby, 1983) was calculated in each bin and plotted for each participant in the random (grey lines), eatly
(pink dots) and late (yellow dots) conditions. The patticipant average for the random (thick black line),
early (pink) and late (yellow) conditions is shown with error bars and shaded areas representing the

SEM.
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Supplementary Figure 7.6. Chapter 4 (Experiment 1). Frequency-specific EEG activity locked to
cue onset in informative trials in a cluster of visual/motor EEG electrodes. a) Contrast between EEG
time-frequency activity contralateral vs ipsilateral to the cued bar location in two clusters of lateralised
occipital sensors (L: O1, PO7, PO3; R: O2, PO8, PO4) divided by summed contralateral and ipsilateral
activity and expressed as a percentage. Black outline indicates statistically significant clusters. b) Contrast
between EEG time-frequency activity contralateral vs ipsilateral to the cued prospective action in two
clusters of lateralised central sensors (L: C1, C3, CP1, CP3; R: C2, C4, CP2, CP4) divided by summed
contralateral and ipsilateral activity and expressed as a percentage. Black outline indicates statistically
significant clusters. ¢) Average alpha (8-12 hz) activity difference between contralateral and ipsilateral
sensors to the cued location across participants (burgundy) and average mu-beta (8-30 hz) activity
between contralateral and ipsilateral sensors to the cued action across participants (green). Shaded areas
represent the SEM and cluster-based permutation-corrected significant time points are indicated with
hortizontal lines (burgundy: alpha vs null; green: mu-beta vs null; grey: alpha vs mu-beta). The first part
of the time-frequency spectra in panels a and b and of the time course in ¢ (-0.2-1.2 s) corresponds to

the average of short and long trials, and the second patt (1.2-3.2 s) corresponds to long trials only. The
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vertical dotted lines represent (from left to right) the onset (0 s) and offset (0.2 s) of the retro-cue and

the time of probe appearance in eatly trials (1.2 s).
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Supplementary Figure 7.7. Chapter 4 (Experiment 1). Frequency-specific EEG activity locked to
cue onset in noninformative trials, whete no location/action is systematically prioritised. a) Contrast
between EEG time-frequency activity contralateral vs ipsilateral to the cued bar location in occipital
sensors (PO7, PO8) divided by summed contralateral and ipsilateral activity and expressed as a
petrcentage. b) Contrast between EEG time-frequency activity contralateral vs ipsilateral to the cued
prospective action in central sensors (C3, C4) divided by summed contralateral and ipsilateral activity
and expressed as a percentage. The first part of the time-frequency spectra (-0.2-1.2 s) corresponds to
the average of short and long trials, and the second patt (1.2-3.2 s) corresponds to long trials only. The
vertical dotted lines represent (from left to right) the onset (0 s) and offset (0.2 s) of the noninformative

cue and the time of probe appearance in early trials (1.2 s). No significant clusters were found.
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Supplementary Figure 7.8. Chapter 4 (Experiment 1). Average mu (8-12 Hz) and beta (13-30 Hz)
EEG activity locked to cue onset in informative trials. Average mu (8-12 Hz; dark green) and beta (13-
30 Hz; light green) activity difference between contralateral and ipsilateral sensors to the cued action
across participants. Shaded areas represent the SEM and cluster-based permutation-corrected significant
time points are indicated with horizontal lines (mu vs beta). The first part of the time course (-0.2-1.2
s) corresponds to the average of short and long trials, and the second part (1.2-3.2 s) corresponds to
long trials only. The vertical dotted lines represent (from left to right) the onset (0 s) and offset (0.2 s)
of the retro-cue and the time of probe appearance in early trials (1.2 s). Topographies represent the
average mu (bottom) and beta (top) activity in left-versus-right contrasts across all sensors during the

specified time-windows which correspond to the mu-beta clusters in Figure 4.2.
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