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1.1 Introduction
We spend a considerable amount of our time searching for visual information
that is relevant for whatever we are currently doing. This is necessary because
the shear amount of information that is available at any moment vastly
exceeds what we can actually process. Therefore we have to successively
focus on different subsets of the visual environment, until we find what we
are looking for. This process is oftentimes deliberate and slow, such as when
trying to find one’s favorite tea brand on a newly rearranged supermarket
shelf, looking for one’s bike in front of any Dutch train station, or browsing
through a big pile of jigsaw pieces, hunting for the last piece to complete
the face of Vermeer’s Girl with a Pearl Earring. However, perhaps even
more frequently, search happens so automatic and quick that individuals
are not aware that they actually were searching, for example, when locating
the current position of the mouse cursor on the screen, spotting another
chunk of cookie dough in a tub of ice cream while being in a conversation,
or checking whether the traffic light has already turned green. All these
examples demonstrate how deeply rooted visual search is in human behavior.
Across various disciplines, researchers have been interested in understanding
the processes that underlie the ability to differentiate and select relevant
from irrelevant information, to evaluate the selected information, and, if not
sufficient for the current goal, to decide to move on to the next promising
batch of information.
1.1.1 The Case for Multiple-Target Search Research
There have been tremendous efforts to study visual search itself, leading
to several models of how search presumably operates (e.g. Bundesen,
1990; Huang & Pashler, 2007; Treisman & Gelade, 1980; Wolfe, 1994).
Nevertheless, there are still various open questions about the principles
underlying visual search, on which researchers disagree. One hotly debated
question currently is whether people can look for multiple objects at the
same time. For example, back at the supermarket, you decide to not only get
your favorite brand of tea, but also try another one that was recommended
to you by a friend. When standing in front of the long shelf with dozens of
different tea packs, can you efficiently search for both items simultaneously,
or is the search capacity limited, forcing you to circumvent this limitation
to still find your search targets? Intuitively, many would believe that it
should be possible to look for multiple targets simultaneously, but, as I will
elaborate on later, intuition is not always the best adviser. Can people look
for multiple targets at the same time? If not, how do they manage
search so that eventually all targets are being found?
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The central subject of this thesis are the following two issues:
1. What is the capacity of multiple-target search?
2. Given its limitations, how does the cognitive system manage multiple
targets during visual search?
One might wonder, how is this question interesting enough for so much
money and time to be spent on it? After all, it might take some more
time to find those teas in the supermarket, but eventually I will find them.
For one, even though there are certainly multiple-target search problems
for which the loss of inefficiency is negligible, there are others, in which
the successful outcome of a search is critical, oftentimes with life-saving
implications. For example, when radiologists check x-ray scans for several
indications of a medical condition, airport security screeners scans travelers’
luggage for potential threat items, or commuters trying to follow the signage
at busy crossroads, the failure to find relevant information as accurately and
quickly as possible can have severe effects on the people involved. By better
understanding multiple-target search, the way search tasks are designed can
be optimized in accordance with human information processing, reducing
the risk of search failures.
Another reason for the strong interest in visual search, and specifically multiple-target search, is that search involves basic cognitive functions
that have in their own right spawned a considerable body of research.
For example, it is generally thought that successful search involves visual
working memory representing current behavioral goals (Baddeley, 2003;
Bundesen, 1990; Duncan & Humphreys, 1989; Eimer, 2014), cognitive
control adapting one’s behavior to achieve a goal given one’s current
state (Desimone & Duncan, 1995; E. K. Miller & Cohen, 2001; Shiffrin &
Schneider, 1977), and visual attention actually facilitating the processing
of relevant visual information (Carrasco, 2011; Corbetta & Shulman, 2002;
Desimone & Duncan, 1995). The functional significance of these cognitive
processes is not limited to visual search, but integral to wide range of
human behaviours, such as multi-tasking (e.g. Meiran, 2010), learning (e.g.
Collins & Frank, 2018), or decision making (e.g. Summerfield & Egner,
2009), just to name a few. However, as it appears to be straightforward
to decompose visual search into these components and experimentally
manipulate specific aspects of search, it has become one of the most
commonly used paradigms to investigate basic cognitive abililties (Eckstein,
2011; Nakayama & Martini, 2011; Wolfe & Horowitz, 2017).
The present work reviews a set of four studies aimed at investigating
capacity limitations and control processes of target selection in multiple-
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target search. In these studies, I primarily focused on whether individuals can
concurrently look for more than one target (Chapter 2 and 3) and whether
the potential capacity limitations would depend on visual features that
define a target. The next chapter describes a study, in which we investigated
the control processes involved in updating target representations, that is,
when deciding to look for another object (Chapter 4). Finally, I revisit the
question of capacity limitations of multiple-target search, and focus on the
prerequisites that need to be fulfilled to speak about truly simultaneous
search (Chapter 5). But before I present these empirical studies, first, I
will specify concepts and theoretical considerations necessary to follow
the arguments of this thesis, including general principles of visual search
(Section 1.2) and previous research on multiple-target search (Section 1.3).

1.2 Principles of Visual Search
1.2.1 Prioritization of Task-Relevant Information
Because the amount of information available in the visual world vastly
exceeds the processing capacities of the human visual system, visual information competes for these limited processing resources. This competition
is expressed as mutual suppression through inhibitory connections between
neural populations that code different information and takes place primarily
on the level of receptive fields (D. M. Beck & Kastner, 2009; Kastner &
Ungerleider, 2000, 2001). It is resolved by selecting relevant from irrelevant
information, a mechanism that is arguably a key function of selective
attention (e.g. Carrasco, 2011). Which information is considered relevant
and is subsequently processed depends on three distinct factors (Awh,
Belopolsky, & Theeuwes, 2012). First, there are bottom-up biases that are
defined as external, stimulus-driven factors that describe the relationship of
a stimulus with the environment it occurs. Specifically, the more a stimulus
stands out from its background, the more likely it will be processed (e.g.
Awh et al., 2012; Corbetta & Shulman, 2002; Desimone & Duncan, 1995).
Second, competition is biased by the selection history of an individual, such
that stimuli that have previously been selected or have been associated
with desirable outcomes are more likely to be processed (e.g. Awh et al.,
2012; Failing & Theeuwes, 2018). Finally, there are top-down factors, which
describe endogenously established biases directed to achieve current behavioural goals (e.g. Awh et al., 2012; Corbetta & Shulman, 2002; Kastner
& Ungerleider, 2000). All these factors exert their influence in parallel and
interact with each other in biasing attentional selection of visual information.
Both selection history and bottom-up factors play a considerable role
in visual search. For example, it takes more time to find a target object
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among highly-similar objects than among dissimilar objects (Becker, 2011;
Duncan & Humphreys, 1989), and repeatedly looking for the same target
object improves search performance (Á. Kristjánsson & Campana, 2010;
Maljkovic & Nakayama, 1994). Nevertheless, top-down biases are, per
definition, the most critical factor for finding currently behaviourally relevant
objects. A prominent model that provides a biologically plausible explanation for how task-relevant information is prioritized over task-irrelevant
information is the biased competition model by Desimone and Duncan
(1995). It proposes that based on the current goals a top-down signal biases
the responsiveness of neural populations that process visual information,
such that task-related information is enhanced and irrelevant information
is suppressed. This top-down signal supposedly originates in the prefrontal
cortex (Bichot, Heard, DeGennaro, & Desimone, 2015) and exerts its
influence via striatal-thalamic connections (Nakajima, Schmitt, & Halassa,
2019). Interestingly, this selective effect can be observed even prior to
search, before the search arrays are presented to the individual, suggesting
that the top-down signal biases the competition in preparation for a search
(Chelazzi, Miller, Duncan, & Desimone, 1993).
For the top-down bias to be useful in finding a target, it must specifically
enhance information that will help identifying the target. It is commonly
accepted that this is accomplished by means of a mental representation
of the target-defining features, usually referred to as search template,
attentional template, or attentional set (henceforth simply template, e.g.
Duncan & Humphreys, 1989; Eimer, 2014; Olivers & Eimer, 2011). This
mental representation, which is presumably established in visual working
memory (VWM, Carlisle, Arita, Pardo, & Woodman, 2011; Desimone &
Duncan, 1995; Olivers & Eimer, 2011), guides visual attention to regions
of the visual field that contain task-relevant, that is, template matching,
information. Beyond that, templates are also necessary to actually extract
information from the visual input to make the present information accessible
for other cognitive operations and as a reference when evaluating whether
the selected object was indeed the target object (Eimer, 2014).
To illustrate, when looking for ripe cherries on a cherry tree, a useful
template would be the color red given its relative uniqueness among all
the green and brown of twigs and leaves, such that anything red would be
treated as a potential search target. Once something red was found, it can
then be fixated, the visual information extracted and evaluated whether it
really is a cherry and not some other red object that happened to have
ended up on a cherry tree. In principle, any visual feature can function
as a template. So, if you look for a banana in a basket of corncubs, its
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color will provide only limited benefit for finding it. Instead the curved
shape will better help identifying the target in this scenario. Based on
decades of visual search literature, Wolfe and Horowitz (2004) summarized
the ability of a wide range of visual feature dimensions to guide visual
attention (see also Wolfe & Horowitz, 2017 for an update). They conclude
that color, orientation, motion, and size are particularly efficient in guiding
attention toward task-relevant regions in the visual field. Nevertheless, it
has been shown that even semantic information (i.e. conceptual knowledge)
can influence search behaviour, although weaker and later than visual
information (De Groot, Huettig, & Olivers, 2016).
1.2.2 Priority-State Models of Visual Working Memory
A separate template would be necessary to establish a selective bias for
every target that an observer is looking for (though see D’Zmura, 1991 and
Menneer, Cave, & Donnelly, 2009 for evidence that in some circumstances
multiple target representations can be grouped into a single template).
Thus, for multiple-target search to be possible, multiple templates must
be able to coexist and bias attentional selection at the same time. Given
that VWM can hold approximately 3-4 representations, either in slots
(Cowan, 2001) or through distributed resources (Ma, Husain, & Bays,
2014), multiple templates should be able to exist in parallel. Support for
this hypothesis can be seen in the finding that a wide range of cortical
regions in the visual system can represent single (Christophel, Hebart, &
Haynes, 2012; Ester, Anderson, Serences, & Awh, 2013; Harrison & Tong,
2009; Rademaker, Chunharas, & Serences, 2019; Serences, Ester, Vogel,
& Awh, 2009; Teng & Kravitz, 2019), and multiple memory representations simultaneously (Emrich, Riggall, LaRocque, & Postle, 2013) during
VWM delay. In line with the biased competition model, elevated activity
representing the memorized information could be an implementation of
the top-down signal that facilitates efficient search. Indeed, this neural
architecture finds support in research groups that claim simultaneous
multiple-target search is possible (e.g. Bahle, Matsukura, & Hollingworth,
2018; Barrett & Zobay, 2014; V. M. Beck, Hollingworth, & Luck, 2012;
V. M. Beck & Hollingworth, 2017; Roper & Vecera, 2012). However,
this interpretation relies on two assumptions that are not necessarily
warranted. First, the mere presence of VWM-related activity in visual areas
might not suggest that this activity reflects biased competition and can
be used to give task-relevant information an advantage during search.
Instead, such activity is merely indicative of search preparation and VWM
maintenance recruiting similar neural substrates. The regional overlap could
be purely coincidental. Second, such a model implies that templates are
not different from "regular" memory representations stored in VWM for
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later retrieval, i.e. there would be no difference between storing information
for remembering it later and storing information to use it to guide behaviour.
Furthermore, there is evidence that suggests that setting up a template for search is not the same as merely remembering information
(Downing & Dodds, 2004; Olivers, 2008; Olivers & Eimer, 2011; Peters,
Goebel, & Roelfsema, 2009; van Driel, Gunseli, Meeter, & Olivers, 2017).
This and similar evidence has led to the formulation of VWM models that
propose different priority states within working memory (McElree, 2001; Nee
& Jonides, 2011; Oberauer, 2002; Olivers, Peters, Houtkamp, & Roelfsema,
2011). For example, Olivers et al. (2011) proposed a working memory architecture in which some memory items, so-called accessory memory items, are
stored, but remain in a dormant state, such that they do not interact with
the visual environment, i.e. they do not bias attention during visual search.
For a memory item to interact with the environment it first has to be
elevated into a special status (the aforementioned template). This template
can then bias attention and be used during search to find sought-for objects.
Notably, in all these models, the number of items that can concurrently be
in the state of a template is limited, usually to a single item, which would
effectively limit visual search to only a single item at a time. Nevertheless,
even though there has been abundant neural and behavioral evidence
supporting different priority states in VWM (Christophel, Iamshchinina,
Yan, Allefeld, & Haynes, 2018; de Vries, van Driel, & Olivers, 2017; De
Vries, Van Driel, Karacaoglu, & Olivers, 2018; LaRocque, Lewis-Peacock,
Drysdale, Oberauer, & Postle, 2013; Lewis-Peacock, Drysdale, Oberauer, &
Postle, 2012; Lewis-Peacock, Drysdale, & Postle, 2015; Manohar, Zokaei,
Fallon, Vogels, & Husain, 2019; Olmos Solis, van Loon, & Olivers, 2018;
van Loon, Olmos Solis, Fahrenfort, & Olivers, 2018), the claim that only a
single item can be a template is still controversial (e.g. Bahle et al., 2018;
V. M. Beck et al., 2012; V. M. Beck & Hollingworth, 2017; Fitousi, 2019).
1.2.3 Multiple-Target Search Cost and Switch Cost
A common approach to test how many templates can coexist at any
moment is to ask observers to perform a search task for either a single,
or two and more target objects. The presence of a so-called dual-target
cost –a reduction in performance contingent with increased number of
sought-for targets– is evidence for less efficient attentional guidance during
search for multiple targets relative to search for one target, and therefore
for a limit in how many templates can guide attention simultaneously.
Indeed, such a cost has been observed numerous times in behavior (Barrett
& Zobay, 2014; Biderman, Biderman, Zivony, & Lamy, 2017; Houtkamp
& Roelfsema, 2009; Kerzel & Witzel, 2019; Liu & Jigo, 2017; Menneer,
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Barrett, Phillips, Donnelly, & Cave, 2007; Menneer et al., 2009; Mestry,
Menneer, Cave, Godwin, & Donnelly, 2017; C. M. Moore & Osman, Allen,
1993; K. S. Moore & Weissman, 2010, 2014; van Moorselaar, Theeuwes,
& Olivers, 2014), with oculomotor measures (Stroud, Menneer, Cave,
Donnelly, & Rayner, 2011; Stroud, Menneer, Cave, & Donnelly, 2012),
and in electrophysiological studies (Grubert & Eimer, 2013, 2015; Grubert,
Carlisle, & Eimer, 2016), providing strong evidence for reduced search
efficiency in multiple-target search. However, a reduced search performance
would not only be predicted by a limit in concurrently active templates, but
also in less efficient guidance of multiple active templates, as suggested by
Barrett and Zobay (2014) and Roper and Vecera (2012). Furthermore, the
dual-target cost might not even be directly related to search in the first
place. The pure act of having to remember more than one target, setting up
multiple templates, or other cognitive operations could lead to interference
and additional mental effort that effectively cause search efficiency to
drop. Therefore, comparing dual-target search to single-target search has
only limited use in determining whether multiple attentional templates are
simultaneously active.
A more promising approach to investigate the limitations of multipletarget search is the measurement of switch costs. If two mental operations
cannot be performed in parallel, individuals have to switch between them to
accomplish both. This switch is a costly process: Performance after switches
is usually reduced relative to when the same task has to be performed repeatedly. Switch costs are a commonly used heuristic to argue for sequential
processing and are commonly observed in dual-task paradigms when tasks
unpredictably switch or repeat across trials (e.g. Monsell, 2003; Meiran,
2010; Vandierendonck, Liefooghe, & Verbruggen, 2010; Wylie & Allport,
2000). The source of switch costs is still debated, but there is evidence that
both interference from previous task representations (or task sets) as well
as the time necessary to activate the currently required task set contributes
to the cost (Vandierendonck et al., 2010). Regardless, the presence of a
switch cost suggests that two task representations cannot simultaneously
be active. Similarly, the presence of a switch cost in multiple-target search
would suggest only a single template to be active at any given moment
(single-template hypothesis), whereas the absence of switch costs would be
indicative of multiple simultaneously active templates (multiple-template
hypothesis). Indeed, many studies that have employed this or similar
approaches have found switch costs associated with multiple-target search
(Cave, Menneer, Nomani, Stroud, & Donnelly, 2018; Dombrowe, Donk,
& Olivers, 2011; Found & Müller, 1996; Juola, Botella, & Palacios, 2004;
Olivers & Humphreys, 2003; Wolfe, Butcher, Lee, & Hyle, 2003), providing
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evidence for the single-template hypothesis.

1.3 Control Mechanisms of Establishing a Top-Down Bias
If our mental architecture does not support simultaneous top-down biases for
multiple target representations, finding target objects during multiple-target
search requires switching between consecutive single-target searches, separately for each sought-for object. Such behavior is contingent on a control
signal that schedules these top-down biases and effectively establishes which
features the system is tuned to optimally process at any moment. Nevertheless, a similar, if not the same, control signal is arguably also required during
search for a single target object, because in its default state the brain is not
set to detect specific task-relevant objects, in particular, if there is no task
in first place. Therefore, to understand visual search, and multiple-target
search in particular, it is imperative to not just understand how top-down
biases modulate visual processing, but also how such top-down biases are
established and controlled. Even though there has been extensive behavioral
and neurophysiological research on the effects of top-down biases on perception, research on control processes that govern these biases has been rather
scarce.
1.3.1 Neural Substrates of Cognitive Control
The cognitive mechanism that provides the functionality of controlling
top-down biases, i.e. templates, is cognitive control. Cognitive control is
an umbrella concept that encompasses a wide range of mental operations
critical for goal-oriented human behavior, such as planning or reasoning.
These operations, including, not exhaustively, working memory maintenance, inhibition, task coordination, or performance monitoring, enable us
to flexibly adjust to ever-changing situational factors while also to shield
ourselves from distracting information to achieve internal goals (Meiran,
2010; E. K. Miller & Cohen, 2001; Wood & Grafman, 2003). It is well
established that the prefrontal cortex (PFC) as a whole is essential for
cognitive control (e.g. Badre, 2008; Badre & Nee, 2017; Fuster, 2008;
Koechlin, Ody, & Kouneiher, 2003; E. K. Miller, 2000; E. K. Miller &
Cohen, 2001; Nee & D’Esposito, 2017). Therefore, the PFC is likely to also
be important for managing templates and attentional biases. However, the
PFC is not a homogeneous brain region; there are a number of anatomically
distinct subregions that subserve different cognitive functions (e.g. Barbas
& Pandya, 1989; E. K. Miller & Cohen, 2001; Petrides & Pandya, 1999).
Furthermore, the PFC rarely acts in isolation but is part of a wider cortical
and subcortical network that tends to activate when individuals perform
demanding cognitive tasks (Cole & Schneider, 2007; Dosenbach et al.,
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2006; Dosenbach, Fair, Cohen, Schlaggar, & Petersen, 2008; Duncan,
2010; Power & Petersen, 2013). This network, often referred to as the
multiple-demand network (MDN; Duncan & Owen, 2000; Duncan, 2010;
Fedorenko, Duncan, & Kanwisher, 2013), extends primarily over the
dorsolateral and dorsomedial surface of the frontal lobe (incl. premotor
cortices, anterior insula, (pre)-supplemental motor area (SMA), and anterior
cingulate cortex) and the posterior parietal cortex (PPC), in the area around
the intraparietal sulcus. However, also subcortical regions like the thalamus,
caudate nucleus and cerebellum are considered part of that network.

Box 1: Functional Magnetic Resonance Imaging
Functional Magnetic Resonance Imaging (fMRI) is a non-invasive
neuroimaging technique that makes use of focal, metabolic changes
that are associated with neural activity (Huettel, Song, & McCarthy,
2004). Specifically, fMRI is sensitive to subtle difference in the magnetization of the blood, depending on the blood oxygenation level
(BOLD) signal, which in turn depends on neural activity (i.e. neurons consume oxygen). As the BOLD-response is rather slow, fMRI
has only a limited temporal resolution (but see Lewis, Setsompop,
Rosen, & Polimeni, 2016 for recent developments in measuring fMRI
on shorter timescales). Nevertheless, it has the big advantage that it
can monitor neural activity of the whole brain, including deep, subcortical structures at virtually the same time, without being invasive.
Therefore, fMRI has evolved into the go-to technique to localize neural activity associated with cognitive functions in healthy individuals.
To investigate the neural architecture of cognitive control in humans,
a commonly employed technique is functional magnetic resonance imaging
(fMRI, see Box 1), which has the advantage that activity throughout the
whole brain can be measured at essentially the same time while being
non-invasive. This technique is often combined with the task switching
paradigm to measure how cognitive control is involved in orchestrating the
execution of two tasks while the experimenter varies specific aspects of the
task, such as timing, complexity or level of conflict (e.g. Kiesel et al., 2010;
Meiran, 2010; Monsell, 2003; Ruge, Jamadar, Zimmermann, & Karayanidis,
2013; Vandierendonck et al., 2010; Wylie & Allport, 2000). Unsurprisingly,
several subregions in the PFC are generally involved in task preparation, as
above baseline activity during task repeats as well as task switches indicates
(Brass & von Cramon, 2002, 2004; Bunge, Kahn, Wallis, Miller, & Wagner,
2003; Karayanidis et al., 2010; Ruge et al., 2013; Sakai, 2008). In this

Control Mechanisms of Establishing a Top-Down Bias

11

sense, task sets (i.e. representations of task-relevant information, such as
rules that link stimuli to appropriate responses) are prepared in anticipation
of a task, where complex task sets are represented more rostrally in the
PFC and more specific task sets more caudally, indicative of a hierarchical
representation of task sets from abstract rules to specific motor plans along
the rostral-to-caudal axis in the PFC (Badre & D’Esposito, 2009; Botvinick,
2008; Sakai, 2008). However, PFC and PPC have also been shown to
activate more strongly during task switches than during task repeats (Badre
& Wagner, 2006; Braver, Reynolds, & Donaldson, 2003; Dove, Pollmann,
Schubert, Wiggins, & Yves Von Cramon, 2000; Pollmann, Weidner, Müller,
& von Cramon, 2000; A. B. Smith, Taylor, Brammer, & Rubia, 2004,
see Kim, Cilles, Johnson, & Gold, 2012 and Sakai, 2008 for reviews). In
particular, the ventrolateral PFC around the inferior frontal junction (Brass,
Derrfuss, Forstmann, & Von Cramon, 2005; Sakai, 2008), the anterior
cingulate cortex (ACC), and the pre-SMA seemed to be responsible for
inhibiting previous task sets (but see Loose, Wisniewski, Rusconi, Goschke,
& Haynes, 2017 for contradictory evidence), whereas the frontopolar cortex,
the premotor cortex, and the PPC show a tighter link to preparation of the
current task set.
Based on these findings, one model of cognitive control assumes a
cascade of events, starting in the anterior cingulate cortex (ACC) where
behavioral outcomes are monitored and a conflict signal is triggered once
an unexpected event occurred (Botvinick, Braver, Barch, Carter, & Cohen,
2001). This conflict signal is then fed to the dorsolateral prefrontal cortex
where corrective actions are being initiated, and subsequently executed
across other regions in the cognitive control network. These could involve
the inhibition of already planned actions, re-evaluation of alternative actions,
or the preparation of alternative actions (Kerns et al., 2004; E. K. Miller
& Cohen, 2001; Ridderinkhof, Ullsperger, Crone, & Nieuwenhuis, 2004).
Furthermore, De Pisapia and Braver (2006) proposed that this cascade can
be initiated either in anticipation of or as a response to a conflict signal.
1.3.2 Neural Control of Top-Down Biases
To be optimally prepared for performing a task, the correct task set
needs to be established. A task set is a complex construct that includes
several factors that are potentially relevant for a task at hand, such as the
goal state, rules for identifying task-relevant information, the appropriate
responses associated with stimuli, or the context in which rules apply
(Meiran, 2010). During multiple-target search most of these aspects are
only of little importance, because they do not change depending on which
target object someone is looking for. Arguably, the most important factor
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that needs to be updated during target switches in visual search is the
template. A number of neuroimaging studies have examined whether such
template switches are associated with a specific neural signal. Indeed most
of them identified more focal activations in the cognitive control network.
Specifically, these findings included the lateral surface of the PFC, the
dorsal premotor cortex and, more ventrally, the inferior frontal junction,
and bilateral regions in the PPC around the intraparietal sulcus (Greenberg,
Esterman, Wilson, Serences, & Yantis, 2010; Jiang, Wagner, & Egner,
2018; Liu, Slotnick, Serences, & Yantis, 2003; Pollmann et al., 2000;
Pollmann, Weidner, Müller, Maertens, & von Cramon, 2006; Slagter et al.,
2006, 2007; Wager, Jonides, & Reading, 2004). However, in most of these
studies template switches did not occur in isolation, but were accompanied
by response switches. For example, in a random-dot motion paradigm,
when the task context signals that the task-relevant dimension changed
from motion direction to color of a stimulus, not only the template needs
to be update, but also the associated stimulus-response-mappings (motion
1 – response 1, motion 2 – response 2 to color 1 – response 1, color 2
– response 2). Therefore, the reported activations might partially reflect
motor response preparations rather than pure template shifts. Indeed,
Pollmann et al. (2006) dissociated template shifts from response shifts
and reported that only the latter activated the premotor cortex, suggesting
that this region might not be directly related to template shifts (see also
Hopfinger, Buonocore, & Mangun, 2000 and Kim et al., 2012).
Nevertheless, in a recent study using electroencephalogram (EEG, see
Box 2), De Vries et al. (2018) demonstrated that at the time at which
participants were expected to switch from using one template to another,
the power of low-frequency oscillations in the delta and theta band over
frontal electrodes increased. Frontal delta/theta activity has been linked to
conflict and control processes in the medial PFC, i.e. the ACC (e.g. Cavanagh & Frank, 2014). Other work from the same lab using EEG provides
further support of a frontal component in the updating of templates (van
Driel, Ort, Fahrenfort, & Olivers, 2019), but as linking the topography of
EEG activity to specific brain regions is not trivial (e.g. Luck, 2014), such
conclusions have to be interpreted with care.

1.4 Bridging Contradictory Hypotheses
1.4.1 The Multiple-Template Hypothesis
Despite considerable evidence for the single template hypothesis, there have
also been a number of reports on the absence of switch costs during multipletarget search. These findings strengthen the multiple-template hypothesis
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and therefore fuel the debate on the limitations of multiple-target search
(Bahle et al., 2018; V. M. Beck et al., 2012; V. M. Beck & Hollingworth,
2017; Chen & Du, 2017; T. Kristjánsson & Kristjánsson, 2017; Á. Kristjánsson, Jóhannesson, & Thornton, 2014). To complicate the picture even more,
even though Grubert and Eimer (2015) found switch costs (approximately
30 ms) using electrophysiological measures, they considered these costs too
small to reflect the time required to update a template (200-300 ms, according to Dombrowe et al., 2011 and Wolfe, Horowitz, Kenner, Hyle, &
Vasan, 2004). All this conflicting evidence prevents straightforward conclusions about the limitations of multiple-target search. Instead, factors that
usually have not been controlled for likely play a role in determining when
switch costs do or do not appear.
Box 2: Electroencephalography
Electroencephalography (EEG) is a non-invasive neuroimaging technique that measures electrical changes associated with changes of
local field potentials from the scalp of individuals. As it has excellent
temporal resolution, it can provide information in neural activity on
a millisecond-by-millisecond scale. However, due to the problem of
volume conduction caused by intervening tissue (i.e. meninges, skull,
skin) in between electrode and neural source, it is difficult to localize
the exact origin of neural activity. Compared to unrelated electrical
background fluctuations, changes in neural activity are rather small.
Therefore, many trials are commonly averaged to extract the signal
from the noise.
In what follows, I will discuss three potential factors and their influence
on the presence and magnitude of switch costs, and therefore limitations
of multiple-target search. These are (1) the amount of control individuals
have over target selection, (2) the type of information individuals look for,
and (3) whether paradigms probe the preparation for a search or the actual
selection of search targets.
1.4.2 Target Availability and Modes of Cognitive Control
One candidate factor that might determine why switch costs emerge
only sometimes could be the degree of control observers have over target
selection. For example, in Dombrowe et al. (2011), participants were instructed to make two successive eye movements to two color-defined target
items presented among distractors. Importantly, the targets were presented
sequentially, such that the second target object only appeared after the first
target was fixated. Furthermore, the color of the second target (whether it
was the same or different color as the first one) varied unpredictably across
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trials. In this experiment, observers had no control over target selection and
large switch costs were reported. In contrast, in (V. M. Beck et al., 2012),
participants performed a search task for a target object that was defined by
orientation, presented among 23 distractors. Stimuli could have one of four
different colors (six stimuli per color). To facilitate search, in the beginning
of a trial, observers were cued with two colors, one of which would be
the color of the target. Therefore, while searching for the target object,
observers could limit the search to objects that matched one of the two
cued colors. During search, the experimenters recorded eye movements and
measured the time participants dwelled on a stimulus before fixating the
next one, separately for saccades directed to a stimulus of the same color
category and saccades directed to differently-colored stimuli. These dwell
times were compared and showed no indication of switch costs. Notably
though, all 24 stimuli, including all stimuli with one of the two potential
target colors were visible throughout the search. Therefore, participants
were in control of deciding when to fixate which target stimulus, potentially
even several eye movements in advance (Godijn & Theeuwes, 2003).
As illustrated in these two studies, the degree of control over target
selection might explain when switch costs are observed during multipletarget search. Of particular relevance here might be the concepts of two
modes of cognitive control that Braver (2012) has proposed recently. In this
framework a distinction is made between proactive cognitive control and
reactive cognitive control. Whereas proactive control is a sustained control
signal in anticipation of a demanding cognitive event, reactive control is
a transient, corrective control signal that is triggered upon detection of a
conflict or an unexpected event. Proactive control is a metabolically costly
process, but will usually lead to better performance. Reactive control is only
invoked on demand, and is therefore "cheaper", at the cost of less efficient
processing in case a conflict occurred (e.g. Braver, Paxton, Locke, & Barch,
2009; Braver, 2012; Irlbacher, Kraft, Kehrer, & Brandt, 2014).
Applied to visual search, if observers can freely choose which target
to look for on a trial, no switch costs emerge as the costly switch can
be prepared during the intertrial interval. If observers cannot choose the
upcoming target, preparation is not possible and participants have to switch
after the trial started in case they did not have the correct template active
beforehand. Importantly, the manipulation of how much control observers
have over target selection should not matter for the presence of switch
costs if multiple templates can concurrently guide attention. In this case,
no switch costs should be observed regardless of whether individuals can or
cannot choose upcoming targets.
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In Chapter 2, I present a study in which we tested the hypothesis
that the mode of control a search task allows for determined the presence of
switch costs. As the mode of control is an endogenous concept and cannot
directly be manipulated by instructing participants to use one or the other
mode, we designed a search task in which the search array composition
either allowed for proactive control or not, in which case reactive control
would be necessary. Specifically, we instructed participants to select one
out of two potential targets per trial. Importantly, on the block level, we
varied whether only one or both potential targets were actually present in
the search display. In both-target blocks, observers knew which two targets
to expect on every trial, and could therefore use this foreknowledge to
exert proactive control to set up a template for one of the two targets. In
one-target blocks, the presented target varied unpredictably across trials,
so that whenever the wrong template was prepared, reactive control was
necessary to update the template. Again, the contingency of switch costs
on target availability would suggest that multiple-target search is limited
to a single item at a time, because when multiple templates can be active
concurrently it should not matter how many targets are available in a search
display as there would always be a match.
From a neural perspective, models of proactive and reactive cognitive
control have stressed the importance of the temporal aspect in dissociating
these modes of control (De Pisapia & Braver, 2006). Specifically, whereas
for reactive control the ACC signals the need to suppress processing of
task-irrelevant information, for proactive control, the ACC signals the need
to pre-activate task-relevant information in anticipation of an upcoming
conflict. This model is corroborated by a number of studies targeted to find
dissociable effects of proactive and reactive control. These studies found
that a similar network with only minor differences is involved in both modes
of control (Braver et al., 2003; Burgess & Braver, 2010; De Pisapia &
Braver, 2006; Jiang, Beck, Heller, & Egner, 2015; Marklund & Persson,
2012; Ryman et al., 2018; Sohn, Ursu, Anderson, Stenger, & Carter, 2000).
However, these differences are rather inconsistent across studies, so that
it is difficult to make reliable conclusions about the existence of separate
proactive and reactive control networks in the brain. Accordingly, Braver
(2012), and Irlbacher et al. (2014) concluded that even though there might
be some differences with respect to the involved brain structures, the critical
dissociation between these two modes of control is the temporal profile of
activation, with proactive control triggered early in anticipation of a task,
whereas reactive control is only invoked after the onset, that is, if needed.
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This conclusion is supported by aforementioned work from our lab
(van Driel et al., 2019), in which we could dissociate proactive from
reactive control in terms of temporal profile, as well as in the oscillatory
characteristics. In this sense, proactive control elicited stronger beta-band
(15-35 Hz) activity prior to a template switch, whereas activity linked to
reactive control occurred in the theta band (4-8 Hz), several hundreds
of milliseconds after a template switch (for similar findings employing
a task switching paradigm, see also López, Pusil, Pereda, Maestú, &
Barceló, 2019). However, other than this recent study from our lab, to
my knowledge, there has not been any research on whether two modes of
control have a dissociable role in target selection during visual search and
if so, whether such a dissociation is reflected in the extent different brain
regions are involved.
1.4.3 Neural Correlates of Free versus Imposed Choice
As the mode of control cannot directly be manipulated, researchers
oftentimes manipulate the knowledge observers have over the events that
are about to occur in the experiment. Having this kind of foreknowledge
allows them to proactively invoke control in anticipation of the task and,
ideally, improve performance. However, observed brain activity in such
situations does not only reflect proactive control, but also the intention
of participants to exert it. In fact, there is no guarantee that observers
use the foreknowledge. For example, if the behavioral cost is negligible
and the effort to proactively use control is too large it might be more
cost efficient to not use proactive control at all, but only invoke reactive
control once needed. To complicate things further, the intention to act
evokes a similar pattern of brain activity as cognitive control. For example,
Gmeindl et al. (2016) measured brain activity locked to the putative time
point when participants shift their attention to a different location in
space and compared this to instructed attention shifts. They found that
on top of intention-unspecific activity in the PPC, freely-initiated switches
additionally activated the medial frontal cortex (rostral ACC) and the lateral
frontopolar cortex. Other studies that compared freely made decisions to
imposed ones confirmed these findings (Demanet, De Baene, Arrington, &
Brass, 2013; Dreher, Koechlin, Ali, & Grafman, 2002; Forstmann, Brass,
Koch, & von Cramon, 2006; Karayanidis et al., 2010; Soon, Brass, Heinze,
& Haynes, 2008; Taylor, Rushworth, & Nobre, 2008; Wisniewski, Reverberi,
Tusche, & Haynes, 2015; Wisniewski, Goschke, & Haynes, 2016; J. Zhang,
Kriegeskorte, Carlin, & Rowe, 2013). Therefore, the similarities between
proactive control and free choice need to be considered when making
inference about either. Even though speculative, these two concepts seem
to be so intricately linked that it is questionable how one would tease
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them apart. In this sense, without making the decision to do so, proactive
control cannot be invoked, while without being able to use proactive control
to update the current cognitive state, deciding to use control would be futile.
In Chapter 4, I present an fMRI experiment in which we employed
the same eye-tracking paradigm as we used in Chapters 2 and 3, to
investigate whether a neural correlate of proactive and reactive control can
be observed during multiple-target search. Specifically, we hypothesized that
associated with target switches, the cognitive control network will activate
in both-target as well as in one-target blocks. In addition, in one-target
blocks, we expected the dorsal ACC to signal the need to invoke reactive
control, as the expected target color was absent. Furthermore, also in the
ACC, though probably more rostrally, and the lateral frontopolar cortex we
expected activity that was linked to proactive control, or more specifically
the free choice to invoke proactive control. However, as I mentioned above,
proactive and reactive control can primarily be dissociated in terms of their
temporal profile. Therefore, we also tried to estimate the temporal evolution
of switch-related activity and test whether such activity would emerge
earlier in both-targets blocks than in one-target blocks. Finally, the presence
of switch-related activity would be evidence that search for multiple targets
simultaneously is not possible, as otherwise, observers would not need to
switch in first place.
1.4.4 Multiple-Target Search for Targets Defined Within and Across
Feature Dimensions
Another factor that might influence whether a search cost is expressed in
behavior is the number of task-relevant feature dimensions. In this sense, in
lab settings, multiple-target search is commonly investigated using features
from the same feature dimension (e.g. orientation, color, shape) to define
targets. Even though this makes sense from an experimental point of view
(e.g. reduce experimental complexity, control of search-unrelated factors),
this procedure only captures a subset of every-day life. We live in a complex
visual world, in which objects are usually defined by a multitude of visual,
other sensory, or even semantic features, each of which (or combinations of)
could potentially be used to guide search. For example, whereas a banana
is easily detected in a basket of apples due to its colors, the color will not
be useful if it was hidden among lemons. In this case, its shape would be a
more promising candidate to provide efficient guidance. Moreover, perhaps
there might be no need to invoke a "yellow" or a "curved" template when
trying to find a banana, instead a "banana" template would do just fine.
Even if it could be shown that observers can only look for one color at a
time, multiple-target search could still be possible, as long as features are
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defined in separate feature dimensions. Similarly, even if it can be shown
that only a single template can exist, perhaps it is possible to have rather
complex templates that contain a multitude of features which effectively
could bypass a capacity limitation. Therefore, when investigating capacity
limitations of multiple-target search, eventually multiple feature dimensions
and integrated objects need to be considered.
In Chapter 3, I present a study in which we specifically investigated
whether search for features that are defined in separate feature dimensions
underlies the same principles as search for features from the same dimension.
To that end, we employed the same paradigm as we used in Chapter 2,
but added another feature dimension. Across blocks, individuals were either
instructed to look for two colors, two shapes, or one color and one shape.
Whereas the first two block types provide information on multiple-target
search where the targets are defined within the same feature dimension, the
latter allowed us to evaluate whether search performance, and in particular
switch cost, would be different when targets are defined across feature
dimensions. Moreover, here we again manipulated target availability as a
proxy to investigate whether the mode of control that the environment
allows for affects the presence of switch costs.
Should multiple-target search across feature dimensions have different
capacity limitations than search within feature dimensions? And if so,
would it be subject to stricter or looser restrictions? Formulating clear
hypotheses at the outset of this study was not easy as the literature on that
topic is rather inconclusive. On the one hand, there is evidence originating
in the field of dimensional-weighting (Müller, Heller, & Ziegler, 1995),
that demonstrated target switches between targets defined across feature
dimensions to be larger than target switches between targets defined within
the same dimension (Found & Müller, 1996; Krummenacher, Müller, &
Heller, 2001; Müller, Reimann, & Krummenacher, 2003; Rangelov, Müller,
& Zehetleitner, 2011; Weidner & Müller, 2009), as has been shown also
by others (Olivers & Meeter, 2008b; Williams, 1967). However, none of
these studies required participants to perform a multiple-target search, as
the task usually was to find the odd-one-out target. Therefore, even these
findings suggest that there are costs associated with switching between
feature dimensions that might even be larger than in switches within a
feature dimension, it is unclear whether such costs would also occur when
observers are confronted with a true multiple-target search problem.
On the other hand, prominent models of visual attention have proposed that feature dimensions are being processed separately, but in parallel
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before they are combined into a single representation of the visual field, in a
map of potential relevance, or a saliency map (Itti & Koch, 2000; Treisman
& Gelade, 1980; Treisman, 1988; Wolfe, Cave, & Franzel, 1989; Wolfe,
1994). Such an architecture would suggest that separate resources are used
to process different feature dimensions, which implies independent and
efficient processing. Only when multiple features within the same feature
dimension need to be analyzed, processing limitations would impede search
and a multiple-target search cost would emerge. In line with these accounts,
there have been reports suggesting that conjunction search, i.e. search
in which the target is defined by more than one feature, can be efficient
(Allport, 1971; McLeod, Driver, & Crisp, 1988; Quinlan & Humphreys,
1987; Wolfe et al., 1990). However, these studies based their inference on
the analysis of search slopes across various display set sizes. Even though
this is a useful metric to determine whether search is efficient or not, it
cannot provide information on which of the target features was used by
observers to find the target, particularly if all target features are presented
in the same location (as a conjunction). Therefore, these studies provide
only limited insight in whether simultaneous guidance by multiple templates
is possible.
1.4.5 Preparation for and Engagement in Attentional Selection
Finally, an important issue to consider is which aspect of the search process
is probed by a paradigm. Most studies on multiple-target search that I have
presented so far employed paradigms in which observers were instructed to
look for multiple target objects, yet in the actual search display only a single
target object was present. These studies were designed to examine whether
attention can be guided by multiple templates simultaneously. However,
even though attentional guidance is a critical part of visual search, it is
by no means sufficient for finding a target. In fact, a search is considered
successful if it is completed with the detection of the sought-for object.
Likewise, for multiple-target search to be successful all search targets
should be detected. The efficiency with which task-relevant information
is extracted and processed is an often neglected aspect of visual search.
Therefore, we proposed that for multiple-target search to be truly parallel
two requirements have to be met: (1) For all search targets, a template
must be set up that simultaneously guides attention toward information in
the visual field that is potentially task-relevant (preparation for selection)
and (2) The visual system must also be able to simultaneously engage
these templates to bias the visual system in extracting such task-relevant
information and further process it (engagement in selection). In other words,
multiple-target search requires that multiple templates are simultaneously
set up to bias attentional selection and these templates also have to

1

20

1

Top-down Biases in Multiple-Target Search

concurrently engage in the actual selection (cf. Huang & Pashler, 2007).
In theory, multiple-target search could be limited with respect to the
number of templates that can be set up (limited guidance), the number of
templates that can be used to select visual information (limited selection),
or both, but could also not be limited at all. To investigate at which
stage, if at all, multiple-target search is limited, we devised an experiment
in which we decoupled the number of templates that participants had to
prepare for, from the number of templates that were necessary to extract all
task-relevant information from the search display. In addition, we recorded
electroencephalograms (EEG, see Box 2) from the scalp of participants to
track attentional selection on an electrophysiological level. It has been shown
that shifts of spatial attention are associated with increased contralateral
negativity over posterior electrodes. For example, if attention is shifted to
the right hemifield of the visual field, posterior electrodes on the left side of
the scalp show a stronger negativity relative to electrodes on the right side
on the scalp (the so-called N2pc; Eimer, 1996; Luck & Hillyard, 1994).
However, it has recently been shown that using all instead of a subset
of EEG channels can provide additional information that would otherwise
remain hidden (Fahrenfort, Grubert, Olivers, & Eimer, 2017; Fahrenfort,
van Driel, van Gaal, & Olivers, 2018). For example, shifts of attention
along the vertical midline can usually not be detected as the N2pc is only
sensitive to horizontal shifts of attention. Therefore, we decided to employ
a multivariate analysis strategy (see Box 3) to track the spatiotemporal
dynamics of attentional selection on a millisecond-by-millisecond basis. This
allowed us to simultaneously measure the quality and timing with which
multiple items in the search display were attended.
Finally, I want to also point out that in the past there has been research on visual search that used paradigms in which multiple attentional
templates were necessary to both prepare and engage in visual selection.
However, these lines of research have not focused on the simultaneity of
visual search for multiple targets but more on the overall efficiency. For
one, there have been numerous visual search studies in which target objects
were defined by the conjunction of two or more visual features (e.g. Quinlan
& Humphreys, 1987; Treisman & Gelade, 1980; Treisman & Sato, 1990).
Observers usually show reduced performance on conjunction search tasks
when contrasted with feature search tasks. These paradigms have frequently
been used to investigate whether attention selection occurs in parallel or
serially, as indicated by increased search times with more distractors in
the search display. However, based on overall search times it is impossible
to say whether attentional guidance by both target features occurred in
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parallel. Furthermore, in a conjunction search both target features were
spatially linked (they appeared at the same location in the search display),
which is usually not the case when people try to find objects in real-life.
And finally, conjunction search displays are intrinsically very heterogeneous,
which makes the comparison to feature search unfair. For these reasons, the
insights that can be drawn from these studies are limited. Another line of
research has focused on the factors that influence search performance when
individuals do not know how many search targets are present in a search
display, a situation that commonly leads to frequent miss errors (e.g. Cain
& Mitroff, 2013; Cain, Adamo, & Mitroff, 2013). Even though these studies
are of utmost societal relevance, e.g. radiologists usually do not know how
many, if any, indications are present in a particular scan, they also have
only limited potential to inform on the temporal dynamics of attentional
selection. Therefore, I decided to not include studies on these topics in this
thesis.
Box 3: Multivariate Pattern Analysis
Neuroimaging data are usually high-dimensional. Traditionally, methods to analyse such data include reduction of this high-dimensionality
by averaging across some dimensions to reduce the complexity in the
data. This approach is valid, but when limiting the analysis to it, a
lot of potentially insightful information is lost. To overcome this issue, multivariate pattern analysis (MVPA) has recently evolved into
a valuable alternative (Norman, Polyn, Detre, & Haxby, 2006). This
technique makes use of the multivariate nature of neuroimaging data
(e.g. voxels in fMRI, electrodes in EEG) by training classifiers with
such multivariate patterns of all experimental conditions. During this
training, the classifiers learn to optimally distinguish between the
experimental conditions and can therefore make predictions about
whether a certain pattern is more likely to belong to one experimental condition or another. This approach is very powerful in that it has
no scale and is not specific to a certain modality or dimension. In
fact, a multivariate pattern can consist of spatial, temporal or oscillatory information, or even individual trials or participants. However,
these advantages come at a price: It is oftentimes not trivial to know
what information in the data is being learned by the classifier. In
this sense, there might be subtle differences between experimental
conditions that are not of interest to the researcher, but still picked
up by the classifier. Therefore, researchers have to be careful when
linking MVPA difference to conceptual interpretations.
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1.5 Preview of Key Findings for Each Chapter
To return to the questions we initially set out to answer: Can people look
for multiple targets at the same time? If not, how do they manage search
so that eventually all targets are being found? The next four chapters
present four experimental studies in which we investigated the capacity and
control mechanisms of multiple-target search in human individuals or across
two feature dimensions. Even though our results have not provided an
unequivocal solution to these questions, we believe that they have provided
valuable new insights and sharpened the directions future research ought to
proceed in.
In Chapter 2, we set out to investigate whether individuals can have
two templates that would guide attention to search targets. Specifically,
we tested in three experiments the hypothesis that the presence of switch
costs depends on whether individuals can freely choose the upcoming target
or not. To that end, we devised a gaze-contingent eye tracking paradigm,
in which participants had to perform a search task for two color-defined
targets. Depending on the condition, either both target colors were present
in the search display (among colored distractors) and observers were given
the choice to select whichever target they wanted, or only one of the colors
appeared, so that choice was imposed. By manipulating target availability,
we intended to selectively invoke proactive (when choice was free) and
reactive (when choice was imposed) control mechanisms. Indeed, the results
showed that switch costs only emerged when choice was imposed, but were
absent when choice was free, suggesting that individuals used proactive
control to prepare a search in advance to mitigate the detrimental effects
of a target switch. These findings suggest that attentional guidance is
limited, potentially to one item at a time. However, the data would also
be compatible with a neural architecture that allows the prioritization of
multiple items, but to an unequal extent, such that at any given moment,
one item is relatively more prioritized than the other. Moreover, the data
show that target availability, and therefore, presumably the mode of control
the environment allows for influences whether switch costs emerge or remain
latent.
Next, we explored whether these findings generalize to another feature dimension (shape), but more importantly, to when individuals look
for targets that are defined in two different feature dimensions. In Chapter
3, I present an experiment in which we employed the same eye tracking
paradigm, but varied the task-relevant feature dimension. In different
blocks, observers looked for either two colors, two shapes, or one color
and one shape. Furthermore, also here, we manipulated whether both cued
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target features would actually appear in the search display or only one of
them. Replicating our previous findings, we found the presence of switch
costs to depend on whether individuals could freely choose the upcoming
target or whether choice was imposed. Moreover, this pattern was not
affected by the task-relevant feature dimension, specifically, switch costs
only emerged when a single target was present, irrespective of whether
targets were defined within or across feature dimensions. These findings
strengthen the case for proactive and reactive control to have an important
influence on whether switch costs emerge in multiple-target search or not.
Proactive and reactive control have been shown to have a dissociable
neurophysiological profile. To further test whether these modes of control
are also selectively involved in target selection, Chapter 4 presents an
experiment in which we once more used the same gaze-contingent paradigm
and combined it with fMRI. Participants simultaneously looked for two
color-defined targets and had to select one of them in every search display.
Across blocks we varied whether both or only one of the target colors was
present. The behavioural findings replicated yet again: Switch costs were
present when choice was imposed and absent when observers could freely
choose. The neuroimaging data further suggest that the brain activity
underlying free target switches is dissociable from forced target switches,
with free switches leading to generally more activity than forced switches.
Additional activations specific to free switches were found primarily in
the prefrontal cortex, including the lateral frontal pole, medial frontal
cortex and dorsolateral prefrontal cortex. In contrast, target repeats were
associated with activity in the default mode network (Raichle et al., 2001;
Raichle, 2015). Even though the specific mechanisms that are reflected in
these activations remain unclear, these findings demonstrate that proactive
and reactive control selectively contribute to establishing a top-down bias
during visual search.
In Chapter 5, I present an experiment in which we focused on where
exactly the bottleneck for multiple-target search is. In particular, we claimed
that for multiple-target search to be truly simultaneous, there must not
only be more than one template concurrently set up and ready to engage
in selection, but these templates must in fact be able to simultaneously
engage in selection. To that end, we designed an experiment, in which we
decoupled template preparation from target selection. Participants were
instructed to look for either one or two target color (template preparation).
All subsequent search displays contained two target objects, but depending
on the condition, either only one or both target colors were used to define
these target object (template engagement). While participants were doing
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the task, we recorded EEG to track the spatiotemporal characteristics of
attentional selection. To examine how many target features were attended
when, we used a MVPA-based analysis. The results suggested that the
cost associated with setting up two templates was comparatively small,
whereas engaging these templates in actual selection results in large switch
cost. These findings suggest that the true bottleneck of multiple-target
search is not so much preparing multiple templates for search, but using
these templates in extracting the task-relevant information from the
search displays. Additional analyses further point towards a limited parallel
processing model that underlies this bottleneck.
Overall, the work presented here suggests multiple-target search to
be more severely limited than just the capacity of VWM. Furthermore, I also
have provided explanations why previous research only sometimes reported
the presence of switch costs. These explanations have not just implications
for real-world applications of search tasks, but also for our understanding of
the neural architecture of visual attention. These and other implications as
well as limitations and future directions are discussed in the final Chapter
6.
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Lack of Free Choice Reveals the
Cost of Having to Look for More
Than One Object
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Abstract
It is debated whether people can actively search for more than one object
or whether this results in switch costs. Using a gaze-contingent eye-tracking
paradigm, we revealed a crucial role for cognitive control in multiple-target
search. We instructed participants to simultaneously search for two target objects presented among distractors. In one condition, both targets were available, which gave the observer free choice of what to search for and allowed for
proactive control. In the other condition, only one of the two targets was available, so that the choice was imposed, and a reactive mechanism would be required. No switch costs emerged when target choice was free, but switch costs
emerged reliably when targets were imposed. Bridging contradictory findings,
the results are consistent with models of visual selection in which only one
attentional template actively drives selection and in which the efficiency of
switching targets depends on the type of cognitive control allowed for by the
environment.

2.1 Introduction
Can people search for more than one object at a time? Visual search is
thought to be guided by a representation of the current search target,
activated through visual working memory (VWM; e.g., Carlisle et al.,
2011; Desimone & Duncan, 1995; Olivers & Eimer, 2011). Despite VWM
being able to maintain multiple items (Cowan, 2001), performance is often
impaired when observers try to search for multiple objects simultaneously
(e.g., Houtkamp & Roelfsema, 2009; Menneer et al., 2009; Stroud
et al., 2012; Wolfe et al., 2003; Wolfe, 2012)). Olivers et al. (2011)
proposed a multiple-state model of VWM (after Oberauer, 2002), in
which being stored in VWM is in itself not sufficient for an item to guide
attention. Rather, the capacity to actively bias visual input for selection
is reserved for a single target representation (the "template"). As a consequence, multiple-target search requires costly switching between templates
Recently, however, V. M. Beck et al. (2012) reported an eye-tracking
study suggesting that attention can be biased toward multiple objects
simultaneously. In the crucial condition, participants were instructed to
concurrently search for two colors within arrays of multiple colored objects,
as the target would always be one of those two colors. Indeed, fixations
frequently alternated between items drawn in the two relevant colors.
Notably, fixation dwell time was not prolonged prior to such color switches,
compared with repeated selections of the same color. Thus, V. M. Beck et
al. (2012) concluded that attention can be simultaneously biased toward
multiple target colors.
Why does multiple-target search result in costs in some conditions
but not in others? We hypothesized that an important factor is the
extent to which observers can control target selection. Specifically, two
forms of control appear relevant here, referred to by Braver (2012) as
proactive and reactive control. Proactive control entails activation of
task-relevant information in preparation for an anticipated event, thus
improving performance (Geng, 2014; Locke & Braver, 2008). Conversely,
reactive control occurs when task goals have to be updated in response
to conflicting stimulus demands, such as those that arise during imposed
unanticipated events. Notably, since reactive mechanisms occur in response
to the event, reactive control results in additional processing costs. So
far, little is known about the role of these control mechanisms in visual
search. Interestingly, in V. M. Beck et al. (2012) task, observers could
freely choose which template to activate, because matching objects were
always available in the search display. This way, observers could proactively
control selection by preparing for either target color without having to
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prepare a bias for both simultaneously. Since observers could start preparing
for these switches at any point during the search, switch costs would not
necessarily be reflected in the fixation dwell times measured during selection.

2

A more stringent test of whether observers can actively search for
multiple objects without costs will require that observers are not able to
freely choose the target category in the next selection–because the targets
are being imposed. If observers really prepare multiple attention-guiding
templates simultaneously, this should not matter: Any target will match a
currently active template. However, if observers can prepare a perceptual
bias for only a single target category at a time, unanticipated targets will
require a reactive mechanism. Indeed, many studies reporting switch costs
were designed so that it was unpredictable which of the target categories
would be present (e.g., Houtkamp & Roelfsema, 2009; Wolfe et al., 2003).
We thus hypothesized that switch costs remain latent under conditions of
proactive control, while they are revealed under conditions requiring reactive
mechanisms.
In the three experiments reported here, we tested whether the presence of switch costs in multiple-target search depends on the control
mechanisms allowed for by the environment. We adopted the gazecontingent design illustrated in Figure 2.1. Observers were first cued as to
which two targets to search for. Subsequently, a series of search displays
appeared, each containing either one or two targets among distractors.
Observers were instructed to rapidly fixate a target, and after they correctly
fixated the target, the next display was presented. Displays consisted of
either colors (Experiments 1 and 3) or iconic objects (Experiment 2). The
crucial factor was target availability in the displays. When both targets
were available, participants could freely choose between them and thus
efficiently exert proactive control by preparing a top-down bias for either
target. When only one target was available, target changes were imposed,
which required reactive mechanisms–unless both targets could be prepared
for simultaneously. We reasoned that if observers can prepare for both
targets simultaneously, the results should be the same regardless of target
availability. However, if observers can prepare for only one target at a
time, we expected to observe costs in the one-target condition (in which
observers would often need to deal with unprepared-for targets) but not in
the both-targets condition (in which there would always be a prepared-for
target present).
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Fixation

Cue

Fixation

500 ms

2500 ms

500 ms

Sequence of 40 Search Displays
Both Targets
Available
One Target
Available

Time

Figure 2.1: Example sequence for a block of Experiment 1. Each block began with a cue
indicating the two target colors for the subsequent sequence of search displays. Depending
on the condition, each of the 40 search displays contained either one target color (hypothesized to require reactive control on a significant portion of trials) or both target colors
(which allowed for efficient proactive control throughout the block). Participants were
required to fixate one of the targets (indicated here by an arrow); this triggered the next
display, which appeared in an imaginary circle surrounding the location of the previously
fixated target.

2.2 Experiment 1
2.2.1 Method
Participants Twelve participants (age: 19–30 years, M = 23.3; 8 females, 4
males) were recruited from the Vrije Universiteit Amsterdam and participated
for course credit or money. All of them reported normal or corrected-tonormal visual acuity and color vision and were naive to the purpose of the
experiment. The number of participants was determined on the basis of
the research of V. M. Beck et al. (2012), as well as from pilot work. The
study was approved by the ethics board of the Faculty of Behavioural and
Movement Sciences at Vrije Universiteit Amsterdam.
Apparatus The experiment was designed and presented using the OpenSesame software package (Version 2.9.1; Mathôt, Schreij, & Theeuwes,
2012) in combination with PyGaze (Version 0.4), an eye-tracking toolbox
(Dalmaijer, Mathôt, & Van der Stigchel, 2013). Stimuli were presented on a
22-in. Samsung Syncmaster 2233RZ with a resolution of 1,680 x 1,050 pixels
and refresh rate of 60 Hz at a viewing distance of 75 cm. Eye movements
were recorded with the EyeLink 1000 eye tracking system (SR Research,
Mississauga, Ontario, Canada) at a sampling rate of 1000 Hz and a spatial
resolution of 0.01◦ of visual angle. The experiment took place in a dimly
lit, sound-attenuated room. The experimenter received real-time feedback
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on system accuracy on a second monitor located in an adjacent room. After
every block, eye-tracker accuracy was assessed and improved as needed by
applying a 9-point calibration and validation procedure.

2

Stimuli and Procedure, and Design The stimulus set consisted of five
colored disks extending over a visual angle of 1.3◦ . The RGB values of these
colors were as follows–blue: 0, 130, 150; red: 240, 0, 0; green: 70, 135, 0;
brown: 175, 100, 75; and purple: 180, 80, 170. The background color was a
uniform gray (RGB value = 197, 197, 197).
A block began with a fixation cross for 500 ms, followed by a cue
for 2,500 ms and another fixation cross for 500 ms (see Fig. 2.1). The cue
consisted of two colored disks 1.06◦ to the left and right of fixation and
indicated the target colors for the upcoming sequence of 40 search displays.
The search displays each consisted of five colored disks. Participants were
instructed to make an eye movement toward a disk that matched either
one of the target colors. After target fixation, the stimuli disappeared from
the display, and the fixated target was replaced by a black ring to provide
participants with a fixation point for the next search display, which appeared
after 880 to 1,080 ms (randomly jittered). Because the coordinates of the
previously fixated target served as the starting point for the next display, the
search moved across the screen throughout a block, similar to natural eye
movements during visual search when all items are present simultaneously.
In each search display, the items were placed on an imaginary circle
around fixation with a radius randomly drawn from values between 3.8◦ and
4.6◦ around the starting point and an angular distance between each of the
stimuli of at least 45◦ . However, if no such positions could be found (e.g.,
if the stimuli were located at an edge or in the corner of the screen), this
restriction was loosened. Fixations had to land within a radius of 1.5 times
the size of the target to be counted as valid. If participants fixated one of
the distractors, they received auditory feedback and were required to make
a corrective eye movement toward a target. The search was aborted if no
target was fixated within 3,000 ms, and a new search display appeared.
There were two main factors. First, at the block level, target availability was manipulated. In the both-targets condition, both cued target
colors appeared in the search display, while in the one-target condition, only
one of those colors was present. The second factor was trial type–whether
target color selection switched or repeated from one trial to the next. Note
that this latter factor was determined by either the observer (both- targets
condition) or by a random sampling procedure, in which a sequence of
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switch trials and repeat trials was randomly drawn (with replacement) from
a pool of potential sequences (one-target condition). In order to match
switch rate and the number of consecutive repeat trials, between those
conditions, we used sequences that were obtained during both-targets
blocks to constitute the pool of replay sequences for one-target blocks.
Only the sequence of switch and repeat trials was replayed, not the specific
colors or positions of the search items. The pool of replay sequences to
draw from would grow as the experiment progressed.
Because we did not yet have any sequences to fill the pool with at
the outset of the experiment, we initialized the pool with four prespecified
random sequences of switch and repeat trials (one each for five, six, seven,
and eight switches per block). Having a small proportion of fully random
sequences also further prevented participants from recognizing the order of
switches and repeats in the sequences, while still closely matching switch
rates between conditions. Indeed, as a paired-samples t test confirmed,
switch rates did not differ significantly between conditions, t(11) = 1.78, p
= .10, Cohen’s d = 0.36. The average switch rate was 6.3 for both-targets
blocks and 6.5 for one-target blocks, so that approximately 16% of all
trials were switches. Finally, we also asked participants after the experiment
whether they were aware of this replay manipulation in the one-target
blocks, and none of them were.
Note that we did not manipulate target availability (one target vs.
both targets) by simply putting one tar- get in the one-target color displays
and both targets in the both-targets color displays, because in that case
the conditions would differ not only in terms of target color availability, but
also in the mere number of targets in the display. Rather, the one-target
condition included search displays containing two targets, but both of the
same color, so that still only one target color was available. In addition, we
included displays in which two distractors would have the same color, so
that participants could not identify targets on the basis of color repeats.
Similarly, the both-colors condition contained displays in which two out of
three targets would have the same color and displays in which the distractor
color was repeated. Effectively, each target-availability condition contained
search displays in which either the color of one target or the color of one
distractor was duplicated. This way, neither the number of targets nor the
number of colors in the display was predictive of target-color availability.
See Table A.1 in the Appendix A.1 for illustrations of the display types and
their associated saccade latencies.
Nevertheless, to make sure that these different types of displays did
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not by themselves affect target selection, we initially ran a three-way
repeated measures analysis of variance (ANOVA) with target availability
(both targets vs. one target), trial type (switch trials vs. repeat trials), and
display type (repeated target color vs. repeated distractor color) as factors
on saccade latency. As display type did not have any significant influence
on saccade latency (the p values for the two-way interaction with trial
type, two-way interaction with target availability, and three-way interaction
were all above .05), the data we present are collapsed across display types.
The results of the full ANOVA including this factor can be found in the
Appendix A.1.
In total, there were 40 blocks consisting of 40 search displays each.
The five potential target colors were combined into 10 unique two-color
cue combinations. For each target-availability condition, each of these
combinations was used twice as the pair of target colors for a block. Before
the experiment started, observers practiced two both-targets and two
one-target blocks
Data Preprocessing In the critical analysis, we com- pared the saccade
latencies of eye movements (dwell time before a saccade toward a target
was executed) for repeat trials (current target category the same as the
previous one) with those for switch trials (current target category different
from the previous one) when either one or two targets colors were available.
We took the first saccade after search-display onset with an amplitude
threshold of 1◦ of visual angle around initial fixation, provided that saccade
was directed toward the selected target (i.e., it was directed more to the
target than to any of the other items in the display, and its direction was
no more than 30 angular degrees away from the direction of the target).
This resulted in an average of 23% of trials being removed.
Next, a saccade latency filter was applied, in which saccades quicker
than 100 ms and slower than 3 standard deviations above the block mean
for that participant were excluded (4.4% of all search displays). Also, search
displays were excluded in which the boundary regions to determine which
stimulus was being fixated turned out to have a slight overlap (12.3% of
all search displays). This could happen when the sequence of fixations led
into a corner of the screen. If no target was being fixated, as could have
happened when the eye- tracker calibration deteriorated, both the current as
well as the next search display were also excluded because neither could be
meaningfully labeled as a switch or repeat (2.6% of all search displays). For
the same reason, we excluded the first search display of each block (2.5%
of all search displays). In total, 30% of all search displays were removed

Experiment 1

33

Saccade Latency (ms)

during preprocessing.
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Repeat Trial
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One-Target Available
(Reactive Control)

Both-Targets Available
(Proactive Control)

Target Availability
Figure 2.2: Results of Experiment 1: mean saccade latency prior to switch trials and
repeat trials for each level of target availability (one target vs. both targets). For clarity,
we also added the control mechanisms that apply in those conditions: Proactive control
gives the observer free choice of what to search for, while reactive control limits observer
choice to a single target category. Error bars represent the upper limit of within-subjects
95% confidence intervals (Morey, 2008)

2.2.2 Results
Figure 2.2 shows mean saccade latency prior to switch trials and repeat
trials as a function of target availability. We found switch costs in one-target
blocks but not in both-targets blocks. A two-way repeated measures ANOVA
on mean saccade latency with target availability and trial type as factors
revealed a significant main effect of trial type, F (1, 11) = 18.52, p = .001,
η2p = .63, and target availability, F (1, 11) = 21.2, p < .001, η2p = .66, as
well as a two-way interaction between target availability and trial type, F (1,
11) = 11.2, p = .006, η2p = .51. A Bayes factor (BF) analysis confirmed
these results by suggesting that the full model with both main effects and
the interaction effect was supported most by the data (BF = 8.12x104 )
and was 6.34 times more likely than the next best-fitting model (only main
effects and no interaction effect). In both-targets blocks, saccade latencies
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were smaller than in one-target blocks, but did not differ significantly for
switch trials (M = 234 ms) and repeat trials (M = 232 ms), t(11) = 0.25,
p > .25, Cohen’s d = 0.09. In one-target blocks, however, saccade latencies
for switch trials (M = 305 ms) were significantly higher than for repeat
trials (M = 258 ms), t(11) = 4.16, p = .002, Cohen’s d = 1.05, which
indicates that switch costs were incurred. Table A.1 in the Appendix A.1
shows the saccade latencies associated with each specific display type.
Table 2.1 shows participants’ fixation accuracy. The pattern confirms
the findings for the saccade latencies, which precludes an interpretation
of the results in terms of speed/accuracy trade-offs. A repeated measures
ANOVA with target availability and trial type as factors yielded significant
main effects of target availability, F (1, 11) = 55.3, p < .001, η2p = .83,
and trial type, F (1, 11) = 51.5, p < .001, η2p = .82, as well as a significant
interaction between them, F (1, 11) = 14.2, p = .003, η2p > .56. Overall,
performance was worse in the one-target than in the both-targets condition,
but especially after a switch.

Table 2.1: Percentage correctly fixated targets for all conditions in all
experiments.
Experiment and number of avail-

Switch trials

Repeat trials

Both targets

94.7 [93.7, 95.7]

96.6 [96.0, 97.2]

One target

85.9 [83.9, 87.9]

94.6 [93.7, 95.5]

Both targets

92.6 [92.0, 93.2]

93.8 [92.8, 94.8]

One target

86.3 [85.2, 87.4]

89.5 [88.7, 90.3]

Both targets

94.8 [93.7, 95.9]

95.6 [94.3, 96.9]

One target

75.3 [73.4, 77.2]

84.2 [83.1, 85.3]

able targets
Experiment 1

Experiment 2

Experiment 3

Note: Within-subjects 95% confidence intervals (Morey, 2008) are
given in brackets.
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2.2.3 Discussion
We found no switch costs when both target items were available for
selection. This replicates the main finding of V. M. Beck et al. (2012),
who also used displays with both relevant colors present. Notably, when
only one target color was available, clear switch costs emerged in both
saccade latency and accuracy. This dissociation on the basis of target
availability is not predicted when observers prepare a bias for both targets
simultaneously. Instead, these findings suggest that observers switch
between target representations and that the cost of switching is determined
by the cognitive-control mechanism allowed for by the environment. When
both targets are present, proactively preparing a bias toward one target is
sufficient. This is not the case when there is a single, unprepared-for target,
which then requires a reactive response.
In the one-target condition, observers may have coincidentally prepared for the correct color on switch trials or the wrong color on repeat
trials, which would have resulted in an underestimation of switch costs.
Nevertheless, the magnitude of switch costs here (40–50 ms) was less than
previous estimates, which have been in the 100- to 300-ms range (e.g.,
Dombrowe et al., 2011; Wolfe et al., 2004). Several factors may have
contributed to this difference, as these studies contained more distractors in
the display, defined targets as feature conjunctions rather than single colors
(Wolfe et al., 2004), or contained direct target-distractor swaps (Dombrowe
et al., 2011).
Finally, we observed a main effect of target availability, with faster
reaction times when both targets were present than when only one target
was present. The possibility that a target would frequently not be present
in the one-target search displays may have made participants more cautious
throughout, which may have increased their reaction times even in repeat
trials.

2.3 Experiment 2
Objects are typically defined by more features than color alone. Moreover,
it may be argued that our results are confined to color, which is known to
provide strong guidance of attention (Wolfe & Horowitz, 2004). Experiment
2 therefore investigated whether our findings generalize to object search. We
used iconic objects consisting of conjunctions of lines and surfaces and presented them in black and white, which typically provides less guidance than
color (e.g., Wolfe, 2007, 2012). Nevertheless, we did not intend guidance
to be completely absent, because the task required rapid saccades to only
targets.
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2.3.1 Method
Participants A new sample of 20 participants (age: 18–34 years, M =
23.3; 14 females, 6 males) was recruited. The number of participants was
predetermined using the same criteria as in Experiment 1, but we increased
the sample size because we expected less guidance and thus less clear effects
with these types of stimuli.

Figure 2.3: Stimulus set for Experiment 2. The objects in the top row were potential
targets (bottle, screwdriver, corkscrew, lighter, spray can); the ones in the bottom row
were potential distractors (shoe, brush, sandwich, pen, toothpaste).

Stimuli Instead of colors, the stimulus set consisted of iconic images of
real-world objects (see Fig. 2.3). These objects showed slight variations along
multiple feature dimensions, such as luminance, shape, spatial frequency, and
orientation, which makes detection based on any single feature or feature
dimension unlikely. Objects spanned 3.4◦ of visual angle (156 × 156 pixels).
To maximize the distance between them, we spread the five objects in the
search display evenly on an imaginary circle of 360◦ around the participant’s
target fixation on the previous trial, except when the sequence of search
displays approached an edge of the screen, in which case the stimuli were
spread across the 200◦ span that led search away from the edge toward the
middle of the screen. As in Experiment 1, the background color was a uniform
gray (RGB value = 197, 197, 197). Stimuli were created and the experiment
was run using the same materials and apparatus as in Experiment 1.
Procedure We used the same procedure as in Experiment 1 with only
minor modifications. To familiarize participants with the stimuli, we added
five learning blocks in the beginning of the experiment, in which each of the
five potential targets served once as target. Furthermore, a fixation had to
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land within 1.04◦ around the center of the target to be counted as valid.
Note that because stimuli had irregular shapes, this region did not always
cover the entire object. Therefore, participants were instructed to fixate the
center of the objects. Finally, the intertrial interval between two consecutive
search displays was decreased, now randomly jittered between 700 and 800
ms in order to keep the total duration of the experiment at around 60 min.

Data Preprocessing On the basis of the same exclusion criteria as in
Experiment 1, we removed 34.4% of all search displays during preprocessing:
4.4% because no target was fixated, 4.7% because saccades on that trial were
quicker than 100 ms and slower than 3 standard deviations above the block
mean for that participant, 2.5% because the display was the first in a block,
and 32.1% because the first saccade was not directed to the target.

Saccade Latency (ms)

360
340

Repeat
Switch

320
300
280
260
240
One-Target Available
(Reactive Control)

Both-Targets Available
(Proactive Control)

Target Availability
Figure 2.4: Results of Experiment 2: mean saccade latency prior to switch trials and
repeat trials for each level of target availability (one target vs. both targets). For clarity,
we also added the control mechanisms that apply in those conditions: Proactive control
gives the observer free choice of what to search for, while reactive control limits observer
choice to a single target category. Error bars represent the upper limit of within-subjects
95% confidence intervals (Morey, 2008)
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2.3.2 Results

2

Figure 2.4 shows mean saccade latency prior to switch trials and repeat
trials as a function of target availability. Overall, saccade latencies (M =
298 ms) were numerically higher than in Experiment 1 (M = 258 ms),
although this difference was not significant (p = .12). They were also
slightly less accurate, F (1, 30) = 2.25, p = .14, although accuracy was still
well above chance. This pattern is consistent with an overall reduction in
guidance relative to Experiment 1, though not with an absence of guidance.
We again found switch costs in one-target blocks but not in bothtargets blocks. A two-way repeated measures ANOVA on mean saccade
latency with target availability and trial type as factors revealed a significant
main effect of trial type, F (1, 19) = 5.92, p = .025, η2p = .24, and target
availability, F (1, 19) = 22.70, p < .001, η2p = .54, as well as a two-way
interaction between them, F (1, 19) = 7.01, p = .016, η2p = .27. Saccade
latencies were smaller in both-targets blocks than in one-target blocks.
In both-targets blocks, participants switched on 34% of all displays and
initiated saccades toward the target with the same latency on switch trials
(M = 279 ms) and on repeat trials (M = 277 ms), t(19) = 0.99, p >
.25, Cohen’s d = 0.02, whereas in one-target blocks, saccade latencies
for switch trials (M = 326 ms) were significantly higher than for repeat
trials (M = 310 ms), t(19) = 2.6, p = .02, Cohen’s d = 0.17, which
indicates that switch costs were incurred. The pattern was not supported
by a standard Bayes factor analysis: The model that contained only the
main effect of target availability was supported strongest by the data (BF
= 3.62x106 ), which suggests that neither the main effect of target selection
nor the interaction effect had a meaningful influence.
As the Bayes factor and classical analysis contradicted each other,
we ran further, more specific tests with the Bayesian approach. Following
Morey and Wagenmakers (2014), we incorporated our hypothesis concerning
the direction of switch costs in each of the conditions, on the basis of
the direction of the interaction that was found in Experiment 1, by using
order restrictions. We expected switch costs in the one-target condition but
not in the both-targets condition. After adding this specific prediction, the
model that included both the main effect and the interaction effect was
supported most (BF = 1.02x107 ) and was 2.81 times more likely than the
model including only the main effect of target availability. Even though this
is still not strong evidence in favor of the interaction, it is in line with the
predictions of the classical approach.
Table 2.1 shows participants’ fixation accuracy. The pattern is very
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similar to the pattern of the saccade latencies. A repeated measures
ANOVA with target availability and trial type as factors yielded significant
main effects of target availability, F (1, 19) = 46.9, p < .001, η2p = .71,
and trial type, F (1, 19) = 16.0, p < .001, η2p = .46, and a significant
interaction between them, F (1, 19) = 4.6, p = .045, η2p = .20. Overall,
performance was worse in the one-target than in the both-targets condition,
especially after a switch.
2.3.3 Discussion
Experiment 2 shows that our findings generalize to properties other than
color, in this case black-and-white object icons. However, switch costs were
smaller than in Experiment 1, which may be due to reduced guidance toward
anticipated targets.

2.4 Experiment 3
Because the previous two experiments manipulated target availability at a
block level, the results might have originated from strategic influences other
than the cognitive-control mechanisms we were interested in. Experiment 3
therefore replicated the effects in a mixed design (Fig. 2.5). While searching
for both targets, participants could proactively choose which target to fixate
in the majority (80%) of search displays, because both targets were present.
We expected no switch costs for these displays. On the remaining 20% of
displays, only one target was present. Unless observers can simultaneously
prepare a bias for both targets, unprepared-for one-target search displays
should again require reactive mechanisms, which would result in switch costs.
2.4.1 Method
Participants A new sample of 20 participants (age: 21–35 years, M =
26.4; 11 females, 9 males) was recruited. We kept the same sample size that
was used for Experiment 2, again using a larger number of participants than
in Experiment 1 because of anticipated smaller effects in a mixed compared
with a block design.
Stimuli, Procedure, and Design Experiment 3 used a simplified design
relative to Experiment 1, as we showed that the various display types (with
or without duplicate colors) had no discernable effect. The stimulus set
consisted of four colored disks. Their RGB values were as follows–blue: 79,
129, 237; pink: 247, 70, 193; green: 89, 162, 1; and brown: 195, 115, 30; the
background color was a uniform gray (RGB value = 197, 197, 197). Each
of the 30 search displays in a block contained three colored disks. On 80%
of the trials within a block, these three stimuli consisted of two targets and
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Fixation

Cue

750 ms

3000 ms

Fixation Sequence of 30 Search Displays
750 ms

Both Targets
Available (80%)

2

One Target
Available (20%)
Time

Figure 2.5: Example sequence for a block of Experiment 3. As in Experiment 1, each block
began with a cue indicating the two target colors for the subsequent sequence of 30 search
displays. However, each display in Experiment 3 contained only three disks. Depending
on the condition, displays contained either both target colors (80% of all trials), which
allowed participants to choose freely between them, or one target color (20% of all trials),
so participants had no choice, and reactive control was hypothesized to be involved on a
significant portion of the trials. Only switch trials are shown in this figure.

only a single distractor, which allowed for proactive control to be effective. In
the other 20%, the display consisted of two distractors and just one target,
which thus involved reactive control. Target availability was randomized per
block, with the restrictions that both targets were present in each of the
first five searches of a block and that between two one-target displays, there
was at least one both-targets display. The color of the target in one-target
search displays was set contingently on the selected target on the previous
search, which imposed switch and repeat trials equally often. The target cue
was shown for 3,000 ms, and the fixation screens before and after the cue
lasted for 750 ms. Stimuli were created and the experiment was run using
the same materials and apparatus as in Experiment 1.

Data Preprocessing On the basis of the same exclusion criteria as in
the previous experiments, we removed 25.6% of all search displays during
preprocessing: 4.1% because saccades on that trial were quicker than 100
ms and slower than 3 standard deviations above the block mean for that
participant, 3.3% because the display was the first in a block, 0.1% because
the boundary regions to determine which stimulus was being fixated slightly
overlapped, and 20.7% because the first saccade was not directed to the
target.

Experiment 3

41

Saccade Latency (ms)

300
Repeat
Switch

280
260
240
200
One-Target Available
(Reactive Control)

Both-Targets Available
(Proactive Control)

Target Availability
Figure 2.6: Results of Experiment 3: mean saccade latency prior to switch trials and
repeat trials for each level of target availability (one target vs. both targets). For clarity,
we also added the control mechanisms that apply in those conditions: Proactive control
gives the observer free choice of what to search for, while reactive control limits observer
choice to a single target category. Error bars represent the upper limit of within-subjects
95% confidence intervals (Morey, 2008).

2.4.2 Results
Figure 2.6 shows mean saccade latency as a function of target availability
and trial type. Switch costs did not occur when both target colors were
available but did emerge when only one target color was available. A twoway repeated measures ANOVA on saccade latency with target availability
and trial type as factors yielded significant main effects of target availability,
F (1, 19) = 17.7, p < .001, η2p = .48, and trial type, F (1, 19) = 13.6, p =
.002, η2p = .42, as well as an interaction between them, F (1, 19) = 14.95,p
= .001, η2p = .44. Moreover, a Bayes factor analysis demonstrated strong
evidence for the full model containing both main effects and the interaction
effect, which suggests that each of the main effects as well as the interaction
contributed significantly to the data (BF = 6.76x104 ). Furthermore, adding
the same order restrictions as in Experiment 2 increased the Bayes factor to
5.35x105 , which makes the full model 37 times more likely than the model
including only the main effects.
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When both targets were available, observers switched on 37% of all
search displays, yet there was no difference in saccade latency between
switch trials (M = 251 ms) and repeat trials (M = 246 ms), t(19) = 1.60,
p = .13, Cohen’s d = 0.08. When only one target was available, however,
latencies were longer on switch trials (M = 279 ms) than on repeat trials
(M = 255 ms), t(19) = 4.05, p < .001, Cohen’s d = 0.33.
In addition, fixation accuracy confirmed the pattern of results (see
Table 2.1). A repeated measures ANOVA with target availability and trial
type as factors yielded significant main effects of target availability, F (1,
19) = 131.0, p < .001, η2p = .88, and trial type, F (1, 19) = 49.2, p <
.001, η2p = .72, as well as a significant interaction between them, F (1,
19) = 64.1, p < .001, η2p > .77. Overall, performance was worse in the
one-target than in the both-targets condition, which was furthermore the
only condition in which switch costs were found.
2.4.3 Discussion
The results replicated those of Experiments 1 and 2, but within blocks.
When both targets were available, there were no switch costs. When only
one target was available, switch costs occurred, consistent with the notion
of reactive control processes in response to unprepared-for targets.

2.5 General Discussion
The current findings support a crucial role for cognitive control in multipletarget search. When observers were asked to search for two targets, they
switched between them from one fixation to the next without apparent
costs, as long as both targets were available. We argue that with multiple
targets available, observers can proactively prioritize any one target. This
may occur during the slack of the previous eye movement or even several
fixations in advance (Godijn & Theeuwes, 2003), so that any potential
switch costs remain latent. In contrast, clear switch costs emerged when
only one target was available for selection. This is not predicted by a
multiple-template account, which assumes that observers can prepare a bias
for both targets, regardless of which one is available. Instead, the results are
in line with multiple-state models of working memory, which claim that only
a single item in working memory has priority for the task at hand (Huang
& Pashler, 2007; Oberauer, 2002; Olivers et al., 2011). When none of the
items match the prioritized template, a reactive switch is required, which
results in switch costs.
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Recently, V. M. Beck and Hollingworth (2017, see the Appendix A.1
for additional discussion) published new results that appear to contradict
our findings. Using a similar gaze-contingent paradigm, they asked observers
to search for one of two targets when both targets were available. Their
main finding was that observers switched as often as they repeated targets
from one display to the next. They argued that this is not predicted when
observers can search for only one target. Indeed, we too found frequent
switches (on up to 37% of trials). However, our interpretation is different:
When such switches can be freely prepared for, there is no reason not to
switch, as switching prior to display onset implies little cost for saccade
latencies. What our results show is that when both targets are available in
the display, the absence of switch costs is not diagnostic for simultaneous
multiple-target search.
The absence of switch costs in the both-targets conditions might appear surprising considering the switch costs found in the literature on
intertrial priming in visual search (e.g., Found & Müller, 1996; Maljkovic
& Nakayama, 1994). However, consistent with our one-target conditions,
those studies typically presented only one target per search display, which
resulted in switch costs. When all targets are presented, any sensory priming
is equated, but more important, the proactive nature of the task allows the
observer’s currently active template to become a priming force itself, which
takes precedence over selection history. In line with this interpretation,
intertrial priming is not only driven by selection history, but is also sensitive
to task goals (Fecteau, 2007; Olivers & Meeter, 2006; Rangelov et al.,
2011, though see Maljkovic & Nakayama, 1994).
Even when attention cannot be biased toward multiple potential targets simultaneously (limiting active visual search to one object at a time),
observers can still remember multiple targets. Observers may even reverse
the search process by conducting a serial scan through the objects in a
display and use these to perform a multiple- target memory search instead.
Indeed, Wolfe (2012) has shown that observers can successfully look for
100 objects–although adding more targets to memory resulted in additional
(but logarithmically diminishing) costs. Thus, "look for" is too broad
a term in this respect, as it can reflect multiple mechanisms, including
template-based guidance, reactive memory retrieval (Nosofsky, Cox, Cao, &
Shiffrin, 2014),or both (e.g., Cunningham & Wolfe, 2014, Experiment 3).
Our results suggest that proactive template-based guidance is limited, while
we make no claims about the mechanisms underlying memory-based search.
Which of these mechanisms prevails in a certain search task is likely to also
be important in real-world situations, such as baggage screening, in which a
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vast multitude of potential target objects invites a reactive strategy–unless
one has a specific expectation (e.g., for a gun) and adopts a proactive
approach instead.

2

The distinction between proactive and reactive control is well established in the cognitive control literature and has been shown to recruit
different brain regions (Braver, 2012). So far, though, it has seen little
application in visual search, except for a role in the suppression of unwanted
distractors (Geng, 2014). We show here that the level of control that can be
exerted has implications for the efficiency of target selection when observers
search for multiple targets.
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Abstract
Having to look for multiple targets typically results in switch costs. However,
using a gaze-contingent eyetracking paradigm with multiple color-defined
targets, we have recently shown that the emergence of switch costs depends on
whether observers can choose a target or a target is being imposed upon them.
Here, using a similar paradigm, we tested whether these findings generalize to
the situation in which targets are specified across different feature dimensions.
We instructed participants to simultaneously search for, and then fixate, either
of two possible targets presented among distractors. The targets were defined
as either two colors, two shapes, or one color and one shape. In one condition,
only one ofthe two targets was available in each display, so that the choice was
imposed. In the other condition, both targets would be present in each display,
which gave observers free choice over what to search for. Consistent with our
earlier findings, switch costs emerged when targets were imposed, whereas no
switch costs emerged when target selection was free, irrespective ofthe dimension in which the targets were defined. The results are consistent with the operation of different modes of control in multiple-target search, with switch costs
emerging whenever reactive control is required and being reduced or absent
when displays allow for proactive control.

3.1 Introduction
Individuals are often required to find multiple target objects. In some
situations, the outcome of such multiple-target searches can be critical–for
example, when airport baggage screeners check bags for multiple potential
threats. Considering its importance, it is striking that multiple-target search
is still poorly understood.
Searching for two or more target objects typically comes with performance costs relative to search for a single target, in terms of both speed
and accuracy (Barrett & Zobay, 2014; Biderman et al., 2017; Houtkamp &
Roelfsema, 2009; Menneer et al., 2007; Stroud et al., 2011). Performance
suffers in particular when the search target changes from one trial to the
next, resulting in what is known as a switch cost (Dombrowe et al., 2011;
Found & Müller, 1996; Juola et al., 2004; Á. Kristjánsson & Campana, 2010;
Maljkovic & Nakayama, 1994; Monsell, 2003; Olivers & Humphreys, 2003;
Olivers & Meeter, 2006; Wolfe et al., 2003). These findings suggest that
looking for multiple search targets does not allow for the same strength of
attentional guidance as looking for a single target does, perhaps even limiting active visual search to a single item at a time (e.g., Olivers et al., 2011).
We recently found evidence that the availability of targets in the
search display is an important factor in the occurrence of switch costs (Ort,
Fahrenfort, & Olivers, 2017). We hypothesized that switch costs emerge
when only one of two possible targets is present in the search display. In
these cases, observers need to change selection to the other target feature
when they happen to be set for the wrong feature on a given trial. In
contrast, when both target features are available in each search display, it
does not matter which target feature the observer prepares to search for,
since either will be available. In such cases no switch costs are expected.
To test this explanation, we used a gaze-contingent eye tracking paradigm,
in which we instructed participants to simultaneously look for two target
colors presented among distractor colors. On every trial, they then selected
one of those targets by fixating it. Upon fixation the display disappeared,
followed by a new search display. Importantly, in one condition both target
colors would be present in the display, so that there would always be a
match with whichever target the observer prioritized (if any). In the other
condition, only one target color was present, so that the prepared-for and
the actual target would often not match. Across three experiments, we
found that switch costs occurred when only one target was available per
display, whereas switch costs were either strongly reduced or absent when
both target colors were available.
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The influence of target availability on switch costs in visual search
can be explained from a cognitive control framework that distinguishes
between reactive and proactive control (Braver, 2012). Whereas proactive
control refers to sustained activation of task-relevant information in
anticipation of a task, reactive control occurs when task goals need to be
adjusted when no events match the current task goals. Importantly, reactive
control always leads to increased processing times because, by definition,
it is invoked after a conflict. In the case of search for multiple targets,
this would mean that if only one target is present in the display and it
does not match the anticipated target, reactive control will be required in
order to swap to a different search template, and switch costs will emerge.
In contrast, if all potential targets are available for selection, proactive
control mechanisms allow for preparation for any of the possible targets
without running into selection conflicts. Depending on the time that such
preparation takes, switch costs should be reduced or absent, as compared
to the case of reactive control. As we argued earlier (Ort et al., 2017), the
idea of a role for proactive control when observers can prepare for any one
target, because all targets are always available anyway, may also explain
the earlier findings of a lack of switch costs during multiple-target search
(V. M. Beck et al., 2012; V. M. Beck & Hollingworth, 2017). We note
as well here that preparing the search does not need to be a deliberate,
willful act. Although target expectations and selections may be explicit and
voluntary, they need not be (Awh et al., 2012; Á. Kristjánsson & Campana,
2010), and it remains an open question in which precise way observers
would employ control over selection.
Here we extend the reactive-versus-proactive control frame-work to
visual search for objects defined across different feature dimensions. In daily
life, objects are typically composed of features in multiple dimensions, and
each of these features could potentially be used to guide attention. We
asked whether the effects of target availability on switch costs that we had
previously observed for targets defined within a feature dimension (color)
would also hold when targets were defined in different dimensions (color
and shape). On the one hand, it is known that cross-dimension search is
associated with costs, with some studies showing them to be higher than
for within- dimension search (e.g., Found & Müller, 1996; Menneer et
al., 2007; Müller et al., 1995; Olivers & Meeter, 2008b; Williams, 1967).
However, these studies used single-target displays and did not compare
performance to conditions in which multiple targets were available in the
search display. It may be that when targets vary across dimensions, switch
costs would also emerge for multiple-target displays.
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On the other hand, there is reason to believe that switch costs may
actually be reduced for cross-dimension search. Influential theories of
attention have maintained that different object dimensions are processed
largely separately and in parallel, in so-called feature maps (e.g., Treisman
& Gelade, 1980; Wolfe, 1994). It is possible that although preparing for
multiple target features within a feature map incurs costs, preparing for
multiple target features across different feature maps may preclude such
costs, by tapping into separate resources. It has been shown that searching
for a target that is defined by two features from the same dimension (e.g.,
a conjunction of two colors) is more difficult than searching for a target
defined by two features from different dimensions (e.g., a conjunction of
orientation and color; Allport, 1971; Wolfe et al., 1990). However, these
studies always combined features within a single target, and thus did not
investigate multiple-target search and the accompanying switch costs.
To investigate the role of target availability on cross-dimension search, we
adapted the gaze-contingent eyetracking paradigm we had used in Ort et
al. (2017), as is illustrated in Figure 3.1. We instructed observers to look
for two features and to make an eye movement toward one of them in
subsequent search displays. Participants either had to search for two colors,
two shapes, or one color and one shape. Importantly, the feature dimensions
were always kept fully separate, such that the target color and target shape
were never presented in the same stimulus. In separate blocks, either one
or both of the targets would be present in the search display. If target
availability has the same effect on cross-dimension as on within-dimension
search, we would expect to find switch costs when only one target was
present in the search display, and no switch costs when both targets were
present. If, however, multiple-target search is more efficient when the
targets are defined in different feature dimensions, we would expect to
observe reduced switch costs for the one-target-available condition, relative
to within-dimension search. Finally, switching across feature dimensions
could also be harder than within feature dimensions, potentially leading to
switch costs even when two targets are in the display.
In addition, with the present design it is possible to measure the effects of top-down processes while keeping the bottom-up signal in the
search display constant across conditions. Note that dimension switch costs
have typically been studied with singleton search displays (e.g., Found &
Müller, 1996; Krummenacher et al., 2001; Müller et al., 1995. In those
studies, a cross-dimension switch always coincided with a substantial change
in the bottom-up characteristics of the search display, affecting the contrast
between the target and distractors. In such cases, any cross-dimension
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switch costs cannot unambiguously be attributed to top-down factors,
since part of the effect may be driven by low-level sensory changes (the
same also goes for the efficiency of cross-dimension search, see Quinlan &
Humphreys, 1987). In the present design, the search display composition
was such that the target was never associated with a unique bottom-up
signal, thus providing a more direct measure of the cognitive processes
involved in target changes both across and within feature dimensions.

3

3.2 Method
3.2.1 Participants
A sample of 20 participants (age: 18–34 years, M = 24.4; 11 females, nine
males) was recruited from the Vrije Universiteit Amsterdam and participated
for course credit or money (sample size based on Ort et al., 2017, Exps. 2
and 3). All participants gave written consent according to the Declaration
of Helsinki. All of them reported normal or corrected-to-normal visual acuity
and color vision and were naive to the purpose of the experiment. The
study was approved by the ethics board of the Faculty of Behavioural and
Movement Sciences at Vrije Universiteit Amsterdam.
3.2.2 Apparatus
The experiment was designed and presented using the OpenSesame software
package (Version 3.0.7; Mathôt et al., 2012) in combination with PyGaze
(Version 0.6), an eyetracking toolbox (Dalmaijer et al., 2013). Stimuli were
presented on a 22-in. Samsung Syncmaster 2233RZ screen with a resolution
of 1,680 x 1,050 pixels and a refresh rate of 60 Hz, at a viewing distance of 75
cm. Eye movements were recorded with the EyeLink 1000 eyetracking system
(SR Research, Mississauga, Ontario, Canada) at a sampling rate of 1000
Hz. The experiment took place in a dimly lit, sound-attenuated room. The
experimenter received real-time feedback on system accuracy on a second
monitor located in an adjacent room. After every block, eyetracker accuracy
was assessed and improved as needed, by applying a 9-point calibration and
validation procedure.
3.2.3 Stimuli and Procedure, and Design
The stimulus set consisted of all possible combinations of five colors and
five shapes. The shapes were a square, a triangle, a five-pointed star, a plus,
and a diamond (i.e., a square rotated 45 deg) and spanned on average 1.0◦
(SD = 0.15◦ ). These canonical shapes were chosen because they were easy
to remember. The colors were blue (RGB values: 0, 130, 150), red (240, 0,
0), green (70, 135, 0), brown (175, 100, 75), and purple (180, 80, 170). All
these colors were isoluminant (M = 21 cd/m2 ). The background color was
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A
Sequence of 40 Search Displays

Fixation

Cue

Fixation

500 ms

2,500 ms

500 ms

Both-Targets
Available
One-Target
Available

3

Time

B
Within-Shape

Cross-Dimension

One-Target
Available

Both-Targets
Available

Cue

Within-Color

Figure 3.1: Illustration of the study design. (A) Example sequence for a cross-dimension
search block. Each block began with a cue indicating the two target features for the
subsequent sequence of search displays. Depending on the condition, each of the 40
search displays contained either one target feature or both target features. Participants
were required to fixate one of the targets (indicated here by an arrow, which was not
present in the display); this triggered the next display, which appeared in an imaginary
circle surrounding the location of the previously fixated target. (B) Example search displays
for each experimental condition.

a uniform gray (197, 197, 197, luminance = 59 cd/m2 ).
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A block began with a white fixation cross for 500 ms, followed by
the cue display for 2,500 ms and another fixation cross for 500 ms (see
Figure 3.1A). In the cue display, the two task-relevant target features
were presented 1.9◦ to the left and right of fixation. To disambiguate task
relevance, the target colors were presented on a disk and target shapes
were colored black, because neither disks nor black items ever appeared in
the search displays as stimuli. The cue display was followed by a sequence
of 40 search displays. Each search display consisted of five color–shape
conjunctions. The five objects were placed on an imaginary circle around
fixation with a radius randomly drawn from values between 3.8◦ and 4.7◦
around the starting point, and an angular distance between each of the
elements of at least 45◦ . Any single target object (whether one or both
targets were available) never contained both target features, always one of
the two.
Participants were instructed to make an eye movement toward a stimulus
that contained one of the target features. After target fixation, the search
display disappeared from the screen, and the fixated target was replaced
by a black ring to provide participants with a fixation point while waiting
for the next search display, which appeared after 600 to 800 ms (uniformly
jittered). Because the coordinates of the previously fixated target served as
the starting point for the next display, the search traveled across the screen
throughout a block. Considering this dynamic character of the paradigm,
it could happen that when the search approached an edge or corner of the
computer screen, there was not sufficient space on the full imaginary circle
to present all stimuli spaced at least 45◦ apart. In these cases, objects were
placed in closer proximity to each other, away from the edge or corner, with
a minimal separation of 31◦ , but always keeping the same distance from
fixation for all objects. Fixations had to land in an area with a radius of
0.74◦ , centered on a target, to trigger the next search display. If participants
fixated one of the distractors, they received auditory feedback and were
required to make a corrective eye movement toward a target. The search
was aborted if no target was fixated within 3,000 ms, and a new search
display appeared.
There were three main factors in this experiment: feature dimensionality (the dimension in which the targets were defined), target availability
(whether only one or both targets were present in the search display), and
trial type (whether the target selection switched or repeated from one trial
to the next). Feature dimensionality was manipulated at the block level: Per
block, the two target features could both be colors (within-color condition),
both be shapes (within-shape condition), or be one color and one shape
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(cross-dimension condition). To reduce interference across blocks, all
within-dimension blocks were presented randomly intermixed in one half
of the experiment, and all cross-dimension blocks in the other half. The
order in which these halves were presented was counterbalanced across
participants. Other than the relevant feature dimensions imposed by the
target instructions, the specific target features were randomly selected for
every block.
The target availability factor was implemented by manipulating whether
only one or both of the target features were presented in the display. Target
availability was also varied at the block level (previous findings having
suggested that manipulating target availability at the block or the trial
level does not qualitatively change the results; Ort et al., 2017). In the
both-targets condition, both cued targets appeared in the search display. In
the one-target condition, only one of the cued targets was present. The trial
type factor (target repeat vs. target switch) was determined by the observer
(both-targets blocks) or by a random sampling procedure (one-target
blocks). This sampling procedure randomly selected (with replacement) a
sequence of repeat and switch trials from a pool of sequences that were
recorded during both-targets blocks. The motivation behind that procedure
was to match one-target blocks and both-targets blocks in terms of switch
rate and the number of consecutive repeat trials. Only the sequence of
switch and repeat trials was replayed, not the features or positions of the
stimuli. Because we did not yet have any sequences to present in one-target
blocks at the outset of the experiment, we initialized a pool with four
prespecified random sequences of switch and repeat trials (one each for
eight, 12, 16, and 20 switches per block). Completed both-targets blocks
were added to this pool throughout the experiment. The sequence of repeat
and switch trials for a given one-target block was then randomly chosen
from that pool. In this way the repeat–switch sequences in one-target
blocks had the same distribution as the sequences in both-targets blocks,
while also remaining unpredictable. A paired-samples t test confirmed
that the switch rates did not differ significantly between target availability
conditions [both targets available: 12.5 switches; one target available: 12.6
switches per block; t(19) = 0.30, p =.77, Cohen’s d =0.06], which was
confirmed by a Bayesian t test suggesting more evidence for the absence of
a difference than for its presence (unless otherwise noted, all Bayes factor
analyses were performed with the alternative hypothesis in the numerator;
hence, the result here of BF = 0.24 indicates greater evidence for the null).
Both-targets-available and one-target-available blocks would differ not
only in terms of target availability, but also in the mere number of targets

3

54

3

Multiple-Target Search Cost Within and Across Feature Dimensions

in the display, which would make the one-target-available condition more
difficult than the both-targets-available condition. Therefore, we included
trials in the one-target-available condition in which there were two target
objects, but both carried the same target feature, so that still only one
target feature was present in the search display (i.e., target duplicate;
e.g., during search for a red or a blue target in the one-target-available
condition, there could be trials with two red targets or two blue targets,
but never with a red and a blue target). In addition, we included trials in
which two distractors shared a feature in the task-relevant dimension (i.e.,
distractor duplicate; e.g., during search for a red or a blue target, there
could be trials with two green distractors), so that participants could not
identify the target by merely detecting a feature duplication. Likewise, bothtargets blocks also contained target duplicate trials (in which two out of
three targets shared a target feature; e.g., during search for a red or blue
target, we had trials with one red and two blue target objects), as well as
distractor duplicate trials (e.g., trials with one red target, one blue target,
and two green distractors). As a result, one target feature was duplicated
on half of the trials of each target availability condition, and one distractor
feature was duplicated on the other half of the trials. In this way, neither
the number of targets nor the number of unique features in the display was
predictive of target availability. Nevertheless, we also statistically examined
whether this factor (duplicate type) affected our main findings, and it did
not (see the Results). In the within-color and within-shape conditions,
all stimuli were unique in terms of the task-irrelevant dimensions (e.g., if
the targets were defined by color, all stimuli had a unique shape). Hence,
any target duplicates and distractor duplicates were defined only in the
task-relevant dimension. Because both dimensions were task-relevant in the
cross-dimension condition, the dimension that contained a duplicate was
chosen randomly across trials.
Participants completed 24 cross-dimension blocks, 12 within-color blocks,
and 12 within-shape blocks, for 48 experimental blocks in total. In each
feature dimensionality condition, both-targets-available and one-targetavailable blocks appeared equally often, but randomly intermixed. Before
the experimental blocks started, participants practiced all of the six unique
block types once.
3.2.4 Data Preprocessing
For all experimental conditions, we compared the saccade latencies of eye
movements (dwell times before a saccade was executed) for repeat trials
(current target category the same as the previous one) with those for switch
trials (current target category different from the previous one). We took the
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first saccade after search-display onset with a minimum amplitude threshold
of 1◦ around the initial fixation, provided that the saccade was directed
toward the selected target (i.e., it was directed more to the target than to
any of the other items in the display, and its direction was no more than
30 angular degrees away from the direction of the target). This resulted in
an average of 33.6% of all search displays being removed. Furthermore, a
saccade latency filter was applied, in which saccades quicker than 100 ms
and slower than three standard deviations above the block mean (based on
all trials) for that participant were excluded (4.8% of all search displays). If
no target was being fixated, as could have happened when the eye tracker
calibration deteriorated, both the current and the next search display were
excluded, because neither could be labeled as a switch or repeat (6.4% of all
search displays). For the same reason, we excluded the first search display
of each block (2.5% of all search displays). In total, 33.7% of all search
displays were removed during preprocessing (note that a single trial could
meet multiple exclusion criteria). Analyses were carried out with the afex R
package (Singmann et al., 2016).

3.3 Results
Table 3.1: Percentage of correct trials for all conditions. A trial was correct if the first fixated
item was a target.
Condition

One-Target Available

Both-Targets Available

Repeat Trials

Switch Trials

Repeat Trials

Switch Trials

Cross-dimension
Within-color
Within-shape

91.5 [90.0, 93.0]
96.2 [94.9, 97.4]
87.8 [86.0, 89.4]

84.9 [82.9, 86.9]
91.7 [90.5, 92.9]
77.9 [74.5, 81.3]

94.2 [92.7, 95.7]
96.3 [95.0, 97.7]
90.6 [89.4, 91.9]

92.4 [90.7, 94.1]
96.3 [94.6, 98.0]
88.7 [87.4, 90.1]]

Within-subjects 95% confidence intervals (Morey, 2008) are given in brackets.

3.3.1 Cross-Dimension Search Versus Within-Dimension Search
Because we were mostly interested in the comparison of the overall switch
costs for cross-dimension search with those for within-dimension search, for
the main analysis we collapsed the within-shape and within-color conditions.
Figure 3.2A shows the mean saccade latencies on switch trials and repeat
trials as a function of target availability, separately for within-dimension and
cross-dimension blocks. To investigate this data pattern, we ran a three-way
repeated measures analysis of variance (ANOVA) on the mean saccade
latencies, with target availability (one vs. both), feature dimensionality
(within- vs. cross-dimension), and trial type (repeat vs. switch) as factors,
which revealed significant main effects of target availability, F (1, 19) =
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Figure 3.2: Main results. (A) The bar plots represent the mean saccade latencies on switch
trials and repeat trials for each level of target availability (one target vs. both targets) and
feature dimensionality (cross-dimension vs. within-dimension). The gray lines represent the
mean saccade latencies for each observer individually. (B) The within-dimension search
blocks were split up into blocks in which the targets were color-defined (within-color
search) or shape-defined (within-shape search) and here are plotted separately. Error bars
represent the upper limit of the within-subjects 95% confidence intervals (Morey, 2008).
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69.0,p <.001, η2p = .78, and trial type, F (1, 19) = 17.2, p <.001, η2p
= .47. All two-way interactions were also significant [Target Availability
x Feature Dimensionality: F (1, 19) = 16.7, p <.001, η2p = .47; Target
Availability x Trial Type: F (1, 19) = 23.6, p <.001, η2p =.55; Feature
Dimensionality x Trial Type: F (1, 19) = 9.9, p =.005, η2p = .34]. Neither
the main effect of feature dimensionality, F (1, 19) = 3.3, p =.09, η2p
= .15, nor the three-way interaction, F (1, 19) = 0.28, p =.61, η2p =
.01, reached significance. Overall, saccade latencies were longer for target
switches than for target repetitions. This difference originated primarily
in the one-target conditions and was strongly reduced in the both-targets
conditions, as suggested by the two-way interaction between trial type and
target availability. Furthermore, saccade latencies were generally greater for
one-target than for both-targets blocks.
To check whether any of these effects were mitigated by block order
or by the fact that sometimes the target color and sometimes the distractor
color duplicated, we ran two four-way ANOVAs, one with block order
(cross-dimension search first vs. within-dimension search first), the other
with duplicate type (target duplicate vs. distractor duplicate), as additional
factor. However, although there were a main effect of duplicate type [F (1,
19) = 11.3, p =.003, η2p =.37] and a two-way interaction between duplicate
type and target availability [F (1, 19) = 8.0, p =.01, η2p =.3]–with saccade
latencies on target duplicate trials being smaller than those on distractor
duplicate trials, particularly on one-target-available blocks– neither block
order nor duplicate type interacted with trial type or feature dimensionality.
This is consistent with our previous study, in which we also found that
duplicate type did not modulate the interaction between trial type and
target availability (Ort et al., 2017).
A Bayes factor (BF) analysis yielded similar results: The model supported most by the data was the one that included all three main effects,
the two-way interaction between feature dimensionality and target availability, and the two-way inter- action between trial type and target availability
(BF = 1.96x1019 ). The next best models contained all main effects and all
two-way interaction effects (BF = 1.32x1019 ) or all main effects with only
the two-way interaction between target availability and trial type (BF =
1.64x1019 ).
Further support comes from participants’ fixation accuracy, shown in
Table 3.1. The pattern points toward the same conclusion drawn on the
basis of saccade latencies, which precluded an interpretation in terms of
speed-accuracy trade-offs. The same ANOVA on accuracy scores yielded
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significant main effects of target availability, F (1, 19) = 18.0, p <.001, η2p
= .49, and trial type, F (1, 19) = 23.6, p <.001, η2p = .55, as well as a
significant interaction between them, F (1, 19) = 28.7, p <.001, η2p = .60.
All other effects were nonsignificant (p values > .4). Overall, performance
was worse in the one-target than in the both-targets condition, but again,
especially after a switch.

3

The nonsignificant three-way interaction in the three-way ANOVA on
saccade latencies suggests that the interaction between trial type and target
availability was not different for cross-dimension and within-dimension
search. To further test this conclusion and compare to the results from our
previous study (Ort et al., 2017), we ran two two-way ANOVAs with the
factors target availability and trial type on saccade latencies, separately for
the cross-dimension and within-dimension conditions. Both main effects as
well as the interaction were significant in both ANOVAs [within-dimension:
main effect of target availability, F (1, 19) = 45.7,p<.001, η2p = .71;
main effect of trial type, F (1, 19) = 17.5, p <.001, η2p = .48; Target
Availability x Trial Type interaction, F (1, 19) = 27.0, p < .001, η2p =
.59; cross-dimension: main effect of target availability, F (1, 19) = 73.4,
p <.001, η2p =.79; main effect of trial type, F (1, 19) = 16.1, p <.001,
η2p = .46; Target Availability x Trial Type interaction, F (1, 19) = 15.2, p
=.001, η2p = .44]. These patterns were confirmed by two Bayesian ANOVAs
with the same factors, in which the data provided most evidence for those
models that included both main effects and the two-way interaction, both
for the within-dimension condition (BF = 1.9x109 , 26 times as likely as the
next best model) and for the cross-dimension condition (BF = 3.9x109 ,
two times as likely as the next best model).
These results show that switch costs were larger in the one-targetavailable condition than in the both-targets-available condition for both
cross-dimension (one-target: M = 91 ms; both-targets: M = 30 ms)
and within-dimension (one-target: M = 64 ms; both-targets: M = 8 ms)
search, although the cross-dimension search switch costs never completely
disappeared. Classical t tests indeed indicated significant switch costs
in all one-target-available conditions [cross-dimension: t(19) = 4.20, p
< .001; within-dimension: t(19) = 4.98, p < .001], and also for the
cross-dimension, both-targets condition, t(19) = 2.88, p < .001, but not
for the within-dimension, both-targets condition, t(19) = 1.29, p =.21.
Bayesian t tests further confirmed the pattern, with very strong evidence for
the presence of switch costs for both types of feature dimensionality when
only one target was available (cross-dimension: BF = 68; within-dimension:
BF = 326), whereas when both targets were available, there was still
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moderate evidence for the presence of switch costs in the cross-dimension
search (BF Swi t chC ost s = 5.3), whereas there was anecdotal evidence for the
absence of switch costs in the within-dimension search (BF NoSwi t chC ost s =
2.0). Furthermore, classical t tests indicated significantly larger switch costs
for cross-dimension than for within-dimension search (cross-dimension: M
= 91 ms; within-dimension: M = 64 ms), t(19) = 2.43, p = .03, whereas
the Bayesian t test indicated that the evidence for this difference was only
anecdotal (BF = 2.1), casting doubt as to whether this difference is really
meaningful.
Finally, we also examined the switch rates for within-dimension and
cross-dimension blocks when both targets were available. In line with
previous findings on voluntary task switching (e.g., Arrington & Logan,
2004, 2005), observers showed a repetition bias. In within-dimension blocks,
target switches occurred on 35.0% of all trials; in cross-dimension blocks,
on 28.3% of all trials; and this difference was significant, t(19) = 2.6, p =
.02, Cohen’s d = 0.58, BF = 3.3.
3.3.2 Comparison of Search for Color-Defined Versus Shape-Defined
Targets
It is conceivable that the observed effects in the within-dimension conditions
could have been caused by either the within-color or the within-shape
search blocks alone. For example, because shape has been shown to guide
attention less well than color (Williams, 1967; Wolfe et al., 2004), saccades
to shape-defined targets could have been slow regardless of whether the
target repeated or switched or how many targets were available for selection,
but this might also have interacted with switch costs. Therefore, we next
focused on the within-dimension conditions, but instead of collapsing
them, we directly compared within-dimension search for two colors to
within-dimension search for two shapes. Figure 3.2B shows the mean
saccade latencies for this analysis.
We ran a three-way repeated measures ANOVA on mean saccade latencies, with target availability (one vs. both), feature dimensionality (here,
within-color vs. within-shape), and trial type (repeat vs. switch) as factors.
This yielded significant main effects of target availability, F (1, 19) = 46.8,
p <.001, η2p = .71; feature dimensionality, F (1, 19) = 40.7, p <.001,
η2p = .53; and trial type, F (1, 19) = 21.3, p <.001, η2p =.53, as well
as significant two-way interactions between target availability and feature
dimensionality, F (1, 19) = 15.4, p <.001, η2p = .45, and between target
availability and trial type, F (1, 19) = 26.6, p <.001, η2p = .58. Neither
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the two-way interaction between feature dimensionality and trial type nor
the three-way interaction reached significance (p values > .10). These
results were supported by a Bayes factor analysis, which indicated that
the data provided the most evidence for the model that included all main
effects as well as the two-way interactions between target availability and
feature dimensionality and between target availability and trial type (BF =
3.3x1023 ); this model was 2.4 times more likely than the next best model
(which included all main effects and all two-way interactions).

3

Saccade latencies were considerably longer on within-shape than on
within-color blocks, and they were also longer on one-target than on
both-targets blocks. Here we also ran classical and Bayesian t tests, to
inspect in which conditions switch costs were present. For within-color
blocks, classical t tests indicated significant switch costs in the one-target
condition (M = 58 ms), t(19) = 4.41, p < .001, but not in the both-targets
condition (M ≈ 0 ms), t(19) = 0.001, p < 1. Bayesian t tests confirmed
this result by indicating strong evidence for the presence of switch costs
when only one target was available (BF Swi t chC ost s = 104), and moderate
evidence for the absence of switch costs when both targets were present
(BF NoSwi t chC ost s = 4.3). For within-shape blocks, we observed significant
switch costs for both one-target blocks (M = 88 ms), t(19) = 3.93, p
< .001, and both-targets blocks (M = 17 ms), t(19) = 2.32, p =.03.
Bayesian t tests indicated strong evidence for the presence of switch costs
in the one-target condition (BF = 40), but only anecdotal evidence in the
both-targets condition (BF = 2.0). The pattern of switch costs in the two
within-dimension conditions confirmed that when one target was available,
the switch costs observed in the collapsed within-dimension condition
(Figure 3.2A) originated in both feature dimensions, whereas the switch
costs that were observed in the both-targets condition primarily originated in
the within-shape blocks. Overall, however, selecting color targets appeared
to be somewhat less demanding than selecting shape targets, as indicated
by shorter saccade latencies. This was also confirmed by participants
preferentially fixating color-defined targets (67.9% of all fixations) when
they could choose which target to look at (both-targets-available condition).
We further tested whether color targets and shape targets contributed to
the same extent to the presence of switch costs across all levels of feature
dimensionality and target availability. To that end, we ran two separate
two-way ANOVAs for within-color and within-shape blocks, with the factors
trial type and target availability on saccade latencies, and also a three-way
repeated measures ANOVA with the factors target availability (one vs.
both), trial type (repeat vs. switch), and selected dimension (color vs.
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shape) on the mean saccade latencies for cross-dimension blocks. Overall, in
all conditions the patterns did not differ between color-defined and shapedefined targets. The full ANOVAs and further statistical tests can be found
in the Appendix A.2.

Saccade Latency (ms)

3.3.3 Influence of Task-Irrelevant Features on Search Performance
It has been shown that features can be stored in visual working memory as
part of an integrated object (Luck & Vogel, 1997; Wheeler & Treisman,
2002) and that attentional selection can operate on the object level
(O’Craven, Downing, & Kanwisher, 1999; Roelfsema, Lamme, & Spekreijse,
1998). On the one hand, integration of features into an object might have
the advantage that maintaining the features that comprise an object is less
taxing than having to maintain two separate representations. On the other
hand, teasing apart the features whenever they are needed for attentional
guidance might cause interference and substantial costs. Considering that
we did not include conjunctions of target color and target shape in our
search displays, there appeared to be no reason for observers to integrate
the target features into a single representation. Nevertheless, we wanted to
test what influence the currently task-irrelevant feature had on attentional
selection. Therefore, we tested whether participants could efficiently ignore
the task-irrelevant feature during search. We ran an exploratory analysis to
450

One Target Available

Both Targets Available

Task-irrelevant Feature
Repeat Trials
Switch Trials
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Cross-dimension

Within-dimension
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Figure 3.3: Influence ofthe task-irrelevant feature on saccade latencies, shown separately for both-targets and one-target blocks as well as for cross-dimension and withindimension search. Error bars represent the upper limit of the within-subjects 95% confidence intervals (Morey, 2008).

tease apart the effects that switches of the task-relevant and task-irrelevant
features had on saccade latencies. For example, if observers were looking for
two colors, irrespective of a target switch or target repeat, the shape of the
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target object could also randomly change or repeat. To that end, we split
target switch and target repeat trials on the basis of whether the currently
task-irrelevant feature repeated or changed, separately for the combined
within-dimension conditions and the cross-dimension condition, as well as
for the one-target and both-targets block conditions. Since task-irrelevant
switch trials could not be separated from task-relevant switch trials in
the cross-dimension condition (where a switch in the task-relevant feature
always coincided with a task-irrelevant feature switch), we analyzed only
the task-relevant repeat trials across both levels of feature dimensionality.
Figure 3.3 shows the data for this analysis.
We ran a three-way repeated measures ANOVA with the factors target availability (one vs. both), feature dimensionality (within-dimension vs.
cross-dimension), and task-irrelevant feature (repeat vs. switch) on mean
saccade latency. This ANOVA yielded significant main effects of target
availability, F (1, 19) = 37.4, p <.001, η2p = .66, and task-irrelevant feature,
F (1, 19) = 37.5, p < .001, η2p = .66, as well as a significant two-way
interaction between target availability and feature dimensionality, F (1, 19)
= 11.2, p =.003, η2p = .37. None of the other effects reached significance
(p values > .37). This pattern was largely confirmed by a Bayesian ANOVA
with the same factors. The data provided most evidence for the model
that included all main effects and the two- way interaction between target
availability and feature dimensionality (BF = 6.3x1015 ). This model was
four times as likely as the next best models.
Whereas general saccade latencies on cross-dimension blocks were
longer than on within-dimension blocks for one-target blocks, there was
no difference for both-targets blocks. Task-irrelevant switch trials were
consistently slower than task-irrelevant repeat trials across all levels of
feature dimensionality and target availability (M = 14 ms). This suggests
that the irrelevant feature could not be ignored entirely, and that feature
integration happened to some extent. Interestingly, this was also the case
for the within-dimension conditions, in which the task-irrelevant feature
dimension could have been ignored for an entire block.

3.4 Discussion
Having to look for multiple target objects typically comes with switch costs
when the target changes between presentations. We have shown previously
that the occurrence of such switch costs depends on target availability, with
switch costs occurring when one of the two potential targets is present in
the search display, but not when both targets are available for selection.
The present results replicate this pattern for color-defined targets and show
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that it extends to shape-defined targets as well as to cross-dimension search
when the targets are defined in terms of either color or shape. We found
reliable switch costs when only one target was available, whereas switch
costs were strongly reduced when both targets were available, regardless
of whether targets were defined within or across feature dimensions. These
findings provide further support for a role of different modes of cognitive
control during multiple-target search. When both targets are available,
observers can prioritize either target over the other prior to search display
onset. Whichever target is being prioritized, there will be a match. In
contrast, when only one target is available, reactive control mechanisms
are necessary whenever the present target object does not match the
anticipated target.
Unlike in our previous study (Ort et al., 2017), small but reliable
switch costs also emerged when both targets were available for selection.
This finding is consistent with the idea that proactive preparation of a
target switch is in itself time-consuming, but that the process can start
earlier than in the case of reactive control. Interestingly, whereas we found
slight switch costs even when both targets were available, V. M. Beck and
Hollingworth (2017) found no switch costs in one of their conditions even
when only one target was available–despite their experiment being quite
similar to ours. In this condition, observers were asked to fixate a target
drawn from a set of two alternatives, in which on each trial a single target
was presented together with a distractor. Upon fixation of the first target,
a new target would appear, together with another distractor. The target
could either be the same or different, but this did not affect the saccade
latency. However, there were several differences between their task and
ours, such as the length of the eye movement sequences, and the timing as
well as the task demands after the target had been found. We are currently
investigating some of the factors that might have contributed to these
contradictory findings.
We found that switch costs tended to be somewhat larger for shapedefined targets than for color-defined targets, although this difference
was not significant. This might reflect the fact that visual search for
shape-defined targets is typically more difficult than search for color-defined
targets (Williams, 1967; Wolfe et al., 2004), and the switch costs might
scale accordingly. Indeed, our data revealed longer saccade latencies and
lower accuracy scores whenever observers had to fixate a shape-defined
rather than a color-defined target, and when our participants had the
choice, they showed a preference for color-defined targets. This preference
for color likely also led to a lower switch rate for cross-dimension than for
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within-dimension blocks whenever observers had the choice, since they were
less inclined to switch to the more difficult search for the shape-defined
target. This is in accordance with guidance toward shape being reduced
here, as compared to guidance toward color.

3

The present results provide little indication that visual search for targets drawn from different dimensions is qualitatively different from search
for targets drawn from the same feature dimension. Previous research has
produced mixed findings on the efficiency of cross-dimension search relative
to within-dimension search. On the one hand, a number of studies have not
looked at switch costs, but instead at the overall efficiency of search as a
function of the number of targets to be looked for. Wolfe and colleagues
(Wolfe et al., 1989, 1990) found more efficient attentional guidance toward
two targets from different dimensions than toward two targets from the
same dimension, suggesting that two dimensions, but not two features,
may provide for attentional guidance in parallel. However, apart from
previous research not investigating switch costs, the difference from our
experiments is that the search targets used by Wolfe and colleagues were
always conjunctions of both target features, whereas distractors carried
either one of the target features. Observers thus had to integrate both
features, and the designs did not allow for the measurement of attentional
guidance toward each of the target features in isolation. In contrast, our
cross-dimension search setup encouraged participants to separately look
for either of the target features, as the target was never a conjunction of
target shape and target color, and the cue displays always presented the
two target features separated in space. Under these conditions, attentional
guidance toward two target features appears to be limited, even when the
features originate in different dimensions. Nevertheless, this leaves open
the possibility that if observers could combine target features into a single
object representation (e.g., looking for red and square by looking for a red
square), search could become more efficient. Future studies should further
investigate whether having two separate feature templates (as we studied
here) is any different from having an integrated object template consisting
of multiple features–in particular, in the context of the distinction between
proactive and reactive control.
Another study that suggested that search can occur in parallel across
feature dimensions was reported by Quinlan and Humphreys (1987). They
found that searching for two distinct target items that were specified
in different feature dimensions (their both condition) was as efficient as
searching for the less guiding target alone (their feature conditions) in terms
of search slopes. However, even though the search slopes were comparable,
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search for two targets was slower overall than search for a single feature.
They interpreted this as an additional, non-search-related process, such as
a switch from one target to the other that needs to be invoked in order
to make the decision about target presence. However, here, too, switch
costs were not directly investigated. Moreover, the tasks differed, in that
Quinlan and Humphreys instructed observers to always find both targets in
each search display, whereas the observers in the present study only made a
single selection. Finally, display differences also preclude a straightforward
comparison with the present study, since the difference between two-target
and single-target conditions in Quinlan and Humphreys’s study also involved
changes in the bottom-up input in terms of target-distractor similarity, and
thus target salience.
On the other hand, many studies that have looked at switch costs
have shown that switching between feature dimensions comes at a larger
cost than switching between features within the same dimension (e.g.,
Found & Müller, 1996; Krummenacher et al., 2001; Müller et al., 1995;
Olivers & Meeter, 2008a). In these studies, the targets were always singletons presented within a homogeneous array of distractors. The enhancement
of switch costs may therefore partly have been due to the fact that changes
of the target dimension always coincided with changes in the bottom-up
signal–specifically, the stimulus contrast between target and distractor–
rather than to cognitive factors, such as presumed difference in the task
sets. Furthermore, those previous studies measured manual response times,
and additional costs may therefore have arisen from postselection stages.
Our design employed very heterogeneous displays, with changes in the
bottom-up signal being independent of the target set, and we took the first
eye movement as a measure of selection. This arguably provides a more
direct measure of the top-down processes involved in target changes across
and within feature dimensions, and our study suggests that when sensory
and response factors are controlled for, the switch costs associated with
dimension changes are similar to those for feature changes.
3.4.1 Single Target Capacity or Limited Resource?
The observation of switch costs when only one target was available in the
display is consistent with the idea that observers do not prepare equally for
both targets at the same time. Previous research has attributed dual-target
costs to either a reduction in the specificity of the target representations
or a limit on simultaneously active target representations. According to the
former account, trying to look for multiple targets at the same time decreases the amount of resources that is available for maintaining the target
representations, so that overall guidance by both target representations is
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reduced, relative to one-target search (Barrett & Zobay, 2014; Roper &
Vecera, 2012). However, this account is not supported by the present data.
If the dual-target cost simply originated in an overall reduction of target
representation specificity, then switch trials as well as repeat trials should
have been affected to similar extents. Likewise, the difference between
the target availability conditions is hard to reconcile with an account that
is based on less precise target representations, because guidance to all
targets in a search display should be reduced, irrespective of how many
targets are available for selection. One might argue that observers were able
to simultaneously prepare for both target colors only during both-targets
blocks, whereas they chose to prepare for just one target during one-target
blocks. However, this goes against the findings in Experiment 3 of Ort et al.
(2017), in which we manipulated target availability on a trial-by-trial level,
so that observers could not predict whether a particular trial would include
two targets or only one. Critically, the same data pattern emerged there, as
well: switch costs for one-target trials, and no switch costs for both-targets
trials.
We believe that the present data are more consistent with models of
working memory that propose that only a single item (the target template)
in memory can drive visual attention, whereas other memorized items
stay dormant in the background, where they are shielded from perceptual
input (Huang & Pashler, 2007; Oberauer, 2002; Olivers et al., 2011). If
more than one target could be fully prepared for, and thus could guide
attention at a given time, we should not have found switch costs in the
both-targets-available conditions. Irrespective of whether one or both
targets are available for selection in the search display, two equally active
search templates should efficiently guide attention toward either target.
Furthermore, the present data indicate that this limitation is not restricted
to features within a feature dimension, but also holds for features that are
specified in independent feature dimensions. However, the assumption that
only a single target template is active at a time may be too strict. The
same data can also be captured by a hybrid account that assumes that
resources are distributed across multiple target representations, but in an
unequal fashion, without the need of imposing a limitation of a single slot.
In this sense, while one is looking for multiple targets, resources are being
reallocated between target representations according to the task requirements and selection history, but at any moment in time, one representation
receives the majority of resources, so that attentional guidance is stronger
by this item than by the others. Although in that case there would be no
fundamental difference in the representational state, the implication would
then still be that observers are unable to spread resources equally among
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different target representations, even if this would be more optimal under a
task’s circumstances.
3.4.2 Relationship With Long-Term Memory
So far, we have discussed the results in relation to working memory. However,
there is the distinct possibility that we were measuring not just the effects
of working memory, but also of long-term memory. It has been shown that
working memory representations can already be transferred to long-term
memory after five to seven target repetitions (Carlisle et al., 2011). Given
the sometimes relatively long streaks of target repetitions in our experiment,
the same transfer might have occurred here. However, we believe this was not
the case. First, in a post-hoc confirmatory analysis, we examined saccade
latencies as a function of repetition streak length and could not find any
indication of decreasing saccade latencies with increasing target repetitions
(see Figure A.2 for this analysis). One reason for this difference might be
that, in contrast to Carlisle et al., the participants in the present study always
had to maintain two search templates throughout a block. This might have
required continuous reactivation of each target feature in order not to forget
or confuse them with the target features of previous trials, which would be
distractors on the current trial. Finally, given the matched streak lengths
for both-targets and one-target blocks, it is unclear how a transfer to longterm memory could explain why switch costs would selectively emerge in
one-target blocks only, making it unlikely that transfer to long-term memory
formed the basis for the observed effects.
3.4.3 The Role of Cognitive Control in Visual Search
As we have argued, the present findings are in line with an explanation
based on two modes of cognitive control, one proactive, one reactive. So
far there has been little research on the roles of these forms of control in
visual search. In a recent review, Geng (2014) argued for the involvement
of proactive and reactive control in distractor suppression. According to this
framework, reactive control becomes necessary in order to disengage from
a distractor once observers’ attention has been captured by it, whereas
proactive control may enable observers to avoid having attention captured
in first place. One piece of evidence for reactive suppression of distractors
is provided by the distractor positivity (Pd), an event-related potential
that occurs contralateral to a suppressed location (Hickey, Di Lollo, &
McDonald, 2009). There is also evidence for proactive control of distractor
suppression, as observers try to adopt an attentional set against distractor
locations or distractor features (e.g., Arita, Carlisle, & Woodman, 2012;
Awh, Matsukura, & Serences, 2003; Poole & Kane, 2009; Reeder, Olivers,
& Pollmann, 2017). Our results extend these findings by demonstrating
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that observers can use available information not only to avoid attending
unwanted stimuli, but also to facilitate the shift of attention toward stimuli
that match a current task set.

3

However, it is important to point out that we did not actually independently measure cognitive control. We merely assumed that observers
could proactively prioritize one of two potential targets in the intertrial
interval and respond reactively if the target were not there, but we have
no direct evidence for this claim. To gain further insight into what actually
happens before and during search, we are currently investigating the dynamics of multiple-target search with both fMRI and electroencephalographic
measures. If the two modes of control indeed affect visual search in the
way we propose here, neural activity related to template switching should
increase prior to search display onset when both targets are available,
whereas such activity should be observed after a search display onset
whenever only one target is present. Furthermore, these modes might also
dissociate in terms of the type and extent of the control networks involved.

3.5 Conclusion
We found switch costs whenever only one of two potential targets was available in each display, whereas no switch costs emerged when both targets were
present in the search display–irrespective of the feature dimension within
which the targets were defined. These results support a role for different
modes of cognitive control during multiple-target search. Given free choice,
observers can proactively prioritize a single target. In contrast, when only
one target is available, reactive control mechanisms are necessary whenever
the present target object does not match the anticipated target, irrespective
of the feature dimension in which the target is defined.

3.6 Open Access
This article is distributed under the terms of the Creative Commons Attribution 4.0 International License (http:// creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided you give appropriate credit
to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. Furthermore, all data
and material are openly available at https://osf.io/evfxq/
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Abstract
Cognitive control can involve proactive (preparatory) and reactive (corrective)
mechanisms. Using a gaze-contingent eye tracking paradigm combined with
fMRI, we investigated the involvement of these different modes of control and
their underlying neural networks, when switching between different targets in
multiple-target search. Participants simultaneously searched for two possible
targets presented among distractors, and selected one of them. In one condition, only one of the targets was available in each display, so that the choice
was imposed, and reactive control would be required. In the other condition,
both targets were present, giving observers free choice over target selection, and
allowing for proactive control. Switch costs emerged only when targets were
imposed and not when target selection was free. We found differential levels
of activity in the frontoparietal control network depending on whether target switches were free or imposed. Furthermore, we observed core regions of
the default mode network to be active during target repetitions, indicating
reduced control on these trials. Free and imposed switches jointly activated
parietal and posterior frontal cortices, while free switches additionally activated anterior frontal cortices. These findings highlight unique contributions
of proactive and reactive control during visual search.

4.1 Introduction
During search for a visual object, a mental representation of the target
object is maintained in visual working memory to guide attention toward
potentially task-relevant regions (Desimone & Duncan, 1995; Olivers &
Eimer, 2011). In everyday situations, individuals may oftentimes try to find
multiple objects at the same time, which would require the maintenance
of more than one target representation. It has been shown that such
multiple-target search can be challenging, often resulting in reduced search
performance (Barrett & Zobay, 2014; Dombrowe et al., 2011; Found &
Müller, 1996; Juola et al., 2004; Liu & Jigo, 2017; Maljkovic & Nakayama,
1994; Menneer et al., 2007), raising the question as to how these multiple
target representations are established for, and updated during, search – in
other words, how these representations are controlled.
Recent work from one of our labs suggests that when observers look
for more than one target, they may dynamically prioritize one of multiple
potential target representations to guide search at any given moment
(Ort et al., 2017; Ort, Fahrenfort, & Olivers, 2018). Specifically, we found
that performance in multiple-target search depends on whether or not
observers are given the opportunity to freely choose the target to select.
In a gaze-contingent search paradigm, observers were instructed to always
find one of two potential target colors. Importantly, they could either freely
select the target to look for on a particular trial, as both targets would
always be available in each search display, or the choice was imposed
upon them, as only one of the two targets would be present on each trial.
Eye movement latencies showed that, relative to target repeats, target
switches were more costly when imposed than when made under free
choice conditions. In further support of this, van Driel et al. (2019) recently
conducted electroencephalography (EEG) measurements during free and
imposed choice, and found that free switching between targets is associated
with pre-trial power suppression in the beta band over midfrontal electrodes
– a signal that has been linked to choice behavior (Donner, Siegel, Fries, &
Engel, 2009; Spitzer & Haegens, 2017). In contrast, forced target switches
elicited post-trial power enhancement in the delta/theta band – a signal
that has been associated with conflict detection (Cavanagh & Frank, 2014;
Cohen, 2014; Duprez, Gulbinaite, & Cohen, 2018). We interpret these
eye movement and EEG findings within an influential framework proposed
by Braver (2012), which assumes a division of cognitive control into two
modes: proactive and reactive control. Proactive control is invoked and
maintained in anticipation of a task, whereas reactive control is triggered
whenever a conflict or unexpected event occurs. In multiple-target search,
the availability of all targets in a display allows for proactive control, as
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observers can freely prepare for either target (cf. Arrington & Logan, 2004,
2005; Meiran, 1996). In contrast, imposing a target (i.e. by only presenting
only one of the two targets in the search display) would invoke reactive
control, which is reflected in a costly switching of attentional priority to the
only available target. In the present study we sought to uncover the brain
areas underlying free and imposed multiple-target search.
4.1.1 Brain areas Involved in Different Modes of Control

4

Cognitive control has been extensively investigated in the context of the
implementation of, and switching between, different task sets (Meiran,
2010; E. K. Miller & Cohen, 2001). Task switches have been associated
with brain regions that are considered part of a general cognitive control
network that is distributed mainly over frontoparietal regions of the brain
(Cole & Schneider, 2007; Dosenbach et al., 2006, 2008; Dove et al., 2000;
Duncan, 2010; Fedorenko et al., 2013; Kim et al., 2012; Liston, Matalon,
Hare, Davidson, & Casey, 2006; Power & Petersen, 2013; A. B. Smith
et al., 2004). However, it is unknown whether similar brain areas are also
involved in switching representations within one and the same task, which
is the case when observers hold multiple target representations for the same
visual search task, and how this would differ for circumstances that enable
different modes of control.
The distinction between proactive and reactive control has mostly
been studied in the context of interference control across various domains,
such as interference between competing working memory representations
(Burgess & Braver, 2010; Marklund & Persson, 2012), between competing
visual stimuli (De Pisapia & Braver, 2006; Jiang et al., 2015), or between
competing stimulus-response mappings (Braver et al., 2003; Jiang et al.,
2018; Ryman et al., 2018; Sohn et al., 2000). The mode of control is
commonly induced by manipulating the likelihood (or predictability) of
upcoming interference, following the assumption that whenever individuals
anticipate interference, they will strengthen proactive control. Some studies
suggest that proactive and reactive control are governed by different brain
areas, but the findings are somewhat inconsistent, which may be related
to the different paradigms used, and to an emphasis on differences in the
temporal dynamics (with proactive assumed to occur prior to task onset,
while reactive follows conflicting events). Based on their reviews of the
literature, Braver (2012) as well as Irlbacher et al. (2014) have suggested
that both modes of control are governed by a similar set of brain areas,
but might be activated with different dynamics, as proactive control can be
instantiated in advance. These areas include the lateral prefrontal cortex
and posterior parietal cortex, with relatively minor differences between
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them, whereas reactive control may additionally recruit midfrontal regions
when there is conflict detection involved. Similar brain areas may therefore be involved during control over target selection in multiple-target search.
Target selection in multiple-target search is associated with shifts in
feature-based attention between target-defining features. Such shifts of
feature-based attention have previously been linked to activity primarily in
posterior parietal (i.e. superior parietal lobule) and posterior, lateral frontal
regions (i.e. inferior frontal junction and dorsal premotor cortex; Greenberg
et al., 2010; Liu et al., 2003; Pollmann et al., 2000, 2006; Slagter et al.,
2006, 2007). However, in most of these studies, a feature shift was also
associated with a change in response (Greenberg et al., 2010; Liu et al.,
2003; Pollmann et al., 2006; Slagter et al., 2006, 2007). Moreover, these
studies did not directly compare different modes of control over such shifts.
They measured activity in response to either cue- or task-induced changes
of the task-relevant feature, but did not juxtapose self-generated (free) to
stimulus-induced (imposed) changes.
In one recent study, Gmeindl et al. (2016) did compare cue-induced
to self-generated (i.e. freely chosen) shifts of spatial attention. They
found similar posterior parietal activity during both types of shifts, while
self-generated shifts additionally activated the medial frontal cortex and
lateral frontopolar cortex. These medial frontal and frontopolar regions have
also previously been shown to be related to voluntary versus imposed action
selection (Demanet et al., 2013; Forstmann et al., 2006; Orr & Banich,
2013; Passingham, Bengtsson, & Lau, 2010; Soon et al., 2008; Taylor et
al., 2008; Wisniewski et al., 2015, 2016; J. Zhang et al., 2013), and have
been argued to be involved in the evaluation of alternative goals in the
context of exploratory behavior (Mansouri, Koechlin, Rosa, & Buckley,
2017; Pollmann, 2016). The same areas may therefore be involved when
observers choose to change target in visual search, but this is currently
unknown.
4.1.2 The Present Study
We sought to investigate differences in the locus or level of activated brain
regions when proactive and reactive control mechanisms operate in a context
of multiple-target search. Specifically, we set out to test whether differences
between free and imposed switches between targets during visual search
for multiple objects are accompanied by differences in brain activity that
might be linked to proactive and reactive control processes. To that end,
we adopted a fast-paced, gaze-contingent eye tracking paradigm (Ort et al.,
2017, illustrated in Figure 4.1A) in combination with event-related fMRI.
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Participants were always instructed to look for two color-defined targets and
to make an eye movement towards one of them on every trial. In one block
type, both potential targets were present in a search display and participants were free to select either of them. In the other type of block, only
one target was present and the choice was imposed. We instructed participants to either make (when choice was free) or expect (when choice was
imposed) target switches. We reasoned that free target switches would be
associated with proactive, preparatory control mechanisms, while imposed
switches would result in reactive, compensatory control mechanisms. Differential neural activity for each switch type would constitute evidence for
proactive and reactive control having unique contributions to target selection during multiple-target search. Based on the literature on both task and
attention shifts, we expected to find switch-related activity in the posterior parietal and posterior frontal cortex for both switch types. In addition,
we were interested to explore potential differences in the control network for
free and imposed target switches. In line with the literature on self-generated
versus externally-cued choice, we expected activity in the lateral frontopolar
cortex as well as the medial frontal cortex to be selectively active during free
switches.

4.2 Method
4.2.1 Data and Code Availability
Data and code are publicly available on www.osf.io/a8vxn. Unthresholded
statistical are available on https://neurovault.org/collections/5550/.
4.2.2 Participants
A sample of 22 participants (age: 21–35 years, M = 27.3; 10 females, 12
males) was recruited from the subject pool of the Leibniz Institute of Neurobiology in Magdeburg. Three individuals were excluded due to insufficient eye
tracking accuracy, reducing the final sample to 19 participants. All participants gave written consent according to the Declaration of Helsinki and were
reimbursed with 30 Euros. They reported normal or corrected-to-normal visual acuity and color vision and were naive to the purpose of the experiment.
The study was approved by the research ethics board of Otto-von-Guericke
University Magdeburg.
4.2.3 Stimuli, Procedure, and Design
The stimulus set consisted of five colored disks with a radius of 0.6 degrees
visual angle (dva). These colors were blue (RGB-values: 0, 130, 150), red
(240, 0, 0), green (70, 135, 0), brown (175, 100, 75), and purple (180, 80,
170). All stimulus colors were isoluminant (M = 21 cd/m2 ) and presented on
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a uniform gray background (197, 197, 197). A search display was composed
of five disks placed on an imaginary annulus around fixation with a radius
randomly drawn from values between 3.6 and 4.4 dva around the starting
point. Any two adjacent disks had an angular distance of at least 45 degrees.
A block was initiated once participants steadily fixated a central white dot.
First, a white fixation cross was presented in the center of the screen for 500
ms, followed by the cue display for 2,500 ms and another fixation cross for
500 ms (Figure 4.1A). In the cue display, two colored disks were presented
1.0 dva to the left and right of fixation to mark these colors task-relevant
for the upcoming sequence of 40 search displays. In each search display,
participants were required to select a target-colored disk among a set of
five disks by making a saccade toward it. After target fixation, the search
display disappeared and the fixated target was replaced by a black ring
to provide participants with a fixation point during the intertrial interval
(uniformly jittered between 950 to 1050 ms). Because the coordinates of
the previously fixated target served as the starting point for the next display,
the search displays moved across the screen throughout a block. To make
sure that search displays would fall within the margins of the screen, stimuli
were moved closer to each other on that part of the annulus that was
closest to the center of the screen, whenever a search display approached
an edge of the screen. Importantly, the relative positions of the targets in
the search display remained unpredictable. Saccades had to land within
a radius of 0.9 dva to the center of a target to trigger the next search
display. If participants fixated one of the distractors, they received auditory
error feedback and were required to make a corrective eye movement
toward a target. The search was aborted if no target was fixated within
3,000 ms, and a new search display appeared, centered at the same location.
There were two main factors in this experiment: target availability
(whether only one or both targets were present in the search display), and
transition type (whether target selection switched or repeated from one
trial to the next). The target availability factor was controlled at the block
level by presenting either only one, or both of the targets in the display.
In the both-targets condition, both cued targets appeared in the search
display. In the one-target condition, only one of the targets was present.
The transition type factor (target repeat vs. target switch) was determined
by the observer (both-targets blocks) or by a random sampling procedure
(one-target blocks). In both-targets blocks, participants were instructed
that they were free to fixate either of the target colors. However, to make
sure that there would be sufficient switch trials, and that the time between
two consecutive switch trials would be long enough for the BOLD response

4

76

The Role of Proactive and Reactive Control in Multiple-Target Search

A

Sequence of 40 Search Displays

Fixation
500 ms

Fixation
500 ms

Cue
2,500 ms

Both-Targets
Available
One-Target
Available
Repeat

Switch
Time

C

B

Switch Cost (ms)

Saccade Latency (ms)

200

Target Repeat
Target Switch

750
650
550
450
350
250

150
●

100
●

50
0
-50

Both-Targets

One-Target

Both-Targets

One-Target

Target Availability

Target Availability

D

E
One-Target - Repeat
One-Target - Switch

e

m

d
Upper Decision Boundary

Drif

t Ra

te v

Bias z

Time

Posterior Probability

Response Time = e+d+m
Non-Decision Time t0 = e+m

Boundary Separation a

4

Decision

2.0
1.5
1.0
0.5

0

Lower Decision Boundary

Stimulus on

Both-Targets - Repeat
Both-Targets - Switch

Eye Movement

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

Drift Rate v

Figure 4.1: Illustration of the study design and behavioral results. Captions are continued
on the next page.
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Figure 4.1: Caption continued from previous page. A) A block began with a cue indicating
the two target colors for the subsequent sequence of 40 search displays. Depending on
the target availability condition, a display contained one of the two target colors or both
of them. If only one target color was available, there could still be two targets carrying
that color, to equate for the mere number of targets present (see Section 4.2.3). Participants had to fixate one of the targets (indicated by an arrow, which was not present
in the display); this triggered the next display, which appeared on an imaginary annulus
surrounding the location of the previously fixated target. B) The bar plots represent the
mean saccade latencies on switch and repeat trials for each level of target availability (one
target vs. both targets). The gray lines represent the mean saccade latencies for each individual. Error bars represent the upper limit of the within-subjects 95% confidence intervals
(Morey, 2008). C) The violin plots depict the distribution of switch costs of saccade latencies, separately for the target availability conditions. The horizontal lines in the box
plots represent the first, second (median), and third quartiles. The vertical lines represent
the distance between minimum (lower quartile - 1.5 * interquartile range) and maximum
(upper quartile + 1.5 * interquartile range). Single dots indicate individual outliers. D)
Schematic illustration of a drift diffusion model (adapted from Kloosterman et al., 2018).
e denotes encoding time, d denotes decision time, and m denotes motor execution. E)
Posterior probability distributions for drift rates, separately for all experimental conditions.

triggered by each of them to not overlap, it was emphasized to participants
that the total number of target switches in a block of 40 search displays
should roughly be in the range of five to eight. The sampling procedure in
one-target blocks then randomly selected (with replacement) a sequence of
repeat and switch trials from a pool of sequences that were recorded during
both-targets blocks. The motivation behind this was to match one-target
blocks and both-targets blocks in terms of switch rate and number of
consecutive repeat trials. Importantly, neither features nor positions of the
stimuli were replayed but only the sequence of switch and repeat trials.
Because we did not yet have any sequences to present at the outset of the
experiment, we initialized a pool with four arbitrarily prespecified sequences
of switch and repeat trials (one each for five, six, seven, and eight switches
per block). To check whether switch rates indeed did not differ between
target availability conditions, we ran a paired-samples t test and found a
slight, but non-significant difference (both-targets available: 6.4 switches,
one-target available: 6.9 switches, t(18) = 1.9, p = .07, Cohen’s d = 0.49,
BF10 = 1).
Both-targets available and one-target available blocks would differ
not only in terms of target availability, but also in the mere number of
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targets in the display, which would make the one-target available condition
more difficult than the both-targets available condition. Therefore, we
included trials in the one-target available condition in which there were
two target objects, but both carried the same target color, so that still
only one target color was present in the search display (target duplicate,
e.g., on blocks in which red and blue were task-relevant, there could be
trials with two red targets or two blue targets, but never with a red and a
blue target). In addition, we included trials in which two distractors shared
a color (distractor duplicate; e.g., on blocks in which red and blue were
task-relevant, there could be trials with two green items, but only one red
or one blue item), so that participants could not identify the target object
simply by detecting a feature duplicate. Likewise, both-targets blocks also
contained target duplicate trials (two out of three targets had the same
color; e.g., on blocks in which red and blue were task-relevant, we had trials
with one red and two blue target objects) as well as distractor duplicate
trials (e.g., on blocks in which red and blue were task-relevant, there were
trials with one red target, one blue target, and two green distractors). As
a result, in each target availability condition, one half of trials contained a
target duplicate and the other half contained a distractor duplicate. This
way, neither the number of targets nor the number of unique colors in
the display was predictive of target availability. Table A.2 in the Appendix
provides schematic representations of all types of search displays. Past
experiments using a similar paradigm have confirmed that behavior and
ensuing switch costs are consistently unaffected by this manipulation (Ort et
al., 2017, 2018), as we also confirm here (see Section 4.3.1). Furthermore,
to investigate whether there would be other experimental variables that
influenced the choice behavior of the participants we ran a series of control
analyses. These analyses are summarized in the Appendix A.3 and Figure A.3.
Because we did not have an eye-tracker available outside of the scanner,
participants practiced a version of the task in which target selection
responses were made using mouse tracking instead of eye movements
(although this naturally involves making an eye movement to the target
too). They performed this task before the fMRI session started until they
felt confident they understood the task structure. A scanning session
consisted of nine functional runs, each seven minutes long. One participant
requested to terminate the last run early (leaving eight runs of data), while
another participant completed ten runs because he expressed the wish to
do another run as he liked doing the experiment (data of this run were
included). In a single run, both-targets and one-target blocks alternated
repeatedly until the end. For the first block in a run, the target availability
condition switched relative to the last complete block of the previous run.
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To make sure that both block types would occur each at least twice per run
and that a block would not exceed the run duration, a block was interrupted
after 88 seconds (mean complete block duration = 73 s), or five seconds
before the run finished. This resulted in up to five complete blocks per run
and, on average, 32 complete blocks per session. Nevertheless, incomplete
blocks were still analyzed up to the point of termination.
4.2.4 Apparatus and Functional MRI Acquisition
The experiment was designed and presented using the OpenSesame software
package (version 3.1.9; Mathôt et al., 2012) in combination with PyGaze
(version 0.6), an eye-tracking toolbox (Dalmaijer et al., 2013). Stimuli
were back-projected on a screen with a resolution of 1,280 x 1,024 pixels,
at a viewing distance of 60 cm. Participants viewed the screen via an
IR-reflecting first surface mirror attached to the head coil. Eye movements
were recorded with the EyeLink 1000 remote eye-tracking system, (SR
Research, Mississauga, Ontario, Canada) at a sampling rate of 1000 Hz.
The experimenter received real-time feedback on system accuracy on a
second monitor located in an adjacent room. After every run, eye-tracker
accuracy was assessed and improved as needed by applying a 9-point
calibration and validation procedure (mean calibration error was 0.48 dva).
Images were acquired using a 3 Tesla Philips Achieva dStream MRI
scanner with a 32 channel head coil. Functional images were recorded using
a T2*-weighted single-shot gradient echo-planar images sequence with
following parameters: 35 axial slices parallel to the AC-PC axis (ascending
order), slice thickness = 3 mm, in-plane resolution = 80 x 78 voxels (3 mm
x 3 mm), FOV = 240 mm x 240 mm, inter-slice gap of 10% (0.3 mm),
whole-brain coverage, TR = 2 s, TE = 30 ms, flip angle = 90◦ , parallel
acquisition with sensitivity encoding (SENSE) with reduction factor 2. After
the first five scans were discarded, 210 scans were acquired per functional
run. Structural images were recorded using a T1-weighted (T1w) MPRAGE
sequence with following parameters: 192 slices, slice thickness = 1 mm,
in-plane resolution = 256 x 256 voxels (1 mm x 1 mm), FOV = 256 mm x
256 mm, TR = 9.7 ms, TE = 4.7 ms, inversion time = 900 ms, flip angle
= 8◦ . Distortions of the B0 magnetic field, as well as pulse oximetry and
respiratory trace were recorded, but these data were not further processed.
4.2.5 Eye-Tracking Data Preprocessing
We compared the saccade latencies of eye movements (dwell time before a
saccade was executed) for repeat trials (current target category the same
as the previous one) with those for switch trials (current target category
different from the previous one) for both target availability conditions sepa-
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rately. We took the first saccade after search display onset with an amplitude
threshold of 1 dva around initial fixation, provided that a saccade was directed toward the selected target (i.e. its direction deviated less than 30
angular degrees from the vector from fixation to the target). This resulted
in an average of 25.5% of all trials being removed. Note, as we used only
the first saccade of a trial and participants needed to select a target before
actually fixating it, our paradigm measures covert selection process. Next, a
saccade latency filter was applied, in which saccades quicker than 100 ms and
slower than 3 standard deviations above the block mean for that participant
were excluded (2.2% of all search displays). If no target was being fixated,
as could have happened when the eye tracker calibration had deteriorated
too much for that trial, both the current as well as the next search display
were excluded because neither could be labeled as a switch or repeat (10.6%
of all search displays). For the same reason, we excluded the first search display of each block (2.7% of all search displays). If the distance between the
stimuli was lowered to prevent the search displays to fall outside the screen,
two stimuli could be too close to each other to unambiguously decide which
of the two was fixated. Trials on which this happened were also excluded
(7.4% of all search displays). In total, 34.4% of all trials were thus removed
during preprocessing (note that a single trial could meet multiple exclusion
criteria). This is a typical rejection rate for this paradigm (Ort et al., 2017,
2018; van Driel et al., 2019). Inferential statistics were carried out with the
afex R- package (Singmann et al., 2016).
4.2.6 Hierarchical Drift Diffusion Modeling
To gain more insight into target selection beyond simple comparisons of
mean saccade latencies across conditions, we also performed drift diffusion
modeling (DDM) on our data. DDMs can estimate latent decision-related
parameters in two-alternative choice experiments based on response time
distributions and choice probabilities (Wiecki, Sofer, & Frank, 2013). For
example, participants might be more cautious to respond when only one
target is available than when both target colors are present. Similarly,
participants might need longer to select a stimulus to fixate on switch
trials when only one target is present. In these models, decision-making is
assumed to be a noisy information accumulation process in favor of one
or the other alternative that continues until a threshold for one option
is exceeded and the corresponding response is executed (e.g. Ratcliff &
Rouder, 1998). We used a hierarchical Bayesian DDM, as implemented in
the python-library HDDM (version 0.6; Wiecki et al., 2013), which has
the advantage of simultaneously estimating group and individual-subject
parameters as well as obtaining a measure for the estimates’ uncertainty.
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The standard DDM framework provides estimates for four parameters: drift rate v, non-decision time t, boundary separation a, and starting
point z (see Figure 4.1D). The drift rate represents the speed with which
evidence is accumulated during a decision process. It is related to the
difficulty of a decision, with hard decisions corresponding to low drift rates
and easy decisions to high drift rates. The non-decision time signifies the
time needed to encode the stimulus and execute the motor response and is
therefore not related to the decision process itself. The boundary separation
parameter reflects how much evidence needs to be accumulated before a
decision is made, therefore representing response caution (speed-accuracy
trade-off). Close boundaries lead to quick and more inaccurate decisions,
whereas wide boundaries lead to slower, but more accurate decisions. The
starting point denotes whether there is an a priori bias for one of the options.
It has been shown that task repeats are associated with higher drift
rates than target switches, plausibly reflecting faster evidence accumulation
when a target is repeated (e.g. Karayanidis et al., 2009; Schmitz & Voss,
2012). Based on this finding, we also expected to find higher drift rates
for target repeats than for target switches. However, if individuals prepare
a target prior to search display onset in both-targets blocks, drift rates
for free target switches should likely be higher than for imposed switches,
potentially even be as high as the drift rate for target repeats. Furthermore,
in Ort et al. (2017), we found base rate differences between both-targets
and one-target blocks in terms of saccade latencies: Saccades were generally
faster in both-targets blocks than in one-target blocks, irrespective of
transition type. This effect might imply strategic differences, such as
increased response caution when only one target was available relative to
when both were present. To investigate this hypothesis, we estimated a
separate boundary separation for both-targets and one-target blocks. As the
boundary separation is usually assumed to be under control of individuals
and switch and repeat trials were unpredictable in one-target blocks, we did
not separately estimate this parameter for repeat and switch trials.
Unlike in standard two-forced choice tasks, there was no single correct or incorrect response in our task. In fact, on every trial, participants
could make five possible responses, corresponding to each stimulus (targets
and distractors). Therefore, to make our paradigm compatible with the
DDM framework, we did not consider individual stimuli as response options,
but only distinguished correct (saccades to targets) from incorrect (saccades
to distractors) responses. To test our hypotheses about the influence of the
experimental conditions on drift rate and boundary separation, we ran four
models, in which we manipulated which parameters were free to vary across
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experimental conditions. These models were: (1) basic model, in which both
boundary separation (a) and drift rate (v) were fixed across conditions; (2)
decision boundary model, in which a could vary between target availability
conditions and v was fixed; (3) drift-rate model, in which v could vary
between target availability and transition type conditions, and a was fixed;
(4) full model, in which a and v could vary between target availability
conditions, and v could also vary between transition type condition. We did
not estimate intertrial variability of starting point and drift rate in any of
the models and fixed the estimate for starting point and non-decision time
across conditions, as condition-specific differences in those parameters were
implausible. Furthermore, we chose to use informative priors (see Wiecki
et al., 2013). Nevertheless, once we identified the best model, we also ran
it with non-informative priors as control analysis; the results were virtually
identical. Table A.3 in the Appendix A.3 includes the full specifications of
all models that were tested.
For every model, 50,000 steps were sampled with Markov Chain Monte
Carlo (MCMC). The first 20,000 samples were discarded ("burn in") and
only every fifth sample was kept ("thinning") to facilitate convergence.
Convergence was tested by visually inspecting all posterior distributions
(mc-trace, auto-correlation and marginal posterior histogram) of each
parameter, and computing the Gelman-Rubin (R̂) convergence statistic.
The data that were fed into the model were less stringently preprocessed
than for the saccade latency analysis. Specifically, neither the first saccade
was required to be directed to the eventually fixated target, nor were error
trials excluded, because the DDM utilizes both correct and incorrect trials
to model reaction time distributions.
The best model was selected based on the lowest deviance information criterion (DIC). Even though the DIC penalizes increased numbers of
parameters in a model, it still has a bias to prefer more complex models
(Wiecki et al., 2013). Therefore, it should only be used as a heuristic
for model selection. Condition-specific differences in the parameters of
the selected model were analyzed using a Bayesian approach, that is, we
sampled from the posterior distributions of the parameters and compared
the likelihood of samples being lower in one condition relative to the
other. We considered values larger than 97.5% or smaller than 2.5%
significant. Note, even though these posterior probabilities are not the same
as confidence intervals, they can be interpreted in a similar way (Wiecki et
al., 2013). To test the predictive quality of the model, we compared actual
data to simulated data, sampled from the posterior distribution of the fitted
model and evaluated the correspondence across several summary statistics.

Method

83

4.2.7 Functional MRI Preprocessing
FMRI data was preprocessed using FMRIPrep version 1.0.8 (Esteban et al.,
2018), a Nipype (Gorgolewski et al., 2011, 2018) based tool. Each T1w volume was corrected for intensity non-uniformity using N4BiasFieldCorrection
v2.1.0 (Tustison et al., 2010) and skull-stripped using antsBrainExtraction.sh
v2.1.0 (using the OASIS template). Brain surfaces were reconstructed using
recon-all from FreeSurfer v6.0.0 (Dale, Fischl, & Sereno, 1999), and
the brain mask estimated previously was refined with a custom variation of the method to reconcile ANTs-derived and FreeSurfer-derived
segmentations of the cortical gray-matter of Mindboggle (Klein et al.,
2017). Spatial normalization to the ICBM 152 Nonlinear Asymmetrical
template version 2009c (Fonov, Evans, McKinstry, Almli, & Collins, 2009)
was performed through nonlinear registration with the antsRegistration
tool of ANTs v2.1.0 (Avants, Epstein, Grossman, & Gee, 2008), using
brain-extracted versions of both T1w volume and template. Segmentation
of cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM)
was performed on the brain-extracted T1w using fast (Y. Zhang, Brady,
& Smith, 2001) in FSL v5.0.9 (Jenkinson, Bannister, Brady, & Smith, 2002).
Functional data were motion corrected using mcflirt (FSL v5.0.9).
"Fieldmap-less" distortion correction was performed by co-registering the
functional image to the same-subject T1w image with inverted intensity
(Huntenburg, 2014; S. Wang et al., 2017) and constrained with an average
fieldmap template (Treiber et al., 2016), implemented with antsRegistration
(ANTs). This was followed by co-registration to the corresponding T1w
using boundary-based registration (Greve & Fischl, 2009) with 9 degrees of
freedom, using bbregister (FreeSurfer v6.0.0). Motion correcting transformations, field distortion correcting warp, BOLD-to-T1w transformation and
T1w-to-template (MNI) warp were concatenated and applied in a single
step using antsApplyTransforms (ANTs v2.1.0) using Lanczos interpolation.
After the preprocessing with FMRIPrep, functional data were further
high-pass filtered at 1/50 Hz using the fslmaths implementation of Nipype.
Physiological noise regressors were extracted applying CompCor (Behzadi,
Restom, Liau, & Liu, 2007). Principal components were estimated for
anatomical CompCor (aCompCor). A mask to exclude signal with cortical
origin was obtained by eroding the brain mask, ensuring it only contained
subcortical structures. For aCompCor, six components were calculated
within the intersection of the subcortical mask and the union of CSF and
WM masks calculated in T1w space, after their projection to the native
space of each functional run. Frame-wise displacement (Power et al.,
2014) was calculated for each functional run using the implementation
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of Nipype. Many internal operations of FMRIPrep use Nilearn (Abraham
et al., 2014), principally within the BOLD-processing workflow. See
https://fmriprep.readthedocs.io/en/1.0.8/workflows.html for more detail
on the pipeline.
4.2.8 Functional MRI Analysis

4

General Linear Model
To examine brain activity related to our experimental conditions, we ran an
event-related general linear model on the whole brain, separately for each
run of each subject. Prior to modeling, functional time series were spatially
smoothed with a 5 mm FWHM Gaussian kernel with a nipype implementation of SUSAN (S. M. Smith & Brady, 1997). We separately modeled
all combinations of our experimental conditions (both-targets/switch, onetarget/switch, both-targets/repeat, one-target/repeat) as well as error trials
and the response to the cue display, using display onset times relative to
the start of the run as event onset times and the response times as event
durations. These events were convolved with a canonical hemodynamic response function (double-gamma), and, together with a number of nuisance
regressors, formed the design matrix. Nuisance regressors include the temporal derivative of each event type, motion-related parameters (three regressors each for translation and rotation), framewise displacement (FD),
and six anatomical noise regressors (aCompCor). Finally, all volumes with
a FD value greater than 0.9 were treated as motion-related outliers and
censored, that is effectively excluded from the model. Finally, the data was
prewhitened with an autoregressive model to account for temporal autocorrelation (Woolrich, Ripley, Brady, & Smith, 2001). The resulting t-statistic
maps were combined across runs within participants in a fixed-effect analysis.
Next, group analysis was performed with threshold-free cluster enhancement
(tfce; S. M. Smith & Nichols, 2009), a voxel-based type statistic that combines the height and spatial extent of local activations. The transformed
p-value maps were corrected with nonparametric permutation testing (5000
permutations) as implemented in FSL’s randomise (Winkler, Ridgway, Webster, Smith, & Nichols, 2014). Finally, the corrected maps were registered
to the FreeSurfer surface (fsaverage) coordinate system, using registration
fusion (Wu et al., 2018). All reported results were initially thresholded at α
= .05, however, for illustration purposes, activity maps were also thresholded
at the more stringent α = .01 and shown as overlays (all applied to p-values
corrected for multiple comparisons as per above).
Deconvolution
To gain further insight into the time course and extent of the BOLD response as triggered by each event type, we ran a deconvolution analysis
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in brain regions that are typically considered part of the multiple-demand
(MD) network, that has been associated with cognitive control in a variety
of contexts (Duncan, 2010; Fedorenko et al., 2013), plus showed generic
switch-related activity in our GLM analysis. To do this, we first converted
the preprocessed functional data to represent the percent signal change of
the time series, concatenated them across runs and averaged the resulting
series within each region of interest (ROI). We defined ROIs based on an
existing set of masks of MD subregions (Fedorenko et al., 2013). These ROIs
were then combined with voxels that showed significant switch-related activity (collapsed over target availability) in our GLM analysis, yielding 23 ROIs
in total. The deconvolution was performed with nideconv (de Hollander &
Knapen, 2018). We used the same regressors as in the GLM analysis with the
exception that the temporal derivative regressors were not included. All other
regressors were convolved with a Fourier basis set, comprising an intercept
and four sine-cosine pairs. Prior to estimation, the design matrix was oversampled 20-fold to improve the temporal resolution. For each regressor, beta
weights were estimated with ridge regression for each participant separately.
The deconvolved time series were extracted from the beta weights and averaged across participants. To statistically test for significant activations, we
used a permutation test with 1000 permutations (MNE - one-sample t test;
Gramfort et al., 2013) and a cluster-based approach to correct for multiple
comparisons. Finally, to test for potential onset differences between proactive
and reactive switch-related activity, we used fractional peak latency in combination with the jackknife approach (Liesefeld, 2018; Luck, 2014; J. Miller,
Patterson, & Ulrich, 1998). In doing so, we averaged the deconvolved time
series of all but one participant and identified the time point at which the
time series reached 50% of the peak, separately for the proactive and the
reactive conditions. To mitigate the influence of local extreme values on the
latency estimation, for every time point we averaged the amplitude over five
time consecutive points (centered at the current time point). We repeated
this procedure leaving out each participant once and computed a pairedsample t test over the onset estimates. To correct for the artificially reduced
error term in the jackknife approach, we followed J. Miller et al. (1998) by
effectively dividing the t-statistic by the degrees of freedom.

4.3 Results
4.3.1 Behavioral Results
We observed switch costs (longer saccade latency after target switches than
target repetitions) only in one-target available blocks but not in both-targets
available blocks (Figure 4.1B,C). This was statistically confirmed by a
two-way repeated-measures ANOVA with target availability (both-targets
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available vs. one-target available) and transition type (repeat vs. switch) as
factors on saccade latency. This ANOVA revealed significant main effects
of target availability (F (1, 18) = 18.3, p < .001, η2p = .50) and transition
type (F (1, 18) = 23.3, p < .001, η2p = .56), and a significant interaction
between them (F (1, 18) = 16.7, p < .001, η2p = .48). A Bayes Factor
analysis confirmed this pattern by showing that the model including both
main effects and the interaction effect explains the data best (BF = 7.8
x 105 ) and was 12.2 times as likely as the next best model including only
the main effects. Overall, saccade latencies were lower in both-targets
blocks than in one-target blocks, and lower on switch trials than on repeat
trials. Critically however, significant switch costs emerged only in one-target
blocks (target repeat: 388 ms vs. target switch: 452 ms; t(18) = 5.1, p <
.001, Cohen’s d = 0.63), and not on both-targets blocks (target repeat:
374 ms vs. target switch: 388 ms; t(18) = 2.0, p = .06, Cohen’s d = 0.20).
Bayesian t tests confirmed this conclusion by providing very strong evidence
for the presence of switch costs in the one-target condition (BFSwi t chC ost s
= 374), but no conclusive evidence for either the presence of absence of
switch costs in the both-targets condition (BFSwi t chC ost s = 1.2).
Next, we analyzed fixation accuracy, that is, the proportion of trials
on which participants fixated a target relative to all trials (see 2.1). The
data pattern here confirms the saccade latency results with switch costs in
one-target blocks and no switch costs in both-targets blocks, precluding an
interpretation in terms of a speed-accuracy tradeoff. To test these results,
we ran a two-way repeated measures ANOVA with the same factors on
accuracy, which also yielded significant main effects of target availability
(F (1, 18) = 42.6, p < .001, η2p = .70) and transition type (F (1, 18) =
37.8, p < .001, η2p = .68), as well as a significant interaction between them
(F (1, 18) = 28.6, p < .001, η2p = .61). Again, this was supported by a
Bayes Factor analysis indicating that the full model (BF = 1.8 x 1010 ) is
1,746 times more likely than the model with only main effects (BF = 1.8 x
107 ).
Finally, to test whether the different display types (target duplicate
vs. distractor duplicate) had an influence on the presence or absence
of switch costs in each target availability condition, we ran a three-way
repeated measures ANOVA with target availability, transition type and
display type as factors on saccade latency. However, neither the main effect
display type, nor any of the interactions that included that term were
significant (p > .12). The full ANOVA results can be found in the Appendix
A.3.
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Table 4.1:

Percentage correctly fixated targets for all

conditions in all three experiments.
Target Availability

Target Switch

Target Repeat

Both-Targets

96.1 [95.4, 97.0]

96.9 [96.2, 97.6]

One-Target

87.2 [85.4, 89.0]

95.3 [94.6, 96.0]

Note: Within-subjects 95% confidence intervals (Morey,
2008) are given in brackets.

4.3.2 Hierarchical Drift Diffusion Modeling Results
Of all models that we ran (see Table A.3), the full model with a variable
drift rate for target availability and transition type and a variable boundary
separation for target availability performed best in explaining the data, as
indicated by the lowest DIC (-5.15 x 105 ). The next best model was the
drift-rate-only model with a DIC of -5.13 x 105 . We estimated the posterior
probability distributions for the condition-specific drift rates and boundary
separations and tested for significance directly on the posterior distributions
(see Figure 4.1E). Using the posterior probabilities, we examined how likely
it would be for parameter estimates to be greater in one condition compared
to another (P[X > Y]). For drift rates, we compared switch to repeat trials
in both target availability conditions separately. Drift rates were significantly
higher in repeat trials than in switch trials for one-target blocks (switch:
vmean = 2.31, repeat: vmean = 3.70, P[switch > repeat] = 0%). In bothtargets blocks drift rates were also higher for repeat trials than for switch
trials, but the difference was not as large (switch: vmean = 3.88, repeat:
vmean = 4.22, P[switch > repeat] = 9%). This suggests that participants
needed more time to decide whenever selecting a different target than on
the previous trial, particularly when only one target was available. Nevertheless, the higher likelihood for drift rates to be larger for repeat than switch
trials when both targets were present suggests that also in this condition,
some switch-related cost was present. Even though the best model included
separate estimates for boundary separation for one-target blocks and bothtargets blocks, comparing these boundary separation estimates to each other
yielded virtually the same value (one-target available: amean = 1.17, bothtargets available: amean = 1.16, P[both-targets > one-target] = 47%). This
suggests that participants did not adjust their response caution across target availability conditions. This finding is somewhat unintuitive given that
the best model included a separate boundary separation parameter for each
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target availability condition, but could be caused by the DIC being biased
toward the more complex model (see Wiecki et al., 2013). Finally, to confirm
that the full model accurately captured the data, we examined the quality
of the model fit. In addition, we also checked whether the simpler drift-rateonly model (only drift rate could vary across experimental conditions) was
also representative of the data, we analyzed that model as well. For this
purpose, we generated data by sampling from the posterior distributions of
the parameters and compared the simulated data to the original data. Importantly, key summary statistics, such as accuracy, mean, median, quantiles
(10, 30, 50, 70, 90) saccade latencies, were all recovered in the simulated
data, as indicated by all summary statistics lying within the 95% credible
intervals. This indicates that both models provide a good fit to the data and
interpreting their parameters is warranted.
4.3.3 Neuroimaging Results
General Linear Model
To determine whether the behavioral effects in terms of switch costs are
governed by separable cognitive control mechanisms, we used a general
linear model (GLM) to examine whether BOLD activity associated with
updating a target representation depended on how many unique targets
were available in a search display. Before comparing switch-related activity
across target availability conditions, we first contrasted switch trials
with repeat trials, separately within the one-target and the both-targets
condition. When both targets were available, switches elicited widespread
activations across cerebral cortex and cerebellum, in a network reminiscent
of the multiple-demand (MD) network (see Figure 4.2 and Table 4.2).
Bilateral frontal activations include dorsolateral prefrontal cortex (dlPFC),
frontopolar cortex, dorsal premotor cortex (PMd), inferior frontal junction
(IFJ), anterior insula / frontal operculum cortex (aINS), posterior cingulate
gyrus (pCG), and medial frontal cortex (spanning from the dorsal anterior
cingulate cortex to the frontal eye fields, mFC/dACC). Parietal activations
were found bilaterally in the superior parietal lobule (SPL), extending across
the intraparietal sulcus (IPS) into the inferior parietal lobule (IPL), including
supramarginal and angular gyrus. In the occipital and temporal lobe, there
was switch-related activity in the intracalcarine sulcus and in temporooccipital regions, bilaterally and in the right inferior temporal gyrus. Finally,
several subregions in the cerebellum were activated as well. When only one
target was available, fewer significant clusters were found (see Figure 4.3
and Table 4.2). Activations were restricted primarily to posterior regions
in the parietal and occipital lobe, including IPS, SPL, and IPL as well as
the cerebellum. However, two smaller activated regions were also found in
the left IFJ, and the dlPFC at the border with the frontopolar cortex. Next,
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Figure 4.2: Cerebral activations for the free choice condition (proactive control demand).
Activations shown in yellow-red represent the contrast free switch > free repeat; activations shown in blue represent the contrast free repeat > free switch. Group-level t-statistics
maps were computed with the tfce-method (S. M. Smith & Nichols, 2009) and corrected
for multiple comparisons using nonparametric permutation testing. The resulting P-value
maps were thresholded at α = .05 and projected onto the fsaverage surface using registration fusion (Wu et al., 2018), with translucent coloring. In addition, regions that were
also significant at α = .01 are shown in saturated colors. Free switches were associated
with higher activity than free repeats across both hemispheres in dorsolateral prefrontal
cortex (dlPFC), frontopolar cortex (FPC), dorsal premotor cortex (PMd), inferior frontal
junction (IFJ), anterior insula/frontal operculum cortex (aINS), posterior cingulate gyrus
(pCG), anterior cingulate gyrus (aCG), medial frontal cortex (spanning from the dorsal
anterior cingulate cortex to the frontal eye fields, mFC//dACC), superior parietal lobule
(SPL), inferior parietal lobule (IPL), intracalcarine sulcus (ICS), right inferior temporal
gyrus (ITG), temporo-occipital cortex (TOC), and bilateral cerebellum (not shown here).
Free repeats were associated with higher activity than free repeats in the left precuneus
(pc), bilateral ventromedial prefrontal cortex (vmPFC), left medial temporal gyrus (MTG),
left temporoparietal junction (TPJ) and right temporal pole (TP).

to statistically compare switch-related activity between target availability
conditions, we directly compared activity associated with each target
availability condition to each other. However, because target availability
was manipulated at the block-level, when directly comparing switch-related
activity across target availability conditions, we might pick up on overall
block differences rather than true switch-related differences. We therefore
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Figure 4.3: Cerebral activations for the imposed choice condition (reactive control demand). Activations shown in yellow-red represent the contrast imposed switch > imposed
repeat; activations shown in blue represent the contrast imposed repeat > imposed switch.
Group-level t-statistics maps were computed with the tfce-method (S. M. Smith & Nichols,
2009) and corrected for multiple comparisons using nonparametric permutation testing.
The resulting P-value maps were thresholded at α = .05 and projected onto the fsaverage surface using registration fusion (Wu et al., 2018), with translucent coloring. In
addition, regions that were also significant at α = .01 are shown in saturated colors.
Imposed switches were associated with higher activity than imposed repeats bilaterally in
dorsolateral prefrontal cortex (dlPFC), left inferior frontal junction (IFJ), superior parietal
lobule (SPL), inferior parietal lobule (IPL), temporo-occipital cortex (TOC), and bilateral
cerebellum (not shown here). Imposed repeats were associated with higher activity than
imposed repeats in the left precuneus (pc), bilateral ventromedial (vmPFC), dorsomedial prefrontal cortex (dmPFC), left medial temporal gyrus (MTG), and left hippocampus
(HC).

computed a double contrast, in which we first isolated switch-related activity
per target availability condition by subtracting repeat activity from switch
activity, and next, contrasted these differences to obtain the neural correlate
of switching when both targets were available versus when one target
was available. When considering regions where switch-related activity was
stronger in both-targets blocks than in one-target blocks, we again found
activations closely resembling the MD network, including bilateral dlPFC,
frontopolar cortex, mFC/dACC, pCG, SPL, IPS, and Cerebellum (Figure
4.4). The opposite contrast –more switch-related activity in the one-target
condition than in both-targets available condition– yielded no significant
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activations. One possibility might be that in the one-target condition, target
representations often needed to be updated both on switch and repeat
trials, for example if participants did not anticipate any of the targets. If this
is the case, switch and repeat trials would be more similar in the one-target
available condition, so that activity reflecting switch costs would be reduced.
To investigate this possibility, we directly compared switch activations
between target availability conditions without taking repeat events into
account (see Figure A.4). For the contrast both-targets switch greater than
one-target switch, a very similar pattern was found as in the double-contrast
analysis (only bilateral aINS and Caudate were additionally active), thus
confirming the previous findings and suggesting that block differences do
not seem to play an important role. More importantly, when considering
the opposite contrast, significant clusters of activation were now found
in the left ventrolateral prefrontal cortex (vlPFC), precuneus, and left
temporoparietal junction, regions that have been considered part of the
default mode network (DMN; Raichle et al., 2001; Raichle, 2015). The
DMN has recently been linked to automated behavior, not rigorously
governed by cognitive control (Vatansever, Menon, & Stamatakis, 2017).
Therefore, stronger DMN activations in one-target blocks could be explained
by less control being applied during switches in this condition compared
to both-targets blocks. If so, the same should be true for repeat trials.
For this reason, these DMN activations might not have emerged in the
double-contrast procedure, as these activations canceled each other out
when switch and repeat trials in the one-target condition were contrasted
with each other. To investigate whether there actually was DMN activity
associated with repeat trials, in an exploratory analysis, we examined
whether there were regions in which repeat events led to stronger activation
than switch events, separately for the both-targets and one-target conditions.
In this exploratory analysis, we effectively reversed the contrast that
was used to isolate switch-related activity in the first step of the double
contrast procedure. We indeed detected strong activity along the medial
wall of the PFC, the orbitofrontal cortex (OFC), the precuneus, the left
medial temporal gyrus (MTG), and the temporoparietal junction (TPJ)
across both target availability conditions (opposite contrast shown in blue in
Figure 4.2 and 4.3). In addition to these common activations, the amygdala
and the hippocampus were selectively active in the one-target blocks (Figure
4.3). Directly comparing both-targets to one-target repeat trials (not taking
switch trials into account), yielded three cluster in which there was stronger
activity in the one-target condition. These clusters were located in the
precuneus, the medial PFC, MTG, and the TPJ (Figure A.5). The opposite
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contrast did not show any significant activations, suggesting that the DMN
was activated more strongly when one target was available than when
both targets were available, which could indicate a higher demand for
cognitive control during both-targets blocks than during one-target blocks
(see the Discussion in Section 4.4), or conversely, more automated behavior
during the latter. To test this hypothesis, finally, we compared activity
between target availability conditions across all event types (collapsed across
transition type). This analysis indicates primarily DMN activity (precuneus,
vlPFC, TPJ, and medial PFC) in one-target blocks and MD network activity
(bilateral dlPFC, aINS, PMd, IFJ, frontopolar cortex, mFC/dACC, SPL)
in both-targets blocks (Figure A.6), in line with the hypothesis that more
control is demanded during both-targets blocks.

4

Taken together, the GLM findings demonstrate that for both-targets
as well as one-target switches, activations were found in what is known as
the multiple-demand network. However, these activations were stronger and
more widespread for free switches than for imposed switches. Furthermore,
during repeat trials, the DMN was strongly active, particularly during
one-target blocks. Irrespective of transition type (switch versus repeat), the
MD network seems to be more engaged when both targets are available
than when only one is there, in which case the DMN is predominantly
active.
Deconvolution Analysis
The standard approach of modeling the BOLD response with a canonical
hemodynamic response function (HRF) maximizes sensitivity for activations
at the expense of being more biased towards a predefined shape of the
response (Poldrack, Mumford, & Nichols, 2011). To characterize potential
interregional variability and accommodate non-standard BOLD-responses
not captured by the double-gamma function that we used in the GLM
approach, we employed a deconvolution analysis. Deconvolution has the
advantage that the shape and the time course of the HRF can vary and
some temporal information can be retained. We limited this analysis to
ROIs that are part of the MD network and showed switch-related activity
(collapsed across target availability) in the GLM (see Section 4.2.8), to limit
the number of analyses, while still considering most regions in which switchrelated activity might be found. Across both cerebral cortex and cerebellum,
23 ROIs were considered. We focused on activation differences between
imposed and free switches, specifically where the activation patterns
diverge from the standard GLM results described above. Such differences
were found primarily for imposed switches. Specifically, the deconvolution
identified significant activity bilaterally in the anterior Insula (aINS) and
the left dorsal premotor cortex (PMd) located on the superior frontal gyrus.
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Figure 4.4: Cerebral regions in which free switch cost (free switch > free repeat)
yielded stronger activity than imposed switch cost (imposed switch > imposed repeat),
shown in yellow-red. Group-level t-statistics maps were computed with the tfce-method
(S. M. Smith & Nichols, 2009) and corrected for multiple comparisons using nonparametric permutation testing. The resulting P-value maps were thresholded at α = .05 and
projected onto the fsaverage surface using registration fusion (Wu et al., 2018), with
translucent coloring. In addition, regions that were also significant at α = .01 are shown
in saturated colors. Free switch costs were associated with higher activity than imposed
switch cost across both hemispheres in dorsolateral prefrontal cortex (dlPFC), frontopolar cortex (FPC), dorsal premotor cortex (PMd), inferior frontal junction (IFJ), anterior
insula/frontal operculum cortex (aINS), bilateral posterior cingulate gyrus (pCG), anterior cingulate gyrus (aCG), medial frontal cortex (mFC/dACC), superior parietal lobule
(SPL), inferior parietal sulcus (IPS), intracalcarine sulcus (ICS), right inferior temporal
gyrus (ITG), temporo-occipital cortex (TOC), and bilateral Cerebellum (not shown here).

Nevertheless, in these regions, free switches still elicited a stronger response
than imposed switches (Figure 4.5). Across all other ROIs, we observed
four patterns: regions with neither imposed nor free switch activity, regions
with only free switch activity, regions with both imposed and free switch
activity but more activity on free switches, and regions with equal amounts
of imposed and free switch activity. However, in all those regions the deconvolution yielded the same qualitative pattern as the standard GLM approach.
Note that beyond regional differences between imposed and free switches,
these two conditions could also differ in temporal aspects. In fact, a strong
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prediction of the dual mode of control framework is that proactive control
should begin before trial onset, whereas reactive control should only be
invoked after the search display onset. van Driel et al. (2019) provided
strong support for this prediction using a very similar paradigm to ours in
combination with more time-sensitive EEG measures. To test for potential
onset differences also in the fMRI signal, we measured the estimated onset
latency in combination with a jackknife approach. The results yielded
significantly earlier proactive switch activity in the left PMd (Mpr oac t i ve
= 1210 ms, Mr eact i ve = 2237 ms, tc (18) = 2.77, pc = .01), right PMd
(Mpr oact i ve = 1484 ms, Mr eact i ve = 2300 ms, tc (18) = 2.53, pc = .02),
left IFJ (Mpr oact i ve = 1484 ms, Mr eac t i ve = 2226 ms, tc (18) = 2.79, pc
= .01), right IFJ (Mpr oact i ve = 1505 ms, Mr eac t i ve = 2000 ms, tc (18)
= 2.99, pc = .008), left posterior parietal cortex (Mpr oac t i ve = 1721 ms,
Mr eact i ve = 2405 ms, t c (18) = 2.22, p c = .04), right posterior parietal
cortex (Mpr oact i ve = 1747 ms, Mr eac t i ve = 2516 ms, tc (18) = 3.33, pc
= .004), and mFC/dACC (Mpr oact i ve = 1284 ms, Mr eac t i ve = 2026 ms,
tc (18) = 2.79, pc = .01), but no such difference in the bilateral aINS (left:
Mpr oact i ve = 2152 ms, Mr eact i ve = 2115 ms, tc (18) = 0.41, pc = .69;
right: Mpr oact i ve = 1900 ms, Mr eac t i ve = 2410 ms, tc (18) = 1.50, pc =
.15). Some of these areas, notably mFC/dACC and PMd, are consistent
with the midfrontal topography of the free choice related beta-oscillatory
suppression that was observed by van van Driel et al. (2019). Note that
one might also expect to find onset differences in the frontopolar cortex,
given its presumed role in voluntary switching (Mansouri et al., 2017;
Pollmann, 2016). However, as there was virtually no activity related to
imposed switches in this region, onset difference could not meaningfully be
determined.

4.4 Discussion
In this study we set out to examine which brain regions are recruited in
multiple-target search, depending on whether observers are free to select
a target or whether they are forced to select a particular target. For this
purpose, we asked observers to look for multiple targets and we manipulated
whether both or only one of the two potential target colors were present in a
search display. We reasoned that the presence of both targets would enable
observers to use proactive control to prepare a search, whereas the presence
of only a single item would require reactive control whenever the observer
expected the wrong target. In accordance with previous findings (Ort et al.,
2017, 2018), we found clear switch costs in terms of both saccade latency
and saccade accuracy when only one target category was present in a search
display, while there were no switch costs when both targets were available.
This finding is further supported by the results of hierarchical drift diffusion
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Figure 4.5: Group-averaged beta estimates of neural activation time course in selected
regions of interest. Deconvolution analysis was used to model the BOLD response for
each event type separately. For each target availability condition, the difference of the time
courses for switch and repeat trials was computed and the resulting time courses are shown
here. The shaded color bands represent 68% confidence intervals (±1 SEM). Thick lines
as well as horizontal bars indicate significant clusters (at α = .05) as produced by clusterbased permutation testing (5000 permutations). The black horizontal bars indicate the
range over which the difference between the target availability condition was significant.
The marked time points (vertical dashed lines) indicate the latency of 50% maximum
amplitude as estimated using a jackknife approach, as a measure of the onset of activation
(Liesefeld, 2018; Luck, 2014; J. Miller et al., 1998)

modeling, which revealed lower drift rates on switch compared to repeat
trials when one target was available. When both targets were present, drift
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rates were also lower for switch than for repeat trials, but this difference was
much smaller than in the one-target condition. This suggests that observers
used the predictability of the both-targets condition to prepare selection of
either one of the targets, so that potential costs associated with updating
the currently active target representations remained latent.

4

Importantly, using fMRI measures we provide new evidence regarding
the neural mechanisms underlying these switches of feature-based attention.
We found the frontoparietal multiple-demand network (Duncan, 2010;
Fedorenko et al., 2013) to be strongly associated with free target switches.
Imposed target switches elicited a similar, yet weaker activity pattern in
the posterior parietal cortex (PPC), and relatively smaller activity clusters
in frontal regions at the inferior frontal junction (IFJ) and dorsolateral
prefrontal cortex (dlPFC). Furthermore, the direct comparison of free and
imposed switches indicates that the multiple-demand network is more
strongly involved during free than during imposed switches. In contrast,
parts of the default mode network are activated stronger in blocks involving
imposed switches. Assuming that target availability conditions primarily
differed with respect to whether observers used proactive control (bothtargets available) or reactive control (one-target available), our findings
suggest that these two modes of control can indeed be dissociated during
multiple-target search. More specifically, by means of a deconvolution
analysis, we were able to categorize these differential activations into regions that exclusively activate for free switches (dlPFC, frontopolar cortex,
and medial frontal cortex/mFC) and regions that are also active during
imposed switches but to a lesser extent (IFJ, dorsal premotor cortex/PMd,
and PPC). Furthermore, these regions activated earlier for free switches,
corroborating their role in preparatory cognitive control in anticipation of a
demanding event.
The observed activations for imposed switches are reminiscent of earlier reports on stimulus or task-induced feature-based attention shifts with
activations primarily located bilaterally in PPC and PMd (Greenberg et al.,
2010; Liu et al., 2003; Pollmann et al., 2000, 2006; Slagter et al., 2006,
2007). This also matches the observation that IFJ and PPC are involved in
updating and representing task sets across a variety of tasks (Brass & von
Cramon, 2004; Kim et al., 2012). In particular, it has been suggested that
while IFJ is responsible for updating task-specific information, the PPC
maintains such information and implements task sets (Brass & von Cramon,
2004; Bunge et al., 2003; Greenberg et al., 2010; Shulman, 2002; Slagter et
al., 2007). Finally, the activity in the anterior insula that we observed after
deconvolution analyses of both types of switches may be part of a network
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that signals salient events (such as the absence of an expected target
color) and the need to initiate a cascade of control signals that eventually
update the active target representation (Menon & Uddin, 2010; Power &
Petersen, 2013; Seeley et al., 2007). We isolated the neural response to
feature-based attention shifts from the additional types of changes that
may contribute to task-switch costs (e.g. Meiran, 2010), in particular shifts
of stimulus-response mapping. Our findings suggest that establishing a
new attentional set is a rather "cheap" process that requires only minimal
frontal activity (see K. S. Moore & Weissman, 2010; Ort, Fahrenfort,
ten Cate, Eimer, & Olivers, 2019, for behavioral and electrophysiological
evidence). Furthermore, similar to Gmeindl et al. (2016), we directly
compared endogenous, self-initiated target switches to imposed switches,
but of feature-based rather than spatial attention. Importantly, our design
allowed us to link either switch-related activity to specific events in the
experiment. In doing so, we show that there is common, but also distinct
neural activity underlying these types of switches.
However, some findings were unexpected, in particular with respect
to imposed switches. First, with the standard GLM approach, we did
not observe any significant imposed-switch-related activity in the dorsal
premotor cortex (PMd; presumably the location of the human frontal eye
fields), an area that has previously been shown to be related specifically
to feature-based attention shifts (Kim et al., 2012). Using deconvolution,
we were able to detect significant, but relatively weak activity in the left
PMd. A possible explanation may be that in contrast to earlier studies
of feature-based attention shifts (e.g. reviewed in Kim et al., 2012),
in our study, there were no changes in the stimulus-response mapping
associated with imposed switches. Note that an imposed target shift did
not systematically signal a particular eye movement as target location and
target identity were unrelated. Therefore, there was no need to activate or
update a certain stimulus-response mapping, which has been suggested to
be a function of the PMd (e.g. Badre & D’Esposito, 2009; Hopfinger et al.,
2000; Kim et al., 2012). This is also supported by (Pollmann et al., 2006),
who, during a visual search task, separated attention shifts from response
shifts and found only the latter to activate the PMd.
Second, unlike Jiang et al. (2018), we did not observe any activity in
the anterior cingulate cortex (ACC) related to imposed switches. This
region has been linked to conflict monitoring in numerous studies (e.g.
Botvinick, Nystrom, Fissell, Carter, & Cohen, 1999; Ito, Stuphorn, Brown, &
Schall, 2003; Jiang et al., 2015; Kerns et al., 2004; Ullsperger, Danielmeier,
& Jocham, 2014). As observers could not anticipate imposed target
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switches, we also expected a degree of surprise whenever the target
changed. This signal has been suggested to be related to conflict-processing
and to originate in the medial frontal cortex (e.g. Cavanagh & Frank,
2014). However, experienced conflict in Jiang et al. (2018) may have been
stronger due to the fact that participants were explicitly cued as to which
task to expect, while in our study any build-up of expectations was left
to the observer. Furthermore, unlike in the Jiang et al. study, observers
did not have to manage a target-specific stimulus-response mapping in
our study. Overall, we believe that target selection in our paradigm was
relatively easy and therefore did not evoke strong conflict-related signals
in the frontal cortex. That said, in a recent EEG study with a very similar
paradigm (van Driel et al., 2019), we did observe a power enhancement in
the delta/theta-frequency band after imposed switches over midfrontal electrodes. This signal has been suggested to be related to conflict-processing
and to originate in the medial frontal cortex (e.g. Cavanagh & Frank, 2014).
It remains to be investigated why we found no corresponding source here.
Some support for the hypothesis that relatively little control was exerted in the imposed target condition comes from the default mode network
activity that we observed, particularly for repeat trials. The default mode
network has recently been shown to not just reflect an idle brain state,
but to also activate during various tasks (Elton & Gao, 2015; Konishi,
McLaren, Engen, & Smallwood, 2015; Smallwood et al., 2013; V. Smith,
Mitchell, & Duncan, 2018; Spreng, 2012; Spreng et al., 2014; Vatansever
et al., 2017). Even though its functional significance is still debated, there
is increasing evidence that suggests the default mode network is related
to internally-generated thought (Konishi et al., 2015), decoupled from
immediate sensory input or context-representation (V. Smith et al., 2018).
Maybe most importantly, (Vatansever et al., 2017) demonstrated that
even though the cognitive control network is strongly involved in acquiring
task rules, once those rules have been learned, the default mode network
becomes active while applying them. They concluded that whenever the
current task context is predictable, individuals enter a form of "autopilot"
mode in which correct responses can be made without explicit cognitive
control. We argue the same may happen in our paradigm: During phases of
target repeats, participants were able to select the correct target disk in a
low-control, automated manner.
The activation patterns associated with free switches are similar to
previously reported activations related to proactive control demand
(Irlbacher et al., 2014; Jiang et al., 2018). In addition to parietal and
posterior frontal activity as was also observed for imposed switches, two
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key activations are of primary importance here. First, there were strong
medial activations spanning from dorsal anterior cingulate cortex (ACC) to
the supplementary motor area (SMA). Activity in these regions has been
associated with self-generated choice (Demanet et al., 2013; Forstmann
et al., 2006; Gmeindl et al., 2016; Orr & Banich, 2013; Passingham et
al., 2010; Soon et al., 2008; Taylor et al., 2008; Wisniewski et al., 2015,
2016; J. Zhang et al., 2013). The present pattern of activations matches
those findings, consistent with the idea that participants used the available
information to prepare a switch trial in advance. Second, activity was found
in the lateral frontopolar cortex. This region has been associated with
making free decisions, but also with the evaluation of alternative goals
in the context of exploratory behavior (Mansouri et al., 2017; Pollmann,
2016). We believe that this activity might reflect participants evaluating
whether or not to switch to the other target color during a streak of target
repeats. Nevertheless, even though these activations were specific to the
free choice condition, they may only indirectly relate to proactive control,
inasmuch as this information can be used by a cognitive control system to
signal when (and supposedly how much) proactive control should be invoked.
In addition, we also found activity along the dlPFC. In line with an
interpretation in terms of proactive control, this activity might reflect
preparatory updating and maintaining of task rules (Braver et al., 2009).
However, as the dlPFC has been linked to a wide range of executive
functions, such as working memory, planning, and inhibition (e.g. Niendam
et al., 2012), we cannot exclude that other factors caused the activations
in this region. For example, dlPFC activity could have been caused by
additional mental effort and working memory demand associated with
overall planning or keeping track of the switches, in order to adhere to
the task instructions (e.g. Braver et al., 1997; Bunge, Ochsner, Desmond,
Glover, & Gabrieli, 2001; Dosenbach et al., 2008; Rypma & D’Esposito,
1999; Shenhav, Botvinick, & Cohen, 2013). Nevertheless, it could be
argued such additional cognitive processes, despite not being cognitive
control in a strict sentence, are essential for proactive control. In this
sense, proactive control requires the maintenance of the current and the
targeted state (working memory), planning target selection on future
trials (planning) and making the decision to invoke proactive control at a
given moment (intention). Therefore, the actual usage of proactive control can be seen as a consequence of an cascade of other cognitive processes.
Beyond that, the present findings provide further support for multiple-state
models of working memory postulating that the number of memory items
that can concurrently affect behavior at any given moment is limited
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(Huang & Pashler, 2007; Oberauer, 2002; Olivers et al., 2011). The fact
that we observed switch costs indicates that observers did not distribute
resources equally across multiple target representations. This interpretation
is supported by the fMRI results which show switch-related activity in
both target availability conditions in regions that have previously been
associated with updating of attentional sets (Greenberg et al., 2010; Liu et
al., 2003; Pollmann et al., 2006, 2000; Slagter et al., 2006, 2007; Wager et
al., 2004), including bilateral posterior parietal cortex and inferior frontal
junction. Switch-related activity in these regions suggests that in both target
availability conditions switch trials were associated with priority shifts,
therefore supporting dynamic weighing of attentional relevance between
target representation (see also van Driel et al., 2019).

4

4.5 Conclusion
We investigated the contributions of proactive and reactive control to target
selection during multiple-target search. We found that both control mechanisms activate a similar network that has previously been associated with
shifts of feature-based attention, with proactive control eliciting greater activity generally. In addition, proactive switching also activated other frontal
regions that have been linked to free choice and evaluating alternative options other than the current action. We argue that these signals represent
control processes to update target representations. The current study elucidates the behavioral and neural profiles of different target switching control
strategies.
Table 4.2: Localization of activations for the main contrasts. Coordinates of local maxima are reported in MNI152-space. Large clusters were split into subclusters based on
anatomical considerations. Structure labels are based on the Harvard-Oxford anatomical
atlas.
Structure

t-statistic

X

Y

Z

Proactive Switch > Proactive Repeat
Left Anterior Insula
Right Anterior Insula
Left Precentral Gyrus / Inferior Frontal Junctionc
Right Precentral Gyrus / Inferior Frontal Junctionc
Left Middle Frontal Gyrus / Dorsal Premotor Cortexc
Right Middle Frontal Gyrus / Dorsal Premotor Cortexc
Superior Frontal Gyrus / Medial Frontal Gyrusc
Posterior Cingulate Gyrus
Left Intraparietal Sulcusb

8.26
8.24
8.25
6.95
7.58
8.41
8.31
7.69
9.35

-33
33
-45
52
-27
27
0
0
-30

21
24
0
8
-6
12
18
-30
-54

8
8
38
25
54
47
47
28
44
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Table 4.2 – continued from previous page
Structure
Sulcusb

Right Intraparietal
Left Inferior Parietal Lobule
Right Superior Parietal Lobule
Right Intracalcarine Sulcus
Left Intracalcarine Sulcus
Left Cerebellum (Crus I)a
Right Cerebellum (Crus I)a
Proactive Repeat > Proactive Switch
Medial Frontal Cortex
Left Orbitofrontal Cortex
Right Orbitofrontal Cortex
Subcallosal Gyrus
Medial Frontopolar Cortex
Right Temporal Pole
Left Middle Temporal Gyrus
Left Inferior Parietal Lobule / Temporoparietal Junctionc
Precuneus
Reactive Switch > Reactive Repeat
Left Lateral Frontopolar Cortex
Left Precentral Gyrus / Inferior Frontal Junctionc
Left Intraparietal Sulcusb
Right Intraparietal Sulcusb
Left Fusiform Gyrus
Cerebellum (Vermis VI)a
Right Cerebellum (Crus I)a
Left Cerebellum (Crus I)a
Reactive Repeat > Reactive Switch
Medial Frontal Cortex
Medial Frontopolar Cortex
Left Temporal Pole
Right Amygdala
Left Amygdala
Left Hippocampus
Right Hippocampus
Left Precuneus
Left Inferior Parietal Lobule / Temporoparietal Junctionc
Proactive Switch Cost > Reactive Switch Cost
Right Lateral Frontopolar Cortex
Left Lateral Frontopolar Cortex
Right Middle Frontal Gyrus / Dorsal Premotor Cortexc
Right Middle Frontal Gyrus
Superior Frontal Gyrus / Medial Frontal Gyrusc
Posterior Cingulate Gyrus
Right Superior Parietal Lobule
Continued on next page

t-statistic

X

Y

Z

9.27
8.99
8.92
6.19
6.16
8.9
8.75

36
-30
39
24
-18
-33
36

-45
-75
-63
-72
-66
-63
-57

41
27
61
8
5
-32
-32

7.08
6.62
5.36
5.88
5.64
6.35
5.99
6.18
6.13

-3
-39
33
0
0
51
-60
-45
-6

57
36
39
15
60
15
0
-57
-54

-9
-15
-15
-9
19
-32
-25
24
21

5.28
5.04
6.76
6.21
5.55
5.74
5.67
5.16

-42
-42
-30
36
-33
6
33
-39

39
0
-51
-45
-54
-72
54
-51

11
34
44
41
-19
-25
35
-35

7.69
6.07
5.61
4.53
3.98
6.51
4.42
6.29
5.88

0
-4
-48
15
-15
-24
24
-15
-57

45
58
9
-9
-7
-21
-24
-48
-69

-12
4
-35
-15
-16
-15
-12
34
31

7.59
6.50
7.47
6.04
6.11
5.27
7.59

48
-36
24
51
3
0
42

42
63
15
30
21
-33
-60

24
18
47
38
51
28
61
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Table 4.2 – continued from previous page
Structure
Sulcusb

Right Intraparietal
Left Intraparietal Sulcusb
Left Cerebellum (Crus I)a
Right Cerebellum (Crus I)a

t-statistic

X

Y

Z

5.61
5.08
6.65
5.08

33
-30
-36
36

-51
-57
-63
-57

40
50
-32
-32

a These structure labels were retrieved from the Probabilistic cerebellar atlas (included in FSL).
b These structure labels were retrieved from the Juelich Histological Atlas.
c Additional labels were provided to further specify anatomical location or functional significance.
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Humans can efficiently look for
but not select multiple visual
objects

Adapted from:
Ort, E., Fahrenfort, J. J., ten Cate, T., Eimer, M., & Olivers, C. N. L. (2019).
Humans can efficiently look for, but not select multiple visual objects. eLife, 8
https://doi.org/10.7554/eLife.49130
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Abstract
The human brain recurrently priotizes task-relevant over task-irrelevant visual information. A central question is whether multiple objects can be prioritized simultaneously. To answer this, we let observers search for two colored
targets among distractors. Crucially, we independently varied the number of
target colors that observers anticipated, and the number of target colors actually used to distinguish the targets in the display. This enabled us to dissociate
the preparation of selection mechanisms from the actual engagement of such
mechanisms. Multivariate classification of electroencephalographic activity
allowed us to track selection of each target separately across time. The results
revealed only small neural and behavioral costs associated with preparing for
selecting two objects, but substantial costs when engaging in selection. Further
analyses suggest this cost is the consequence of neural competition resulting in
limited parallel processing, rather than a serial bottleneck. The findings bridge
diverging theoretical perspectives on capacity limitations of feature-based attention.

5.1 Introduction
Adaptive, goal-driven behavior demands the selection of relevant objects
from the visual environment while irrelevant information is being ignored.
This requires the neural activation of task-relevant representations in
memory – often referred to as attentional templates – which then bias
selection towards matching sensory input through top-down recurrent
feedback loops (Baldauf & Desimone, 2015; Desimone & Duncan, 1995;
Duncan & Humphreys, 1989; Hamker, 2004). A fundamental yet unresolved
question is whether the brain can enhance multiple task-relevant representations concurrently – a question that has recently generated considerable
controversy, with arguments both for (Dombrowe et al., 2011; Houtkamp
& Roelfsema, 2009; Á. Kristjánsson & Campana, 2010; Liu & Jigo, 2017;
Menneer et al., 2009; Olivers et al., 2011; Ort et al., 2017, 2018; van Driel
et al., 2019; van Moorselaar et al., 2014) and against (V. M. Beck et al.,
2012; V. M. Beck & Hollingworth, 2017; Grubert & Eimer, 2015; Grubert et
al., 2016; Irons, Folk, & Remington, 2012; T. Kristjánsson & Kristjánsson,
2017) a strong bottleneck.
We provide electrophysiological evidence showing that the real bottleneck is not so much in the number of different templates that can be
concurrently active in anticipation of a visual task, but in the number
of matching sensory representations in the incoming signal that can
subsequently be enhanced by those templates. Crucially, for the selection of
multiple targets to be truly simultaneous, two requirements have to be met.
First, attentional templates need to be set up for each anticipated target
feature, either in visual working memory (VWM) or through activating
long-term memory (LTM) representations. Although it is uncontroversial
that multiple representations can coexist (e.g. Cowan, 2001), in order to
be able to bias selection, each of these representations also needs to be in
a state in which it can eventually engage, through recurrent feedback, with
matching sensory signals (which is not the same as merely remembering;
see Carlisle et al., 2011; Chatham & Badre, 2015; Kiyonaga, Egner, &
Soto, 2012; Olivers & Eimer, 2011; van Driel et al., 2017). Second, to
simultaneously select multiple targets, the visual system must also be
able to concurrently use those templates to strengthen multiple matching
representations in the incoming sensory signal. In other words, multiple
neural feedback loops must be able to engage concurrently. It is important
to point out that template activation and template-guided prioritization
are distinct (cf., Huang & Pashler, 2007): It may be that at any moment
multiple templates are ready to potentially engage in the prioritization
of visual input, but that only one can actually do so following visual
stimulation. So far, studies of multiple-target selection have only focused
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on the brain’s limits in the readiness to engage in selection, and ignored
potential limits in the selection process itself.
To resolve this, we recorded electroencephalograms (EEG) from the
scalp of healthy human individuals while they were presented with hetero-
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Figure 5.1: Design and behavioral results. Caption continues on the next page.
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Figure 5.1: Continued from previous page. In all conditions, observers were required to
select two target characters and determine whether they were of the same (i.e., both letters
or both digits) or different category (i.e., letter and digit). (A) The target colors were cued
once in the beginning of a block and stayed constant for the rest of the block (64 trials). A
trial started with a fixation screen for a jittered interval of 850 to 950 ms, followed by the
search display, presented for 50 ms and another fixation screen that lasted for up to 2000
ms or until participants responded. Depending on the response, feedback was presented for
500 ms ("correct", or "wrong"). If no response was given, a 10 second time out occurred
and participants were urged to try responding quicker. (B) Task design. Depending on
the condition, either one or two colors were cued to be task-relevant in the beginning
of a block (creating one vs. two unique templates). Similarly, whenever two colors were
cued, search displays could contain either one of them, or both (one vs. two unique
target features). Thus, in the one-template-one-target-feature condition (1TMP–1TGT )
one color was cued, and both targets carried this color in the search display, in the twotemplates-one-target-feature condition (2TMP–1TGT ) two colors were cued but only one
of these colors was present in the search display with both targets carrying that color, and
in the two-template-two-target-feature condition (2TMP–2TGT ) two colors were cued
and both colors were present in the search displays. One target always appeared on the
horizontal meridian (above or below fixation), and the other target on the vertical meridian
(to the left or right of fixation). (C) and (D) Behavioral results. The violin plots depict
the distribution of (C) accuracy and (D) response times across participants, separately for
the 1TMP–1TGT, 2TMP–1TGT, and 2TMP–2TGT conditions. The horizontal lines in
the box plots represent quartiles. The vertical line represents the minimum (lower quartile
- 1.5 * interquartile range) and maximum (upper quartile + 1.5 * interquartile range)
while single dots beyond that range indicate individual outliers.

geneous visual search displays, from which they always had to select two
target objects (Figure 5.1A). Crucially, we varied the number of unique
target features (one or two colors) that the observer had to prepare for,
and the number of unique features that they would need to select from the
search display. This allowed us to disentangle the contribution of multiple
template preparation on the one hand, and multiple template engagement
on the other. A bottleneck could either emerge when going from one to two
unique templates (reflecting a limit in the readiness to engage), from one
to two unique targets (reflecting a limit in the engagement itself), or both.
Traditionally, visual target selection is assessed using the N2pc, an
event-related potential (ERP) in the EEG signal that is characterized by
increased negativity over posterior electrodes contralateral to the hemifield
in which the target is located (Eimer, 1996; Luck & Hillyard, 1994). How-
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ever, because the N2pc can only distinguish between the left versus right
hemifield, it is not able to simultaneously track the selection of multiple
targets at different locations in more complex visual search displays. To
overcome this limitation, we used multivariate decoding, which has been
proven to successfully track the spatiotemporal dynamics of feature-based
selection processes at any location in a search display (Fahrenfort et al.,
2017). Here this technique allowed us to independently track attentional
selection over time for multiple concurrent targets at once, and also to
investigate the parallel versus serial nature of these selection processes.

5.2 Results

5

Twenty-four participants performed a visual search task for which they
were always required to find two color-defined target characters presented
among an array of distractor characters, and determine whether these
two targets belonged to the same alphanumeric category Figure 5.1A,B).
The task-relevant colors were cued prior to a block of trials. To assess
if prioritization of multiple targets is limited in terms of the number of
attentional templates that can be simultaneously set up, limited in the
number of templates that can be simultaneously engaged in the selection
of target features in the display, or both, we independently manipulated 1)
how many colors were task-relevant and 2) how many of these target colors
actually appeared in the search display. Specifically, in 1TMP–1TGT (one
template, one target feature) blocks, only one color was task-relevant, so
that both targets had the same color and thus participants knew beforehand
which color template to prepare. In 2TMP–1TGT (two templates, one
target feature) blocks, two unique colors were cued as task-relevant, but
per display only one of these was used to distinguish the two targets
present (i.e., both targets had the same color). Because participants could
not predict which of the two target colors would be present, they had
to keep both templates active, even though only one of them was then
required for selecting the actual targets. Finally, in 2TMP–2TGT (two
templates, two target features) blocks, again two unique colors were cued
as task-relevant, but now both these colors also had to be used to select
the two target objects from the search display, since one of the targets
carried one color, and the other target carried the other color. Note again
that in all conditions, subjects had to select two targets, only the number
of target-defining features would vary across conditions. This controlled for
other task-related factors such as the number of characters that had to be
identified and the alphanumeric comparison that had to be performed on
them.
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5.2.1 Behavioral Results
Figure 4.1C,D show mean accuracy scores and mean response times (RTs)
as a function of experimental condition (1TMP–1TGT, 2TMP–1TGT,
and 2TMP–2TGT). Performance differences were assessed using pairwise,
Bonferroni-corrected (to α = 0.025) classical t tests and Bayesian t tests on
both measures. Any performance costs for the 2TMP–1TGT relative to the
1TMP–1TGT condition reflect the cost of preparing for multiple templates
compared to a single template (preparation cost). Any performance cost
in the 2TMP–2TGT relative to the 2TMP–1TGT condition represents the
cost of having to engage multiple templates to select targets (engagement
cost). We found evidence for both, with engagement costs being most
prominent. Specifically, there was an effect of the number of templates
on both accuracy and response times, with performance being reliably
slower and slightly more error-prone in the 2TMP–1TGT condition than in
the 1TMP–1TGT condition (RT: 731 ms vs. 679 ms, t(23) = 5.03, p <
.001, Cohen’s d = 0.64, BF = 572; accuracy: 95.4% vs. 96.5%, t(23) =
2.76, p = .01, Cohen’s d = 0.61, BF = 4.4). Even stronger costs were
observed when the number of uniquely colored targets in the display was
increased from one to two, with performance being substantially slower and
more error-prone) in the 2TMP–2TGT condition than in the 2TMP–1TGT
condition (RT: 916 ms vs. 731 ms, t(23) = 9.05, p < .001, Cohen’s d
= 1.63, BF = 2.5 x 106; accuracy: 91.4% vs. 95.4%, t(23) = 5.90, p <
.001, Cohen’s d = 1.48, BF = 3.9). Indeed, when we directly compared
these two sources of multiple-target cost to each other, the engagement
cost was greater than the preparation cost on both measures (accuracy:
4.0% vs. 1.2%, t(23) = 3.36, p = .03, Cohen’s d = 1.03, BF = 14.8;
RT: 185 ms vs. 52 ms, t(23) = 5.00, p < .001, Cohen’s d = 1.67, BF = 540).
Note further that in the 2TMP–1TGT condition, the actual target
color in the display could repeat or switch from trial to trial. Previous work
has shown switch costs, in which selection is slower after the target color
changes from one trial to the next trial, compared to when the target color
stays the same (Found & Müller, 1996; Maljkovic & Nakayama, 1994;
Monsell, 2003; Ort et al., 2017, 2018). A closer analysis of the current data
also revealed that search suffered from switches, in terms of RTs (repeat
trials: M = 704 ms, switch trials: M = 754 ms; t(23) = 8.1, p < .001,
Cohen’s d = 0.56, BFswi t chcost s = 4.2 x 105 ), and accuracy (repeat trials:
M = 95.8%, switch trials: M = 94.9%; t(23) = 2.7, p = .01, Cohen’s d =
0.40, BFswi t chcost s = 4.0).
The behavioral data thus reveal that multiple target search comes
with costs, and that these costs come in two forms. First, keeping two
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templates in mind results in relatively small but reliable costs compared to
keeping only one template. This effect is strongest when the actual target
color in the display has switched, suggesting a shift in weights on specific
templates from trial to trial. Second, considerably larger costs emerge when
the observer not only maintains two different templates, but also has to
engage both of them in biasing selection towards the two corresponding
targets. Note that this is not the result of the number of target objects per
se, as participants had to select and compare two targets in all conditions,
but it is caused by the number of unique features defining these targets.
Selecting two objects by a single feature is thus more efficient and more
accurate than selecting two objects using two different features.
5.2.2 Decoding of Target Positions Based on the Raw EEG

5

Next, to determine whether the behavioral costs indeed reflected deficits in
the selection of the different targets, we used EEG to track the strength
and dynamics of attentional enhancement of the different target positions.
To this end, one target was always placed on the vertical meridian, and
the other target always on the horizontal meridian, so that we could train
separate linear discriminant classifiers (with electrodes as features) for each
of the spatial target dimensions to distinguish left from right targets and
top from bottom targets, separately for each condition and time sample (see
Methods for details). We reasoned that any inefficiencies associated with
setting up multiple unique templates (i.e., 1TMP vs. 2TMP conditions)
and/or with actually using those templates to select multiple unique targets
(i.e., 1TGT vs. 2TGT conditions) should result in decoding to suffer in
terms of relative delays, strength, or both. Figure 4.2A shows decoding
performance for each of the conditions (1TMP–1TGT, 2TMP–1TGT, and
2TMP–2TGT), separately for the horizontal (left versus right) and vertical
meridian (top versus bottom). Figure 5.2B shows the topographical patterns
associated with the forward-transformed classifier weights over time, which
are interpretable as neural sources (see Haufe et al., 2014, and Methods).
As a general finding, we were able to track attentional selection on
both the horizontal and vertical meridian, with comparable decoding
performance. Decoding performance was tested against chance for every
sample, corrected for multiple comparisons using cluster-based permutation
testing (Maris & Oostenveld, 2007, , also see Methods). After cluster-based
permutation, we observed clear significant clusters in each of the three
conditions, with significant decoding emerging at different moments in time.
For the left-right distinction, the topographical pattern during the early
time window (200–350 ms) resembles that of the N2pc, while for later time
windows (350–700 ms) it resembles SPCN or CDA-like patterns (Grubert &
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Eimer, 2013; Mazza, Turatto, Umiltà, & Eimer, 2007; Vogel & Machizawa,
2004). As shown in Figure A.7, more traditional event-related analyses
indeed revealed N2pc and SPCN components, which likely contributed to
the classifiers’ performance. For vertically positioned targets a gradient
from frontal to posterior channels spread along the midline, similar to
recent results from our labs (Fahrenfort et al., 2017; Grubert, Fahrenfort,
Olivers, & Eimer, 2017). The fact that the decoding approach picks up
on information related to attentional selection also on the vertical midline
is testament to its power over conventional ERP methods, and allowed
us to simultaneously track attentional selection of both targets over time.
However, as there were no main or interaction effects involving the meridian
in any of the comparisons, we averaged decoding performance across the
spatial dimensions.
If there is a limit on how many templates can be prepared for, we
should find reduced and/or delayed classification for the 2TMP–1TGT
condition compared to the 1TMP–1TGT condition (Figure 5.2C). If the
limitation is on how many templates can be engaged in selection, the cost
should emerge in the comparison of the 2TMP–2TGT and 2TMP–1TGT
conditions (Figure 5.2D). Indeed, we observed reliable differences for
both comparisons that directly resembled the behavioral pattern. First,
we compared the latencies at which target positions became decodable,
thus providing a window on any delays in attentional selection. Because
differences in onset of significant clusters cannot be reliably interpreted
as reflecting differences in onsets of the underlying neurophysiological
processes (Sassenhagen & Draschkow, 2019), we instead used a jackknifebased approach to quantify the latency of the 50% maximum amplitude
in the decoding window (Liesefeld, 2018; Luck, 2014; J. Miller et al.,
1998, see Methods). This revealed a reliable onset difference between the
1TMP–1TGT (M = 216 ms) and 2TMP–1TGT (M = 237 ms) conditions
(M = 21 ms, tc (23) = 2.21, p = .04; Figure 5.2C), indicating that
attentional selection is delayed as a result of having to prepare for two
different target colors compared to having to prepare for only a single target
color. Comparing the onsets between the 2TMP–1TGT (M = 237 ms) and
2TMP–2TGT (M = 263 ms) conditions yielded a further delay of 25 ms
associated with having to engage in selecting two target colors compared
to selecting a single target color (tc (23) = 2.35, p = .03; Figure 5.2D).
To directly compare the cost of preparing two templates to the cost of
engaging them in selection, we ran a cluster-based permutation test on the
difference time course (i.e. [2TMP–1TGT – 2TMP–2TGT] – [1TMP–1TGT
– 2TMP–1TGT]). Two clusters in the range of 250 to 500 ms post stimulus
were found in which the cost of engaging was greater than the cost of
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preparing selection (first cluster: extent: 266 - 378 ms, p = .001; second
cluster: extent: 436 - 495 ms, p = .013, results not shown in a figure).
This suggests that generally engaging two templates is more costly than
preparing two templates.
Finally, and also similar to the behavioral responses, the onset of the
neurophysiological response in the 2TMP–1TGT condition was delayed by
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Figure 5.2: MVPA decoding performance for target position. Caption continue on next
page.
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Figure 5.2: A) Continued from previous page. Decoding performance expressed as Area
Under the Curve (AUC) for target position on the horizontal (left vs. right) and on the
vertical meridian (top vs. bottom) separately, as a function of number of templates and
number of target features. B) Topographical activation maps for horizontal and vertical
position decoding averaged over the typical N2pc time window (200-350 ms) and the
typical SPCN/CDA time window (350-700 ms). C) Decoding performance collapsed across
the horizontal and vertical dimensions, comparing the 1TMP–1TGT and 2TMP–1TGT
conditions, with the difference score thus showing the effect of the number of templates. D)
The same, now comparing the 2TMP–1TGT and 2TMP–2TGT conditions, thus showing
the effect of multiple different target features in the display. The shaded area represents
1 SEM above and below the mean for every time point. Thick lines as well as horizontal
bars indicate significant clusters (at α = .05) as produced by cluster-based permutation
testing (5000 permutations). For visualization purposes only, the classification scores over
time were fitted with a cubic spline (λ =15, comparable to a 30 Hz low-pass filter) to
achieve temporal smoothing. Note the statistical analyses and estimation of the onset
latencies were done on unsmoothed data. The marked time points indicate the latency of
50% maximum amplitude as estimated using a jackknife approach, as a measure of the
onset of selection (Liesefeld, 2018; Luck, 2014; J. Miller et al., 1998). The zero points on
the x-axis of panels A,C and D represent search display onset.

23 ms when the target color switched from one trial to the next, compared
to when it repeated (tc (23) = 4.34, p < .001; see Figure A.8).
Next, we assessed the strength of classification over time by testing
AUC values of the the relevant conditions against each other using paired
t tests and cluster-based permutation testing to correct for multiple comparisons (see Methods). This procedure revealed an early and short-lasting
difference of the number of templates (i.e., between 1TMP–1TGT and
2TMP–1TGT conditions; see Figure 5.1C), with stronger classification for
the single template condition that reflects the onset latency difference
reported above. Again in line with the behavioral results, more substantial
cost in decoding performance emerged when the number of target features
in the displays increased from one to two (i.e., between the 2TMP–2TGT
and 2TMP–1TGT conditions; see Figure 5.1D).
Thus, both the onset latency and strength of decoding performance
show clear deficits in attentional selection when observers need to select
two different targets from a display (i.e., engage two templates in selection)
compared to when they have to select two targets based on the same target
color (i.e., engage one template in selection). In contrast, having to set up
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two templates instead of one came with only minor onset latency differences
and no overall differences in decoding strength. This clearly points to a
deficit when multiple templates need to be engaged simultaneously rather
than when multiple templates need to be prepared simultaneously.
5.2.3 Sample-Wise Correlation of Classifier Confidence Across Trials
as a Measure of Inter-Target Dependency
While the previous section showed a clear impairment when two templates
need to be engaged in selection, it leaves unanswered whether selection is
hindered by limitations in parallel processing or by a serial bottleneck. That
is, engaging two templates during search may prioritize both unique targets
in parallel but in a mutually competitive manner (Barrett & Zobay, 2014),
or the two templates may only be engaged (and thus the corresponding
targets prioritized) sequentially, possibly in continuously alternating fashion
(e.g. Ort et al., 2017).

5

To investigate these competing hypotheses, we assessed performance
for each target dimension separately (horizontal and vertical). A serial
model predicts that attention to a target on one dimension should go at
the expense of attention to the target on the other dimension, and thus
decoding performance for the vertical and horizontal axes to correlate
negatively. In case of parallel, independent selection, there should be no
systematic relationship between classification confidence for one dimension
and classification confidence for the other dimension, as selection of
one target is impervious to the selection of the other target. A positive
correlation would arise from a common mechanism driving selection of
two different targets. Note that these possibilities are difficult to assess
at the group level as individuals may have different serial strategies. For
example, one observer may prefer to first select targets from the horizontal
axis, while another may prefer the vertical axis first, such that any existing
correlation (if present) might cancel out. Hence, we first plotted average
performance over time separately for each individual and separately for the
horizontal and vertical axis. Then, to reveal whether consistent temporal
dependencies existed for any given participant, we correlated classification
performance over time in the 150 ms to 700 ms post stimulus window.
Although this revealed incidental positive and negative correlations for
individual participants, there was no systematically positive or negative
relationship (average correlation Spearman’s ρ = 0.11; min-max-range:
-0.37-0.63; see Figure A.9).
However, even individual participants themselves may not behave consistently across trials, and, while selection is still serial, whether participants
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first prioritize horizontal or vertical targets may also vary from trial to trial.
Therefore, selection needs to be assessed at the trial level. To this end, for
every participant, trial and time point, we extracted the classifier confidence
scores separately for horizontal and vertical dimension (see Grootswagers,
Cichy, & Carlson, 2018; Ritchie & Carlson, 2016, and Methods), and
correlated the two dimensions across trials using Spearman’s ρ . Classifier
confidence, expressed as the distance from the decision boundary, reflects
the certainty of a classifier in predicting the class membership of a certain
instance. In the present design, classifiers predicted based on the specific
EEG activity pattern across electrodes on a given trial whether one target
appeared on the left or right and whether the other target appeared at
the top or bottom position. The confidence scores indicate how certain
the classifiers were that a target appeared at a particular position. We
reasoned that if prioritization is limited to a single target at a time, a
classifier cannot simultaneously have high confidence about both targets,
and thus confidence should correlate negatively, that is if the horizontal
target position can be predicted with high confidence the confidence
for the vertical target position should be reduced and vice versa. The
correlations between the confidence scores on the two spatial dimensions
are plotted in Figure 5.3A. As can be seen, there was again no systematic
relationship between decoding the locations of the two targets, in any of the
conditions. Apart from a short-lasting positive correlation around the 500
ms time point in the 2TMP–2TGT condition which is likely to be spurious,
correlations for all time points were close to zero. This implies that classifying horizontal and vertical target positions is independent from each other.
However, given that this is a null result, we sought to make sure
that our approach is in principle sensitive to existing correlations. To this
end, we simulated a data set with the same overall characteristics as
the recorded data, but with either positive, negative, or no correlations
injected, under various signal to noise ratios (see Methods). The results of
this simulation are summarized in Figure A.10 and demonstrate that with
sufficiently high decoding AUC values (> approx. 0.55-0.60), correlations
(whether positive or negative) between the horizontal and vertical position
classifiers can, in principle, be reliably detected. However, because group
classification performance in our dataset did not exceed 0.59 (in the
1TMP–1TGT condition), we instead assessed for each individual observer
the correlation between target dimensions for those time points at which
classification performance reached its maximum. As Figure 5.3B shows,
even for individuals with relatively high classification scores, there was no
evidence for a correlation between the classification confidence between the
two target dimensions. The absence of such a correlation in our data is
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thus most consistent with a limited parallel independent selection model,
rather than a serial model or a parallel model operating under a common
mechanism.
Nevertheless, there is the possibility that there was actually a relationship between horizontal and vertical classification, but across time,
trials, or both it was not sufficiently consistent such that the present
approach might not have been sensitive enough to detect it. For example,
if a negative correlation over a short time window (as would be predicted
by a serial model), did not occur on all trials, and its precise timing shifted
across trials, the resulting average correlation might have been reduced
beyond detectability. Therefore, the conclusion that our data are mostly
consistent with a limited parallel model has to be interpreted with care.

5.3 Discussion

5

Selection of task-relevant information from complex visual environments
is limited, and a central question in attention research has been whether
observers can simultaneously prepare for and select multiple different target
objects. The current results provide evidence that these limitations do
not so much reside at the level of template preparation (i.e., the number
of target representations set up prior to the task), but at the extent to
which templates can then be concurrently engaged in selecting matching
information from the sensory input. By systematically varying not only
the number of different target features observers had to prepare for, but
also the number of different target features they would encounter in
the displays, we were able to, for the first time, dissociate limitations in
template preparation from limitations in template engagement. Specifically,
we observed relatively small but reliable costs on both behavioral and EEG
classification performance when two templates needed to be activated
instead of one, suggesting a reliable but relatively minor bottleneck at
this stage of processing. In contrast, substantial costs emerged on both
behavioral and EEG performance measures when two templates had to be
prepared, and both of these templates (rather than just one) had to be
engaged in driving the selection of two different targets.
We propose a model which extends existing frameworks that assume
a crucial role for top-down biased competition (Bundesen, Habekost, &
Kyllingsbæk, 2005; Desimone & Duncan, 1995; Duncan & Humphreys,
1989; Hamker, 2004). According to these frameworks, the activation of target templates in memory involves the pre-activation or biasing of associated
sensory features. The presence of such features in the input will then trigger
a long-range recurrent feedback loop, leading the enhancement of the target
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Figure 5.3: Correlation of classifier confidence scores. A) For each condition, and trial,
the classification confidence scores per time point and subject were extracted for horizontal and vertical classifiers and then correlated (Spearman’s ρ ) between these dimensions,
across trials. B) To examine whether a non-zero correlation would be present for individuals who show high AUC scores, we plotted the individual correlation scores for those
time points at which individual classification was maximal, separately for the horizontal
dimension (less saturated dots) and the vertical dimension (more saturated dots). The
curves represent the correlation strengths that can be expected for a certain decoding
strength (AUC, corresponding to SNR) as based on our simulated data set (the simulated
negative correlation being the mirrored version of the positive correlation).

118

Competition in multiple target selection

representation in VWM (including its location), and thus making it available
for other cognitive processes such as response selection (processes which
are themselves limited, cf. Baars, 2005; Dehaene, Kerszberg, & Changeux,
1998; Lamme, 2003). Our data indicates that while multiple top-down
feedback connections may be prepared at once, there is a limitation in how
these feedback loops are engaged by matching input. This account has a
resemblance to the Boolean Map Theory of Visual Attention (Huang &
Pashler, 2007), which proposed a distinction of attentional selection in two
components: (1) The feature-to-location routine, in which task-relevant
features are being located in the visual field (selection, analogue to what
we call preparation for selection) and (2) the location-to-feature routine
in which individuals extract the information to further process it (access,
analogue to what we call engagement in selection). However, in contrast
to the model that we propose, in which only the access aspect of search is
severely limited, the Boolean Map theory poses a capacity limitation of one
item only on selection and access.

5

Figure 5.4 illustrates how we believe the existing framework should
be extended. Specifically, we propose that multiple templates may hold
each other in a mutually competitive relationship in memory, most likely
through laterally suppressive connections (Manohar et al., 2019). Figure
5.4A depicts the situation when just one of the target features is then
encountered in the sensory input. The corresponding feedback loop is
triggered, leading to an enhanced representation of that target. If only one
target feature is present, the corresponding template will automatically win
the competition. Although two templates can be maintained in parallel, the
mutual competition between them is slightly disadvantageous. This will lead
to the initial delay in target selection that we observed in the data when
two templates instead of just one were activated. Moreover, the selective
enhancement of one representation over another may carry over to the next
trial, thus resulting in the target switch costs that we also observed both in
behavior and EEG performance measures.
The crucial situation occurs when the visual input contains multiple
target features and thus multiple feedback loops are being triggered, as is
shown in Figure 5.4B. Because of the mutually suppressive relationship,
strengthening one feedback loop will automatically go at the expense of the
other. Although both loops are triggered in parallel, the mutually aversive
relationship results in slower and weaker accumulation of evidence for either
of the targets, consistent with what we observed in the data. In theory,
the system may resolve such competition in two ways. The first is to keep
selection of both targets running in parallel, and accept the slower evidence
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accumulation. The second option is to impose a serial strategy in which
selection is first biased in favor of one target, and then switched to the other
(or alternate between the two). Our data provides no evidence for the serial
model. First, the average group data nor the average individual subject
data showed any systematic pattern of switching between the two target
positions (i.e., differences in classification performance for left-right versus
top-bottom). Second, also a trial-based correlation analysis of classifier
confidence scores showed the absence of a negative correlation between
the target positions. Our findings are therefore most consistent with a
limited-capacity parallel model, in which observers maintain two templates
active during search, but with mutually aversive consequences. However,
we point out that our data do not exclude the possibility of seriality. First,
while there may have been little seriality in selecting the targets from the
displays on the basis of color, there may have been a serial component in
accessing their alphanumeric identity – a component to which our classifier
was not sensitive. Moreover, there is still a distinct possibility that imposing
seriality is a valid strategy that observers may deploy to resolve competition
between different target features, but that such choices depend on tasks,
context, or instructions (Cave et al., 2018; Stroud, Menneer, Kaplan, Cave,
& Donnelly, 2019). For example, we previously observed evidence for serial
switching in a different paradigm when observers had to select only one
of two targets present, and were instructed to switch at least a few times
during a block (Ort, Fahrenfort, Reeder, Pollmann, & Olivers, 2019; van
Driel et al., 2019). The current results indicate that the process can occur
in parallel, not that it must. We believe the distinction between template
preparation and template engagement in selection has great potential for
resolving the current debate on whether observers can look for more than
a single target at the same time (V. M. Beck et al., 2012; V. M. Beck &
Hollingworth, 2017; Grubert & Eimer, 2015; Irons et al., 2012; Menneer et
al., 2009; Ort et al., 2017, 2018). Studies central to this debate have largely
focused on how many templates can be prepared in anticipation for a search,
rather than how many of these templates can then be concurrently engaged
in selection without costs. From our data, the answer to the question then
appears to be yes, observers may look for multiple targets simultaneously at
little cost, but it is selecting those targets that runs into real limitations.
Although we found the costs of going from one to two templates to
be relatively small, this leaves open the question whether costs will
increase more strongly with more templates being added. As there is more
opportunity for memory representations to interfere with each other when
multiple memory representations need to be maintained, this would be
expected. Interestingly though, work by Wolfe (2012) has shown that
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Figure 5.4: A limited parallel model. Attentional templates in memory engage in recurrent
feedback loops with matching sensory representations, resulting in target enhancement.
Multiple templates can be activated in parallel and may be equally active prior to search,
but they compete through mutual suppression, which has consequences during search. (A)
The presence of a single target feature in the sensory input will unequivocally trigger one
of the active templates, eventually resulting in as strong selection as when there is only
one template (not shown), albeit at a short delay. (B) When both templates are activated
the mutual suppression will prevent strong activation of either, resulting in substantially
weakened and delayed selection of both targets.

observers can successfully search for tens of different target objects if given
the opportunity to first commit these objects to long term memory. In fact,
given that in our experiment the target template remained the same for
a block of trials, observers may have at least partly relied on long term
memory here, too (but see Grubert et al., 2016 for evidence that measures
of attentional selection, i.e., the N2pc, are not affected by whether targets
are stored in long term memory or working memory). In fact, it is still
an open and interesting question of whether templates are being stored
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in working memory, long term memory, or both. It is commonly assumed
that templates are stored in visual working memory (e.g. Desimone &
Duncan, 1995; Duncan & Humphreys, 1989). Nevertheless, findings like the
present one, that show efficient attentional guidance despite memoranda
probably having been transferred to long term memory, suggest the origin
of top-down attentional biases to be more flexible. Future research will shed
light on how memory systems support internally representing search targets.
The question of memory capacity is also important when considering
that current limitations were found when both target features were drawn
from the same dimension (color). There is evidence that different dimensions
may to some extent independently store (e.g. B. Wang, Cao, Theeuwes,
Olivers, & Wang, 2017), or guide attention towards (Jenkins, Grubert, &
Eimer, 2017; Wolfe, 1994), target features. Our methods may therefore
prove useful in assessing the exact limitations of selecting targets defined
along different dimensions.
To sum up, we propose that models of visual selection need to consider the difference between preparing for selection and engaging in
selection of multiple visual targets. We demonstrate that whereas the first
process comes at little cost, the true bottleneck of multiple-target selection
is in engaging multiple template representations.
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5.6 Materials and Methods
5.6.1 Materials Availability
All data and material will be made freely accessible at https://osf.io/3bn64
5.6.2 Participants
Thirty-two participants naive to the purpose of the experiment were recruited
at the Vrije Universiteit Amsterdam and were compensated with money or
course credit. Eight were excluded due to poor behavioural performance in
at least one experimental condition (a predefined cutoff of accuracy <85%
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was used, see below) to ensure sufficient numbers of correct trials for the
EEG analyses. The remaining twenty-four participants (age: 19-30 years, M
= 22.0; 17 females, 7 males) had normal or corrected-to-normal visual acuity
and color vision. All participants gave written informed consent in line with
the Declaration of Helsinki. The study was approved by the Scientific and
Ethics Review Board of the Faculty of Behavioural and Movement Sciences
at the Vrije Universiteit Amsterdam.
5.6.3 Stimuli and Procedure

5

Displays consisted of eight colored alphanumerical characters evenly spaced
on an imaginary annulus with a radius of 2.5 degrees visual angle (dva),
centered at the middle of the screen (Figure 5.1A). The characters were
uppercase letters (K, H, M and T) and digits (7, 6, 3 and 4, each spanning
approximately 1.2 dva vertically and between 0.8 and 1.0 dva horizontally.
In total, eight colors were used in the experiment: Red (RGB-values: 224,
0, 38), green (0, 155, 0), blue (55, 110, 255), and yellow (160, 95, 5) were
potential target colors (all approximately isoluminant, 21 cd/m2 , min-max
range: 19-25 cd/m2 ), whereas purple (145, 30, 180), cyan (70, 240, 240),
pink (250, 0, 179) and gray (130, 130, 130) were always used as distractor
colors (M = 35 cd/m2 , min-max range: 16-63 cd/m2 ). The stimuli were
presented on a black background (0, 0, 0).
Participants were instructed to find two color-defined target characters on each trial, and indicate whether or not these belonged to the
same alphanumerical category (i.e., letters or numbers). Response keys
were counterbalanced across participants. In the beginning of a block, the
task-relevant colors were shown to the participants as two target-colored
disks (spanning 1.2 dva each), for 2,000 ms. Depending on the experimental
condition (see below) either one colored disk was presented in the middle of
the screen, or 1.0 dva to the left and right of the center, respectively. The
target colors were valid for a block of 64 trials after which new colors were
shown. Throughout the trial a white fixation cross remained visible in the
middle of the screen which participants were required to keep fixating. The
trial sequence began with a fixation screen presented for 850 to 950 ms (randomly selected from a uniform distribution), followed by a search display for
50 ms and another fixation screen until a response was given or a 2000 ms
timeout. Finally, a written message ("correct" or "wrong") presented for 500
ms indicated whether the response was correct or not. In case participants
did not respond before the timeout, the experiment was paused for ten
seconds to encourage them to respond quicker henceforth. After every block,
participants received feedback on accuracy. Note that for the first two participants presentation time was two display frames ( 16.67 ms) shorter than
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for the rest of the sample. To facilitate good behavioral performance, we
increased presentation time from the third participant onwards. However, as
these two participants performed well, even with 16.7 ms presentation rates
(and thus met our inclusion criteria), we decided to keep them in the sample.
One target color was always presented on the horizontal axis (left or
right of fixation), while the other was always presented on the vertical axis
(above or below fixation), with color-position assignment randomly chosen
but occurring equally often. Participants were informed that targets would
appear only on the cardinal axes of the search array. The irrelevant items
on the diagonals were added to the search display to increase competition,
increase color heterogeneity, and to prevent participants from looking for
any color duplicates rather than for the specific target color, whenever both
target objects of a search array shared the same color (as was the case in
the one target feature conditions). To further prevent participants from
employing the strategy of selecting color duplicates rather than setting up
a template for the specific target color, one half of all trials, one of the
additional distractor colors was duplicated and presented at one of the
diagonal positions. In doing so, the mere presence of a duplicated color
would not signal these to be the target items, so that a color-specific would
be necessary to perform the task efficiently. One target color was always
presented on the horizontal axis (left or right of fixation), while the other
was always presented on the vertical axis (above or below fixation), with
color-position assignment randomly chosen but occurring equally often.
The alphanumerical identity of each search item was chosen randomly with
the restriction that the two target objects belonged as often to the same
category (both letters or both digits) as to different categories (one letter
and one digit). Consequently, alphanumerical category and positions of
both targets were fully counterbalanced within a block.
5.6.4 Design
Across blocks, we introduced three experimental conditions that differed in
(1) how many colors were task-relevant (i.e., the number of templates, TMP)
and (2) how many target colors appeared in a single search display (i.e., the
number of different target features, TGT). In 1TMP–1TGT blocks, only one
color was task-relevant, so that both target characters had the same color
and participants knew beforehand which color they would need to select. In
the 2TMP–1TGT block type, two colors were cued as task-relevant, but only
one of the two target colors would actually appear in a search display, as was
randomly determined from trial to trial (with equal numbers for each target
color). Participants could not predict which of the two target colors would be
present in a specific search display, therefore they had to keep two templates
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active, even though only a single color was required for selecting the actual targets. Finally, in the 2TMP–2TGT block type, again two colors were
cued as task-relevant, but now both these target colors also appeared in each
search display, so that both colors were required for selection. Each condition
was repeated eight consecutive times. When only one color was task-relevant
(1TMP–1TGT), each of the four colors would thus serve as the target color
twice, whereas in blocks in which two colors were task-relevant (2TMP–
1TGT and 2TMP–2TGT), observers would look for the combinations red
and green or blue and yellow, each four times. We chose these color combinations as they are not linearly separable in color space and thus prevented
participants from potentially setting up a single template encompassing both
target features. The order of conditions was counterbalanced across participants. Prior to the start of the experiment, participants received instructions
and practiced all conditions in increasing order of difficulty (1TMP–1TGT,
2TMP–1TGT, 2TMP–2TGT). During practice, participants repeated blocks
of 32 trials for each condition as often as necessary to reach an accuracy of
85%, but at least three times. Note, even if participants had initially reached
this inclusion criterion, they might still have performed below 85% during
the experiment. Therefore, eight participants with an accuracy below 85%
were excluded from the analysis.
5.6.5 Apparatus and EEG Acquisition
The experiment was designed and run using the OpenSesame software
package (version 3.2.2; Mathôt et al., 2012. Stimuli were presented on a
22-inch Samsung Syncmaster 2233 monitor, with a resolution of 1680 x
1050 pixels at a refresh rate of 120 Hz. Participants were seated in a dimly
lit, sound-attenuated room in a distance from the screen of approximately
70 cm and the eyes aligned with the center of the screen. A QWERTY PS/2
keyboard was placed in the lap of each participant. They were instructed to
place left and right index fingers on the z and m keys to indicate whether
targets were of the same or different category. Further, they were asked
to refrain from excessive blinking and motion during the experiment. The
experimenter received real-time feedback on behavioral performance and
quality of EEG recording in an adjacent room.
We used the BioSemi ActiveTwo system (Biosemi, Amsterdam, The
Netherlands) to record from 64 AG/AgCl EEG channels, four EOG channels
and two reference channels at a sampling rate of 512 Hz. EEG channels
were placed according to the 10-20 system. EOG channels were placed
one cm outside the external canthi of each eye to measure horizontal eye
movements and two cm above and below the right eye, respectively to
measure vertical eye movements and blinks. Reference electrodes were
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placed on the left and right mastoids.
5.6.6 EEG Preprocessing
All EEG preprocessing and analyses were performed offline in Matlab (2014b,
The Mathworks) and Python (2.7, www.python.org), using a combination of
EEGLAB (Delorme & Makeig, 2004), the Amsterdam Decoding And Modeling toolbox (ADAM, version: 1.07-beta, Fahrenfort et al., 2018) and custom
scripts (freely accessible at https://osf.io/3bn64). EEG data were first rereferenced to the average of the left and right mastoids. No offline filters
were applied to the data. Next, the continuous signal was split into epochs
from 300 ms before until 800 ms after search display onset. Epochs were
baseline corrected by removing the average activity in a pre-stimulus window between -100 and 0 ms from each time point. All epochs in which
participants failed to respond correctly, or response times were lower than
200 ms (anticipatory errors) or greater than three standard deviations above
the block mean were removed from further analyses (mean exclusion: 6.6%,
min-max range across participants: 4.4% - 9.7%). To make sure that the
EEG would not be contaminated by eye movements, we scanned epochs
for horizontal eye movements within the first 500 ms after stimulus onset
(amplitude threshold: 30 µV, window length: 100 ms, step size: 50 ms) and
removed epochs containing such. This resulted in an exclusion of on average
2.4% (min-max range: 0.0% - 16.8%) of all epochs. Noise due to muscle
activity was removed using an automatic trial-rejection procedure. To specifically capture EMG, we used a 110 - 140 Hz band-pass filter, and allowed for
variable z-score cut-offs per participant based on the within-subject variance
of z-scores, resulting in the exclusion of on average 7.1% (min-max range:
1.8% - 13.1%). Next, all epochs were visually inspected for any obviously
contaminated trials that have been missed by the automatic trial-rejection
procedure (mean exclusion: 0.4%, min-max range: 0.0% - 0.9%). To identify
and remove components related to blinks, we used EEGLAB’s implementation of independent component analysis (ICA). In total, 15.6% (min-max
range: 8.1% - 34.2%) of all epochs were removed during preprocessing.
5.6.7 Decoding of Target Locations
The main analyses decoded target positions based on the raw EEG of all 64
channels, using the ADAM toolbox (Fahrenfort et al., 2018). To that end,
we used a 10-fold cross-validation scheme by splitting the data of individual
participants into ten equal-sized folds after randomizing the order in which
trials occurred in the experiment. A linear discriminant classifier was then
trained on the data of nine folds and tested on the data of the tenth one.
This procedure was repeated ten times until each fold served as a test set
once. Finally, the classifier performance was averaged across all individual
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folds. For each condition, we trained one classifier to differentiate trials on
which one of the targets was presented on the left versus the right position,
and another classifier to differentiate the same trials as to whether the other
target was presented on the top versus the bottom position. Furthermore, to
account for minor incidental imbalances with respect to the trial count per
class introduced by the trial rejection procedure, we performed within-class
and between-class balancing. For within-class balancing, we undersampled
trials to match the number of trials in which the target appeared on the
irrelevant dimension within each class. For example, when training a classifier to differentiate trials in which the target appeared on the left versus
right position, we made sure that each class (e.g., left targets) contained
the same number of trials in which the second target appeared on the top
or the bottom position by removing trials of the more frequent trial type.
Between-class balancing entailed the oversampling of trials (generating synthetic samples based on the existing data; see He, Bai, Garcia, & Li, 2008)
belonging to the less frequent class, so that the classifier would not become
biased toward the more frequent class. As performance measure we used
the Area Under the Curve (AUC, Hand & Till, 2001), which is an unbiased
measure that is based in signal detection theory and describes the area under
the receiver-operator curve when plotting hit rate over false alarm rate. The
decoding performance for single conditions was statistically tested against
chance level (AUC = 0.5) by running two-sided one-sample t tests across
participants for every time point, or by testing AUCs against each other
when comparing conditions directly. To correct for multiple comparisons, we
used cluster-based permutation tests (5000 permutations) on adjacent time
points with the alpha level set to α = .05 (Maris & Oostenveld, 2007).
Next, to examine the topography of the activations, we multiplied the classifier weights across all channels with the data covariance matrix, yielding
activation maps that can directly be interpreted as neural sources (Haufe et
al., 2014).
5.6.8 Estimating and Statistically Testing Onset Latency and Amplitude Difference
To estimate the onset latencies at which target location became decodable,
we used an approach in which we combined computing the fractional
peak latency with a jackknife-based approach (Liesefeld, 2018; Luck, 2014;
J. Miller et al., 1998). Group-averaged classification scores were repeatedly
computed over all but one participant, until each participant was left out
once. For each of these averages, we estimated its onset latency by identifying the peak amplitude in the window of 150 to 700 ms after search display
onset and defined the onset as the first point in that time window in which
the classification scores exceeded 50% of the peak score. To mitigate the
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influence of high-frequency noise on the latency estimation, for every time
point we averaged the amplitude of that time point and the two adjacent
time points for peak and onset latency estimation. To statistically test for
potential differences in onset latencies across experimental conditions, we
followed J. Miller et al. (1998) and computed t-statistics for the pairwise
comparisons between the 1TMP–1TGT and 2TMP–1TGT condition, and
between the 2TMP–1TGT and 2TMP–2TGT condition. The procedure
corrects for the artificially reduced error term due to the jackknifing by
effectively dividing the t-statistic by the degrees of freedom.
Finally, the 2TMP–1TGT condition (when two target colors were
cued but only one of them was present in any one search display) allowed
us to asses intertrial switch costs (Dombrowe et al., 2011; Maljkovic &
Nakayama, 1994; Olivers & Humphreys, 2003; Ort et al., 2017; Wolfe et
al., 2004), by splitting the 2TMP–1TGT condition into repeat and switch
trials and to run all analyses separately for these two trial types.
5.6.9 N2pc Analysis
Even though the backward decoding approach would already show whether
and when location-specific information would be present in the raw EEG, for
the sake of comparison to the existing N2pc literature, we also conducted a
more common event-related potential (ERP) analysis to examine latency and
amplitude of the N2pc component. First, to identify N2pc components, we
computed ERPs locked to stimulus onset at electrodes PO7 and PO8. ERPs
at the ipsilateral electrode relative to the horizontal target position (i.e.,
PO7 for targets on the left, PO8 for targets on the right), were subtracted
from ERPs at the contralateral electrode, collapsed over the vertical target
position, but separately for each participant and condition. The resulting
difference wave forms were then statistically tested against zero with twosided one-sample t tests at each time point. A cluster-based permutation test
(5000 permutations, α = .05) was performed on contiguous time points to
correct for multiple comparisons (Maris & Oostenveld, 2007). To quantify
amplitudes and onset latency the same approach as for the classification
scores was used, with the exception that we did not use the entire epoch
when looking for the peak, but only the window of 200–350 ms post stimulus,
as this is the time window in which the N2pc is typically observed (e.g. Eimer,
1996; Eimer & Grubert, 2014).
5.6.10 Correlating Classification Confidence
Another useful feature of the AUC measure is that it considers the confidence that a classifier has about class membership of a particular instance at
every time point. Confidence is expressed as the distance from the decision
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boundary and can be interpreted as the representativeness of a certain instance (EEG activity across all channels for a given time point) of that class
(Grootswagers et al., 2018; Ritchie & Carlson, 2016). Applied to the present
paradigm, we assumed that the more strongly prioritized a particular target
position, the higher the classifier’s confidence scores. Based on this logic, we
reasoned that if prioritization is limited to a single target at a time, a classifier cannot simultaneously have high confidence about both targets, and
thus confidence should correlate negatively. To test this hypothesis, we extracted the confidence scores of both classifiers (left-right and top-bottom)
and correlated these across trials (Spearman’s ρ ), separately for each time
point and condition. If prioritization is limited to a single item for certain time
points, we would expect a moderately negative correlation between left-right
and top-bottom classifiers for those points, because whenever the classifier
has high confidence in one dimension, it will have low or random confidence
in the other dimension, and vice versa. If on the other hand, prioritization
occurs in parallel and selection strength is driven by a common mechanism,
one would expect a positive correlation at those time points. Finally, if prioritization occurs in parallel but selection strength is driven by independent
mechanisms, one would expect zero correlation. To assess these competing hypotheses, correlations were statistically tested against zero by running
two-sided one-sample t tests across participants at every time point, using
cluster-based permutation tests (5000 permutations, α = .05) to correct for
multiple comparisons (Maris & Oostenveld, 2007).
5.6.11 Correlating Classification Confidence on Simulated Data With
Known Underlying Correlational Structure
When correlating confidence scores, a lack of correlation could reflect parallel processing of the two targets, but could also be caused by the decoding
strength being too weak, due to an insufficient signal-to-noise ratio (SNR)
in the data. To make sure that we had enough statistical power to detect a
correlation if it was actually present, we ran a simulation in which we embedded a signal in systematically manipulated noise levels, and determined
at which decoding strength a known correlation could be reliably extracted.
The exact same analysis pipeline was applied as for the actual data. Specifically, we replaced the data of eight channels with simulated data in which
we injected either a positive, negative or null correlation between horizontal
and vertical targets and varied the overall noise level. The data were created
by generating half a cycle of a sine wave with an amplitude of 1 µV, extending over 400 ms (200 – 600 ms post stimulus) and assigned to a subset
of channels to reflect attentional selection. To create location-specific effects (i.e., contra vs. ipsilateral), we injected the same ERP with a negative
amplitude on an orthogonal subset of the channels. Therefore, attentional
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selection was simulated with a positive ERP on half the channels and a negative ERP on the other half. Importantly, attentional selection of vertical and
horizontal targets was simulated independently, by using an orthogonal split
of the channels into contra- and ipsilateral. For every correlation pattern we
simulated 512 trials, the same number as in the real experiment. For the
positive correlation, we injected the ERP for both vertical and horizontal
targets on half of the simulated trials, and no ERP on the other half, reflecting either both targets to be selected simultaneously, or none of them
(i.e. parallel selection). For the negative correlation, the ERP was either injected for vertical targets or for horizontal targets (each half of the trials),
but never in both, reflecting the selection of either one or the other target
(i.e. serial selection). For the null correlation, per trial, we randomly chose
whether an ERP was present for one of the targets, both, or none. Next,
we added random noise for all trials. Critically, the SNR was parametrically
manipulated, relative to the (constant) amplitude of the ERP. For example,
a SNR of 4 means the peak ERP amplitude was four times as high as the
maximum noise amplitude. In total, we used SNRs of 4, 2, 1.33, 1, 0.67,
0.5, 0.33, 0.25, 0.2, 0.17, 0.14, 0.13, 0.11, 0.1, 0.07, 0.05, and 0.04. Once
the simulated dataset was created, the same backward decoding model (see
Methods) was used to decode the target location, separately for the vertical
and horizontal target, the injected correlation and the SNR. Similarly, the
classifiers’ confidence scores were correlated between vertical and horizontal
targets, as was done for the actual data.
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6.1 Summary of Findings
Visual search is an integral component of human interactions with visual
information. Investigating visual search is therefore of utmost importance
to understand human information processing, that is, how information
is extracted from the environment and used to guide behaviour. In this
thesis, I sought to examine capacity limitations and control processes that
coordinate visual search when multiple, distinct types of information are
behaviorally relevant and need to be processed. I presented four sets of
experiments that tested various aspects of the question whether people can
look for multiple targets at the same time. Before I will discuss overarching
implications of all these experiments for the problem of multiple-target
search, I will first summarize the key findings of each chapter. Next, I will
discuss some methodological limitations that need to be considered when
interpreting the results and finally, based on these findings, I will suggest
future directions for researchers investigating multiple-target search.
In Chapter 2, we examined whether attention can be guided by two
distinct attentional templates simultaneously. In particular, we tested the
hypothesis that contradictory findings regarding the presence of switch costs
can be explained by whether individuals can freely choose the upcoming
target or not. In three experiments, we employed a gaze-contingent eye
tracking paradigm in which participants had to look for two color-defined
targets in a search array of colored disks. Critically, we manipulated whether
both target colors or only one of them were present in the search display and
therefore whether observers could freely choose which target to select, or
whether choice was imposed upon them. While participants were performing
the task, we recorded eye movements and compared saccade latency on
trials when a different target feature was chosen than on the previous
trial (target switch), with trials on which the same target feature was
chosen (target repeat). We observed switch costs only when choice was
imposed, but not when individuals could freely choose which target feature
to select. These findings did not depend on whether target availability was
manipulated across or within blocks, and replicated for target features that
are known to provide weaker guidance than color. These findings suggest
that individuals use the possibility to choose the upcoming target to employ
proactive control and prepare a search in advance, presumably with the
goal to mitigate detrimental effects of a target switch. When choice is
imposed, effective preparation is not possible, so that reactive control has to
be invoked once the unexpected target occurs (usually when target switches).
Importantly, this data pattern of switch costs occurring only when
choice is imposed would not be expected if multiple templates can
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concurrently guide attention. In this case, individuals should be able to
prioritize all relevant target features and efficiently find the target object,
irrespective of whether it switched or repeated relative to the previous
trial. The presence of switch costs could suggest that individuals cannot
simultaneously prioritize two task-relevant features, and set the limitation
of multiple-target search to one. However, as a similar data pattern would
also be expected when prioritization of multiple items is possible, but not
to an equal extent, such a neural architecture would also be conceivable. In
this case, one feature would always be relatively more prioritized than the
other, presumable the repeated feature, such that on average switch cost
would occur. I discuss this possibility in more detail in Section 6.1.1 below.
It is a complex visual world we live in. Objects can have a multitude
of features all of which might be used to guide attention in principle, so
that demonstrating search for two color-defined targets to be limited has
only limited ecological value. With this motivation, we followed up on the
findings of the experiments in Chapter 2 in the experiment described in
Chapter 3 by investigating three questions: (1) Do the findings replicate?
(2) Do they generalize to another feature dimension, and most importantly
(3), do they also apply when the potential target features are defined
within the same or across two feature dimensions. In this experiment, we
employed the same eye tracking paradigm, but varied the task-relevant
feature dimension. In different blocks, observers looked for either two
colors, two shapes, or one color and one shape, while, at the same time,
target availability was also manipulated by either presenting both cued
target features or only one of them. We replicated all previous findings and
associated implications: The presence of switch costs depended on whether
individuals could freely choose the upcoming target or whether choice was
imposed, suggesting a critical role for proactive and reactive control in
multiple-target search. In addition we showed that this pattern was not
affected by the task-relevant feature dimension, that is, switch costs only
emerged when a single target was present, irrespective of whether targets
were color-defined, shape-defined or both.
If the effect of target availability that was observed in Chapters 2
and 3 is really reflective of the involvement of proactive and reactive
control in target selection, it should also be possible to dissociate these
modes of control on a neurophysiological level. In trying to do so, in
Chapter 4 we present an experiment in which we yet again applied the same
gaze-contingent eye tracking paradigm, but this time, while fMRI scans were
simultaneously obtained. Indeed, the behavioural findings replicated once
again: Switch costs were present when choice was imposed and absent when
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observers could freely choose. To further specify this effect, we applied drift
diffusion modeling on the saccade latency data. This has the advantage that
inference can be made beyond simple response time or accuracy differences.
In this sense, RT distributions can be used to determine at which stage
during search differences occurred. We demonstrated that imposed target
switches are characterized by a significantly lower drift rate, compared to
imposed target repeats or free target switch/repeat trials, implying that
accumulating evidence is delayed only for this type of trial relative to the
others. Other parameters, like the boundary separation (a proxy for how
much evidence is needed before a decision is made), or the non-decision
time (any aspect of the response time that is not associated with making
a decision) were not affected by the manipulation, indicative that evidence
accumulation for imposed switches was slowed selectively.

6

Furthermore, the neuroimaging data indeed demonstrate that free and
imposed target switches are dissociable in the brain. Specifically, whereas the
activity associated with imposed target switches is limited to the posterior
parietal cortex and only a few focal activations in the posterior frontal
cortex, free switches led to stronger and more widespread activations across
the multiple-demand network (Duncan, 2010), in prefrontal, frontal, parietal
and subcortical regions. This pattern could indeed reflect that proactive and
reactive control have unique roles in target selection during multiple-target
search. The stronger frontal activations underlying proactive control could
then represent processes that contribute to forming the intention of
switching the target (e.g. working memory maintenance of recent selection
history, or evaluating whether and when to switch), whereas the comparable
activations in the parietal cortex and posterior frontal cortex might be more
related to the actual execution of the target switch, that is, of establishing
a new top-down bias. This conclusion is corroborated by a deconvolution
analysis that demonstrated a delayed BOLD response for imposed switches
relative to free switches in most regions of the prefrontal cortex, while the
posterior frontal cortex as well as posterior parietal cortex did not show
reliable onset differences of the BOLD response. However, it must be made
clear that even though the data support a distinction of proactive and reactive control during multiple-target search, the interpretation of the specific
mechanisms at play are mostly speculative and only of a correlational nature.
Another interesting finding concerns repeat trials. Unexpectedly, target repeats were associated with activity in the default mode network
(Raichle et al., 2001; Raichle, 2015) in both target availability conditions,
but more so for imposed repeats compared to free repeat trials. This finding
is in line with recent reports that the default mode network is not just
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reflective of idle brain activity, but seems to also be involved in cognitive
tasks (Crittenden, Mitchell, & Duncan, 2015). The exact mechanisms
by which default mode network activity supports cognition is still hotly
debated. It could reflect internal thought (Smallwood et al., 2013), decisions
based on information in long-term rather than working memory (Spreng
et al., 2014), or automated information processing (Vatansever et al.,
2017). The fact that default mode network activity was stronger for
imposed compared to free repeat trials suggests fundamental differences of
brain states that underlie performance in these conditions. In fact, while
free trials (irrespective of trial transition) were driven by switch-related
activity, imposed trials seemed to be more driven by repeat-related activity
(see Figure A.6). However, also here it is important to realize that the
interpretations of these findings are rather speculative. At the outset
of the study, we did not expect the default mode network to be involved in our task at all. Therefore, before putting too much weight on this
finding, it should be replicated in a study dedicated to investigate this effect.
Finally, in Chapter 5, I presented an experiment in which we revisited
the requirements for multiple-target search to be possible. As a result, we
propose that for multiple-target search to be truly simultaneous, individuals
must be able to (1) set up multiple templates concurrently, each of which
is ready to be used to select relevant information and (2) to actually
engage these templates in selection, importantly also at the same time.
Based on this claim, multiple-target search could either be limited at the
preparation stage, at the engagement stage, at both stages, or not limited
at all. To differentiate between these possibilities we designed a search
task for two target objects, in which we orthogonally manipulated template
preparation and template engagement and combined it with EEG to track
the allocation of spatiotemporal attention on millisecond-by-millisecond
scale. The MVPA-based analysis suggested that even though there is a
multiple-target cost associated with both preparation as well as engagement
of multiple templates, the true bottleneck of multiple-target search is
not so much preparing multiple templates for search, but using these
templates in extracting the task-relevant information from the search
displays. Furthermore, to examine which neural architecture underlies this
pattern, we employed a novel analysis approach utilizing target object
classification confidence. This analysis suggests that the decodability of
one target position does not depend on the decodability of the other
target object, which is indicative of a limited parallel processing model that
underlies this bottleneck. In other words, attention can be guided by two
distinct top-down biases, but this guidance is limited and strongly reduced
compared to a single top-down bias (see Section 6.1.1). However, as this
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conclusion is essentially based on a null finding, there is a chance that it
merely reflects a lack of power, even though a simulation analysis suggested
that an effect should have been detectable if present (see Figure A.10).
6.1.1 A Proposed Framework of Multiple-Target Search
Can individuals look for multiple targets simultaneously? This question has
been studied extensively, yet a definite answer has proven elusive and this
thesis cannot solve the riddle either. Nevertheless, the experiments presented
here contributed valuable insights to the questions of capacity and control
of multiple top-down biases. Overall, the key findings can be summarized as
follows:
1. Efficient multiple-target search is limited.
2. This bottleneck is probably the result of limited parallel processing.
3. The stage at which this limitation occurs is primarily the extraction of
task-relevant information from the visual field for further processing.
4. Even though rather small, there is also a cost associated with the
preparation of multiple templates in anticipation of a search.

6

5. Whether this preparation cost emerges during a search task depends
on (among others) whether observers have foreknowledge about the
task-relevant target in the upcoming search and can make use of this
knowledge by freely choosing which target to select.
6. The effect of free choice on the presence of the preparation cost generalizes to multiple feature dimensions.
7. The effect of free choice on the presence of the preparation cost is
independent of whether the targets are defined within or across feature
dimensions.
8. fMRI findings suggest that free versus imposed choice (and therefore
the presence of the preparation cost) can be dissociated in the brain
and linked to proactive and reactive cognitive control.
Based on these findings, we proposed a framework in which multiple
top-down biases can coexist, but at the cost of less efficient guidance for
each sought-for target than what would be possible with a single top-down
bias. In this framework, establishing multiple templates in anticipation
of a search is possible. In this sense, in a task in which two targets are
potentially task-relevant and individuals cannot predict which one of them
will actually occur, individuals can prepare to look for both targets, and
only once the visual input enters the system, the currently relevant template
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receives a boost and the respective visual information is prioritized. The
reason why we still observe a small cost associated with preparing multiple
templates in all experiments is probably related to these top-down biases
constantly being in competition for the full resources, so that their relative
strength dynamically fluctuates over time. As a result, one of them has
a slight head start and causes more swift guidance. Given the well known
effect of repetition priming (e.g. Brascamp, Blake, & Kristjánsson, 2011;
Hillstrom, 2000; Á. Kristjánsson & Campana, 2010; Kruijne & Meeter,
2015; Maljkovic & Nakayama, 1994) this advantage is more likely to occur
for the target feature that has been relevant on the previous trial. The
absence of switch costs in free choice conditions in Chapters 2,3, and
4 could then be testament on the finding that task goals can also be a
priming force themselves (Fecteau, 2007; Olivers & Meeter, 2006), such
that the decision to look for a specific target on the upcoming trial weighs
the system to that feature, overriding priming effects of the selection history.
While multiple templates can coexist in anticipation of a search with
hardly any detrimental effects on performance, our findings also suggest
that using multiple templates to extract information from the visual input
is costly, representing the true bottleneck of multiple-target search. In
this sense, top-down signals might bias the visual system toward multiple
features, but as soon as these biases need to be engaged in processing
task-relevant information, multiple top-down signals will interfere with each
other and cause a decline in search efficiency, the multiple-target search
cost (see Section 1.2.3). Furthermore, our data do not provide evidence
that this cost is caused by a serial limitation like would be expected if
only a single template can be used to extract information simultaneously.
Instead, it seems that multiple templates compete for limited resources,
so that guidance toward and processing of visual information matching
either template is strongly hampered, essentially restraining efficient
multiple-target search to a single item.

6.2 Shortcomings and Limitations
One of the reasons multiple-target search is still such a hotly debated topic
is that most, if not all, methodologies each have their shortcomings, leaving the door open for criticism by proponents of other approaches. Like
that, depending on which aspect of a paradigm is deemed critical, different methodological choices will cause different outcomes. Also in this work,
choices have been made that overcame some shortcomings of previous research at the expense of others that could not be avoided altogether. Next,
I describe the most important shortcomings of the research I conducted.
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6.2.1 Active Visual Search Versus Passive Memory Search
When instructing participants, researchers have to trust that participants
will try to do the task as good as they can and comply to instructions.
So, when I instructed my participants to "simultaneously look for both cued
targets", I had to trust that they would do so and try their best to find
either target, even if only one is present in a search display. However, given
the arguably increased cognitive effort of remembering and preparing to
look for multiple items, and the rather simple task of fixating a target, it
is possible that participants did not actually actively look for the targets,
but instead used the display as an external memory, such that whichever
item in the display first triggered a familiarity signal was considered the
target and subsequently fixated. Such an approach is better described as
memory search rather than visual search (e.g. Wolfe, 2012). Memory search
supposedly works fundamentally different than visual search, i.e. it is not
guided by attentional templates. Therefore, if observers indeed used memory
search, it would be unclear what the presented effects would actually reflect.
For example, the effect of target availability on the presence of switch cost
would then not reflect active preparation of the search, but merely the higher
prevalence of unique target features in the both-targets condition compared
to the one-target condition (if both target features are present you probably
find one of them quicker than if only a single target feature is present).
However, the overall low saccade latencies (as low as 200 ms) in Chapters
2,3, and 4 and the early emergence of the N2pc in Chapter 5 suggests that
individuals did use templates to guide their search and did not only rely on
memory search. Therefore, even though we cannot be sure, we believe that
our paradigms indeed tested active visual search.
6.2.2 Inferring Parallel Processes From Aggregated Data
Most studies in cognitive psychology average large numbers of trials to
increase the signal-to-noise ratio of their manipulation and therefore the
power of it. Even though this approach is valid in its own right, it causes
problems when the research objective is concerned with the seriality of
two processes. In this sense, the average of many trials cannot provide
definite information on what is happening on a single trial. For example,
the simultaneously high classification scores for vertical and horizontal
targets (see Figure 5.2) do not imply that on every trial information on
the position of both targets was present at the same time, but only that
on average location-specific information emerged at about the same time.
Indicative of serial processing, there might be an inconsistent temporal
offset between these two classifiers across trials that disappears during
the trial averaging routine. It is important to keep this in mind when
interpreting aggregated data with respect to whether two processes happen
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in parallel or simultaneously. In Chapter 5, we tried to take this issue into
account by running the single-trial correlation analysis, investigating the
temporal relationship between vertical and horizontal target information.
However, even here it is not certain that a relationship would be detected
if present, because the nature of this relationship could change across
trials, so that a single-trial analysis again would be limited to average effects.
This limitation is particularly problematic if the effect in question is a
null effect. In this case, it is unclear whether the effect is absent due to a
lack of power or just genuinely not present. Bayesian statistics can prove
useful for such problems as such classes of statistical tests are able to test
how likely the data are given the null hypothesis, and therefore provide
an indication on the cause of a null effect. Where possible, we tried to
use Bayesian equivalents of classical statistical tests in the present studies,
however, some more advanced techniques have no Bayesian equivalent (e.g.
cluster-based permutation test) so that for these the problem persists.
6.2.3 Switch Cost Versus Repetition Priming
As already hinted at earlier, it is not trivial to dissociate between repetition
benefit and switch costs. In Chapters 2,3, and 4, the presence of switch
costs was our primary behavioral measure, and therefore potential confounds
based on the selection history are particularly important to consider. In this
sense, what we report as switch cost could in fact be a repetition benefit.
Even though additional analyses (see Figure A.2) suggest that switch cost
magnitude does not change depending on how long ago the previous switch
occurred, we cannot rule out this effect actually being a repetition benefit.
In fact, our current framework of multiple-target search would be more in
line with an explanation in terms of repetition priming.

6.3 Future Directions
Even if a study does not provide a definite answer on a specific research
question it can still be useful by sparking future research. In this sense, I
believe the present findings open up a number of promising research avenues,
as described next.
6.3.1 What is the Driving Force Behind the Interaction Between Target Availability and Trial Transition?
In Chapters 2, 3, and 4, we argued that participants use the foreknowledge
they have to use proactive control and prepare to look for a specific target
rather than having to look for two targets. However, we have no way of
knowing what it actually was that participants were doing in these free choice
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conditions, as we had only control over target availability and not over the
strategies they would use to perform the task. In fact, most of the time we
deliberately gave participants the freedom to do the task in any way they
wanted. The findings fit the framework of proactive and reactive control but
in a next step it would be interesting to investigate what exactly it was about
both-target blocks that caused the absence of switch costs. For example, as
both targets were always present in a search display, the trial sequence was
predictable, and observers could have used this predictability to prepare the
search. Alternatively, individuals could also decide themselves which trials
would be repeat and which trials would be switch trials. It is conceivable
that this aspect of intention is what underlies the absence of switch costs. In
fact, preliminary data suggest that it is indeed the degree of free choice that
determines whether switch costs emerge or not, whereas mere predictability
is not able to explain this effect. Nevertheless, future studies are necessary
to confirm that the effects of self-initiated, anticipatory cognitive control are
qualitatively different from cued, anticipatory control.

6

6.3.2 Can Multiple Features be Combined Into a Single Template?
In Chapter 3, we demonstrated that the switch cost effect shown for search
for color-defined targets also holds for shape-defined targets and even search
for targets that are defined across different feature dimensions. However, in
the real world, objects are not a just a lose collection of features, but instead
entities consisting of various integrated features. So, even though search for a
color and shape seems to come at a cost, this cost might disappear when the
search can be framed as a search for a colored shape. The logic behind this
would be that for an integrated object you would not need two templates but
a single, integrated one instead. For example, simultaneously finding a red
or a round item in a multi-color display containing various shapes and colors
could be facilitated by looking for a tomato. However, preliminary findings
based on encouraging observers to integrate the search targets suggest that
this manipulation does not alter whether multiple-target search is costly or
not. Future research should further test this hypothesis by making it highly
beneficial for individuals to integrate features into a single object and see
whether there still will be switch costs.
6.3.3 Neural Architecture of Top-Down Attentional Control
Regardless of what the precise architecture is that underlies the here presented effects, eventually it must not only be biologically plausible, but also
the true implementation in the brain. This thesis provided useful insights on
how top-down attentional control is implemented in the brain. For example,
the data of Chapter 4 suggest that template switching is a process that can
occur without involvement of the prefrontal cortex (see Figure 4.3). This

Concluding Remarks

141

finding is at odds with the prevalent view that cognitive shifts rely on a
strong frontal control signal. Beyond that more research is necessary to understand how top-down biases are established, maintained in anticipation of
a search, and eventually interact with visual input to facilitate the processing
of task-relevant information.
6.3.4 Replication of the Distinction of Preparation for and Engagement in Multiple-Target Search
In Chapter 5, we interpret the data to reflect limited parallel processing causing the bottleneck of multiple-target search. However, this conclusion was
based on a null effect, and despite a simulation analysis that suggested our
data to be of sufficient power to detect an effect if present, there might still
be a serial interdependence between classification accuracy of both target
items. A follow-up study with increased power might be useful in confirming
whether our interpretations are not just built on a fluke in the data.
6.3.5 Moving Into the Real-World
The experiments in this work were designed to mimic real-world search while
at the same time reducing its complexity as much as possible to control for
most potential confounds. (For these reasons, we employed the quick-paced
gaze-contingent paradigm.) And even though this procedure is necessary
to isolate and study components of visual search, fundamental principles
of search that, hopefully, are identified in this research, eventually need to
be validated in the real world. That is, conclusions that we draw based
on experiments in the lab must capture the behavior of individuals when
searching for friends in a crowd, a specific product in the supermarket or
the last piece of a jigsaw puzzle. Therefore, future studies ought to start
replicating the basic findings with more complex stimuli, larger displays,
or fuzzier defined templates to approach the conditions under which visual
search in the real world has to be performed. Recent advances in virtual
reality research might prove a promising avenue for that purpose.

6.4 Concluding Remarks
Can individuals look for multiple target simultaneously? This question has
been central to much research in the last decades, and in particular, this
thesis. Across several experiments, using different experimental paradigms
and techniques (eye tracking, EEG, and fMRI) I have investigated under
which circumstances and at which cost multiple-target search is possible.
The results suggested that while aspects of multiple-target search can seemingly occur without a notable cost (template preparation), other aspects are
strongly limited (template engagement). Therefore, even though you might
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be able to mentally picture all the packets of tea you are interested in at
essentially the same time, you might be better advised to take it one at a
time.
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A.1 Appendix 1 - Chapter 2
A.1.1 Experiment 1: Illustration of display types and analyses of associated saccade latencies
In Experiment 1, we introduced two different types of search displays for
each cognitive control condition to control for the number of targets and
the number of colors in the search displays. Each type was defined by that
either a target color or a distractor color was being duplicated in a search
display. Table A.1 shows the saccade latencies accompanying each of these
display types.
Table A.1:

Mean saccade latencies in ms for all display types. Both target avail-

ability conditions (both targets available and one target available) had two types
of displays, to control for number of targets and duplicate colors in the display.
The column Display Type depicts an example of each display. The columns Color
Switch and Color Repeat provide the mean saccade latencies for target switches
and target repeats, for each of these display types. Examples here are for trials
on which red and blue are cued as target colors.
Condition

Display Type

Color Switch

Color Repeat

239 [231,247]

233 [222,244]

232 [219,245]

230 [222,238]

312 [294,330]

261 [256,266]

302 [284,320]

256 [248,264]

Both target colors available
Two unique targets, three
distractors (one duplicate)
Three targets (one duplicate), two unique distractors
One target color available
One unique target, four distractors (one duplicate)
Two targets (one duplicate),
three unique distractors
Note: Within-subjects 95% confidence intervals (Morey, 2008) are given in
brackets.

We did not expect display type to affect switch costs, but to make sure
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that this was indeed the case, we ran a three-way repeated-measures ANOVA
with target availability (both targets vs. one target available), trial type
(switch trial vs. repeat trial) and display type (repeated target color vs.
repeated distractor color) as factors on saccade latency. This ANOVA yielded
significant main effects of trial type (F (1,11) = 18.7, p = .001, η2p = 0.63),
target availability (F (1,11) = 21.3, p < .001, η2p = 0.66), display type
(F (1,11) = 6.3, p = .03, η2p = 0.36) and a two-way interaction between
target availability and trial type (F (1,11) = 11.4, p = .006, η2p = 0.51).
There were no interactions involving display type: All F -values < 1.9, all
p-values > 0.20. Taken together, these findings indicate that switch costs
did not depend on specific display types.
A.1.2 Additional Discussion: Beck and Hollingworth (2017)
Recently, V. M. Beck and Hollingworth (2017) published a study in which
they also used a gaze-contingent paradigm very similar to ours, and reported
findings that appear to support the claim that looking for multiple targets
is possible. They asked observers to look for either one of two targets in
two consecutive search displays and used the selection probability during
the second search as primary measure. In the crucial condition, both
targets were available in the second display. Their main finding was that
observers switch targets as often as they repeat targets from the first
display to the second. According to Beck and Hollingworth, such frequent
switches are not predicted if visual search is limited to one target at a time.
However, frequent switches do not go against a single template account:
When switches can be freely prepared there is no reason not to switch,
as they imply little cost for saccade latencies, as our results show. In
fact, observers indicated that they liked to switch. What our results show
is that when both targets are available in the display, then the absence
of switch costs is not necessarily a valid diagnostic for multiple target search.
In addition, Beck and Hollingworth also reported an absence of switch
costs on saccade latency even when the switch was imposed rather than
free. This goes against our current finding of imposed switch costs. There
are several differences between their task and ours that may play a role.
One of them is that they investigated just a single switch or repeat for
each trial, whereas we investigated entire sequences (while excluding the
first selection of this sequence, as it may reflect a startup cost). Second,
Beck and Hollingworth superimposed an additional task on the search,
namely to determine whether the target of the second search contained the
same oriented line segment as the target of the first search. This may have
induced a search for an orientation match instead of (just) color.
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A.2 Appendix 2 - Chapter 3
A.2.1 Additional analysis: Comparison of search for color-defined versus shape-defined targets
After running a three-way repeated measures ANOVA on mean saccade
latency with target availability (one vs. both), feature dimensionality (here
within-color vs. within-shape), and trial type (repeat vs. switch) as factors,
we tested whether the observed interaction between target availability and
trial type is present in both feature dimensions by running two separate
two-way ANOVAs for within-color and within-shape blocks with the factors
trial type and target availability on saccade latencies. For both ANOVAs,
the main effects as well as the interaction were significant (Within-color:
main effect target availability, F (1, 19) = 25.8, p < .001, η2p = .58, main
effect trial type, F (1, 19) = 12.6, p = .002, η2p = .40, interaction target
availability X trial type, F (1, 19) = 24.7, p < .001, η2p = .57; within-shape:
main effect target availability, F (1, 19) = 36.3, p < .001, η2p = .66,
main effect trial type, F (1, 19) = 15.2, p = .001, η2p = .44, interaction
target availability X trial type, F (1, 19) = 13.3, p = .002, η2p = .41),
suggesting that switch costs were larger in the one-target condition than in
the both-targets condition for both feature dimensions. Bayesian ANOVAs
with the same factors supported these findings as the data provided most
evidence for the model that included all main effects and the two-way
interaction, for both within-color blocks (BF = 1.2 x 106 , 94 times as likely
as the next best model) as well as within-shape blocks (BF = 8.8 x 107 ,
3.7 times as likely as the next best model). To test whether switch costs
were larger in within-shape blocks than in within-color blocks, we ran a
classical and a Bayesian t test on that data. The classical t test did not
yield a significant difference (t(19) = 1.33, p = .20), which is confirmed
by anecdotal evidence for the absence of a difference (BF = 2.0), implying
that the switch costs for within-color and within-shape search did not differ.
To examine which feature dimension contributes more to the switch
costs in the cross-dimension conditions, we ran a similar analysis for
these conditions and split the data on whether the current target was
color-defined or shape-defined (Figure A.1). We ran a three-way repeated
measures ANOVA with the factors target availability (one vs. both), trial
type (repeat vs. switch) and selected dimension (color vs. shape) on mean
saccade latency. This ANOVA revealed significant main effects of target
availability, F (1, 19) = 73.8, p < .001,η2p = .80, relevant dimension, F (1,
19) = 35.6, p < .001,η2p = .65, trial type, F (1, 19) = 13.9, p = .001,η2p
= .42, a significant two-way interaction between target availability and
trial type, F (1, 19) = 25.6, p < .001,η2p = .57, between target availability
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and selected dimension, F (1, 19) = 9.5, p = .006,η2p = .33, as well as
the three-way interaction F (1, 19) = 13.2, p = .002,η2p = .41. In general,
saccade latencies for one-target blocks were longer than for both-target
blocks, longer for trials on which the target was shape-defined compared to
trials with color-defined targets, as well as longer on switch trials compared
to repeat trials. Classical t tests revealed significant switch costs for both
one-target conditions (color-defined targets: M = 85 ms, t(19) = 3.92,
p < .001; shape-defined targets: M = 99 ms, t(19) = 4.64, p < .001),
and for the both-target condition when targets were color-defined (M =
33 ms, t(19) = 2.45, p = .02). There were no significant switch costs
for both-target blocks when targets were shape-defined (M = 3 ms, t(19)
= 0.33, p = .75). Additional Bayesian t tests confirmed the results for
the one-target condition by providing strong evidence for reliable switch
costs for color-defined targets (BF = 40) as well as shape-defined targets
(BF = 168) and in the both-targets condition for shape-defined targets by
suggesting moderate evidence for the absence of switch costs (BF = 5). In
contrast to the classical t test, the Bayesian version indicates only anecdotal
evidence for switch costs for color-defined targets when both targets were
present (BF = 2.5).

Saccade Latency (ms)

One Target Available

Both Targets Available

550
Repeat Trials
Switch Trials

500
450
400
350
300
250
Selected Color

Selected Shape

Selected Color

Selected Shape

Figure A.1: Influence of the selected feature dimension during cross-dimension search
blocks. The bars represent the mean saccade latency for switch trials and repeat trials
for each level of target availability (one target vs. both targets) and selected dimension
(color vs. shape). Error bars represent the upper limit of within-subjects 95% confidence
intervals (Morey, 2008).
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A.2.2 Additional analysis: Saccade latency across target availability
and trial type as a function of repetition streak length
To determine whether selection, and any accompanying switch costs would
be affected the fact that the target is being transferred to long term memory,
we performed an additional analysis in which we investigated saccade latency
as a function of repetition streak length (see Figure A.2). If templates are being offloaded to long term memory during repetition streaks, saccade latency
should decrease as a function of repetition streak length. Visually, this figure
already shows that there is little to no effect of streak length on saccade latency, which runs counter this prediction. Nor was there any effect on switch
costs. This was confirmed by a three-way repeated-measures ANOVA with
target availability (both-targets vs. one-target), trial type (repeat vs. switch)
and repetition streak length (1 vs. 2 vs. 3 vs. 4 vs. 5) as factors, performed
on saccade latency (as there were not enough observations per cell for repetition streak lengths greater than five, those trials were all collapsed in the
last bin). This yielded a significant main effect of target availability (F (1,
19) = 51.6, p < .001,η2p = .73), a main effect of trial type (F (1, 19) = 14.4,
p = .001,η2p = .43) and two-way interaction between target availability and
trial type (F (1, 19) = 10.7, p = .004,η2p = .36), thus confirming the original
analyses. Neither the main effect of repetition streak length, nor any of the
interactions including this factor reached significance (p > .49), indicating
that there was no decrease of saccade latency over increasing number of
target repetitions, for neither target switches, nor target repetitions.
Saccade Latency (ms)
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550

Both Targets Available

One Target Available

500

Repeat Trials
SwitchTrials

450
400
350
300
250
0

1

2

3

4

5

0

1

Repetition Streak Length

2

3

4

5

Figure A.2: Saccade latency across target availability and trial type as a function of
repetition streak length. Note, a streak length of zero is equivalent to a target switch,
therefore there is no data of target repetitions for this cell. Error bars represent the upper
limit of within-subjects 95% confidence intervals (Morey, 2008).
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A.3 Appendix 3 - Chapter 4
A.3.1 Three-way repeated measures ANOVA on mean saccade latency with transition type, target availability and display variation as factors
We included different display variations including duplicate targets and
duplicate distractors to control for number of targets and prevent potential
strategies of looking for anything that occurred twice. In a control analysis,
we wanted to check whether these different display variations affected the
presence and magnitude of switch costs in each target availability condition.
For this purpose, we ran a three-way repeated-measures ANOVA with
target availability (both targets vs. one target available), transition type
(switch vs. repeat) and display variation (target duplicate vs. distractor
duplicate) as factors on saccade latency. This yielded significant main
effects of transition type (F (1,18) = 22.7, p < .001, η2p = 0.56), and
target availability (F (1,18) = 17.6, p = .001, η2p = 0.49), and a two-way
interaction between target availability and transition type (F (1,18) = 15.6,
p = .001, η2p = 0.46). None of the other effects reached significance: main
effect display variation (F (1,18) ≈ 0.0, p = .95, η2p < 0.001), the two-way
interaction between target availability and display variation (F (1,18) =
0.41, p = .53, η2p = 0.02), the two-way interaction between transition type
and display variation (F (1,18) = 0.41, p = .53, η2p = 0.02), and three-way
interaction (F (1,18) = 0.67, p = .42, η2p = 0.04). A Bayes Factor analysis
confirmed this pattern by showing that the model including the main effects
transition type and target availability and the interaction between them
explains the data best (BF = 6.7 x 101 4) and was 5.9 times as likely as the
next best model that additionally included the main effect display variation.
Taken together, these findings suggest that switch costs, expressed in
saccade latency, did not depend on specific the display variations.
We ran the same three-way ANOVA on accuracy. This ANOVA indicated that the main effects (target availability: F (1,18) = 41.4, p <
.001, η2p = 0.70; transition type: F (1,18) = 35.9, p < .001, η2p = 0.67;
display variation: F (1,18) = 8.91, p = .008, η2p = 0.33), and the two-way
interactions between target availability and trial transition (F (1,18) = 27.3,
p < .001, η2p = 0.60) and between target availability and display variation
(F (1,18) = 12.3, p = .003, η2p = 0.41) were significant. Neither the two-way
interaction between transition type and display variation (F (1,18) = 3.5,
p = .08, η2p = 0.16), nor the three-way interaction (F (1,18) = 1.98, p =
.18, η2p = 0.1) reached significance. Even though accuracy systematically
varied with the display variation, such that displays with more targets were
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associated with higher accuracy, the critical interaction of trial transition
and target availability was not affected. Thus, switch costs did not depend
on the particular display variation we used.
Table A.2:

Mean saccade latencies in ms and percentage correctly fixated targets for

all display variations. Both target availability conditions (both-targets and onetarget available) had two display variations to control for number of target items
and duplicate colors in the display. The row Example Array depicts an example
of each display variation. The row # trials represents the mean number (and the
min-max range across participants in brackets) of trials per condition. The rows
Repeat and Switch provide the mean saccade latencies for target switches and
target repetitions, for each of these display variations. Examples here are for trials
on which red and blue were cued as target colors.
Condition

Both-Targets
Target Duplicate

One-Target
Distractor Duplicate

Target Duplicate

Distractor Duplicate

Example Array

# trials
Repeat

224 [103, 329]

228 [122, 320]

219 [126, 302]

221 [114, 311]

Switch

49 [32, 69]

51 [23, 73]

42 [25, 65]

39 [14, 56]

Saccade Latency
Repeat

374 [366, 383]

373 [364, 382]

389 [383, 396]

387 [381, 393]

Switch

385 [376, 394]

391 [379, 403]

452 [439, 466]

450 [429, 472]

Accuracy
Repeat

96.0 [95.4, 96.6]

97.8 [96.8, 98.7]

96.8 [95.9, 97.6]

93.8 [93.0, 94.6]

Switch

95.4 [94.3, 96.5]

97.0 [96.0, 98.0]

90.5 [89.2, 91.8]

84.0 [80.8, 87.3]

Note: Within-subjects 95% confidence intervals (Morey, 2008) are given in
brackets.
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A.3.2 Additional Behavioral Analysis reveal no major strategic difference across participants
To gain more insight into different strategies participants might use, we
analysed choice behavior in more detail. Overall, these additional analyses
suggest that most individuals apply similar strategies when selecting the
target to fixate. Specifically, we ran following analyses: (1) Does the streak
length (of successive repeat trials) per block vary across participants?
For example, if a participant chose the strategy to switch every 6 trials,
the streak length should be around 6 with a small standard deviation. In
contrast, if a participant switches on each of the first 6 trials of a block and
then sticks with one color for the rest of the block, streak length should
be smaller and have a higher variability. As Figure A.3A demonstrates,
most participants used a rather regular switching approach with not too
much variability (M = 4.12 repeats, min-max range over participants: 1.99
– 7.52). Exceptions are participant 1 and (to some extent) participant 21
who seem to have a bias toward short streak lengths, and participant 4 who
seems to behave rather randomly.
(2) Next, to quantify the regularity with which participants switched
targets throughout a block, we split blocks into three parts (first 14,
middle 14 and last 13 trials) and checked how many switches fell in each
tercile. Figure A.3B shows that approximately the same number of switches
occurred in each tercile, further supporting the conclusion that participants
spread out the switching over the course of a block. Again a handful of
participants showed more switches in the first tercile than in the other two,
indicative of a strategy that relies on performing the required number of
switch trials in the beginning of a block and staying with the same color
for the rest of it. We computed the ratio of number of switches in the first
tercile with number of switches in the last tercile and correlated this with
switch rate, streak length, switch costs in one-target block, switch costs in
both-targets blocks, and the difference between these two types of blocks.
Importantly, only the correlation of streak length and the ratio of early
vs. late switches was significant (Spearman’s ρ (18) = -0.51, p = 0.03),
suggesting that participants that switched a lot early in the block, also have
shorter streak lengths altogether. This confirms that these individuals most
likely applied the strategy of first reaching the required number of switches
before sticking with one color for the rest of the block. None of the other
correlations was significant (Spearman’s ρ < 0.26, p > 0.27. Here, we also
correlated switch rate across participants with difference of switch costs
between both-targets available and one-target available condition, but also
this correlation was not significant (Spearman’s ρ (18) = 0.17, p = 0.47),
suggesting that the main findings did not depend on how often participants
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switched between the targets.
(3) Next, we investigated whether the number of targets in the display influenced the likelihood that participant would switch. However, this
factor had no influence on target selection (t(18) = 0.72, p = .48, Cohen’s
d = 0.12, BF = 0.3).
(4) To see whether switch costs depended on which color was selected on a trial, we computed switch cost separately for each target color.
This analysis revealed no significant effect of color on the switch costs in
neither of the target availability conditions (see Figure A.3C). Note, when
splitting up the trials based on the target color, only 25 observations are
left in the smallest cells on average. Therefore, these analyses have to be
interpreted with care.
(5) Finally, we checked whether the likelihood to switch depended on
the target color by running an ANOVA on switch rate, but also this was
not the case, suggesting that participants did not have a preference for
switching to a specific color (F (3.06,55.13) = 0.75, p = 0.53).
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Figure A.3: Additional behavioral analysis to investigate strategic difference across
participants with respect to switch behavior. (A) Boxplot showing the mean streak length
(number of repeat trials in between two successive switch trials). The vertical lines in the
box plots represent quartiles. The horizontal line represents the minimum (lower quartile
- 1.5 * interquartile range) and maximum (upper quartile + 1.5 * interquartile range)
while single dots beyond that range indicate individual outliers. (B) Number of switches
in the first, second and third tercile of a block, separately for participants (separate lines).
(C) Switch costs for each color in the experiment, separately for each target availability
condition.
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Table A.3: All models that were compared during the drift diffusion modeling. The column
Parameters depending on Target Availability indicates which parameters (a and/or v),
were allowed to vary across the two levels of target availability. The column Parameters
depending on Transition Type indicates the same, but for transition type. DIC represents
the deviance information criterion, which can be used to compare models. A lower DIC
is better. For all models, we used informative priors (Wiecki et al., 2013), a fixed nondecision time, starting point, and fixed inter-trial variability. All models were checked for
convergence.

Parameters depending

Parameters depending

Priors

DIC

on Target availability

on Transition Type

-

-

informative

-50192

v

v

informative

-51323

a

-

informative

-50557

a,v

v

informative

-51486

a,v

v

noninformative

-51486
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Table A.4: Localization of activations for additionally analyzed contrasts. Coordinates of
local maxima are reported in MNI152-space. Large clusters were split into subclusters
based on anatomical considerations. Structure labels are based on the Harvard-Oxford
anatomical atlas.
Structure
Proactive Switch > Reactive Switch
Right Lateral Frontopolar Cortex
Left Lateral Frontopolar Cortex
Right Anterior Insula
Left Anterior Insula
Right Middle Frontal Gyrus / Dorsal Premotor Cortexc
Left Middle Frontal Gyrus / Dorsal Premotor Cortexc
Left Precentral Gyrus / Inferior Frontal Junctionc
Superior Frontal Gyrus / Medial Frontal Gyrusc
Anterior Cingulate Gyrus
Right Orbitofrontal Cortex
Posterior Cingulate Gyrus
Right Superior Parietal Lobule
Left Superior Parietal Lobule
Right Intraparietal Sulcusb
Right Precuneus
Right Intracalcarine Sulcus
Left Cerebellum (Crus I)a
Right Cerebellum (Crus I)a
Left Caudate (Body)
Right Caudate (Head)
Reactive Switch > Proctive Switch
Left Orbitofrontal Cortex
Left Precuneus
Left Inferior Parietal Lobule / Temporoparietal Junctionc
Proactive Events > Reactive Events (collapsed across Trial Transition)
Left Lateral Frontopolar Cortex
Right Lateral Frontopolar Cortex
Left Middle Frontal Gyrus / Dorsal Premotor Cortexc
Right Middle Frontal Gyrus / Dorsal Premotor Cortexc
Left Middle Frontal Gyrus / Dorsolateral Prefrontal Cortexc
Right Anterior Insula
Left Anterior Insula
Superior Frontal Gyrus / Medial Frontal Gyrusc
Anterior Cingulate Gyrus
Right Precentral Gyrus / Inferior Frontal Junctionc
Left Precentral Gyrus / Inferior Frontal Junctionc
Right Orbitofrontal Cortex
Right Superior Parietal Lobule
Right Intraparietal Sulcusb
Continued on next page

t-statistic

X

Y

Z

7.63
6.27
6.94
6.22
6.88
6.71
5.66
6.87
4.03
4.54
5.00
8.56
5.69
6.38
5.76
5.74
7.15
5.94
5.12
4.53

48
-36
33
-33
24
-27
-48
3
3
24
0
39
-30
39
3
24
-26
33
-15
15

42
63
24
21
15
-6
3
18
9
51
-33
-63
-57
-45
-66
-72
-63
-60
-21
24

24
18
8
8
47
54
38
51
28
-15
28
61
51
41
54
8
-32
-32
5
8

6.25
5.20
4. 97

-36
-3
-45

36
-57
-57

-15
24
24

6.42
6.66
6.48
6.24
4.47
7.48
6.07
6.95
6.44
5.84
4.97
4.92
7.99
6.13

-36
48
-27
27
-51
33
-33
3
9
51
-48
24
39
39

63
42
-6
10
27
24
21
15
27
9
3
54
-63
-45

18
24
54
50
41
8
8
54
31
21
38
-15
61
41
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Table A.4 – continued from previous page
Structure
Sulcusb

Left Intraparietal
Right Intracalcarine Sulcus
Left Intracalcarine Sulcus
Left Cerebellum (Crus I)a
Right Cerebellum (Crus I)a
Reactive Events > Proactive Events (collapsed across Trial Transition)
Left Orbitofrontal Cortex
Medial Frontopolar Cortex
Left Precuneus
Left Inferior Parietal Lobule / Temporoparietal Junctionc
Reactive Repeat > Proactive Repeat
Medial Frontopolar Cortex
Left Precuneus
Right Precuneus
Superior Frontal Gyrus / Dorsomedial Prefrontal Cortexc
a
b
c

t-statistic

X

Y

Z

5.48
5.40
5.20
6.42
6.03

-30
24
-24
-36
33

-52
-72
-75
-64
-60

43
8
5
-32
-32

6.33
5.55
7.47
5.89

-36
-3
-12
-42

36
-60
-51
-57

-15
-9
38
24

5.29
4.37
5.52
4.42

9
0
-12
9

45
51
-51
-54

-9
31
38
31

These structure labels were retrieved from the Probabilistic cerebellar atlas (included in FSL).
These structure labels were retrieved from the Juelich Histological Atlas.
Additional labels were provided to further specify anatomical location or functional significance.
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Figure A.4: Cerebral activations for free and imposed switches, not taking respective repeat trials into account. Activations shown in yellow-red represent the contrast free switch
> imposed switch. Activations shown in blue represent the contrast imposed switch > free
switch. Group-level t-statistics maps were computed with the tfce-method (S. M. Smith &
Nichols, 2009) and corrected for multiple comparisons using nonparametric permutation
testing. The resulting P-value maps were thresholded at α = .05 and projected onto the
fsaverage surface using registration fusion (Wu et al., 2018), with translucent coloring.
In addition, regions that were also significant at α = .01 are shown in saturated colors.
Free switches were associated with higher activity than imposed switches across both
hemispheres in dorsolateral prefrontal cortex (dlPFC), frontopolar cortex (FPC), dorsal
premotor cortex (PMd), right inferior frontal junction (IFJ), anterior insula/frontal operculum cortex (aINS), left posterior cingulate gyrus (pCG), left anterior cingulate gyrus
(aCG), bilateral medial frontal cortex/ dorsal anterior cingulate cortex (mFC/dACC) and
bilateral superior parietal lobule (SPL). Imposed switches were associated with higher
activity than free switches in the right precuneus (pc), left temporoparietal junction and
ventrolateral prefrontal cortex (vlPFC).
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Figure A.5: Cerebral regions in which imposed repeats yielded stronger activity than free
repeats, not taking respective repeat trials into account (shown in yellow-red). Grouplevel t-statistics maps were computed with the tfce-method (S. M. Smith & Nichols,
2009) and corrected for multiple comparisons using nonparametric permutation testing.
The resulting P-value maps were thresholded at α = .05 and projected onto the fsaverage
surface using registration fusion (Wu et al., 2018), with translucent coloring. In addition,
regions that were also significant at α = .01 are shown in saturated colors. Imposed
switches were associated with higher activity than imposed switches across both hemispheres in the precuneus (pc), medial prefrontal cortex (mPFC), medial temporal gyrus
(MTG), and the left temperoparietal junction.
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Figure A.6: Cerebral activations for the free choice condition compared to the imposed
choice condition, irrespective of transition type. Activations shown in yellow-red represent the contrast free events > imposed events. Activations shown in blue represent the
contrast imposed events > free events. Group-level t statistics maps were computed with
the tfce-method (S. M. Smith & Nichols, 2009) and corrected for multiple comparisons
using nonparametric permutation testing. The resulting P-value maps were thresholded
at α = .05 and projected onto the fsaverage surface using registration fusion (Wu et al.,
2018), with translucent coloring. In addition, regions that were also significant at α =
.01 are shown in saturated colors. Free events were associated with higher activity than
imposed events across both hemispheres in dorsolateral prefrontal cortex (dlPFC), frontopolar cortex (FPC), dorsal premotor cortex (PMd), right inferior frontal junction (IFJ),
anterior insula/frontal operculum cortex (aINS), bilateral medial frontal cortex/ dorsal
anterior cingulate cortex (mFC/dACC) and bilateral superior parietal lobule (SPL). Imposed events were associated with higher activity than free events in the precuneus (pc),
left temporoparietal junction, medial prefrontal cortex (mPFC), ventrolateral prefrontal
cortex (vlPFC).
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Figure A.7: Average N2pc difference waves for targets on the horizontal (left vs. right)
meridian as a function of number of templates and number of target features. Caption
continue on next page.
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Figure A.7: Continued from previous page. N2pc components were computed using the
electrodes PO7 and PO8, by subtracting ERPs ipsilateral to the visual field of lateral
targets from contralateral ERPs. The shaded area represents 1 SEM above and below the
mean for every time point. Thick lines and horizontal bars indicate significant clusters
(at α = .05) as produced by cluster-based permutation testing (5000 permutations). For
visualization purposes only, the contra-ipsilateral difference waves over time were fitted
with a cubic spline (λ = 15, comparable to a 30 Hz low-pass filter) to achieve temporal
smoothing. Note the statistical analyses and estimation of the onset latencies were done
on unsmoothed data. The marked time points indicate the latency of 50% maximum
amplitude as estimated using a jackknife approach, as a measure of the onset of selection
(J. Miller et al., 1998; Luck, 2014; Liesefeld, 2018). Reliable N2pc and sustained posterior
contralateral negativity (SPCN; Mazza et al., 2007; Jolicœur, Brisson, & Robitaille, 2008;
Eimer, 2014; Grubert et al., 2016) components were identified in all three conditions.
Onset latency was fastest for the 1TMP–1TGT condition (214 ms), followed by the
2TMP–2TGT condition (225 ms), and, surprisingly, the 2TMP–1TGT condition (237 ms,
all ts> 2.2, ps < .05). Although overall patterns are similar, these findings indicate that
our main classification analyses reflect more information than is present in just the N2pc,
which is subject to inherent electrode selection.
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Figure A.8: MVPA decoding performance for target position separately for switch and
repeat trials in the 2TMP–1TGT condition. The shaded area represents 1 SEM above
and below the mean for every time point. Thick lines as well as horizontal bars indicate
significant clusters (at α = .05) as produced by cluster-based permutation testing (5000
permutations). For visualization purposes only, the classification scores over time were
fitted with a cubic spline (λ = 15, comparable to a 30 Hz low-pass filter) to achieve
temporal smoothing. Note the statistical analyses and estimation of the onset latencies
were done on unsmoothed data. The marked time points indicate the latency of 50%
maximum amplitude as estimated using a jackknife approach (J. Miller et al., 1998; Luck,
2014; Liesefeld, 2018)
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Figure A.9: Individual MVPA decoding performance. Decoding for target positions on
the horizontal (left vs. right, less saturated red line) and on the vertical meridian (top vs.
bottom, more saturated red line) in the 2TMP–2TGT condition (which is the condition
where we expected serial processing, if any, to be most prominent). For each individual,
we computed Spearman’s ρ correlation between the classifier performances in the time
window from 150 ms to 700 ms post stimulus (the values of which are shown in each plot).
For visualization purposes only, the classification scores over time were fitted with a cubic
spline (λ = 15, comparable to a 30 Hz low-pass filter) to achieve temporal smoothing.
Note that the correlations were performed on unsmoothed data.
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Figure A.10: Results of location decoding and correlation analysis of a simulated dataset
across several signal-to-noise ratios (SNRs). We simulated ERPs for targets at all four
target positions. These artificial ERPs were either positively, negatively, or not correlated
between vertical and horizontal target position. The SNR of the simulated dataset was
then manipulated by adding random noise of various levels (relative to the peak amplitude
of the ERP) to the data. A) AUC scores (color coded) are shown for a location decoding
analysis, separately for the injected correlation and SNR across time. B) Spearman’s ρ
correlation (color coded) between confidence scores of the vertical and horizontal classifiers, separately for the injected correlation and SNR across time. For both A and B,
only those time points were colored that survived cluster-based permutation testing (α
= 0.05, 5000 permutations). Dashed vertical lines indicate the time window in which the
ERP was injected. The figure shows that both location decoding and the retrieving of the
injected correlation declined with decreasing SNR. Importantly, reliable correlations disappear before classification itself, indicating that for the average group classification levels
as observed in our data, any correlation present may have been too low to be detected.

Summary
We spend a considerable amount of our time searching for visual information
that is relevant for whatever we are currently doing. This is necessary
because the shear amount of information that is available at any moment
vastly exceeds what we can actually process. For example, think standing
in the supermarket and trying to find your favorite tea brand on a newly
rearranged supermarket shelf. Despite tremendous research efforts, there
are still many open questions about the principles underlying visual search.
This thesis deals with the question: Can people look for multiple objects at
the same time? And if not, how do they manage search so that eventually
they find all the objects they were looking for? For example, back at the
supermarket, you decide to not only get your favorite brand of tea, but also
try another one that was recommended to you by a friend. To test these
research questions, I presented four studies in this thesis that tackled them
from different angles.
In Chapter 2, we tested whether individuals can look for two target
objects at the same time. In particular, we tried to explain contradictory
findings regarding the presence of switch costs by whether individuals can
freely choose the upcoming target object or not. Switch costs are a measure
of whether search happens serially; if search happened in parallel, no switch
costs would be expected. In three experiments, we let participants look for
two colors in a search display presented on a computer screen. Importantly,
we manipulated whether both target colors or only one of them were
present in the search display. If both targets were present, participants
could freely choose which of them they would select; if only one target
color was present, the choice was imposed onto participants and they had
to select the only present target color. Note, that independent of whether
two or one target colors appeared in a search display, participants were
always instructed to look for two colors. While participants were performing
the task, we recorded eye movements and compared the time needed to
initiate an eye movement to the target on trials when a different target
feature was chosen than on the previous trial (target switch), with trials
on which the same target feature was chosen (target repeat). We observed
that participants needed more time to make an eye movement on target
switch trials compared to target repeat trials. These findings are stable in
that they also hold when more complex target objects are used (black and
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white line drawings). Overall, these findings suggest that individuals use the
possibility to choose the upcoming target to prepare a search in advance,
presumably with the goal to reduce detrimental effects of a target switch.
When choice is imposed, effective preparation is not possible, so that the
full search process can only be initiated once the search display has appeared.
Importantly, this data pattern of switch costs occurring only when
choice is imposed would not be expected if individuals could look for multiple target objects at the same time. In this case, individuals should be able
to prepare all relevant target features and efficiently find the target object,
irrespective of whether it switched or repeated relative to the previous trial
and whether they could choose the target color or not. The presence of
switch costs could suggest that individuals cannot simultaneously prepare
two task-relevant features, and set the limitation of multiple-target search
to one. However, as a similar data pattern would also be expected when
preparation of multiple items is possible, but not to an equal extent,
such a neural architecture would also be conceivable. In this case, one
feature would always be relatively more prioritized than the other, presumable the repeated feature, such that on average switch cost would occur.
It is a complex visual world we live in. Objects can have a multitude
of features all of which might be used to guide attention in principle,
so that demonstrating search for two color-defined target objects to be
restricted has only limited value for the real world. With this motivation,
we followed up on the findings of the experiments in Chapter 2 in the
experiment described in Chapter 3 by investigating three questions: (1) Do
the findings replicate? That is, can we reproduce the same results if we test
the same task with an independent sample of participants? (2) Do they
generalize to another feature dimension (we tested shapes, but could also
have used, orientation, spatial frequency, size, etc.), and most importantly
(3), do they also apply when the potential target features are defined across
two feature dimensions. In this experiment, we employed the same task and
again measured the speed of eye movements, but varied the task-relevant
feature dimension. In different blocks, observers looked for either two colors,
two shapes, or one color and one shape, while, at the same time, target
availability was manipulated by either presenting both cued target features
or only one of them. We replicated all previous findings and associated
implications, notably: The presence of switch costs depended on whether
individuals could freely choose the upcoming target or whether choice was
imposed. In addition, we showed that this pattern was not affected by the
task-relevant feature dimension, that is, switch costs only emerged when a
single target was present, irrespective of whether targets were color-defined,
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shape-defined or both.
If the effect of target availability that was observed in Chapters 2
and 3 is reflected by different neural systems, it should also be possible
to dissociate these modes of control on a neurophysiological level. For
example, in the free choice conditions, brain regions should be active earlier
than in imposed choice conditions. Furthermore, regions associated with
choosing should be particularly active in the free choice conditions. To
test these ideas, in Chapter 4 we present an experiment in which we yet
again applied the same procedure, but this time, while functional magnetic
resonance imaging scans were simultaneously obtained from healthy human
individuals. Indeed, the behavioural findings could be reproduced once
again: Switch costs were present when choice was imposed and absent
when observers could freely choose. To further specify this effect, we
applied computational modeling on the eye movement data, which has the
advantage that response times can be used to determine at which stage
during search differences occurred. We demonstrated that imposed target
switches are characterized by a significantly longer time that participants
needed to make a decision compared to imposed target repeats or free
target switch/repeat trials. This suggested that the choosing part is slower
when choice is imposed and participants have to unexpectedly switch to a
different target feature.
Furthermore, the neuroimaging data indeed demonstrates that free
and imposed target switches are dissociable in the brain. Specifically,
whereas the activity associated with imposed target switches is limited
to regions in the upper back of the brain (parietal cortex), free switches
led to stronger and more widespread activations across the entire brain,
but primarily in the part in the front. This pattern could indeed reflect
that during free choice processes are active that contribute to forming the
intention of switching the target (e.g. remembering the relevant target
objects, remembering what was chosen previously, or evaluating whether
and when to switch). In an additional analysis we also demonstrated that
imposed switches lead to a later response than free switches. However, even
though the data support our hypotheses, at the moment, the interpretation
of the specific mechanisms at play are mostly speculative.
Finally, in Chapter 5, I presented an experiment in which we revisited
the question of multiple-target search and what it actually means to be
able to look for multiple target objects at the same time. We proposed that
for multiple-target search to be truly simultaneous, individuals must be able
to (1) prepare multiple search targets in advance and be ready to use each
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of them at the same time, and (2) engage in search and actually select
information from the visual field that are potentially task-relevant, also at
the same time. Based on this proposal, multiple-target search could either
be limited at the preparation stage, at the selection stage, at both stages, or
not limited at all. To test this hypothesis, we designed a search task for two
target objects, in which we separately manipulated search preparation and
target selection and combined it with electroencephalography (EEG), which
has the advantage that the search process can be tracked in space (where
on the screen do individuals search) and in time (when do they select what
information) with a millisecond precision. The results suggested that even
though there is a multiple-target cost associated with both preparation
as well as selection of multiple target objects, the true bottleneck of
multiple-target search is not so much preparing multiple targets for search,
but extracting the task-relevant information from the search displays.
Furthermore, to examine which neural architecture underlies this pattern,
we employed a novel analysis approach that suggests that individuals did
simultaneously look for two target objects, but that this effort came at the
great cost of a strongly reduced search efficiency in both behavior (slower
search times and reduced detection rate) and electrophysiology (search
targets are represented with a lower quality in the brain). However, also
this conclusion is somewhat speculative as there is a possibility that the
procedures applied were lacking statistical power.
Based on these findings, we proposed a framework in which individuals can look for multiple targets, but at the cost of a reduced search
efficiency compared to search for a single target. In this framework,
preparing multiple targets in anticipation of a search at essentially the
same time is possible. In this sense, in a task when two targets are
potentially task-relevant and individuals cannot predict which one of them
will eventually occur, individuals can prepare to look for both targets, and
only once the search display appears, the target that is currently relevant
receives a boost and is being processed. The reason why we still observe
a small cost associated with preparing to search for multiple targets is
probably related to search targets being in competition with each other,
so that their relative preparedness dynamically fluctuates over time. As a
result, one of them has a slight head start and causes more swift guidance.
This advantage is more likely to occur for the target feature that has been
relevant on the previous trial–hence the switch costs. Our findings also
suggest that selecting multiple unique search targets from the visual input
is costly, representing the true bottleneck of multiple-target search. In this
sense, individuals can prepare to look for multiple targets, but as soon as
these targets need to be selected, they will interfere with each other and
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cause a decline in search efficiency, the multiple-target search cost. These
findings essentially limit efficient multiple-target search to a single item.
In many situations, the outcome of a multiple-target search is critical, oftentimes with life-saving implications (e.g. radiologists checking
x-ray scans for abnormalities, airport security screeners scanning luggage
for potential threat objects, commuters following the signage at busy
crossroads). If future research shows that our findings also apply in more
complex real-life scenarios, our findings will help better designing multipletarget search problems and reduce the risk of search failures and associated
potential severe consequences.

Deutsche Zusammenfassung
Einen Großteil unserer Zeit verbringen wir damit visuelle Informationen zu
suchen, die gerade relevant sind für das, womit wir gerade beschäftigt sind.
Dies ist notwendig, da die schiere Menge an Informationen, die zu einer
bestimmten Zeit verfügbar sind, die Kapazitäten dessen, was wir im Stande
sind zu verarbeiten bei Weitem übersteigen. Zum Beispiel, stell dir vor in
einem Supermarkt zu stehen und dort deine Lieblingssorte Tee in einem
frisch umsortierten Teeregal zu finden. Trotz enormen Forschungsanstrengungen gibt es immer noch eine Vielzahl an offener Fragen bezüglich der
grundlegenden Prinzipien von visueller Suche. Diese Dissertation beschäftigt
sich mit den Fragen: Können Menschen mehrere Objekte gleichzeitig
suchen? Und falls nicht, wie wird Suchen kontrolliert um schlussendlich
doch alle Suchobjekte gefunden werden können? Zum Beispiel, zurück im
Supermarkt, entschließt du dich nicht nur deinen Lieblingstee zu kaufen,
sondern auch noch einen neuen Tee auszuprobieren, der dir von einem
Freund empfohlen wurde. Ich habe vier empirische Studien vorgestellt, die
diese Fragen von verschiedenen Blickwinkeln untersuchten.
In Kapitel 2, haben wir untersucht ob Individuen mehrere Suchobjekten
gleichzeitig finden können. Im Speziellen, haben wir versucht widersprüchliche Ergebnisse bisheriger Forschung bezüglichen des Auftauchens von
sogenannten Wechselkosten damit zu erklären, dass Probanden manchmal
die Möglichkeit hatten das folgende Suchobjekt selbst zu bestimmen oder
nicht. Wechselkosten werden benutzt um die Serialität von Objekten zu
messen; falls man parallel nach zwei Suchobjekten gleichzeitig suchen
könnte, sollten Wechselkosten nicht auftreten. In drei Experimenten haben
wir Versuchspersonen instruiert um nach zwei Farben in einem Suchdisplay
zu suchen, das auf einem Bildschirm präsentiert wurde. Die kritische
Manipulation beinhaltete ob beide Farben auch wirklich im Suchdisplay
auftauchten oder nur eine der beiden. Wenn beide Suchobjekte im Display
vorkamen, konnten Versuchspersonen selbst auswählen welche dieser Farben
sie aussuchen würden; falls nur eine Farbe vorkam, hatten Probanden
keine Wahl und mussten die eine Farbe wählen, die präsentiert wurde.
Es ist wichtig zu erwähnen, dass unabhängig davon was tatsächlich auf
dem Bildschirm präsentiert wurde, Probanden immer dazu ermuntert
wurden, nach beiden Suchobjekten zu suchen. Während Probanden diese
Aufgabe ausführten, haben wir ihre Augenbewegungen aufgezeichnet
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und gemessen wie lange sie benötigt haben um eine Augenbewegung zu
einem Suchobjekt auszuführen. Diese Zeiten haben wir dann verglichen
zwischen Durchläufen in welchem das Suchobjekte das gleiche war wie im
vorhergehenden Suchdurchgang (Suchobjektswiederholung), oder aber ein
anderes (Suchobjektswechsel). Die Resultate zeigten, dass Probanden länger
nötig hatten um eine Augenbewegung zu einem Suchobjekt zu machen,
wenn dieses ein anderes war als im vorhergehenden Durchlauf, allerdings
nur wenn sie das Suchobjekt nicht frei auswählen konnten. In diesem Fall
traten keine Wechselkosten auf. Diese Resultate sind replizierbar: Wir
haben das gleiche Muster beobachtet wenn die Suchobjekte keine Farben
sondern komplex Schwarzweiß-Zeichnungen waren. Zusammengenommen
implizieren diese Ergebnisse, dass Individuen die Möglichkeit anstehende
Suchobjekte selbst auszuwählen nutzen und sich auf den Wechsel im
anstehenden Durchlauf vorbereiten, wahrscheinlich um die potentiellen
Wechselkosten zu reduzieren. Wenn die Wahl vorgegeben ist, ist eine
effektive Vorbereitung nicht möglich, so dass der vollständige Suchvorgang
erst dann initiert werden kann, wenn der Suchschirm aufgetaucht ist.
Das Muster, dass Wechselkosten nur auftreten wenn Probanden keine
Wahl haben ist vor allem deswegen aufschlussreich, da es nicht erwartet
würde, wenn Menschen nach mehreren Suchobjekten gleichzeitig suchen
könnten. Wenn diese der Fall wäre, sollten Individuen in der Lage sein
sich auf alle potentiellen Suchobjekte vorzubereiten und schlussendlich
auch zu finden, unabhängig dessen ob das relevante Suchobjekt gewechselt
oder wiederholt wurde, und ob Probanden die Wahl haben oder nicht.
Das Vorhandensein von Wechselkosten könnte implizieren, dass man nicht
nach mehreren Suchobjekten gleichzeit suchen kann und würde visuelle
Suche auf ein einziges Suchobjekt zu einem spezifischischen Zeitpunkt
beschränken. Nichtsdestrotz, ein ähnliches Ergebnis würde erwartet werden,
wenn mehrere Suchobjekte schon vorbereitet werden könnten, allerdings
nicht zu gleichen Anteilen. In diesem Fall würde ein Suchobjekt immer
relativ mehr priotisiert sein als das andere.
Wir leben in einer komplexen Welt. Gegenstände haben eine Vielfalt
an Eigenschaften, die theoretisch alle benutzt werden können um unsere
Aufmerksamkeit zu lenken. Daher hat es nur limitierten Nutzen zu zeigen
das visuelle Suche nach Farben beschränkt ist. Aus diesem Grund, haben
wir ein weiteres Experiment durchgeführt in welchem wir untersucht haben
ob die gleichen Ergebnisse auch auftreten, wenn Probanden nach zwei
willkürlichen Formen, oder nach einer Form und einer Farbe suchen (siehe
Kapitel 3. In diesem Experiment haben wir die gleiche Suchaufgabe und
Analysen benutzt. Tatsächlich konnten wir alle Ergebnisse bestätigen. Im
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Speziellen ist das Vorhandensein von Wechselkosten abhängig davon ob
Probanden die Wahl haben oder nicht. Darüberhinaus konnten wir zeigen,
dass die Eigenschaften die dazu genutzt werden um das Suchobjekt zu
finden (z.B. Farbe, Form) keinen Unterschied macht.
Wenn die Verhaltensunterschiede die auftauchen auf der Rekrutierung
unterschiedlicher neuronaler Systeme basiert sollte es mit funktioneller
Bildgebung möglich sein diese Systeme zu differenzieren. Zum Beispiel,
wenn Probanden die Möglichkeit das Suchobjekt selbst auszusuchen auch
wirklich gebrauchen um die visuelle Suche vorzubereiten, sollten Hirnareale
in diesen Momenten früher aktiv werden, als wenn Probanden keine Wahl
haben. Um diese Hypothese zu testen have in Kapitel 4 ein Experiment
vorgestellt, in dem wir Probanden wieder die gleiche Aufgabe haben machen
lassen, doch diesmal in einem Magnetresonanztomographen (MRT), um
Hirnaktivität während dieser Aufgabe zu beobachten. Die Versuchspersonen
haben erneut das gleiche Verhalten gezeigt: Wechselkosten treten nur
dann auf, wenn Probanden keine Wahl haben. Um diesen Effekt weiter zu
spezifieren haben wir ein Computermodell benutzt und festgestellt, dass
dieser Effekt tatsächlich mit hoher Wahrscheinlichkeit in der längeren Zeit
reflektiert ist, die nötig ist um zu entscheiden welches der Objekte auf
dem Bildschirm das Suchobjekt ist. Des Weiteren haben die Resulte der
funktionellen Bildgebung mit dem MRT ergeben, dass die Hirnaktivität
wenn Probanden frei auswählen können unterschieden werden kann, wenn
sie nicht auswählen können. Im Speziellen ist die Hirnaktivität wenn
Suchobjekte vorgegeben werden beschränkt im hinteren, oberen Teil des
Gehirns (parietal Kortex). Im Gegensatz dazu führt freies Wählen von
Suchobjekten zu großflächigerer und stärkerer Hirnaktivität im gesamten
Gehirn, aber vor allem in vorderen Teil. Diese Resultate könnten in der
Tat daher kommen, dass Prozesse vergleichbar mit dem freien Willen die
treibenden Kräfte sind, die zu den Verhaltenseffekten führen. In weiteren Analysen konnten wir auch zeigen, dass das Gehirn früher aktiv wird,
wenn Probanden wählen dürfen verglichen mit wenn sie nicht wählen dürfen.
Im letzten Kapitel 5, habe ich ein Experiment vorgestellt in welchem
wir die Frage ob man nach mehreren Dingen gleichzeitig suchen kann,
genauer untersucht haben und uns fragten, was genau es eigentlich heißt,
nach vielen Suchobjekten zu suchen. Auf diesen Überlegungen basierend,
schlagen wir vor, dass wenn es wirklich der Fall sein soll, dass man nach
mehreren Suchobjekten gleichzeitig suchen kann, zwei Bedingungen erfüllt
sein müssen. Erstens muss es möglich sein mehrere Suchobjekte vorzubereiten und sich darauf einzustellen alle dieser Objekte in einer Suchaufgabe
zu finden. Zweitens muss die eigentliche Suche auch zeitgleich erfolgen
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und alle relevanten Suchobjekte gleichzeitig extrahiert werden können.
Basierend auf dieser Idee können die Grenzen von visueller Suche entweder
in der Vorbereitung einer Suche, in der Ausführung der Suche oder in
beiden liegen. Um diese Hypothese zu testen, haben wir Veränderung im
elektrischen Feld, welches das Gehirn umgibt mit electroencephalographie
(EEG) gemessen. Diese Technik hat den Vorteil, dass Hirnaktivität mit einer
Millisekundenauflösung verfolgt werden kann. Die Resultate dieser Studie
legen nahe, dass obwohl beide Aspekte von visueller Suche Beschränkungen
unterliegen, der wahre limitierende Faktor die Ausführung ist. Des Weiteren,
um zu untersuchen welche neuronale Architektur diesen Ergebnissen
zu Grunde liegen könnte haben wir eine kürzlich entwickelte Methode
angewandt und festgestellt, dass die Resulte dadurch erklärt werden können,
dass obwohl Probanden in der Lage sind nach mehreren Dingen gleichzeitig
zu suchen, diese Bemühungen mit so großen Kosten einherkommen,
dass Effizienz der Suche (Geschwindigkeit und Erfolgswahrscheinlichkeit)
so wie die neuronale Repräsentation von den relevanten Suchobjekten
stark beeinträchtigt sind. Diese letzte Schlussfolgerung ist jedoch eher
spekulativ, da die statistische Analyse tendenziell nicht sensibel genug waren.
Basierend auf diesen Ergebnissen schlagen wir ein Modell vor in welchem
Individuen nach mehreren Objekten gleichzeitig suchen können, allerdings
auf Kosten der Suchqualität. In diesem Modell ist das Vorbereiten um
mehrere gleichzeitig Objekte zu suchen im Grunde möglich. Daher sollte
es möglich sein für Probanden um in einer Suchaufgabe in der mehrere
visuelle Eigenschaften relevant sind und nicht antizipiert werden kann
welche dieser Eigenschaften schlussendlich gezeigt wird, sich effizient auf
die Suche vorzubereiten. Der Grund warum wir in diesen Aufaben dennoch
Wechselkosten finden könnte daran liegen, dass alle Suchobjekte miteinander im Wettbewerb stehen und der relative Grad des "Vorbereitetseins"
zeitlich dynamisch fluktuiert, so dass eines der Objekte einen kleinen Vorteil
hat, in dem Moment in dem das Suchdisplay erscheint. Dieser kleine Vorteil
trifft wahrscheinlich häufiger ein für Suchobjekte die sich wiederholen, so
dass systematische Wechselkosten auftreten. Des Weiteren legen unsere
Ergebnisse nahe, dass das eigentliche Extrahieren der gesuchten Objekte aus
der visuellen Umgebung der limitierende Faktor von visueller Suche ist. In
diesem Sinne können Individuen sich zwar darauf vorbereiten verschiedene
Suchobjekte zu finden, doch sobald beide extrahiert werden sollen, tritt ein
Konflikt zwischen ihnen auf und Sucheffizienz verringert sich, welches die
effektive Kapazität von visueller Suche auf ein einziges Objekt limitiert.
In vielen Situation ist das Ergebnis einer visuellen Suche nach mehreren
Suchobjekten kritisch, oftmals mit Implikationen für Leib und Leben (z.B.
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Radiologen die Röntgenaufnahmen auf Indikationen für Abnormalitäten
absuchen, Sicherheitsbeamte am Flughafen die Gepäck auf Gefahrgüter
untersuchen, oder Pendler die an geschäftigten Kreuzungen ihren Weg auf
Arbeit finden müssen. Falls zukünftige Untersuchungen zeigen sollten, dass
unsere Ergebnisse auch auf realistischeren Situationen zutreffen, werden
unsere Ergebnisse einen wichtigen Beitrag geleistet haben, um solche Suchprobleme auf eine Art und Weise zu gestalten, welche die größtmögliche
Effizienz für Menschen garantiert und etwaige Risiken minimiert.
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