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Introduction

Chapter 1

In our everyday lives, we have the impression that we are perceiving the world as it is
and that perception is based only on the incoming sensory information. However, our
impression of the world is in fact heavily influenced by various cognitive processes taking
place in our brains. Instead of a passive registration of the world, perception is often cast
as an active process of integrating sensory input with top-down information (Gregory,
1997). Many cognitive processes could potentially influence the output of our perception
as well as the neural output associated with it; some examples are attention (Myers et
al., 2015; Stokes, Thompson, Cusack, et al., 2009), working memory (Harrison &
Tong, 2009; Serences et al., 2009), mental imagery (Kosslyn, 1996; Pearson, 2019), and
expectation (P. Kok et al., 2012; Summerfield & de Lange, 2014).

1.1 Familiarity can influence our perception
Prior knowledge can also greatly affect the output of our perception. Imagine you’re
visiting a new city and walking down its main street. Your attention is drawn to the
buildings, shops, and cafes, and your perception is rich and full of details. Some people
may even feel overwhelmed by the amount of novel input they are receiving in a short
amount of time, while other people may feel excited and energized. Now imagine
that you’re walking down the main street in a city with which you’re highly familiar
perhaps because you’ve lived there for many years. You know most of the buildings and
establishments, so your attention is not drawn in the same way to multiple details simply
because you’re familiar with them. You may feel a bit bored by the familiar visual input,
or you may feel comforted by the fact that you know this place. Hypothetically, you could
be walking down the very same street in the same city, but your subjective experience of
the scene would be vastly different based on whether or not you are familiar with your
surroundings.
In order to practically experience this yourself, take a look at the image below
(Figure 1.1). It may be difficult to recognize what is depicted there, but then you can
take a look at the image on the next page (Figure 1.2), which should make it easier to
see the hidden object. The intact image (Figure 1.2) gives you information and makes
you familiar with what is shown there. That prior knowledge makes it possible for you to
quickly recognize the object in the image in Figure 1.1. I further explore how familiarity
influences our perception and the associated neural activity in Chapter 2 and Chapter 3.
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Figure 1.1. A Mooney-type image where the depicted object is difficult to recognize. Image created
by the author and edited in Adobe Photoshop.

1.2 Expectation can also influence our perception
Once you are familiar with a visual scene or object, you may also come to expect it.
For instance, you’ve most likely seen many tables in your life, and tables are usually
surrounded by chairs. Thus, next time you see a table, you may in fact be expecting to see
chairs around it, and you may be surprised if instead of chairs the table is surrounded by
plants. Note that you may not even be aware that you were expecting chairs when you
saw the table; this type of expectation may be happening automatically in your brain
(Bar, 2004; Henderson & Hollingworth, 1999; Oliva & Torralba, 2007) outside of your
conscious awareness. Since you have undergone a great deal of statistical learning (i.e.,
you’ve seen tables surrounded by chairs on many occasions in your life), your brain may
be generating predictions automatically based on the current sensory input.
On other occasions, you may in fact be aware of the predictions your brain is
generating. If you hear the first few notes of a popular song you know well but then the
song is paused, you may hear the next few notes “in your head” or in your imagination,
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so to say. You will most likely be aware of generating this prediction in your mind, but
it is interesting to note that you may not have complete conscious control over it, as in
when a song gets “stuck in your mind” and keeps playing on repeat. This suggests that
this type of expectation to hear the melody or pre-play of the song is automatic, at least to
some extent. I will explore how expectations affect our perception and the related neural
activity in Chapter 2 and Chapter 4.

Figure 1.2. The intact image on which the Mooney-type image in Figure 1.1. is based. Having
seen this image makes it much easier to recognize the depicted object when looking at Figure 1.1.
Photograph taken by the author.

1.3 The relationship between the concepts of familiarity and
expectation
Notably, there are similarities between being familiar with something and expecting
something. Both require that you have previous experience with the object at hand. Being
familiar with something presumes you have knowledge about the object, while expecting
something implies you are actively building a prediction about what is going to happen
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in the future. Moreover, we can only expect something when we are familiar with it; in
other words, we cannot expect something of which we have no knowledge. This means
that the concept of expectation is nested, or contained, within the concept of familiarity.
Expectation is a special case of familiarity, and being familiar with an image is necessary
in order to expect it.
Furthermore, both familiarity and expectation can improve behavioral performance.
Numerous studies have shown that when participants see familiar stimuli, they perform the
task better and respond more quickly (Berns et al., 1997; Connine et al., 1990; Goldstein
et al., 2002). Similarly, when participants expected certain stimuli to be presented, their
hit rate was higher and reaction times were faster (Leow et al., 2018; Rohenkohl et al.,
2012; Stefanics et al., 2010). Familiarity and expectation are related concepts, and they
influence behavior similarly, which is why we hypothesized that their influence on neural
input may be similar as well and possibly additive in nature. I examine this question in
Chapter 2.

1.4 Aspects of neural activity that may be modulated by
familiarity and expectation
There are various ways in which perceptual processes can influence brain activity, and
I chose to focus on three ways to quantify electrophysiological activity in my research:
amplitude of the response, signal truncation, and signal-to-noise ratio.

1.4.1 Amplitude
The response amplitude is the most straightforward of these measures, and it is simply the
difference between the response peak and the baseline level of activity (A. Kok, 1997).
Novel input is often known to elicit higher-amplitude brain responses than familiar
input; Miller et al. (1991) found reduced spiking activity in inferotemporal (IT) cortex
for familiar images, Grill-Spector et al. (2006) found less hemodynamic activity in lateral
occipital complex (LOC), the human homologue of IT, and Cycowicz & Friedman
(1998) demonstrated lower event-related potential (ERP) amplitude for familiar stimuli.
Unexpected input also tends to elicit more spiking activity than expected input in monkeys
(Kaposvari et al., 2016; Meyer & Olson, 2011), while the findings in human studies are
mixed (Davis & Hasson, 2016; Egner et al., 2010; Puri et al., 2009; Turk-Browne et al.,
2010) perhaps because of the different tasks used by each study and the unique resulting
task demands (St. John-Saaltink et al., 2015). This suggests that familiar and expected
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input may require fewer resources than novel and unexpected input, respectively, but not
under all circumstances. I explore this question and the relationship between familiarity
and expectation in Chapter 2.

1.4.2 Signal truncation
Another feature of neural activity that I examined in my research is signal truncation, or
temporal sharpening, of the signal elicited by a familiar stimulus (Meyer et al., 2014). As
stimuli become familiar to the observer, the visual system is able to process them faster,
and the sensory response to familiar images is truncated. In other words, the activity for
familiar items returns to baseline more quickly than it does for novel items, which puts
neurons in a state of readiness where they can more efficiently track quickly changing
image streams. This results in a higher dynamic range (i.e., peak-to-trough difference) for
familiar items compared to novel ones when images are presented briefly one after the
other. As a consequence, while one novel image is still being processed, the next novel
image is already being shown on the screen, preventing the visual system from efficiently
processing novel input. Meyer & Olson (2011) observed similar truncation for expected
compared to unexpected images, albeit with a different design. Challenging the visual
system with rapid image presentation and assessing its ability to respond efficiently is a
novel research approach. Chapter 2 and Chapter 3 focus on taxing the visual system in
this way in order to elucidate how its temporal dynamics change to process information
efficiently, exploring the hypothesis that signal truncation and increased dynamic range
may contribute to efficient stimulus processing in the visual system.

1.4.3 Signal-to-noise ratio
The third aspect of neural activity I explored in my research is the signal-to-noise ratio of
the stimulus representation. When the representation of an image is present in a signal,
i.e., the image elicits high signal-to-noise ratio in the population activity, the identity of
that image can be decoded with higher accuracy. By first training a classifier on the pattern
of activity for the images of interest and then testing how well the algorithm can decode
the images’ identity, one can infer the signal-to-noise ratio with which images are present
in neural activity (Kumar & Brasher, 1992). Many cognitive processes can boost how well
an image is represented in the brain: paying attention to an image (Myers et al., 2015;
Stokes, Thompson, Nobre, et al., 2009), keeping an item in working memory (Harrison
& Tong, 2009; Serences et al., 2009), imagining a stimulus (Albers et al., 2013; Dijkstra
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et al., 2020), and expecting an image (Blom et al., 2020; Gayet & Peelen, 2022; P. Kok
et al., 2017; Meyer & Olson, 2011) can all render stimuli easier to decode. Nevertheless,
much remains unknown about how anticipating an item influences its representation
in neural activity and specifically whether expecting object images elicits prestimulus
activation. I test whether object expectation improves classification in Chapter 4.

1.5 Cognitive electrophysiology
Let us take a step back and consider the larger research field of which this thesis is a part.
Research in cognitive electrophysiology can explore many different questions regarding
cognition and the neural system. For instance, what happens in the brain when a person
speaks, remembers something she learned, or imagines seeing a picture? In order to find
out, researchers put a participant in a machine that measures brain activity and ask the
person to do a particular task, for instance: “Press this button when you see an image of a
rubber ducky.” In the meantime, participants may be looking at images, hearing sounds,
or having to perform cognitive tasks such as keeping information in mind. People usually
need to complete many iterations of a task, called ‘trials,’ so that researchers have the
chance to record activity many times for the same cognitive event. Later, the researcher
averages multiple trials together or in a different way analyzes multiple trials belonging
to the same condition. This allows for noise, which is unrelated to the experimental
manipulation, to be canceled out, resulting in a reliable estimate of the effect.

1.5.1 EEG and MEG signal
The field of cognitive electrophysiology examines how brain activity is linked to cognitive
processes, and electrophysiology specifically refers to measuring the electrical activity of
neurons. When one neuron sends a signal to another neuron, there is a change in the
electrical potential of the receiving neuron. When many neurons are communicating in
a synchronized fashion, they produce changes in electrical potentials that can be detected
with electroencephalography (EEG) (Buzsáki et al., 2012). Electrical activity generates a
magnetic field, which can be measured with magnetoencephalography (MEG) (Ilmoniemi
& Sarvas, 2019). MEG has excellent temporal resolution (i.e., neural dynamics can be
examined on the scale of milliseconds), which means we can know with great precision
when events are happening in the brain. In addition, MEG has reasonably good spatial
resolution when source reconstruction techniques are applied, allowing us to know, not
definitively but with a high degree of certainty, where signals are coming from in the
brain. See Figure 1.3 for a photograph of a participant positioned in the MEG machine.
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Several aspects of brain anatomy are important for cognitive electrophysiology. The
MEG signal is generated predominantly by pyramidal neurons in the cortex because
they have the correct orientation and their firing is synchronized in time, allowing their
activity to be detected by the MEG sensors (Baillet, 2017). Moreover, areas close to
the surface of the brain, such as different cortical regions, produce strong MEG signals
since those areas are close to the MEG sensors in the helmet. In contrast, areas deep in
the brain and thus far away from the brain’s surface, such as the limbic system and the
hippocampus, produce signals that are not recorded well in the MEG since those areas
are far from the MEG sensors (Baillet, 2017). These constraints demonstrate that MEG
is particularly well-suited for studying cognitive processes due to the fact that these are
linked to activity in cortical areas.

Figure 1.3. A participant is seated in the MEG, performing the ducky detection task used in
Chapter 2.

1.5.2 Visual cortex
Taking the example of vision, the occipital cortex, which processes visual information, is
at the very back of the brain. At first, visual information hits the eye and the retina, travels
via the optical nerve, via the lateral geniculate nucleus (LGN), and arrives in occipital
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cortex (Huff et al., 2022) (see Figure 1.4 for a schematic depiction of the human visual
system). Visual input is first processed in V1, so-called primary visual cortex, where lowlevel features, such as orientation and direction, are analyzed (DeAngelis et al., 1995).
Information from V1 is sent to V2, where features such as color, spatial frequency, and
object orientation are processed (Anzai et al., 2007). V1 and V2 are considered early visual
regions and have small receptive fields, meaning they see a very small part of the picture
that is being perceived. Next, the information gets sent to other regions such as V3, V4,
and MT which processes movement; these have progressively larger receptive fields. Then,
visual input reaches area LOC where higher-level characteristics are processed, e.g., shape,
texture, and category (Grill-Spector et al., 2006). At this point, the visual system processes
the entire object that is being observed and can often communicate with memory regions
such as the hippocampus (Buckner, 2010; Eichenbaum et al., 1999; Hindy et al., 2016)
to retrieve the semantic label or meaning of the perceived input. Information also flows
from downstream regions to early areas (Engel et al., 2001), telling primary visual cortex
what it is seeing on the level of the scene or object. These are called ‘feedback processes,’ in
contrast to ‘feedforward processes,’ which proceed from early areas to higher-level areas.

Figure 1.4. Anatomy of visual cortex. Adapted from (Chinellato & del Pobil, 2016).
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1.6 Thesis outline
This thesis examines how familiarity and expectation modulate brain activity. To that end,
I conducted three experiments in healthy human participants with MEG as well as using
behavioral measures.
In Chapter 2, we aimed to investigate how familiarity and expectation influence the
neural signal and whether their effects are additive. We assessed the amplitude differences
caused by novelty and surprise, and we also studied signal truncation, indicating the
visual system’s sharpened temporal dynamics due to familiarity. We also applied source
reconstruction techniques for both effects to explore the spatial dynamics related to these
types of knowledge.
In Chapter 3, we aimed to learn more about the temporal and spatial characteristics
of familiarity-induced signal truncation. We presented images at different rates, ranging
from slow to fast, to identify at which presentation speed we observe the highest signal
truncation. We also explored the spatial spread of signal truncation and to what extent
it was present in different regions of the visual system. We also assessed the behavioral
relevance of familiarity-induced signal truncation.
In Chapter 4, we aimed to discover whether expecting object images results in
prestimulus activation in the visual system. We employed classification techniques to
assess whether object images could be decoded successfully from the MEG signal, whether
expecting an object increased classification accuracy, and when in time classification was
the highest.
In Chapter 5, I summarize the findings described in the previous chapters and
discuss the conclusions that can be drawn from this work. I also raise some over-arching
scientific questions and suggest what contribution this thesis can make towards those.
Finally, I discuss future research directions that can further our understanding of these
topics.
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Chapter 2

Stimulus Familiarity and Expectation
Jointly Modulate Neural Activity in the
Visual Ventral Stream

This chapter has been adapted from:
Manahova, M. E., Mostert, P., Kok, P., Schoffelen, J.-M., & de Lange, F. P. (2018). Stimulus
Familiarity and Expectation Jointly Modulate Neural Activity in the Visual Ventral Stream.
Journal of Cognitive Neuroscience, 30(9), 1366–1377. https://doi.org/10.1162/jocn_a_01281

Chapter 2

Abstract
Prior knowledge about the visual world can change how a visual stimulus is processed.
Two forms of prior knowledge are often distinguished: stimulus familiarity (i.e., whether
a stimulus has been seen before) and stimulus expectation (i.e., whether a stimulus is
expected to occur, based on the context). Neurophysiological studies in monkeys
have shown suppression of spiking activity both for expected and for familiar items in
object-selective inferotemporal cortex (IT). It is an open question, however, if and how
these types of knowledge interact in their modulatory effects on the sensory response.
In order to address this issue and to examine whether previous findings generalize to
non-invasively measured neural activity in humans, we separately manipulated stimulus
familiarity and expectation, while non-invasively recording human brain activity using
magnetoencephalography (MEG). We observed independent suppression of neural
activity by familiarity and expectation, specifically in the lateral occipital complex (LOC),
the putative human homologue of monkey IT. Familiarity also led to sharpened response
dynamics, which was predominantly observed in early visual cortex. Together, these
results show that distinct types of sensory knowledge jointly determine the amount of
neural resources dedicated to object processing in the visual ventral stream.
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2.1 Introduction
Our visual environment is complex and rapidly changing, making visual perception a
challenging task. In order to quickly parse visual input and deliver a stable percept of
the world, the visual system is thought to employ principles of operation that allow an
efficient sensory representation of the most likely current state of the visual world (Friston,
2005a; Lee & Mumford, 2003a; Meyer & Olson, 2011; R. R. N. Rao & Ballard, 1999;
Summerfield & de Lange, 2014). By consequence, the amount of experience the visual
system has had with a particular object can influence how much resources are allotted
to processing that object. For instance, viewing an object image repeatedly (and thus
becoming familiar with it) results in reduced spiking activity in inferior temporal (IT)
cortex in monkeys (Miller et al., 1991) and reduced hemodynamic activity in the human
homologue (Grill-Spector et al., 2006), lateral occipital cortex (LOC), as measured with
functional magnetic resonance imaging (fMRI). These findings suggest that familiar
items require fewer neural resources than unfamiliar items.
Structure in visual information can also affect visual processing. If images are
regularly presented in a specific temporal sequence, it becomes possible to predict which
image will be presented next. Studies find that expected object images elicit reduced
spiking activity compared to unexpected items in monkey IT (Kaposvari et al., 2016;
Meyer & Olson, 2011), while evidence is more mixed in human studies (Davis &
Hasson, 2016; Egner et al., 2010; Puri et al., 2009; Turk-Browne et al., 2010), possibly
due to differences in task demands (St. John-Saaltink et al., 2015).
Recently, Meyer et al. (2014) observed that image familiarization does not only lead
to an activity reduction but also results in sharpening of the dynamics of neuronal visual
responses in monkey IT. Since the sensory response to familiar images was truncated,
this put IT neurons in a state of readiness for ensuing images and thereby enhanced
their ability to track rapidly changing displays. This was demonstrated by a higher
dynamic range (i.e., peak-to-trough difference) for familiar images compared to novel
ones. A similar temporal truncation has been seen for expected, compared to unexpected,
images (Meyer & Olson, 2011). Temporal sharpening and increased dynamic range may
complement neural activity suppression in representing the visual world in a maximally
efficient manner.
While the effects of familiarity and expectation on the sensory response in
monkey IT are relatively well described separately, it is uncertain whether and how these
modulatory factors interact. Familiarity and expectation have to date been examined in
distinct experimental paradigms, but since the two tend to go together (when we see a
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familiar image repeatedly, we come to expect it), their effects are difficult to disentangle.
Moreover, these processes have not been investigated extensively in humans using
electrophysiological measures, and evidence from non-invasive recordings in humans is
mixed. It is important to note that there is a nested relationship between familiarity and
expectation, such that we must be familiar with an object before we can expect to see it.
Because of this, expected and unexpected items are by necessity familiar, but, crucially,
expected and unexpected items can be equally familiar.
In the current study, we set out to study how image familiarity and expectation
modulate the sensory response to object stimuli in humans. We did this by comparing
the neural response to familiar vs. novel images, and within the class of familiar items by
comparing the neural response to expected vs. unexpected items. We measured neural
activity using magnetoencephalography (MEG) while participants viewed images that
were familiar or novel, and expected or unexpected. To preview, we found a reduction
of activity for familiar compared to novel images in LOC. Within the class of familiar
items, there was a further reduction of activity for expected compared to unexpected
images in LOC. Moreover, we found a larger dynamic range for familiar compared to
novel images that was most prominent in early visual areas, suggesting that the signal was
temporally sharper for familiar than for novel input. These results show how familiarity
and expectation jointly modulate activity in object-selective visual cortex, possibly
allowing for an efficient coding of visual input.

2.2 Materials and Methods
2.2.1 Data and software availability
Data and code used for stimulus presentation are available online at the Donders Institute
for Brain, Cognition, and Behavior repository at https://doi.org/10.34973/vxh6-vy09.

2.2.2 Participants
Twenty-nine healthy human volunteers (15 female, 14 male, mean age = 24.17 years, SD
= 3.80 years) with normal or corrected-to-normal vision, recruited from the university’s
participant pool, completed the experiment and received either monetary compensation
or study credits. The sample size, which was defined a priori, ensured at least 80% power
to detect within-subject experimental effects with an effect size of Cohen’s d>0.60. The
study was approved by the local ethics committee (CMO Arnhem-Nijmegen, Radboud
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University Medical Center) under the general ethics approval (“Imaging Human
Cognition”, CMO 2014/288), and the experiment was conducted in compliance with
these guidelines. Written informed consent was obtained from each individual.

2.2.3 Stimuli
Stimuli were chosen from the image set provided at http://cvcl.mit.edu/MM/
uniqueObjects.html. A different object was represented in each image, and all objects
were shown against a gray background. A total of 2054 images were presented for each
participant. Familiar images were randomly selected for each pair of participants. Each
pair of participants saw different familiar images, and the images with and without a set
sequence were counterbalanced within a pair of participants. Specifically, if for participant
1, set A comprised the images with a set sequence and set B comprised the images without
a set sequence, the opposite was true for participant 2: set B comprised the images with
a set sequence, and set A comprised the images without a set sequence. In both the
behavioral and MEG sessions, the images subtended four degrees of visual angle.

2.2.4 Apparatus
MATLAB (The Mathworks, Inc., Natick, Massachusetts, United States) and the
Psychophysics Toolbox extensions (Brainard, 1997) were used to show the stimuli on
a monitor with a resolution of 1920x1080 pixels and a refresh rate of 100 Hz. For the
MEG session, a PROpixx projector (VPixx Technologies, Saint-Bruno, QC Canada) was
used to project the images on the screen, with a resolution of 1920x1080 and a refresh
rate of 100 Hz.
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Figure 2.1. (A) Trial structure. First, participants saw a bull’s eye fixation point for a jittered period
between 500 and 750 ms. Then, each of the six images was presented for 180 ms with no gap
between images. Finally, a fixation dot was presented at the end of the trial. (B, C, D) Experimental
design: (B) Participants were familiarized with two sets of images. One set of images were always
presented in a specific circular sequence (left), leading to Familiar Sequence Present trials. Another
set of images were presented in a random sequence (right), resulting in Familiar No Sequence trials.
(C) For the set of images with a set order, images were sometimes presented in the expected order
(left), while on other occasions images were presented in an unexpected order (right). (D) New
images were presented during Novel trials, and each unique image was only shown once during the
whole experiment.
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2.2.5 Experimental Design
On each trial of this experiment, participants saw a stream of images, and their task was to
detect a target image. First, participants completed a behavioral training session in which
they were familiarized with two sets of six images, one set with predictable structure and
one set with no predictable structure. More specifically, they observed the images with a
set sequence always in the same order, while the images with no set sequence were shown
in a randomly shuffled order on each trial (Figure 2.1.B). Importantly, the order for the
images with a set sequence was circular, i.e., each of the six images could be presented
first. Images with a set sequence comprised 50% of trials, later referred to as Familiar
Sequence, and images with no sequence comprised the other 50%, later referred to as
Familiar No Sequence.
Participants performed a target detection task by pressing the spacebar when they
saw an image of a rubber duck. Images of duckies were presented on 10% of trials as one
of the six images in the sequence. The duckies were of eight different colors, and there
were two viewpoints per color for a total of sixteen images of duckies. Multiple images of
duckies were used to reduce the possibility that participants may attend selectively to a
particular color (e.g., yellow) or shape. The target task was chosen such that participants
were required to maintain their attention on the visual stream.
During the behavioral training session, participants completed 10 blocks of 80 trials
each for a total of 800 trials. Each block lasted 4.9 minutes, leading to a total training
session duration of approximately one hour. At the end of the behavioral training session,
participants’ knowledge of the order of images with a set sequence was assessed with a
sequence identification task. Participants were shown one of the six images from the
sequenced set, and they had to indicate which of the other five was most likely to follow
it. This was done for each of the six images. The assessment took about three minutes.
One or two days later, participants completed the MEG testing session in which
they saw familiar (i.e., those presented during the behavioral session) and novel (never seen
before) images (see Figure 2.1.B, C, and D for a depiction of the conditions). In contrast
to the training session, the Familiar images (sequence present) were now sometimes
presented in the learned order (Expected, 50% of Familiar Sequence trials) and sometimes
in a shuffled order (Unexpected, 50% of Familiar Sequence trials). The shuffled sequences
for Unexpected trials were chosen in such a way that each image in the sequence was
followed by an unpredicted image; in other words, none of the images were followed
by the image they predicted (see Figure 2.1.C). The Familiar No Sequence images were
shown in shuffled orders, as during the training session. Familiar No Sequence images
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comprised one third of trials, and Familiar Sequence images also comprised one third of
trials. The remaining third of trials was comprised of novel images that the participants
had not seen before (see Figure 2.1.D). Unique novel images were used for every trial, so
each novel image was only shown once during the experiment. To summarize, there were
four conditions in the MEG session: Novel, Familiar No Sequence, Familiar Expected
Sequence, and Familiar Unexpected Sequence (since the Familiar Sequence condition
from the behavioral training session was divided into the Familiar Expected Sequence and
Familiar Unexpected Sequence conditions).
Participants performed the same task as during the training session: they had to
respond when they saw a ducky, and duckies were presented on 10% of trials. During
the MEG testing session, participants completed 8 blocks of 120 trials each for a total
of 960 trials. There were 320 Familiar Sequence Present trials (160 Expected and 160
Unexpected), 320 Familiar No Sequence trials, and 320 Novel trials. Each block lasted
7.4 minutes, leading to a total experimental duration of approximately one hour. At
the end of the MEG testing session, participants’ knowledge of the familiar images was
assessed. Participants saw 60 images, the twelve familiar ones and 48 selected at random
from the novel images participants had been shown. Participants had to indicate whether
the image was familiar or novel, where ‘familiar’ referred to images seen repeatedly during
the behavioral training session as well as during the MEG testing session, while ‘novel’
referred to images seen only once during the MEG testing session.

2.2.6 Trial structure
In the behavioral training session as well as in the MEG testing session, each trial began
with a fixation dot (see Figure 2.1.A for the trial structure). The fixation dot was presented
for a randomly selected period between 500 and 750 ms. Then, six images were shown,
each lasting for 180 ms and presented back-to-back. At the end of a trial, if a target was
presented during the trial and a response was given, the fixation dot turned green for 500
ms. If the response was incorrect, the fixation dot turned red for 500 ms. A response was
considered incorrect on three occasions: if the participant pressed the button during a
trial with a target stimulus but before the target was presented; if the participant pressed
the button on a trial where no target was presented; or if the participant did not press the
button on a trial where a target was presented. If no target was presented and no response
was given, the fixation dot did not change color and the white-and-black fixation dot
remained on the screen for 750 ms. At the end of each trial, a blank screen was presented
for 1250 ms, and participants were encouraged to blink during this period.
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2.2.7 Data acquisition
2.2.7.1 MEG recordings
Brain activity was recorded using a 275-channel MEG system with axial gradiometers
(VSM/CTF Systems, Coquitlam, BC, Canada) in a magnetically shielded room.
During the experiment, head position was monitored online and corrected if necessary
(Stolk et al., 2013). This method uses three coils: one placed on the nasion, one in an
earplug in the left ear, and one in an earplug in the right ear. To aid in the removal
of eye- and heart-related artifacts, horizontal and vertical electrooculograms (EOGs)
as well as an electrocardiogram (ECG) were recorded. A reference electrode was placed
on the left mastoid. The sampling rate for all signals was 1200 Hz. A projector outside
the magnetically shielded room projected the visual stimuli onto a screen in front of
the participant via mirrors. Participants gave their behavioral responses via an MEGcompatible button box. Participants’ eye movements and blinks were also monitored
using an eye-tracker system (EyeLink, SR Research Ltd., Mississauga, Ontario, Canada).
2.2.7.2 MRI Recordings
To allow for source reconstruction, anatomical magnetic resonance imaging (MRI) scans
were acquired using a 3T MRI system (Siemens, Erlangen, Germany) and a T1-weighted
MP-RAGE sequence with a GRAPPA acceleration factor of 2 (TR = 2300 ms, TE = 3.03
ms, voxel size 1 x 1 x 1 mm, 192 transversal slices, 8° flip angle).

2.2.8 Data analysis
2.2.8.1 Preprocessing of MEG data
The MEG data were preprocessed offline using the FieldTrip software (Oostenveld et
al., 2011). Trials where target stimuli were presented and/or a response was given were
removed from analysis. This was done because targets and responses elicited neural
activity unrelated to the research question. Then, trials with high variance were manually
inspected and removed if they contained excessive and irregular artifacts. This resulted
in retaining, on average, 92% of trials per participant (range 72-99%). Afterwards,
independent component analysis (ICA) was applied to identify regular artifacts such as
heartbeat and eye blinks. The independent components for each participant were then
correlated to the horizontal and vertical EOG signals and to the ECG signal. In this way,
it was possible to identify which components most likely corresponded to the heartbeat
and eye blinks. The data were filtered using a 6th order Butterworth low-pass filter with a
cutoff frequency of 30 Hz.
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2.2.8.2 Event-related fields
Before calculating event-related fields (ERFs), the data were baseline-corrected on the
interval starting at 200 ms before stimulus onset until stimulus onset (0 ms). Subsequently,
the data were transformed to simulate planar gradiometers in order to facilitate
interpretation as well as averaging over participants. We applied a planar transformation
and then a planar combination to the data. We took an equal number of trials per condition
for each comparison to avoid any possible confounding influence of noise due to unequal
number of trials. We did this by choosing a random selection of trials from the condition
with more trials to match the number of trials in the condition with fewer trials. For the
comparison between the Familiar No Sequence and Novel conditions, there were 320 trials
per condition. For the comparison between the Familiar Expected Sequence and Familiar
Unexpected Sequence conditions, there were 160 trials per condition.
2.2.8.3 Source reconstruction on time-domain data
We performed source reconstruction in order to facilitate interpretation of the ERFs.
Source reconstruction was done for 27 of the participants for whom we were able to
acquire a structural MRI scan. We created volume conduction models, based on a single
shell model of the inner surface of the skull, and subject-specific dipole grids, which
were based on a regularly spaced 6-mm grid in normalized MNI (Montreal Neurological
Institute) space. For each grid point the lead fields were rank reduced by removing
the sensitivity to the direction perpendicular to the surface of the volume conduction
model. Source activity was then obtained by estimating linearly constrained minimum
variance (LCMV) spatial filters (van Veen et al., 1997), for which the data covariance was
calculated over the interval of 200-1200 ms post-stimulus and regularized using shrinkage
(as described in Blankertz et al., 2011) with a regularization parameter of 0.01. The filters
were applied to the axial gradiometer data and resulted in an estimated two-dimensional
dipole moment per grid point, per time point.
For visualization as well as interpretation, we reduced these two-dimensional moments
to a scalar value by taking the norm of the vector. This value reflects the degree to which a
particular source location contributes to (differences in) activity measured at the sensor level.
Critically, this value was obtained from the difference ERF between two conditions, rather
than from each condition individually and subtracted afterwards. In this way, differences in
dipole orientation are also captured, instead of only magnitude, which would presumably
correspond to different neural populations within the same source location.
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One problem with taking the norm of the vector is that this is always a positive value
and will therefore, due to noise, suffer from a positive bias. To counter this bias, we employed
a permutation procedure, in which the condition labels were shuffled across trials. A total
of 1000 permutations were performed, the average of which was taken as an estimate of the
noise. Specifically, the average was calculated over the square of the dipole’s norm (i.e., after
squaring and summing in the Pythagorean theorem but before taking the square root). Next,
this noise estimate was subtracted from the (square of) the true data, after which the data were
divided by the noise estimate in order to counter the depth bias. The resulting values were then
averaged over participants and negative values were set to zero. Finally, the square root was
taken, resulting in a group-level estimate of the contributions of each source location.
2.2.8.4 Spectral analysis
In order to assess the dynamic range (i.e., the peak-to-trough difference) of the signal, we
conducted a spectral analysis for all frequencies between 1 and 30 Hz. We applied the
fast Fourier transform to the planar-transformed time domain data, after tapering with
a Hanning window. The time period of interest was from 180 until 1080 ms, and data
were baseline-corrected on the interval starting at 200 ms before stimulus onset until
stimulus onset (0 ms). The spectral analysis was carried out separately per condition, and
the resulting power per frequency was averaged over participants.
2.2.8.5 Source reconstruction on frequency-domain data
We also applied source reconstruction analysis in order to facilitate interpretation of
the power spectra. The source models and lead fields were obtained as described before
and for the same 27 participants. Source activity was obtained by applying spatial filters
based on partial canonical correlations (PCC; Schoffelen et al., 2008) from the power
data described above. The PCC method allows for the efficient extraction of the sourcelevel power for single trials. The regularization parameter was 0.01, and the frequency of
interest was 5.6 Hz. This procedure resulted in an estimated three-dimensional dipole
moment per grid point. For each grid point, we calculated the mean across each of the
three spatial dimensions, computed its absolute value, and squared it. Then, we summed
the resulting values for the three dimensions, which produced a single value per grid
point. This analysis was carried out separately for each condition, and afterwards we
averaged the resulting values across participants.
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2.2.8.6 Statistical analysis
For the behavioral results, mean reaction time and accuracy were first calculated within
participant per condition. Then, two-tailed paired-samples t-tests were calculated for
the two relevant conditions for a comparison. Behavioral data were analyzed for 28 out
of the 29 participants, as a technical issue in data acquisition prevented the analysis of
behavioral data of the first participant.
In order to statistically assess the MEG activity difference between conditions in the
time domain and control for multiple comparisons, we applied cluster-based permutation tests
(Maris & Oostenveld, 2007), as implemented by FieldTrip (Oostenveld et al., 2011). The tests
were carried out on the time period between 0 and 1200 ms, 0 ms being the onset of the first
stimulus, over all sensors, and 10,000 permutations were used per contrast. For each sensor
and time point, the MEG signal was compared univariately between two conditions, using a
paired t-test. Positive and negative clusters were then formed separately by grouping spatially
and temporally adjacent data points whose corresponding p-values were lower than 0.05 (twotailed). Cluster-level statistics were calculated by summing the t-values within a cluster, and a
permutation distribution of this cluster-level test statistic was computed. The null hypothesis
was rejected if the largest cluster in the considered data was found to be significant, which
was the case if the cluster’s p-value was smaller than 0.05 as referenced to the permutation
distribution. The standard error of the mean was computed using a correction that makes it
suitable for within-subject comparisons (Cousineau, 2005; Morey, 2008).
We also applied cluster-based permutation tests in order to statistically assess MEG
activity differences between conditions in the frequency domain (see Data Analysis). The
tests were carried out on the log10-transformed data for the frequency of interest (stimulus
presentation frequency: 5.6 Hz), over all sensors, and with 10,000 permutations per
contrast. Adjacent sensors with nominal p-values lower than 0.05 (two-tailed) were
grouped into clusters. The t-values within a cluster were summed, yielding a cluster-level
statistic. If the largest cluster’s p-value was smaller than 0.05, the difference across the
compared conditions was considered statistically significant.
After having established a difference in neural activity between expected and unexpected
stimuli, we wished to determine whether our data offered evidence for surprise enhancement
or expectation suppression (or both). To this end, we compared Familiar Unexpected Sequence
trials with Familiar No Sequence trials, as well as Familiar Expected Sequence with Familiar
No Sequence trials. In order to match the number of trials per condition, we randomly
selected 160 trials from the Familiar No Sequence condition to match the number of trials
(160) in the Familiar Expected Sequence and Unexpected conditions. For these comparisons,
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the time domain data were averaged per condition over a time period from 500 until 900 ms
after the onset of the visual sequence, since this was identified as the time period of significant
difference between expected and unexpected stimulus streams (see Results). Next, two pairedsamples t-tests were carried out, to statistically compare the amplitude of Familiar Unexpected
Sequence and Familiar No Sequence trials, as well as the amplitude of Familiar Expected
Sequence and Familiar No Sequence trials.
In order to determine whether the expectation effect changed over the course of
the experiment, we divided the data into two: the first half and the second half of the
experiment. Then, we averaged over Familiar Expected Sequence trials and over Familiar
Unexpected Sequence trials for each half. We computed the ERFs and applied the planar
transformation and combination for each of the four conditions (Expected first half,
Expected second half, Unexpected first half, and Unexpected second half ). After that, we
computed the difference for each half: Unexpected – Expected first half and Unexpected –
Expected second half. We compared the two differences (Unexpected – Expected) for the
first half and for the second half by calculating a paired samples t statistic and conducting
a cluster-based permutation test. The test was run on the time period from 0.5 until 0.9
s as this was the time period was identified by a previous analysis (see Results).
Finally, in order to assess whether explicit knowledge of the sequence immediately
after training influenced the activity modulation by expectation, we divided participants
based on whether their performance was above or below chance level (20%) on the
sequence identification task. This division resulted in two groups of 14 participants each.
We averaged each participant’s data per condition from 500 ms to 900 ms and over
the sensors that contributed to the significant difference for Expected vs. Unexpected
sequences. We examined whether there were differences between the groups using an
independent-samples t-test. Additionally, we conducted a Spearman’s rank correlation
to determine whether there was a relationship between participants’ performance on the
sequence learning task and their expectation effects, where the expectation effect was
quantified in the same way as for the independent-samples t-test.

2.3 Results
2.3.1 Behavioral results
The participants’ task was to press a button whenever they saw a target stimulus, in this
case an image of a ducky. Participants were at near ceiling level in their performance on
the task (mean accuracy = 94.9%, SD = 2.9%). Participants’ accuracy was not significantly
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affected by whether duckies appeared in Familiar No Sequence vs. Novel trials (t27 =
-0.75, p = 0.46), or in Familiar Expected Sequence vs. Familiar Unexpected Sequence
trials (t27 = 0.40, p = 0.69). Furthermore, participants’ reaction times to target trials were
not significantly different between duckies embedded in Familiar No Sequence vs. Novel
trials (t27 = -1.74, p = 0.09) or Familiar Expected Sequence vs. Familiar Unexpected
Sequence trials (t27 = -0.04, p = 0.97).
At the end of the behavioral training session, participants’ knowledge of the order
of the predictable images was assessed. On average, when participants were shown an
image and had to report which image followed it, they selected the correct image 25%
of the time (SD = 19.7%), with chance level performance at 20%. This suggests that
subjects were largely unaware of the sequence, in agreement with their verbal reports.
At the end of the MEG session, participants’ knowledge of image familiarity was
assessed. On average, when participants had to report whether an image was familiar
or novel, they correctly identified the familiar images in 91.9% of trials (SD = 5.8%),
showing that they were clearly aware of the image familiarity manipulation.

2.3.2 MEG results
2.3.2.1 Familiar items lead to reduced activity in LOC
To investigate the difference in amplitude between familiar and novel items without
any influence of the expectation manipulation, we compared the Familiar No Sequence
and Novel conditions since participants did not learn a sequence for the images in the
Familiar No Sequence condition. A significant difference (p < 1e-6) across conditions
was observed, which was driven by the cluster of sensors shown in Figure 2.2.A from
approximately 200 ms until 1200 ms. The black asterisks in the figure denote sensors
that contribute to this cluster for at least half of the time period from 200 ms to 1200
ms. The average timecourse for the sensors contributing to the cluster is plotted in Figure
2.2.C; the black line at the bottom shows that at least one of the selected sensors at
that time point contributes to the significant difference. Clearly, novel items lead to
significantly more activity than familiar ones. Source reconstruction revealed that the
difference between familiar and novel items stemmed primarily from sources along the
visual stream. This included early visual areas as well as downstream visual areas such as
right and left inferior occipital gyrus (Figure 2.2.B, Table 2.1.), in the vicinity of lateral
occipital complex (LOC) (Grill-Spector et al., 2000).
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Figure 2.2. Effect of familiarity on evoked response. (A) Topography of the difference in amplitude
between the Familiar No Sequence and Novel conditions (Novel – Familiar). Black asterisks mark
sensors that contribute to the significant cluster for at least half of the time period from 200 ms to
1200 ms. (B) Source reconstruction of Familiar vs. Novel. Activity was averaged over the time period
of 200 to 1200 ms and interpolated onto a cortical surface. Plotted activity was thresholded at 80%
of peak value for illustration purposes. (C) Activity over time for the Familiar No Sequence (blue) and
Novel (red) conditions. Activity was averaged over sensors highlighted in (A). Shaded areas are error
bars illustrating within-subject SEM for the familiar (light blue) and Novel (light red) conditions.
Horizontal black bar at the bottom shows that at least one of the selected sensors contributes to the
significant cluster at this time point. Dotted vertical lines denote the onset of each image.
Table 2.1.
Amplitude modulation
Novel vs. Familiar No Sequence comparison
x
Medial peak
3
Right occipital gyrus peak
46
Left occipital gyrus peak
-30
Unexpected vs. Expected comparison
Right occipital gyrus peak
39
Left occipital gyrus peak
-36
Dynamic range modulation
Novel vs. Familiar No Sequence comparison
x
Medial occipital peak
-8
Unexpected vs. Expected comparison
Right occipital peak
44

y
-90
-81
-87

z
-26
-18
-19

-72
-77

-14
-14

y
-108

z
-8

-84

-10

Table 2.1. MNI coordinates of peak source locations for the respective comparisons. Reported
values are mean values across participants in mm.
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2.3.2.2 Unexpected items lead to enhanced activity in LOC
To examine the difference in amplitude between expected and unexpected items when
familiarity was held constant, we compared the Familiar Expected Sequence and Familiar
Unexpected Sequence conditions, both of which consisted of familiar images. A significant
difference (p = 0.008) across conditions was observed, which was driven by the cluster of
sensors shown in Figure 2.3.A from approximately 500 ms until 900 ms. The black asterisks
in the figure denote sensors that contribute to this cluster for at least half of the time period
from 500 ms to 900 ms. The timecourse for the sensors contributing to the cluster is plotted
in Figure 2.3.C; the black line at the bottom shows that at least one of the selected sensors
contributes to a significant difference at that time point. Evidently, unexpected items lead
to significantly more activity than expected ones. Source analysis demonstrated that the
difference between the Familiar Expected Sequence and Familiar Unexpected Sequence
could be localized to the right inferior occipital gyrus and to a lesser degree to the left
inferior occipital gyrus (Figure 2.3.B, Table 2.1.), corresponding to right and left LOC.

Figure 2.3. Expectation effect on amplitude. (A) Topography of the difference in amplitude between
the Familiar Expected Sequence and Familiar Unexpected Sequence conditions (Unexpected Expected). Black asterisks mark sensors that contribute to the significant cluster for at least half of
the time period from 500 ms to 900 ms. (B) Source reconstruction of Expected vs. Unexpected.
Activity was averaged over the time period of 500 to 900 ms and interpolated onto a cortical
surface. Plotted activity was thresholded at 80% of peak value for illustration purposes. (C) Activity
over time for the Expected (green) and Unexpected (purple) conditions. Activity was averaged over
sensors highlighted in (A). Shaded areas are error bars illustrating within-subject SEM for the
Expected (light green) and Unexpected (light purple) conditions. Horizontal black bar at the
bottom shows that at least one of the selected sensors contributes to the significant cluster at this
time point. Dotted vertical lines denote the onset of each image.
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Moreover, we asked whether our data provided support for surprise enhancement or
expectation suppression. To this end, we compared Familiar No Sequence items (i.e., where
no sequence was learned) to both Familiar Unexpected Sequence and Familiar Expected
Sequence items, respectively, since the former contrast illustrates the effect of a violated
expectation and the latter demonstrates the effect of a confirmed expectation (see Figure
2.4. for the time courses for all conditions). Familiar Unexpected Sequence trials showed
stronger activity than Familiar No Sequence trials (t28 = -3.01, p = 0.006), demonstrating an
activity increase for violated expectations. Familiar Expected Sequence trials, on the other
hand, did not show a robust difference to Familiar No Sequence trials (t28 = -1.53, p = 0.14).

Figure 2.4. Surprise enhancement and expectation suppression. Activity over time for Familiar
Unexpected Sequence (purple) where the expectation was violated, Familiar Expected Sequence
(green) where the expectation was confirmed, Familiar No Sequence (orange) where no sequence
was learned, and Novel (blue). Shaded areas are error bars illustrating within-subject SEM. Dotted
vertical lines denote the onset of each image. Activity was averaged over sensors highlighted in Figure
2.3.A. A number of trials equal to the number of trials in the (Un)Expected condition is randomly
selected from the Novel and Familiar No Sequence conditions. The data provide evidence for surprise
enhancement (Familiar Unexpected Sequence vs. Familiar No Sequence) but offer no statistical
support for expectation suppression (Familiar Expected Sequence vs. Familiar No Sequence).

We also assessed whether the expectation effect changes over the course of the
experiment. For this purpose, we divided the data into the first half and the second half
of the experiment, calculated the expectation effect for each half, and compared them.
There was no significant difference (p = 0.39) between the magnitudes of the expectation
effects in the first half of the experiment compared to the second half.
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Figure 2.5. Effect of familiarity on power at the driving frequency. (A) Topography of the difference
in power between the Familiar No Sequence and Novel conditions (Novel – Familiar). Black asterisks
mark sensors that contribute to the cluster that showed a significant difference in power between
conditions at the stimulus presentation frequency (5.6 Hz). (B) Source reconstruction of Familiar
vs. Novel. Activity corresponding to the frequency of 5.6 Hz was interpolated onto a cortical surface.
Plotted activity was thresholded at 50% of peak value for illustration purposes. (C) Power spectrum
of Familiar No Sequence (blue) and Novel (red). Activity was averaged over sensors highlighted in (A).

2.3.2.3 Familiarity leads to higher dynamic range of the sensory response
Sharper response dynamics include a truncated sensory response, which leads to higher
dynamic range (peak-to-trough excursion) of the response (Meyer et al., 2014). The
dynamic range of the signal can be approximated by the power at the driving frequency.
To investigate the difference in power at the stimulus frequency, we compared the Novel
and Familiar No Sequence conditions. A significant difference (p = 0.016) emerged for
the driving frequency of 5.6 Hz in the cluster of sensors shown in Figure 2.5.A. The black
asterisks in the figure denote sensors that contribute to the significant cluster, and the power
spectrum for these sensors is plotted in Figure 2.5.C. Familiar items led to significantly
more power at the stimulus frequency of 5.6 Hz than novel items. Source reconstruction
revealed that the largest difference in power between the familiar and novel conditions was
in a medial posterior location belonging to early occipital cortex (Figure 2.5.B, Table 2.1.).
2.3.2.4 Expectation does not lead to significantly higher dynamic range of the sensory
response
To examine whether expectation likewise led to a larger dynamic range of the neural
response, we compared the difference in power at the stimulus frequency between the
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Familiar Unexpected Sequence and Familiar Expected Sequence conditions. There was
no significant difference (p = 0.700) for the driving frequency of 5.6 Hz, as shown in
Figure 2.6.A. The power spectrum for all sensors is plotted in Figure 2.6.C. It suggests
that expected items may lead to more power at the stimulus frequency of 5.6 Hz than
unexpected items, but this difference was not significant. Source analysis demonstrated
that the largest difference in power between the Familiar Expected Sequence and Familiar
Unexpected Sequence conditions was in early visual areas (Figure 2.6.B, Table 2.1.), but
it is difficult to interpret this outcome since the effect is not statistically significant.

Figure 2.6. Effect of expectation on power at the driving frequency. (A) Topography of the difference
in power between the Expected and Unexpected conditions (unexpected - expected). There was no
significant difference between conditions at the stimulus presentation frequency (5.6 Hz). (B)
Source reconstruction of Expected vs. Unexpected. Activity corresponding to the frequency of 5.6
Hz was interpolated onto a cortical surface. Plotted activity was thresholded at 50% of peak value
for illustration purposes. (C) Power spectrum of Expected (green) and Unexpected (purple).
Activity was averaged over all sensors.

2.3.2.5 Explicit knowledge of sequence immediately after training does not modulate
the expectation effect
We wanted to determine whether the extent to which participants could report the order
of the stimuli influenced the expectation effect. Thus, we compared the expectation effect
in the group which performed above chance on the sequence identification task to that in
the group performing below chance. Although expectation modulated the amplitude of
MEG activity in each group separately (t13 = -3.28, p = 0.006 for the above-chance group
and t13 = -2.83, p = 0.01 for the below-chance group), this modulation did not differ
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significantly between the two groups (t26 = -0.27, p = 0.79). In addition, the Spearman’s
rank correlation showed that there was no significant correlation between participants’
performance on the sequence learning task and the amplitude of the expectation
modulation (rho = -0.08, p = 0.68). These results suggest that the effect of expectation on
the magnitude of the neural response is not related to participants’ explicit knowledge of
the stimulus structure.

2.4 Discussion
The sensory response to a stimulus can be modulated by whether a stimulus has been
seen before (i.e., stimulus familiarity), as well as by whether a stimulus is expected
or unexpected in the current context (i.e., stimulus expectation). In this study, we
manipulated stimulus familiarity and expectation separately, which allowed us to examine
the effects of familiarity and expectation on brain activity in the visual system within
the same experimental paradigm, using MEG. We found that familiar images elicited
markedly less neural activity than novel images in early visual and object-selective lateral
occipital (LOC) cortex. Similarly, expected images were also associated with reduced
neural activity compared to unexpected images in LOC. The independent manipulation
of familiarity and expectation in our study allows us to conclude that these distinct types
of sensory knowledge jointly modulate the amount of neural resources dedicated to object
processing in the visual ventral stream.
Familiar items, when compared to novel items, were also associated with a
temporally truncated (i.e., temporally sharpened) sensory response. In the context of our
paradigm, in which stimuli rapidly followed each other, this led to an increased dynamic
range of the signal. This was visible as increased power in the stimulus frequency, which
was most prominent in early visual cortex. A similar trend, albeit non-significant, was
present for expected vs. unexpected items. The sharper response dynamics for familiar
than novel stimuli we observed are in accordance with earlier findings by Meyer et al.
(2014), although we observe the strongest contribution in early, rather than later, visual
regions. While an increase in attention can also lead to an increase of power in the
stimulus frequency for visually entrained stimuli (Ding et al., 2006), it is unlikely that
this underlies the sharpened response for familiar items, for two reasons. Firstly, given
that participants’ task was to detect ducky stimuli, both familiar and novel items were
equally relevant to the observer, precluding the need for stronger attentional engagement
by the familiar items. Secondly, if anything, familiarity would rather be associated with a
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reduction in attention, given that novel items are more salient and have stronger capacity
to attract attention (Escera et al., 1998). Temporal sharpening (indexed by dynamic
range) is a mechanism has not been investigated extensively in humans yet, and this study
suggests that it underlies familiarity and possibly expectation in the human visual cortex.
The experimental effects of familiarity and expectation had distinct time courses.
The reduction in activity for familiar (compared to novel) items was apparent already
200 ms after the onset of the visual sequence, while the activity reduction for expected
items only was visible after 500 ms. This is likely due to the fact that familiarity is already
defined for the first image – which may have been seen before (familiar) or not (novel).
With respect to expectation, the first image of a sequence could never be predicted; only
after observing the first image, a prediction could be made about the subsequent images.
This may explain why expectation effects are visible only later in the visual sequence.
Apart from this, it is conceivable that activity modulation due to familiarity is the
consequence of local changes in LOC (Kaliukhovich and Vogels, 2011; Vogels, 2016),
while expectation suppression is implemented by feedback from regions higher up in the
visual hierarchy (Friston, 2005) and potentially the hippocampus (Buckner, 2010; Hindy
et al., 2016) which send predictions down to LOC and V1. This may explain why the
modulation by familiarity may be observed earlier than the modulation by expectation.
Our data suggest that activity modulations by expectation may mainly be caused
by surprise enhancement rather than expectation suppression, since unexpected images
elicited significantly larger activity than items with no learned sequence, whereas expected
images were not statistically different from images with no learned sequence in terms
of neural activity. In line with this, Kaposvari et al. (2016) found that expectation
suppression was of smaller magnitude than surprise enhancement, which opens the
possibility that expectation suppression may be a weaker signal and therefore we did not
observe it in our data. A recent study by Ramachandran et al. (2017), on the other hand,
found strong evidence for expectation suppression and only limited evidence for surprise
enhancement. As argued by these authors, the apparent discrepancy between these studies
may relate to the rate of presentation of the visual stimuli. Rate of presentation in both
our study and the study by Kaposvari et al. (2016) was markedly faster than in the study
by Ramachandran et al. (2017), potentially resulting in a weaker phasic response to the
image and thereby less potential for expectation suppression.
Interestingly, we observed an effect of expectation although many participants
could not explicitly report the sequence for the predictable images. During debriefing,
participants reported that they did not notice any specific order for the images. The
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behavioral assessment of sequence knowledge also showed that participants’ performance
was on average near chance level when they were shown an image and had to report which
image should follow. Nevertheless, the neural response showed a distinct difference between
expected and unexpected conditions, suggesting that the neural effects of expectation are
likely due to implicit predictions that occur outside the awareness of the observer. This is
in line with previous studies showing that subjects can learn transitions without becoming
aware of them (Alamia et al., 2016; Clark & Squire, 1998; Reber, 1967).
In our data, increased dynamic range was most prominent in early visual cortex,
while reduced amplitude was present most strongly in LOC. This may be related to the
fact that these two brain areas have different temporal dynamics. In early visual cortex,
visual input changes rapidly, in which case a sharpened response may be particularly
useful for efficient coding. The temporal dynamics of LOC are more stable over time,
making it possible for LOC to sustain an amplitude difference over time. Perhaps the
sharpened response from early visual cortex, once integrated by areas higher along the
visual stream, results in a reduced amplitude in LOC.
While we isolated neural effects of familiarity and expectation by different
manipulations, usually these concepts are heavily intertwined. In our experiment, the
first image of a familiar stream may be much less surprising than a novel one, given
that there were twelve familiar images and more than 2000 novel ones. In this sense,
familiarity and predictability are indeed partly inseparable constructs. However, there
is mounting evidence that, when keeping familiarity constant, the sensory response is
modulated by whether a particular image is expected to occur at a particular moment
in time (e.g., Meyer & Olson, 2011). Our paradigm allowed us to conclude that when
we hold familiarity constant and manipulate predictability (or expectation), we observe
a highly similar modulation of the sensory response in terms of spatio-temporal profile.
This leads us to conclude that these conceptually somewhat different forms of prior may
be implemented similarly in the brain.
To conclude, this study demonstrates that familiarity and expectation jointly
influence how much neural resources are dedicated to object processing in visual cortex.
Familiar and expected input have similar effects on the brain signal since they reduce
the amplitude of the response and increase its dynamic range. Notably, amplitude
change was linked to LOC, while temporal sharpening was most prominent in early
visual cortex, indicating that these two mechanisms may have different neural sources
and underpinnings. These findings extend our understanding of how familiarity and
expectation affect sensory processing in the human brain.
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Abstract
Familiarity with a stimulus leads to an attenuated neural response to the stimulus.
Alongside this attenuation, recent studies have also observed a truncation of stimulusevoked activity for familiar visual input. One proposed function of this truncation is to
rapidly put neurons in a state of readiness to respond to new input. Here, we examined
this hypothesis by presenting human participants with target stimuli that were embedded
in rapid streams of familiar or novel distractor stimuli at different speeds of presentation,
while recording brain activity using magnetoencephalography (MEG) and measuring
behavioral performance. We investigated the temporal and spatial dynamics of signal
truncation and whether this phenomenon bears relationship to participants’ ability
to categorize target items within a visual stream. Behaviorally, target categorization
performance was markedly better when the target was embedded within familiar distractors,
and this benefit became more pronounced with increasing speed of presentation. Familiar
distractors showed a truncation of neural activity in the visual system. This truncation was
strongest for the fastest presentation speeds and peaked in progressively more anterior
cortical regions as presentation speeds became slower. Moreover, the neural response
evoked by the target was stronger when this target was preceded by familiar distractors.
Taken together, these findings demonstrate that item familiarity results in a truncated
neural response, is associated with stronger processing of relevant target information, and
leads to superior perceptual performance.
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3.1 Introduction
The brain rapidly processes an immense amount of sensory information and is constantly
engaged in learning, adapting its responses based on new knowledge of the environment.
A large body of evidence (e.g., Anderson, Mruczek, Kawasaki, & Sheinberg, 2008;
Fahy, Riches, & Brown, 1993; Freedman, Riesenhuber, Poggio, & Miller, 2006;
Huang, Ramachandran, Lee, & Olson, 2018; Li, Miller, & Desimone, 1993; Mruczek
& Sheinberg, 2007; Sobotka & Ringo, 1993; Woloszyn & Sheinberg, 2012; Xiang
& Brown, 1998) has demonstrated that familiarity with a stimulus modulates neural
processing in various ways.
One recently described consequence of familiarity is temporal sharpening, or
‘truncation’, of the signal evoked by a familiar stimulus (Meyer et al., 2014). When the
visual system is familiar with a stimulus, it is able to process the stimulus more quickly,
leading to a truncated response for familiar compared to novel images. Put differently,
activity in the visual system returns to baseline levels more rapidly for familiar than for
novel images, thus leaving the visual system more aptly poised to process future input.
This may lead to faster, more efficient processing of new information, and a behavioral
consequence may be that familiar images have lower saliency than novel ones. Indeed,
monkeys as well as humans spend less time looking at familiar than novel images
(Ghazizadeh et al., 2016; Jutras & Buffalo, 2010), and familiar distractors interfere with
behavioral tasks more than novel ones (Mruczek & Sheinberg, 2007).
When images are presented in rapid succession, image truncation leads to a larger
dynamic range (i.e., baseline-to-peak difference) for a stream of familiar than novel
images (Meyer et al., 2014). In such a case, neural processing has not yet terminated for
one novel image when the next one is presented, effectively reducing the ability of the
visual system to respond to new input. In a previous MEG study in humans (Manahova
et al., 2018), we observed a larger dynamic range in the visual response to familiar object
items compared to novel ones localized in the lateral occipital complex (LOC), thus
demonstrating that signal truncation also occurs in the human brain.
While signal truncation appears a robust and potentially useful phenomenon, there
are still several outstanding questions. First, it is not clear to what extent signal truncation
is present at different stages in the visual system. It may be a mechanism that underlies
familiarity in the whole visual system, or it could be specific to object-selective cortex
such as human area LOC and macaque area IT (Manahova et al., 2018; Meyer et al.,
2014). Second, the process’s temporal boundary conditions are unclear. Signal truncation
has been observed for streams where stimuli were presented at a rate of 120-180 ms,
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but it is unknown whether the phenomenon extends to other temporal scales. Multiple
studies show that processing within earlier cortical regions takes place at a faster intrinsic
timescale than for later regions (Murray et al., 2014). Therefore, short image durations
may potentially elicit the strongest signal truncation in early visual regions, while long
image durations may do so in downstream visual areas. Third, if signal truncation aids in
faster neural processing, then this phenomenon may be linked to behavioral improvements
such as improved perceptual speed and accuracy.
To address these open questions, we examined the neural dynamics of stimulus
processing along the visual hierarchy and their relationship to behavior. We embedded
target stimuli in a stream of familiar or novel distractors while measuring human neural
activity using MEG. To preview our findings, we found robust truncation of neural
activity for familiar input, which was localized to early visual cortex for the shortest image
duration and to later, more anterior, visual areas for medium-length image durations.
Moreover, familiarity with the distractor stream led to stronger neural processing of the
target and to superior behavioral performance, which was most pronounced for rapid
visual streams. Together, our results suggest that neural truncation helps to rapidly put
the visual system in a state of readiness to respond to new input.

3.2 Materials and Methods
3.2.1 Data and software availability
Data and code used for stimulus presentation are available online at the Donders Institute
for Brain, Cognition, and Behavior repository at https://doi.org/10.34973/3q1v-q352.
Videos displaying how different trial types appear to a participant are also available there.

3.2.2 Participants
Thirty-seven healthy human volunteers (25 female, 11 male, mean age = 26.4 years, SD
= 6.6 years) with normal or corrected-to-normal vision, recruited from the university’s
participant pool, completed the experiment and received monetary compensation. The
sample size, which was defined a priori, ensured at least 80% power to detect within-subject
experimental effects with an effect size of Cohen’s d>0.5. The study was approved by the
local ethics committee (CMO Arnhem-Nijmegen, Radboud University Medical Center)
under the general ethics approval (“Imaging Human Cognition”, CMO 2014/288), and
the experiment was conducted in compliance with these guidelines. Written informed
consent was obtained from each individual.
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3.2.3 Stimuli
Stimuli were chosen from the image sets provided at http://cvcl.mit.edu/MM/
uniqueObjects.html and http://cvcl.mit.edu/MM/objectCategories.html. A different
object was represented in each image, and all objects were shown against a gray
background. A total of 554 images were used (20 target images, 6 familiar distractors,
and 528 novel distractors). Familiar images were randomly selected for each participant
and were shown during the behavioral training session as well as during the MEG testing
session, while novel images were only shown during the MEG testing session. In both the
behavioral and MEG sessions, the images subtended four by four degrees of visual angle.

3.2.4 Apparatus
MATLAB (The Mathworks, Inc., Natick, Massachusetts, United States) and the
Psychophysics Toolbox extensions (Brainard, 1997) were used to show the stimuli on
a monitor with a resolution of 1920x1080 pixels and a refresh rate of 120 Hz for the
behavioral session. For the MEG session, a PROpixx projector (VPixx Technologies,
Saint-Bruno, QC Canada) was used to project the images on the screen, with a resolution
of 1920x1080 and a refresh rate of 120 Hz.

3.2.5 Trial structure
During the behavioral session as well as the MEG session, each trial began with a
fixation dot (see Figure 3.1.A for the trial structure). The fixation dot was presented
for a randomly selected period between 500 and 750 ms. Then, a stream of images was
presented, lasting for 2400 ms. The duration of the trial was kept the same, while the
number of images per trial varied depending on the image duration. For images lasting
50 ms, there were 48 images per trial; for images lasting 100 ms, there were 24 images
per trial; for images lasting 150 ms, there were 16 images per trial; for images lasting 200
ms, there were 12 images per trial; for images lasting 300 ms, there were 8 images per
trial. At the end of the trial, if a correct response had been given (i.e., the target image had
been categorized correctly as animate or inanimate), the fixation dot turned green for 500
ms. If the response was incorrect, the fixation dot turned red for 500 ms. Two types of
responses were considered incorrect: incorrect classification as animate or inanimate or no
response (i.e., response failure). Participants were instructed to respond on every trial, and
they did so on almost all trials (mean = 99.56%, SD = 0.64%). Afterwards, a blank screen
was presented for 1250 ms, and participants were encouraged to blink during this period.
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3.2.6 Experimental design
This experiment consisted of two sessions, conducted on separate days: a behavioral
training session on the first day and an MEG testing session on the second day. The
behavioral training session consisted of two parts: a target learning part and a distractor
familiarization part. Specifically, in the first part of the behavioral training session,
participants were taught to categorize the target images into animate or inanimate. There
were twenty target images, and they saw them one at a time. The images were presented
on the screen until a response was made. The participants pressed the left and right arrow
keys to indicate their answer, with the response mapping randomized across participants.
There were six blocks, each block showing all twenty target images. Participants were
given feedback after each image about whether they categorized that image correctly.
They were also shown their average accuracy at the end of each block.

Figure 3.1. (A) Experimental setup. The behavioral training session, taking place on Day 1, included
learning the target images and practicing the experimental task. The MEG testing session, taking
place on Day 2, included performing the experimental task and demonstrating the knowledge
participants had acquired of the familiar images. (B) Trial structure. First, participants saw a bull’s
eye fixation point for a jittered period between 500 and 750 ms. Then, a stream of distractors was
presented (here, highlighted in yellow), each image lasting for the allotted amount of time for that
trial (50, 100, 150, 200, or 300 ms) and no gaps between images. Somewhere in the distractor
stream, a target image was embedded (here, highlighted in orange). Participants had to respond as
quickly as possible after detecting the target, categorizing the target image as animate or inanimate.
Finally, a fixation dot was presented at the end of the trial, and participants received feedback on
their performance. (C) Accuracy and reaction times per image duration. Blue lines denote familiar
distractors, and red lines denote novel distractors. Error bars show the within-participant SEM.
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Then, in the second part of the behavioral training session, participants proceeded
to practice the experimental task (see Figure 3.1.A). They observed streams of images of
distractors, and they had to detect the target image, which was one of the twenty images
they had just learned. Once they detected the target among the distractors, they had to
immediately press a button to categorize it as animate or inanimate. The target could
occur at different time points in the trial. The trial lasted for 2400 ms, and on 90% of
trials the target was presented sometime between 1200 ms and 2100 ms. On 10% of
trials the target was presented before the 1200 ms mark of the trial to make sure that
participants were paying attention throughout the trial and not only during the second
half. These trials were discarded from further analysis. Notably, during the behavioral
training session, the distractors were always the same six images. Since participants saw
these repeatedly on every trial, they became highly familiar. Participants completed five
blocks of 100 trials each for a total of 500 trials.
One or two days later, participants completed the MEG testing session in which
they saw familiar (i.e., those presented during the behavioral session) and novel (not seen
before) images. Half the trials in the experiment were familiar, and the other half were novel.
On each trial, six images were chosen as distractors and repeated to match the number
of images needed for that image duration (see Trial structure). If the trial was familiar,
then these six images were the six distractors participants had seen repeatedly during the
behavioral training session. If the trial was novel, the six images were randomly drawn
(without replacement) from the set of novel images. Each novel image was shown four
times during the course of the experiment; in contrast, each familiar image was displayed
350 times during the MEG session and 250 times during the behavioral session. The task
was the same as during the behavioral training session: detect the target and categorize it as
animate or inanimate immediately after seeing it. Participants completed seven blocks of
100 trials each for a total of 700 trials. At the end of the MEG testing session, participants’
knowledge of the familiar images was assessed. Participants saw 50 images, the six familiar
ones and 44 selected at random from the novel images participants had been shown, and
participants had to indicate whether the image was familiar or novel. ‘Familiar’ referred to
images seen repeatedly during the behavioral training session as well as during the MEG
testing session, while ‘novel’ referred to images seen only during the MEG testing session.
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3.2.7 Data acquisition
3.2.7.1 MEG recordings
Brain activity was recorded using a 275-channel MEG system with axial gradiometers
(VSM/CTF Systems, Coquitlam, BC, Canada) in a magnetically shielded room. During the
experiment, head position was monitored online and corrected if necessary (Stolk et al., 2013).
Head position monitoring was done using three coils: one placed on the nasion, one in an
earplug in the left ear, and one in an earplug in the right ear. MEG signals were sampled at
1200 Hz. A projector outside the magnetically shielded room projected the visual stimuli onto
a screen in front of the participant via mirrors. Participants gave their behavioral responses via
an MEG-compatible button box. Participants’ eye movements and blinks were also monitored
using an eye-tracker system (EyeLink, SR Research Ltd., Mississauga, Ontario, Canada).
3.2.7.2 MRI Recordings
To allow for source reconstruction, anatomical magnetic resonance imaging (MRI) scans
were acquired using a 3T MRI system (Siemens, Erlangen, Germany) and a T1-weighted
MP-RAGE sequence with a GRAPPA acceleration factor of 2 (TR = 2300 ms, TE = 3.03
ms, voxel size 1 x 1 x 1 mm, 192 transversal slices, 8° flip angle).

3.2.8 Data analysis
3.2.8.1 Preprocessing of MEG data
The MEG data were preprocessed offline using the FieldTrip software (Oostenveld
et al., 2011). Trials where the target was presented earlier than 1200 ms into the trial
(10% of trials) were removed from analysis. The data were demeaned, and noise was
removed based on third-level gradiometers. Then, trials with high variance were manually
inspected and removed if they contained excessive and irregular artifacts. This resulted
in retaining, on average, 93% of trials per participant (range 86-99%). The number of
trials that remained after preprocessing did not vary between conditions (familiar trials:
mean = 292.70, SD = 9.62; novel trials: mean = 295.76, SD = 11.36, t36 = -1.25, p =
0.22). Afterwards, independent component analysis (ICA) was applied to identify regular
artifacts such as heartbeat and eye blinks and remove the respective components.
3.2.8.2 Event-related fields
The data were filtered using a 6th order Butterworth low-pass filter with a cutoff frequency
of 40 Hz. Before calculating event-related fields (ERFs), the data were baseline-corrected
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on the interval starting at 200 ms before stimulus onset until stimulus onset (0 ms), i.e.,
the onset of the first distractor. For the ERF analysis of target-related data, the data were
baseline-corrected on the interval starting at 100 ms before target onset until target onset
(0 ms). Subsequently, the data were split into conditions based on the familiarity and
the image duration for the trial. Then, the data were transformed to planar gradiometer
representation in order to facilitate interpretation as well as averaging over participants.
The familiar and novel conditions had an equal number of trials by design. The resulting
ERFs were averaged over participants for visualization purposes. Standard error of
the mean (SEM) was computed within participants (Cousineau, 2005) and with bias
correction (Morey, 2008).
3.2.8.3 Power analysis
In order to assess the dynamic range (i.e., the baseline-to-trough difference) of the signal,
we computed the power in the ERF as in (Manahova et al., 2018). First, we averaged the
data over trials, timelocking to stimulus onset. The time window of interest was from
200 until 1200 ms. Next, we applied the planar transformation to the data. Then, we
conducted a spectral analysis for all frequencies between 1 and 30 Hz with a step size of
1 Hz. We applied the fast Fourier transform to the planar-transformed time domain data,
after tapering with a Hanning window. The power analysis was carried out separately per
condition, where a condition was defined by familiarity and image duration. Afterwards,
the horizontal and vertical components of the planar gradient were combined by
summing. The resulting power per frequency was averaged over participants.
3.2.8.4 Coherence analysis
Complementary to the power analysis on the evoked fields, we computed the coherence
between neural activity for each image duration and a synthetic stimulus signal at the
frequency of interest. We selected data from 500 to 1000 ms after stimulus presentation
because the visual response was strongly rhythmic during that period. Next, we applied
the planar transformation and conducted a spectral analysis for the frequency of interest
for each condition, applying the fast Fourier transform after tapering with a Hanning
window. Then, we computed coherence with the synthetic stimulus signal for each
condition (i.e., image duration), and afterwards the horizontal and vertical components
of the planar gradient were combined by summing. The resulting coherence values per
frequency were averaged over participants.
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3.2.8.5. Source reconstruction
For maximal sensitivity, we carried out source reconstruction analysis. We used each
participant’s anatomical MRI scan to create a volume conduction model based on a singleshell model of the inner surface of the skull (Nolte & Dassios, 2005). We computed subjectspecific dipole grids, which were based on a regularly spaced 6-mm grid in normalized MNI
(Montreal Neurological Institute) space. Then, the sensor-level axial gradiometer data were
split into conditions determined by familiarity and image duration. For each condition,
we carried out source analysis with the DICS method (J. Gross et al., 2001), quantifying
coherence with a synthetic stimulus signal at the frequency of interest and selected the
time window between 500 ms and 1000 ms post-stimulus because the visual response was
strongly rhythmic during that period. We used coherence as a measure of dynamic range
and thus signal truncation. Finally, we averaged the data over participants.
To investigate the topographical spread of coherence for different image durations,
we compared source-level activity during stimulus presentation to baseline activity. We
computed the source-level stimulus vs. baseline coherence difference for each of the five
image durations. We defined the brain area of interest for each image duration as including
all source locations that had an activity value of 50% or higher of the peak activity value for
that condition. We also extracted the y coordinate of the peak of the coherence map for each
image duration, indicating the position of this peak on the anterior-posterior axis.

3.2.9 Statistical analysis
3.2.9.1 Behavioral results
Mean reaction time and accuracy were first calculated within participant per condition.
Reaction time values were log-transformed and accuracy values were arcsine-transformed
to reduce the skewness and more closely approach a normal distribution of the data.
Then, a two-way repeated measures ANOVA assessed the differences in reaction time,
and another two-way repeated measures ANOVA evaluated the differences in accuracy.
There were two independent variables, familiarity (two levels: familiar and novel) and
image duration (five levels: 50 ms, 100 ms, 150 ms, 200 ms, and 300 ms).
3.2.9.2. Overall amplitude in ERFs
To statistically assess the MEG activity difference between familiar and novel trials and
control for multiple comparisons, we applied cluster-based permutation tests (Maris &
Oostenveld, 2007), as implemented by FieldTrip (Oostenveld et al., 2011). The tests
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were carried out on the time period from 0 ms (the onset of the first distractor) and
1200 ms, over all sensors, and with 1000 permutations. For each sensor and time point,
the MEG signal was compared univariately between two conditions, using a paired t
test. Positive and negative clusters were then formed separately by grouping spatially
and temporally adjacent data points whose corresponding p values were lower than .05
(two-tailed). Cluster-level statistics were calculated by summing the t values within a
cluster, and a permutation distribution of this cluster-level test statistic was computed.
The null hypothesis was rejected if the largest cluster in the considered data was found to
be significant, which was the case if the cluster’s p value was smaller than .05 as referenced
to the permutation distribution.
3.2.9.3 Influence of familiarity and image duration on coherence
To assess how image duration affected the topographical spread of coherence (see above
for how this was computed), we conducted a one-way ANOVA with five levels, which
were the five image durations. To assess the influence of familiarity and image duration on
coherence with the frequency of interest (quantified as source-level coherence as explained
above), we performed a two-way repeated measures ANOVA with two factors, familiarity
(two levels) and image duration (five levels). Post-hoc t-tests were used to assess each
pair-wise comparison. Coherence values for each condition were taken from the general
visual system region of interest (ROI), which was constructed by taking the union of the
five condition-specific areas of entrainment the stimulus (see Results). Since coherence
data are skewed, we log-transformed them to facilitate statistical comparisons between
conditions. Results remain qualitatively unaltered if this transformation is not applied.
Next, we computed coherence values for each image duration within ROIs
defined separately for each image duration (in contrast to the general visual system
ROI described above). We computed the difference in coherence between familiar and
novel trials for each image duration in each ROI. Each ROI was based on a stimulus vs.
baseline comparison for that image duration, meaning that the contrast for selection was
independent from the tested contrast; also, the two conditions did not differ in terms
of the number of trials (see Preprocessing of MEG data). Furthermore, each successive
area did not include the previous one (e.g., the ROI for the 150 ms condition did not
include any locations belonging to the 50 or 100 ms conditions). To test how image
duration and ROI influenced the magnitude of difference in coherence, we ran a two-way
repeated measures ANOVA with two factors, image duration (three levels: 50 ms, 100
ms, and 150 ms) and ROI (five levels). Moreover, we fitted regression lines for each image
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duration across the five ROIs, and we conducted an analysis of covariance (ANCOVA)
to compare the slopes of the regression coefficients for each image duration. For each of
these analyses, we did not test the 200 ms and 300 ms conditions because they did not
show a significant difference in coherence between familiar and novel trials when tested
with the general visual system ROI approach described above (see Results).
3.2.9.4 Correlation between dynamic range and reaction times
To test for the presence of a relationship between coherence (and thus dynamic range) and
RT, we computed the correlation between the difference in coherence between familiar and
novel trials (familiar-novel) and the difference in log-transformed RT (novel-familiar). We
computed five Spearman’s rank correlation coefficients, one for each image duration.
3.2.9.5 Influence of familiarity and image duration on target-related amplitude
To determine whether familiarity and image duration influenced ERF amplitude for the
target stimulus, we performed a two-way repeated measures ANOVA with two factors,
familiarity (two levels) and image duration (five levels) on the time window from 0
ms (target onset) to 300 ms and including all occipital sensors. Post-hoc t-tests were
conducted to assess each pair-wise comparison. Since combined planar-transformed ERF
data are skewed, we log-transformed them to ensure the data approximately conformed
to a normal distribution and facilitate statistical comparisons between conditions. Results
remained qualitatively unaltered when this transformation was not applied. Note that
this analysis included both correct and incorrect trials; we conducted the same analysis
on correct trials only, and the results were nearly identical and qualitatively unaltered.
3.2.9.6 Correlation between target-related ERF amplitude and reaction times
To quantify the potential relationship between target-related amplitude and RT, we
computed the correlation between the difference in target-related ERF amplitude (from
200 to 1200 ms after the onset of stimulus presentation) between familiar and novel trials
(familiar-novel) and the difference in log-transformed RT (novel-familiar). We computed
five Spearman’s rank correlation coefficients, one for each image duration.
3.2.9.7 Correlation between target-related ERF amplitude and dynamic range
To test for the presence of a relationship between target-related amplitude and coherence (and
thus dynamic range), we computed the correlation between the difference in target-related
ERF amplitude (from 0 to 300 ms after target presentation) between familiar and novel trials
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(familiar-novel) and the difference in log-transformed coherence values (familiar-novel). We
computed five Spearman’s rank correlation coefficients, one for each image duration.

3.3 Results
We measured MEG activity while participants viewed target stimuli in a stream of familiar
or novel distractors. Image duration varied per trial; images were shown for 50, 100, 150,
200, or 300 ms. Participants’ task was to categorize a familiar target image as animate or
inanimate as quickly as possible.

3.3.1 Behavioral Results
3.3.1.1 Behavioral performance improved with distractor familiarity and image
duration
Target categorization accuracy was higher when distractors were familiar compared to
novel images (F1,36 = 61.56, p = 2.64e-09) and higher for longer image durations (F4,144
= 116.41, p < 1e-09) (see Figure 3.1.B). Moreover, the effect of familiarity was most
pronounced for the most challenging rapid visual streams, as indicated by a familiarity by
duration interaction (F4,144 = 8.37, p = 4.22e-06).
Target categorization speed was also faster when distractors were familiar compared
to novel (F1,36 = 439.35, p < 10e-09) and faster for longer image durations (F4,144 =166.59,
p < 10e-09 (see Figure 3.1.B). Again, the effect of familiarity was most pronounced for
the most challenging rapid visual streams, as indicated by a familiarity by duration
interaction (F4,144 = 48.27, p < 10e-09).
At the end of the MEG session, participants’ knowledge of the distractor image
familiarity was assessed. On average, participants correctly identified the familiar images
in 91.6% of trials (SD = 8.9%), showing that they were clearly aware of the familiarity
manipulation.

3.3.2 MEG Results
3.3.2.1 Novel stimuli led to higher overall activity than familiar ones
In order to investigate the time courses of each trial type, we computed event-related
fields (ERFs) (Figure 3.2.A). There was a marked difference in the overall amplitude of
the signal, with novel items leading to higher activity than familiar ones (p < 1e-03 for all
image durations), as found previously in Manahova et al. (2018). Interestingly, the MEG
amplitude difference between familiar and novel images appeared to decrease over time,
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especially for short image durations. This may be the case because even though the visual
system is better able to process familiar images, it is eventually also overwhelmed by quick
succession of images, reducing the difference between conditions. The power spectra for
the evoked responses and corresponding topographies for each condition are illustrated
in Figure 3.2.B. The stimulus-evoked power at the driving frequency approximates the
dynamic range of the response (Manahova et al., 2018). We obtained highly similar sensor
topographies when analyzing coherence with the stimulus, as shown in Figure 3.2.C.

Figure 3.2. Familiarity effect in sensor-level data. (A) MEG activity (magnetic fields with planar
combination) over time for familiar (blue) and novel (red) conditions, separately for each image
duration (50, 100, 150, 200, and 300 ms). Activity was averaged over all occipital sensors. Shaded
areas are error bars illustrating within-subject SEM for familiar (light blue) and novel (light red)
conditions. Vertical lines denote the onset of each image. (B) Power spectra for the event-related fields
(ERFs) for familiar (blue) and novel (red) conditions, separately for each image duration (50, 100,
150, 200, and 300 ms). Dotted vertical lines denote the frequency of interest for each image duration.
Activity was averaged over all occipital sensors. Topography plots show the spatial distribution of
the mean activity of familiar and novel trials for the corresponding image duration. The color bars
of the topography plots are of the same units as the y axis of the power spectra. (C) Topographies of
coherence. The topography plots show the spatial distribution of the mean activity of familiar and
novel trials for the corresponding image duration. The same color bar applies to all five plots.

3.3.2.2 Anatomical location of stimulus tracking
Next, we aimed to identify the anatomical location of stimulus tracking. We therefore shifted
our focus to the source level, and computed source-level coherence with the stimulus using
a beamformer approach. We contrasted the resulting coherence values between stimulus
and baseline periods. The resulting five areas that track stimuli are depicted in Figure 3.3.A,
and the observed areas are anatomically compatible with early visual cortex.
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Figure 3.3. (A) Anatomical location of stimulus tracking in the brain for activity resulting from source
reconstruction for stimulus vs. baseline comparison. The anatomical location of activity was estimated
separately for each image duration (50, 100, 150, 200, and 300 ms) and, for visual representation,
thresholded at 50% of peak value for each condition. The peak y coordinates for each image duration
are shown in the top left corner. (B) Difference in coherence between familiar and novel trials,
separately per image duration. Stars denote significance level at alpha = 0.05. Dashed horizontal line
shows the level of no difference. (C) Difference in coherence between familiar and novel trials for
different image durations per ROI. Each ROI is based on the stimulus vs. baseline comparison for the
corresponding image duration; i.e., ROI 1 corresponds to the 50 ms condition, ROI 2 corresponds
to the 100 ms condition, etc. An ROI does not contain any of the locations belonging to the previous
ROI; e.g., ROI 3 does not contain any locations belonging to ROIs 1 or 2. Error bars denote withinsubject SEM. Lines show regression fits for each image duration.
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Strong stimulus tracking was observed within the ventral visual stream. The
topography of this effect generally spread more anteriorly as the image duration became
longer. As image durations increased, the anatomical peak location of highest stimulus
tracking moved to progressively more downstream regions of the visual hierarchy. Indeed,
the peak y coordinate shifted more anteriorly as the image duration lengthened (Figure
3.3.A; F4,184 = 5.98, p = 0.0002), as shown by a one-way ANOVA. Note that this is also
in line with the sensor-level topographies of stimulus-evoked power (Figure 3.2.B) and
coherence (Figure 3.2.C).
3.3.2.3 Familiar images led to higher dynamic range than novel ones
Next, we aimed to determine whether familiar and novel stimuli led to significantly
different coherence, and thus dynamic range, at each stimulus frequency. We constrained
this analysis to a region of interest corresponding to the visual system as identified by our
data. Namely, we combined the five areas that track stimuli shown in Figure 3.3.A into
one region of interest (ROI).
First, we focused on the coherence averaged over this single ROI encompassing a
large part of visual cortex. Familiar distractors were associated with stronger coherence
than novel ones (F1,36 = 22.09, p = 3.75e-05), and coherence also differed as a function of
image duration (F4,144 = 7.07, p = 3.16e-05), but the interaction was not significant (F4,144
= 1.10, p = 0.36) (see Figure 3.3.B). We found that coherence was significantly higher
for familiar than for novel trials when images were presented for 50 ms (t36 = 4.23, p =
1.50e-04), 100 ms (t36 = 2.39, p = 0.02), and 150 ms (t36 = 3.08, p = 0.004). There was no
significant difference between familiar and novel for images lasting for 200 ms (t36 = 1.14,
p = 0.26) or 300 ms (t36 = 0.89, p = 0.38). Thus, the dynamic range was higher for familiar
than novel stimuli. The data suggest that this difference was particularly prominent for
the short and medium image durations (50, 100, and 150 ms), although the lack of a
significant interaction indicates there is no statistical support for significantly stronger
stimulus tracking for short compared to long (200 and 300 ms) image durations.

3.3.2.4 Familiarity-induced truncation shifted topographically depending on image
duration
Next, we shifted our attention from the single visual system ROI to individual ROIs
defined for each image duration. To assess how the topographical distribution of
familiarity-induced truncation changed with image duration, we quantified the difference
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in coherence between familiar and novel trials in the five regions of interest, each based
on the area of stimulus tracking for an image duration (see Figure 3.3.C). Importantly,
each successive area did not include the previous one (e.g., for the ROI for the 150 ms
condition, we excluded any locations that were included in the ROIs for the 50 or 100
ms conditions). For this analysis, we examined activity for the 50, 100, and 150 ms
conditions because they showed significant differences in coherence between novel and
familiar distractors when tested within the general visual system ROI (see Figure 3.3.B).
The different conditions exhibited different patterns of signal truncation across ROIs,
as evidenced by a significant interaction (F4,144 = 4.17, p = 9.83e-05). To understand
this interaction effect better, we conducted an analysis of covariance (ANCOVA),
fitting regression lines across ROIs for each image duration (see Figure 3.3.C) and then
comparing the regression coefficients to each other. We found that signal truncation
decreased significantly with anteriority for the 50 ms condition (t = -4.24, p < 0.01), while
we observed a trend in the opposite direction for the 100 ms condition (positive slope but
not significantly different from zero; t = 1.80, p = 0.07). For the 150 ms condition, signal
truncation increased significantly with anteriority (t = 2.44, p = 0.02). Thus, for the 50
ms condition, signal truncation peaked in the earliest ROI and decreased in successive
ones, while for the 100 and 150 ms conditions, signal truncation was low in early ROIs
and increased in successive ones.
3.3.2.5 No relationship between dynamic range and reaction times
We found a clear reaction time benefit for familiar stimuli compared to novel ones, as well
as a clear difference in signal truncation. This raises the question of whether these two
effects are correlated across participants. To quantify this, we computed the correlation
between the difference in coherence on familiar and novel trials (familiar-novel) and
the difference in RT on familiar and novel trials (novel-familiar) across participants. We
computed five Spearman’s rank correlation coefficients, one for each image duration.
None of these correlations were significant (50 ms: r = .02, p = 0.90; 100 ms: r = -0.02, p
= 0.90; 150 ms: r = 0.02, p = 0.91; 200 ms: r = 0.05, p = 0.78; 300 ms: r = 0.10, p = 0.57).
3.3.2.6 Stronger processing of target image when embedded in familiar distractors
We assessed how strongly a target was processed when it was embedded in familiar or novel
distractors by examining the overall amplitude of target-evoked activity in the time window
from 0 ms (target onset) until 300 ms over occipital sensors, as seen in the target-related
ERFs (see Figure 3.4.). The target evoked a stronger response when it was embedded in
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familiar distractors rather than novel ones (F1,36 = 233.72, p < 10e-15). While this effect was
not equally strong for all image durations (familiarity X duration interaction: F4,144 = 5.27,
p = 5.46e-04), post-hoc tests confirmed that it was robustly present for all image durations
(50 ms: t36 = 11.46, p = 1.43e-13; 100 ms: t36 = 10.08, p = 4.99e-12; 150 ms: t36 = 11.32, p
= 2.04e-13; 200 ms: t36 = 8.14, p = 1.11e-09; 300 ms: t36 = 5.78, p = 1.35e-06). Therefore,
the target stimulus resulted in stronger evoked responses for familiar than for novel trials,
regardless of image duration. Note that this pattern was absent when we applied this analysis
to a distractor in the middle of the visual stream instead of on the target stimulus (data not
shown). This control analysis demonstrates that the ERF differences reported here are truly
due to target processing and not simply to the pre-existing differences in neural activity due
to the surrounding distractor streams. Note also that, for target-related activity, the MEG
activity continues to rise as the trial progresses because more images are shown on the screen
after the end of the time window depicted here.

Figure 3.4. Target-related activity in sensor-level data. (A) MEG activity (combined planar gradient)
over time for familiar (blue) and novel (red) conditions, separately for each image duration (50,
100, 150, 200, and 300 ms). Activity was averaged over all occipital sensors. Shaded areas are
error bars illustrating within-subject SEM for familiar (light blue) and novel (light red) conditions.
Vertical lines denote the onset of each image. Topography plots show the spatial distribution of
the difference in target-related activity between Familiar and Novel streams (Familiar – Novel)
separately for each image duration. Activity was averaged over the time window from 0 ms (target
onset) until 300 ms. The color bars of the topography plots are of the same units as the y axis of
the ERFs, and the scale of the color bars is the same for all topography plots. (B) Difference in
target-related activity between familiar and novel trials (Familiar – Novel), separately per image
duration. Stars denote significance level at alpha = 0.05. Dashed horizontal line shows the level of
no difference.
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3.3.2.7 No relationship between target-related amplitude and reaction times
We found significant differences in target-related ERF amplitude as well as in reaction
times, and we wanted to determine whether these two were related. Thus, we computed
the correlation between the difference in target-related amplitude on familiar and novel
trials (familiar-novel) and the difference in RT on familiar and novel trials (novel-familiar)
across participants. We computed five Spearman’s rank correlation coefficients, one for
each image duration. None of these correlations were significant (50 ms: r = 0.07, p =
0.67; 100 ms: r = -0.06, p = 0.72; 150 ms: r = 0.13, p = 0.43; 200 ms: r = 0.02, p = 0.91;
300 ms: r = 0.05, p = 0.76).
3.3.2.8 No relationship between target-related amplitude and dynamic range
We found significant differences in target-related ERF amplitude as well as in coherence
(and thus dynamic range), so we wanted to determine whether there is an association
between these two variables. Therefore, we computed the correlation between the
difference in target-related amplitude on familiar and novel trials (familiar-novel) and the
difference in coherence on familiar and novel trials (familiar-novel) across participants.
We computed five Spearman’s rank correlation coefficients, one for each image duration.
None of these correlations were significant (50 ms: r = 0.07, p = 0.69; 100 ms: r = -0.18,
p = 0.29; 150 ms: r = -0.09, p = 0.58; 200 ms: r = -0.15, p = 0.39; 300 ms: r = -0.19, p
= 0.27).

3.4 Discussion
In this study, we investigated the temporal and spatial dynamics of signal truncation and
whether this phenomenon bears relationship to participants’ ability to detect target items
within a stream of visual distractors. In short, we found truncation of neural activity for
familiar input to be the strongest when image streams were presented rapidly (images last
between 50 and 150 ms each). For the shortest image duration (50 ms), signal truncation
was localized to early visual cortex, while successively longer image durations were
linked to progressively later visual areas. Furthermore, the neural processing of the target
stimulus was stronger when targets were embedded in familiar streams compared to novel
ones. Behavioral performance was also better for targets in familiar streams, especially for
short image durations.
A wealth of research has demonstrated that familiarity affects neural processing,
the most commonly observed effect being familiarity suppression (Anderson et al., 2008;
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Fahy et al., 1993; Freedman et al., 2006; Huang et al., 2018; Li et al., 1993; Mruczek
& Sheinberg, 2007; Sobotka & Ringo, 1993; Woloszyn & Sheinberg, 2012; Xiang &
Brown, 1998). Viewing an object image repeatedly and becoming familiar with it results
in reduced spiking activity in inferotemporal cortex (IT) in monkeys (Miller et al., 1991)
and reduced haemodynamic activity in human LOC as measured with fMRI (GrillSpector et al., 2006). This reduction of the population response may indicate sharper
neuronal tuning and a sparser population representation for familiar than for novel images
(Freedman et al., 2006; Woloszyn & Sheinberg, 2012). Our data are in accordance with
this reduction of activity for familiar stimuli: we found a sustained higher amplitude
response for novel than for familiar items in the event-related fields (ERFs) (see Figure
3.2.A).
Image familiarity does not only influence the magnitude of the neural response, but
also truncates the neural response (Meyer et al., 2014), such that neural activity returns
to baseline levels more quickly for a familiar than a novel image. This puts neurons in a
state of readiness to respond to new input more rapidly. We observed signal truncation
throughout the ventral visual system (Figure 3.3.A). Interestingly, the topographical
distribution of the effect shifted anteriorly and laterally as image duration increased.
Perhaps surprisingly, signal truncation was robustly present in early visual cortex,
particularly for very rapid streams (50 ms per image). In line with this, it has recently
been observed that correlates of visual familiarity are observed as early as macaque area
V2 (Huang et al., 2018).
Since signal truncation of distractors may benefit target processing, we explored
whether signal truncation was related to target processing and behavioral performance.
Indeed, we found that while novel distractors showed a higher amplitude than familiar
distractors (Figure 3.2.A), target-related activity was higher when the targets were embedded
in familiar images than in streams of novel images (Figure 3.4.). In terms of behavioral
performance, participants were markedly faster and more accurate in categorizing the
target when the target was embedded within familiar distractors, suggesting a direct
relationship between signal truncation of the distractors and behavioral performance.
However, a between-subject correlation analysis showed no reliable correlation between
truncation and behavior. Nevertheless, both the stronger evoked responses and the
enhanced behavioral performance for targets embedded in familiar streams suggests a
benefit for the processing of visual input, possibly stemming from the signal truncation
of the distractors. This is in accordance with findings showing that familiar distractors
are less salient (Ghazizadeh et al., 2016; Jutras & Buffalo, 2010) and less disruptive than
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novel ones (Mruczek & Sheinberg, 2007). Although it is tempting to conclude that there
is a direct link between signal truncation, enhanced target processing, and improved
behavior, our data, unfortunately, do not offer clear evidence for or against this idea. It
would be interesting for future work to address this possible relationship directly.
We hypothesized that signal truncation would be prevalent in early visual cortex
for short image durations and occur in later visual areas as images are shown for longer.
We based this idea on the fact that early regions reach their peak activity relatively soon
after stimulus onset, while more downstream regions show peak spiking later (Dinse &
Krüger, 1994; Nowak & Bullier, 1997), and that higher-order cortical regions have a
slower intrinsic timescale than early sensory regions (Murray et al., 2014). Moreover,
regions lower in the visual hierarchy accumulate input for shorter image durations than
downstream areas (Hasson et al., 2008; Honey et al., 2012). Our results are in accordance
with these notions. First, we found overall stimulus tracking (from a stimulus vs. baseline
contrast) that showed an anterior and lateral topographical shift with increasing image
duration. Second, the spatial localization of the difference in signal truncation between
familiar and novel stimuli also shifted to more downstream areas as images were shown
for longer, with the 50 ms condition showing the strongest signal truncation difference
for early ROIs, while the 100 and 150 ms conditions demonstrated stronger signal
truncation difference for more downstream ROIs. Therefore, both overall tracking and
the signal truncation difference showed a topographical distribution that shifted up the
brain’s visual processing hierarchy along with increasing image duration.
It is intriguing to speculate how signal truncation can be observed for such short
image durations as 50 ms and in early visual cortex. This implies that familiarity may be
encoded in early visual cortex somehow, which may sound implausible since familiarity
suppression effects are commonly established in IT (e.g., (Li et al., 1993). However,
Huang et al. (2018) showed that a type of familiarity suppression is also found in
macaque V2, which suggests that early visual cortex may encode familiarity. Alternatively,
the signal truncation effect we observe in early visual areas may be the result of feedback
from local recurrent connections or from higher-order areas. In our current analysis, and
in accordance with previous work (Manahova et al., 2018), we quantify signal truncation
by computing coherence over a 1000 ms time window, so we are unable to detect at
which time points in the image stream truncation is present. It is possible, however, that
the visual evoked response may be truncated only after the first few stimuli in a stream are
presented, which may indicate the involvement of other areas. After all, the processing of
an image continues after other images are presented even when images are presented as
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briefly as 17 ms (Mohsenzadeh et al., 2018), suggesting an effect such as signal truncation
may build up in magnitude as a challenging visual stream is being processed.
In the current study, image durations of 200 ms and 300 ms did not elicit a significant
difference in signal truncation. Future research could use more complex or naturalistic
(Kayser et al., 2004) images because such stimuli, which require more extensive and
demanding processing, may engage regions higher up in the visual hierarchy (Murray et
al., 2014), thus leading to signal truncation differences even if images are shown for 200
ms or longer.
Although we compared familiar and novel images, our familiarity manipulation
involved both familiarity and recency. Xiang and Brown (1998) define familiarity as
whether an object was seen during a previous session, usually on a previous day, and
recency as whether an object has been seen previously during the same recording session.
While these effects are clearly related, as they refer to whether the system has been
exposed to this stimulus before, they denote different time scales (Fahy et al., 1993) and
may rely on different mechanisms. Familiarity, related to a longer time scale, requires
plasticity changes in the neural network that encodes the stimulus. Recency, related to a
shorter time scale, is more similar to repetition suppression or adaptation effects and may
result from synaptic depression or adapted input from other neurons in the same network
(Vogels, 2016b). In the current study, we manipulated both familiarity and recency in
our familiar condition, meaning that we are unable to distinguish the effects of these two
phenomena. It would be interesting to further disentangle the respective contributions of
recency and familiarity to signal truncation.
In conclusion, familiarity with a visual stimulus leads to a truncation of neural
activity in the visual system, and this truncation was strongest for the fastest presentation
speeds. Moreover, this truncation for familiar distractor stimuli is associated with stronger
target processing and behavioral improvements in perceptual categorization, suggesting a
functional role of this phenomenon.
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Do Object Expectations Elicit Prestimulus
Templates?
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Abstract
In the process of perception, bottom-up sensory information and top-down expectations
become integrated (Friston, 2005b; Lee & Mumford, 2003b; Summerfield & de Lange,
2014). Prior knowledge can bias perception, and expecting to see a stimulus may elicit
stimulus-related activity before the image is even presented. Previous research shows
that this is the case for simple objects such as gratings (P. Kok et al., 2017b), but we
wondered whether such prestimulus activity would also be present when participants
expect specific object images. To address this question, we repeatedly showed participants
images of colored shapes (cues) followed by objects (targets), allowing for learning of the
associations between them. Several days later, we showed participants the same images
while recording brain activity with magnetoencephalography (MEG). By applying
classification analysis techniques to the data, we were able to examine whether cue
images elicited prestimulus object-related activity in participants’ brains. We did not find
evidence for such prestimulus template activation in our data, which may be because
expecting objects does not activate prestimulus templates in the visual system. Objects
are highly complex visual stimuli processed by downstream areas in the visual system,
so expecting objects may function differently from expecting low-level visual features
(P. Kok et al., 2017b). Alternatively, our research paradigm may have been suboptimal
for addressing this research question, and this may have prevented us from observing
prestimulus activation. We discuss possible avenues to improve the research design, so
future research can more conclusively determine the presence or absence of prestimulus
templates of higher-order categories.
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4.1 Introduction
Perception is not only a reflection of incoming sensory information, but rather, multiple
factors can influence what we perceive, one of them being prior knowledge (Gregory,
1997; Kersten et al., 2004). Perception can be considered a process of inference, where
bottom-up sensory information and top-down expectations are integrated (Friston,
2005b; Lee & Mumford, 2003b; Summerfield & de Lange, 2014). Early visual regions
process incoming sensory information that is conveyed from the retina to the lateral
geniculate nucleus (LGN), while expectations likely stem from higher-order visual regions
such as lateral occipital complex (LOC) (Manahova et al., 2018) or memory regions such
as hippocampus (P. Kok & Turk-Browne, 2018). Prior expectations may lead to increases
in baseline activity of sensory neurons responsive to the expected stimulus (P. Kok et al.,
2014; SanMiguel et al., 2013; Wyart et al., 2012), which may facilitate neural processing
of expected stimuli (Bell et al., 2016; P. Kok et al., 2012).
The finding that expectations may lead to anticipatory stimulus-specific activity
in the neurons of the visual system that also respond to the same stimulus suggests that
expectations may lead to the activation of pre-stimulus templates. For example, evidence
shows that the visual system represents the predicted future position of a moving object
and that the expected position can be decoded from EEG data (Blom et al., 2020), which
means that the predicted visual stimulus was pre-activated. In a different study, macaque
monkeys learned that stimulus A preceded stimulus B while electrophysiological activity
was recorded (Meyer & Olson, 2011). Strikingly, the authors observed activity in neurons
tuned to stimulus B after the monkeys saw stimulus A (but before stimulus B had been
shown). This can again be interpreted as a pre-stimulus template, although it could also
reflect pair coding, which involves changes in the tuning of the neural population over
months of exposure to the stimuli.
So far, several studies have shown such pre-stimulus activation for higher-level
features, albeit not due to expectation. Peelen, Fei-Fei, and Kastner (2009) were able to
decode object category from fMRI activity in object-selective cortex when the objects
were task-relevant and thus attracted attention. In addition, Stokes et al. (2009) showed
that imagining a particular letter led to shape-specific activation in LOC as measured with
fMRI. Moreover, Dijkstra et al. (2020) demonstrated that imagining an object resulted in
object-specific templates of MEG activity. Based on these findings, it appears likely that
expecting a specific object may also lead to automatic pre-stimulus representation of that
object.
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Kok et al. (2017) demonstrated that expecting low-level visual features can result
in pre-stimulus templates in sensory cortex, as measured with MEG. In this study,
participants formed expectations about oriented gratings based on auditory tones, which
functioned as cues. A grating has a particular orientation and spatial frequency, which
are low-level visual features and strongly activate early visual areas. Better decoding for
expected than unexpected stimuli was present very soon after the presentation of the cue,
suggesting that expectations were activated quite rapidly and may have resulted from
early sensory areas.
It is still an open question whether prestimulus templates also become activated
if higher-level visual stimuli such as objects are expected. Previous evidence showed that
expectations can elicit pre-stimulus activity (Blom et al., 2020; P. Kok et al., 2017a;
Meyer & Olson, 2011), and high-level visual features can be represented without input
(Dijkstra et al., 2020; Peelen et al., 2009; Stokes, Thompson, Cusack, et al., 2009), but
it is not known whether expectations can result in object-specific pre-stimulus templates
or whether these non-input driven visual representations are only evoked by goaldirected processes as engaged during preparatory attention (Battistoni et al., 2017) and
imagination (Dijkstra et al., 2020; Stokes, Thompson, Cusack, et al., 2009). To answer
this question, we conducted an experiment where we showed participants colored shapes
(cues) that predicted following object images (targets) and examined whether the learned
associations elicited pre-stimulus object-specific activation. We recorded MEG activity
since it allowed us to examine the temporal dynamics as well as spatial characteristics of
these prestimulus templates. We tested whether expecting a specific object image based
on a cue would result in an increase in decoding accuracy before the object image, thus
showing evidence for prestimulus activation. We also compared classification accuracy
between expected and unexpected stimuli to determine whether expectation facilitates
the representation of object images.

4.2 Materials and Methods
4.2.1 Data and software availability
Data and code used for stimulus presentation and data analysis are available online at
the Donders Institute for Brain, Cognition, and Behavior repository at https://doi.
org/10.34973/ajs0-4024.
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4.2.2 Participants
Thirty-eight healthy human volunteers (26 female, 12 male, mean age = 27.7 years, SD
= 8.6 years) with normal or corrected-to-normal vision, recruited from the university’s
participant pool, completed the experiment and received monetary compensation. The
sample size, which was defined a priori, ensured at least 80% power to detect withinsubject experimental effects with an effect size of Cohen’s d>0.5. The study was approved
by the local ethics committee (CMO Arnhem-Nijmegen, Radboud University Medical
Center) under the general ethics approval (“Imaging Human Cognition”, CMO
2014/288, version 3), and the experiment was conducted in compliance with these
guidelines. Written informed consent was obtained from each individual.

4.2.3 Stimuli
The colored shapes were created by the authors in Adobe Illustrator (Adobe, Inc.,
United States), and the object images were purchased from Shutterstock (https://www.
shutterstock.com/). Stimuli were shown against a background of dynamic noise which
changed with every frame. Eight colored shapes were used, including a circle, a triangle,
a square, a hexagon, etc. Eight object images were also used, four of them images of dogs
and four of them images of chairs (see Appendix for the stimuli images). In both the
behavioral and MEG sessions, the images subtended four by four degrees of visual angle.

4.2.4 Apparatus
MATLAB (The Mathworks, Inc., Natick, Massachusetts, United States) and the
Psychophysics Toolbox extensions (Brainard, 1997) were used to show the stimuli on
a monitor with a resolution of 1920x1080 pixels and a refresh rate of 60 Hz for the
behavioral session. For the MEG session, a PROpixx projector (VPixx Technologies,
Saint-Bruno, QC Canada) was used to project the images on the screen, with a resolution
of 1920x1080 and a refresh rate of 60 Hz.
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Figure 4.1. (A) Experimental setup. During the behavioral training session on Day 1, participants
performed a categorization task (animate or inanimate) and observed the pairings between cues
and targets. During the behavioral testing session on Day 2, participants indicated when the target
image had become visible through noise, allowing us to test whether the learned associations
resulted in improved behavioral performance. During the MEG session on Day 3, participants
performed an oddball detection task while we recorded MEG activity related to the pairs of images.
(B) Trial structure of tasks on Day 1 (behavioral training session) and Day 3 (MEG session). First,
participants saw a bull’s eye fixation point for a jittered period between 500 and 750 ms. Then, a
cue image (a colored shape) was shown for 500 ms. This was followed by a target image (a chair or
a dog) presented for 500 ms. After that, a blank screen was shown for 1000 ms, and participants
had to either categorize the target image as animate or inanimate (behavioral training session) or
detect an upside-down target image (MEG session). (C) Trial structure of task on Day 2 (behavioral
testing session). First, participants saw a bull’s eye fixation point for a jittered period between 500
and 750 ms. Then, a cue image (a colored shape) was shown for 500 ms. After that, a target image (a
chair or a dog) began to appear through the dynamic noise, increasing gradually from 0.1% opacity.
The initial presentation of the target image could begin at any point between 500 and 1500 ms after
the offset of the cue image. Participants had to press a button once they had detected the target
image. Finally, a blank screen was shown for 1000 ms.

4.2.5 Trial structure
4.2.5.1 Behavioral training session (Day One)
During the behavioral training session, each trial began with a fixation dot (see Figure
4.1.B for the trial structure). The fixation dot was presented for a randomly selected
period between 500 and 750 ms. Then, an image of a colored shape was presented,
lasting for 500 ms. After that, an object image was shown, lasting 500 ms; note that the
interstimulus interval between the first and second image was 0 ms. After that, the fixation
dot was displayed once again against a background of dynamic noise, which indicated to
participants to provide a response; participants had 1500 ms to respond. The task was
to categorize the object image as animate or inanimate by pressing one of two buttons,
and the button-category mapping was randomized per participant. At the end of a trial,
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if a correct response had been given (i.e., the target image had been categorized correctly
as animate or inanimate), the fixation dot turned green for 500 ms. If the response was
incorrect, the fixation dot turned red for 500 ms. Two types of responses were considered
incorrect: incorrect classification as animate or inanimate or no response (i.e., response
failure). Participants were instructed to respond on every trial, and they did so on almost
all trials (mean = 99.48%, SD = 0.82%). Afterwards, a blank screen was presented for
1000 ms, and participants were encouraged to blink during this period.

4

4.2.5.2. Behavioral testing session (Day Two)
During the behavioral testing session, the trial structure was slightly different. Each trial
began with a fixation dot (see Figure 4.1.B for the trial structure). The fixation dot was
presented for a randomly selected period between 500 and 750 ms. Then, an image of a
colored shape was presented, lasting for 500 ms. After that, there was an interstimulus
interval which lasted between 500 and 2000 ms. Then, the object image was shown
initially at 0.1% opacity, linearly ramping up over time and becoming more clearly
visible. The object image reached 50% opacity at 4000 ms, at which point it was clearly
visible, and then it disappeared from the screen. Participants were instructed to press a
button as soon as they detected the image appearing through the noise. Participants were
able to do the task very well, with mean RTs of 1251 ms (SD = 27 ms), where 0 ms is
the moment when the target image is presented with 0.1% opacity. We also included
catch trials on 8.33% of trials where no target image was presented; participants were
instructed to withhold their response on those trials. At the end of the trial, if a correct
response had been given (i.e., the target image had been detected correctly or a response
had been withheld correctly), the fixation dot turned green for 500 ms. If the response
was incorrect, the fixation dot turned red for 500 ms. Three types of responses were
considered incorrect: responding too early (before the target image was shown; i.e., false
alarm), not responding when a target image was presented (i.e., response failure), or
responding when a target image was not presented (during a catch trial; i.e., false alarm).
Afterwards, a blank screen was presented for 1000 ms, and participants were encouraged
to blink during this period.
4.2.5.3 MEG testing session (Day Three)
The trial structure of the MEG testing session was similar to that of the behavioral
training session (day one). Each trial began with a fixation dot (see Figure 4.1.B for the
trial structure). The fixation dot was presented for a randomly selected period between
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500 and 750 ms. Then, an image of a colored shape was presented, lasting for 500 ms.
After that, an object image was shown, lasting 500 ms; note that the interstimulus interval
between the first and second image was 0 ms. After that, the fixation dot was displayed once
again against a background of dynamic noise, which indicated to participants to provide a
response; participants had 1200 ms to respond. The task was to press a button when having
detected an upside-down object image; this occurred on 8.33% of trials. At the end of the
trial, if a correct response had been given (i.e., the upside-down target image had been
detected correctly or no response had been given when the target image had been right-side
up), the fixation dot turned green for 500 ms. If the response was incorrect, the fixation
dot turned red for 500 ms. Two types of responses were considered incorrect: incorrect
detection of upside-down target image (i.e., false alarm) or failing to detect an upside-down
image (i.e., miss). Afterwards, a blank screen was presented for 1000 ms, and participants
were encouraged to blink during this period. Participants were well able to do the task as
demonstrated by a hit rate of 96.73% and a false alarm rate of 0.02%.
4.2.5.4 Localizer
A localizer task was performed in the MEG to isolate neural activity specific to target
images. Each trial began with a fixation dot presented for a randomly selected period
between 750 and 1050 ms. Then, an object image was presented, lasting for 500 ms.
After that, the next trial began with a fixation dot. Participants were instructed to ignore
the object images and focus on the fixation dot. On 10% of trials, the dot “blinked” (i.e.,
was reduced in opacity), and when participants detected this, they had to press a button.
Participants were allowed to blink whenever they felt the need to during the task.

4.2.6 Experimental design
In the behavioral training session (see Figure 4.1.A for the experimental setup), participants
observed the colored shape images (cue) followed by the chair or dog images (targets),
and they had to categorize the target images into animate or inanimate. The participants
pressed the left and right arrow keys to indicate their answer, with the response mapping
randomized across participants. There were nine blocks, each block showing 120 trials,
resulting in a total of 1080 trials per person. Participants were given feedback after each
image about whether they categorized that image correctly. The goal of this session was
to familiarize participants with the transitions between cues and targets. The cues were
100% predictive of the target images, meaning that each time one of the eight cues was
shown on the screen, it was followed by the correct target image it predicted.
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On the next day, participants completed the behavioral testing session where some
of the predictive contingencies were violated. The intention of the experimental design
was that each cue would be followed by its correct (predicted) image on 50% of trials
and by an incorrect (unpredicted) image on the other 50% of trials. This would allow
for some expectation violation trials, while also not completely extinguishing the learned
expectations. During the behavioral testing session (day 2), participants saw the colored
shape images (cues) and then had to detect the chair or dog images (targets) as they
gradually became more visible through the noise. Participants had to press the right arrow
key to indicate that they had seen the target image. In the case of a catch trial, no target
was presented, and participants had to withhold their response. There were seven blocks,
each block containing 96 trials, resulting in a total of 672 trials per person. Participants
were given feedback after each image about whether they detected that image correctly or
withheld their response correctly in case of a catch trial. Trials where a target image was
not presented (i.e., catch trials) were excluded from further analysis.
On the third day, participants completed the MEG testing session where the
intention was, similarly to the behavioral testing session (day 2) that on 50% of trials
the predictive contingencies would be violated. Participants observed the colored shape
images (cues) followed by the images of dogs or chairs (targets) and had to press a button
when the target image was upside-down. People also performed a localizer task where
they saw the target images but paid attention to the fixation dot in the middle and pressed
a button when the fixation dot blinked. Each participant completed six blocks of the
main task, which included 96 trials per block for a total of 576 trials per participant,
and five blocks of the localizer task, which included 96 trials per block for a total of 480
trials per participant. Trials where the target image was upside-down were excluded from
further analysis.
The goal of this experimental design was to compare how expectation violations
function at different levels: (1) when the expected target image was presented from a
different viewpoint, (2) when a different exemplar was presented that belonged to
the same category as the expected target image (e.g., a specific dog was expected, but
a different dog was presented), and (3) when an object from a different category was
presented (e.g., a specific dog was expected, but a chair was presented). The stimuli (see
Appendix) were chosen to serve this goal.
However, an unfortunate technical error prevented this avenue of research. Instead
of correctly randomizing each of the eight cues to be followed by an expected target
image on 50% of trials and by an unexpected image on the other 50% of trials, four of
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the cues were always followed by the correct (expected) target image and the other four
cues were always followed by an incorrect (unexpected) target image. Since the cues were
not correctly randomized to the expected and unexpected conditions, we were not able
to compare expected and unexpected trials without suffering from a serious confound,
namely, that four of the cues were always in the expected condition and the other four
cues were always in the unexpected condition. This problem was present in the behavioral
testing session (day 2) as well as the MEG testing session (day 3), affecting both behavioral
and MEG data analysis.
With the resulting experimental design, participants learned associations between
cues and target images, and later some of those associations were violated. One of our
research goals centered on the question of whether pre-stimulus templates become activated
for the target images based on the cues that predicted them. We employed multivariate
analysis techniques which were unaffected by the technical error because the classifier was
trained on the neural activity for a specific target image during the localizer task and then
tested on the activity for target images in the main task. Because of this, we are still able to
get an unbiased estimate of stimulus-related activity also during the main task.

4.2.7 Data acquisition
4.2.7.1 MEG recordings
Brain activity was recorded using a 275-channel MEG system with axial gradiometers
(VSM/CTF Systems, Coquitlam, BC, Canada) in a magnetically shielded room. During
the experiment, head position was monitored online and corrected if necessary (Stolk et
al., 2013). Head position monitoring was done using three coils: one placed on the nasion,
one in an earplug in the left ear, and one in an earplug in the right ear. MEG signals were
sampled at 1200 Hz. A projector outside the magnetically shielded room projected the
visual stimuli onto a screen in front of the participant via mirrors. Participants gave their
behavioral responses via an MEG-compatible button box. Participants’ eye movements
and blinks were monitored using an eye-tracker system (EyeLink, SR Research Ltd.,
Mississauga, Ontario, Canada).
4.2.7.2 MRI Recordings
To allow for source reconstruction, anatomical magnetic resonance imaging (MRI) scans
were acquired using a 3T MRI system (Siemens, Erlangen, Germany) and a T1-weighted
MP-RAGE sequence with a GRAPPA acceleration factor of 2 (TR = 2300 ms, TE = 3.03
ms, voxel size 1 x 1 x 1 mm, 192 transversal slices, 8° flip angle).
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4.2.8 Data analysis
4.2.8.1 Preprocessing of MEG data
The MEG data were preprocessed offline using the FieldTrip software (Oostenveld et
al., 2011). The data were demeaned, and noise was removed by applying third-order
gradiometer correction. Then, trials with high variance were manually inspected and
removed if they contained excessive and irregular artifacts. This resulted in, on average,
96% of trials retained per participant (range = 87 - 99%). The number of trials that
remained after preprocessing did not vary between conditions (expected trials: M =
276.08, SD = 8.89; unexpected trials: M = 276.82, SD = 8.13). Afterwards, independent
component analysis (ICA) was applied to identify regular artifacts such as heartbeat and
eye blinks and remove the respective components.
4.2.8.2 Multivariate pattern analyses
The preprocessed MEG data were downsampled to 200 Hz and lowpass filtered at 20 Hz.
Baseline correction was applied using the window from 200 ms before stimulus onset to
0 ms (stimulus onset) as a baseline period. Trials with an upside-down image during the
main task were removed, and equal trial numbers were ensured for each of the cues.
All multivariate pattern analyses were carried out with the MVPA-Light toolbox
(Treder, 2020). We used a multiclass LDA classifier, implemented time-by-time
generalization, and used accuracy as the metric of interest. We trained the classifier on
the localizer data and then tested it on the main task data. ‘Expected trials’ referred to
the trials where four of the cues were followed by the target images they predicted, and
‘Unexpected trials’ referred to the trials where the other four cues were followed by target
images they did not predict during the training session. All MEG sensors were used for
these analyses.
Finally, we statistically tested the difference in classification accuracy between
expected and unexpected target images. We performed paired-samples t tests for every
time point of the time x time generalization matrix. This resulted in a map of t-values
where insignificant t-values (uncorrected; alpha = 0.05) were masked (see Figure 4.2.C).
Then, we averaged classification performance during the sensitive time window (0.1 –
0.25 s) in the localizer time axis and performed a cluster-based permutation test (Maris
& Oostenveld, 2007) on the window from 0 to 1 s in the main task time axis (see Figure
4.2.D).
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4.3 Results
We measured reaction times and MEG activity, in separate sessions, while participants
viewed a cue image followed by a target image. Half of the trials in a session were expected,
i.e., the cue was followed by the target image it predicted, and the other half of the trials
were unexpected, i.e., the cue was followed by a target image it did not predict. During
the behavioral session, participants had to detect the target image as it slowly increased in
visibility through background noise. During the MEG session, they had to press a button
when the target image was upside-down.

4.3.1 Behavioral Results
4.3.1.1 No effect of expectation on reaction times and accuracy
In the second behavioral session, we assessed whether the associations participants
learned during the first session facilitated faster or more accurate responses. We found
no significant difference in reaction times between expected and unexpected trials (t37 =
-0.58, p = 0.56) and also no difference in accuracy (t37 = -1.69, p = 0.10). Performance
was very good as evidenced by a hit rate of 99.56% and a false alarm rate of 3.73%.
Notably, the technical error in our script makes it difficult to interpret these behavioral
results. During the second behavioral session, what should have been unexpected trials
very quickly became expected instead, because only one specific stimulus was ever shown
per cue. Thus, the unexpected trials did not generate a substantial surprise response, as
evidenced by the reaction time and accuracy data.

4.3.2 MEG Results
4.3.2.1 Successful classification of target image based on localizer
We were able to successfully decode target identity when the classifier was trained on
the localizer data and tested on the main task data (see Figures 4.2.A and 4.2.B). Peak
classifier accuracy (>35% where chance level is 12.5% due to the presence of eight classes)
was reached around 100-250 ms after target onset in the localizer time axis and around
600-700 ms after cue onset, or 100-200 ms after target onset, in the main task time
axis. This was true for both expected and unexpected images. There was no significant
increase in decoding accuracy before target onset, thus offering no evidence to support
the presence of pre-stimulus activation.
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Figure 4.2. (A) Classification of expected images. The generalization matrix shows the performance of
a classifier trained on localizer data and tested on expected trials during the main task. The classifier
includes eight classes, which is why chance level is 12.5%. Horizontal and vertical black lines denote
presentation of cue and target images during localizer task and main task, respectively. (B) Classification
of unexpected images. The generalization matrix shows the performance of a classifier trained on
localizer data and tested on unexpected trials during the main task. The classifier includes eight classes,
which is why chance level is 12.5%. Horizontal and vertical black lines denote presentation of cue
and target images during localizer task and main task, respectively. (C) Map of t-values for difference
in classification performance (expected – unexpected stimuli). For every time point of the time x
time generalization matrices in panels (A) and (B), we performed paired-samples t tests. In the map
of t-values, insignificant t-values were masked in dark blue, revealing only significant t-values. (D)
Timecourse of difference in classification performance (expected – unexpected stimuli). We averaged
classification performance during the sensitive time window (0.1 – 0.25 s) in the localizer time axis,
resulting in a timecourse for each condition. Then, we performed a cluster-based permutation test
on the window from 0 to 1 s in the main task time axis to test for significant differences between
classification performance for expected and unexpected images.

4.3.2.2 No significant effect of expectation on classification performance of target
image
We performed paired-samples t tests for every time point of the time x time generalization
matrix. This resulted in a map of t-values where insignificant t-values (uncorrected; alpha
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= 0.05) were masked (see Figure 4.2.C). Then, we averaged classification performance
during the sensitive time window (100-250 ms) in the localizer time axis and performed
a cluster-based permutation test on the window from 0 to 1 s in the main task time
axis (see Figure 4.2.D). There were no significant clusters of differences between the
two conditions (max t37 = 1.15 (n.s.)). We did not apply any correction for multiple
comparisons because we only found a null effect.

4.4 Discussion
In this study, participants learned associations between colored shapes and object images,
and we investigated whether object-level expectations elicited prestimulus templates in
brain activity measured with MEG. We did not find evidence for such activation, which
may either be because prestimulus templates truly are not present for objects, or because
we were unable to observe them with our research design.
On the one hand, it is possible that objects do not activate prestimulus templates
in the brain. Objects are complex visual stimuli consisting of multiple visual features
(e.g., edges, orientations, shapes as well as associated semantic meaning). Due to this
complexity, object-level expectations may be neurally implemented in a different manner
from low-level visual expectations. The latter may be facilitated by increases in baseline
activity of sensory neurons responsive to the expected stimulus, while a distinct neural
mechanism may be in place for object-level expectations. For instance, top-down
processes in the visual system may only become integrated with bottom-up input at later
stages of processing (de Lange et al., 2018; V. Rao et al., 2012), which would explain
the lack of prestimulus templates in our data. This seems plausible for higher-level visual
stimuli such as objects as the temporal dynamics of IT and other downstream areas are
slower compared to early visual cortex. However, since we observed neither pre- nor
post-stimulus expectation-related activity, it appears that expectation failed to cause any
activity changes in our data, which means we are unable to adjudicate between these
possible mechanisms.
On the other hand, perhaps prestimulus templates are present for objects, but we
were unable to observe them. Our experimental design was not optimal for answering
this question, so our lack of significant findings does not necessarily mean that objectlevel expectations are not capable of activating prestimulus templates. Since the original
research question of this study was how expectation violation affects the temporal and
spatial dynamics of the brain response at different levels, we made several design choices
that pose limitations with regards to the current research question.
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The first suboptimal aspect of this design is that the target stimuli were chosen
to include objects from two categories, chairs and dogs. This fits the original research
question but is not necessary for answering the current question. In fact, we would have
been better able to examine prestimulus templates had the target stimuli been maximally
different from each other. Visually different object stimuli may have led to patterns of
prestimulus activity highly dissimilar from each other, which would have made them
easier for the classifier to distinguish. Similarities between some of the target images may
have contributed to our inability to find prestimulus templates in our data.
The second suboptimal aspect is the presence of a behavioral testing session. While
having a second behavioral session (after the training session and before the MEG session)
is necessary in order to establish whether expectations improve behavioral performance, it
is not helpful for the current research question. In fact, some unlearning of the associations
may have happened during the second behavioral session, which most likely diminished
the presence of prestimulus templates in the following MEG session, assuming they were
in fact activated in the first place. Deterministic associations can be rapidly extinguished
when these are subsequently violated (Nazlı et al., 2022), so it is possible that participants
no longer had strong stimulus expectations during the MEG session. If we were to optimize
our design for the current question, we would remove the second behavioral session and
proceed directly from the behavioral training session to the MEG session.
The third suboptimal aspect is the fact that MEG, at least in this case, may not be
well-suited to detect prestimulus templates for objects. With stimuli such as gratings, the
main features are orientation and spatial frequency, which result in sharp, easily visible
edges. These features are represented in early visual areas and generate high signal-to-noise
responses in the MEG signal. In contrast, objects activate downstream visual regions as
well as early ones and typically result in lower signal-to-noise ratio. This makes it more
difficult to decode images successfully and may have contributed to why we were not able
to find prestimulus templates for objects.
Cognitive mechanisms besides expectation have been shown to activate representations
in visual cortex in the absence of input , such as attention (Myers et al., 2015; Stokes,
Thompson, Nobre, et al., 2009), mental imagery (Albers et al., 2013; Dijkstra et al., 2020),
and working memory (Harrison & Tong, 2009; Serences et al., 2009). In past research,
attention and expectation have often been conflated, when the two processes can in fact
have additive effects (Schröger et al., 2015). Recently, Gayet and Peelen (2022) used fMRI
measurements to show that preparatory object representations become activated when one
expects to see an object based on a task-relevant cue. However, this type of expectation attracts
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attention because participants are asked to attend the expected object in order to perform the
task. In our experiment, in order to separate the effects of attention and expectation as much
as possible, we used a task for which expectation was not relevant, so any expectations resulted
from passive statistical learning. Thus, any possible effect of expectation would have been
automatic (den Ouden et al., 2009; P. Kok et al., 2012) rather than intentionally generated
or a result of task performance. Since under these circumstances the expectation effect would
not have been boosted by attention, it may have been smaller in magnitude, which may have
contributed to our inability to find any expectation-related modulation. Alternatively, it may
be the case that participants did not learn the associations at all because the cues were irrelevant
to the task at hand, i.e., participants did not need to attend the cues, which would also explain
why we failed to find a difference in activity between expected and unexpected stimuli.
A puzzling observation is that activity modulations by expectation appear more difficult
to detect with MEG than with fMRI. Studies using highly similar designs find expectation
effects with fMRI but not with MEG (e.g., compare Richter et al., 2018 and Zhou et al.,
2020). The blood oxygen level-dependent (BOLD) signal integrates synaptic and neural
activity and changes relatively slowly on the timescale of seconds. In contrast, MEG activity
results mostly from synchronized activity of pyramidal neurons with a particular orientation
and changes on the timescale of milliseconds. The differences between these techniques may
render MEG less sensitive to expectation differences than fMRI, perhaps due to the fact that
the fMRI signal is sensitive to a larger array of neural modulations.
Moreover, there seems to be an optimal amount of learning that elicits expectation
effects detectable in brain activity, but it is not easy to know beforehand what that
optimal amount is for a particular task. There is a fine line between, on the one hand,
overlearning associations and making them trivial and, on the other hand, not learning
associations well enough. Some expectation studies only use two pairs of stimuli, which
makes the associations very easy to learn and thus may result in reliable learning over
time (P. Kok et al., 2012, 2017a). Alternatively, all four stimuli may become “expected”
because they are seen so often, which precludes any expectation-induced differences in
neural activity (Mostert, 2019). Other expectation studies use many more stimuli such as
twelve images (Manahova et al., 2018), fifteen images (Kaposvari et al., 2016), six pairs
of images (Meyer & Olson, 2011; Zhou et al., 2020), eight pairs of images (Richter et
al., 2018), or twelve pairs of images (Ramachandran et al., 2017b), and they find reliable
expectation effects. This indicates that learning somewhere between twelve and twentyfour images may be optimal for most research designs, and that attempting to teach
participants more than that may result in underlearning of the associations (i.e., not
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forming strong expectations). (Note: The statement above excludes Kok et al. (2017a)
because they used audio-visual pairings.) Naturally, this is also linked to the duration of
the exposure, or learning phase, which also varies greatly among studies, e.g., monkeys
may be exposed to stimuli for months (e.g., Li et al., 1993; Meyer et al., 2014; Meyer &
Olson, 2011), while human participants often only learn associations for an hour one day
before the testing session (e.g., Kok et al., 2017; Manahova et al., 2018; Richter et al.,
2018). Moreover, expectation-induced effects on neural activity may also depend on the
task participants are performing (St. John-Saaltink et al., 2015).
In conclusion, our study did not find object-related prestimulus activation, but
this does not necessarily mean that this does not take place in the visual system. On
the one hand, objects are complex visual stimuli, so pre-activating object templates may
require pre-activating multiple visual features. Thus, expecting an object may involve
rather different neural mechanisms than expecting simpler visual stimuli. On the other
hand, our research design has several limitations which make it suboptimal to address this
question. Whether objects elicit prestimulus activation remains an intriguing question
which can further elucidate how statistical learning functions in the brain and how neural
populations prepare to process expected visual input.

Appendix. (A) Colored shape images served as cues in all three tasks (Days 1, 2, and 3). Note that
the colored shape in the bottom right position (gray upside-down triangle) was in fact white but is
shown as gray here for visualization purposes.
(B) Images of chairs and dogs served as target images in all three tasks (Days 1, 2, and 3). The
images were two chairs, each viewed from two viewpoints, and two dogs, each viewed from two
viewpoints.
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As we observe and interact with the world, we become familiar with certain aspects of our
surroundings and we come to expect some of those. Familiarity and expectation are two
processes intricately linked to the way we learn about our environment and also to the
way we perceive it. The human brain not only receives input about the external world,
but rather it uses its accumulated knowledge to predict what it is going to perceive. The
combination of incoming (bottom-up) input and top-down knowledge constitutes our
perception.
This thesis focused on two forms of prior knowledge: familiarity (i.e., whether a
stimulus has been seen before) and expectation (i.e., whether a stimulus is expected to
occur based on the context). I examined how these two processes modulate neural activity
in the human visual system. I used electrophysiological measurements (namely, MEG),
to assess the amplitude of the signal (Chapter 2 and Chapter 3), the amount of signal
truncation (Chapter 2 and Chapter 3), and the signal-to-noise ratio (Chapter 4). In
particular, I used rapid image streams (Chapter 2 and Chapter 3) to challenge the visual
system and investigate what neural changes may take place to allow for more efficient
processing of input. In Chapter 4, I used multivariate decoding analyses to assess the
possible involvement of prestimulus template activation for object expectations.

5.1 Main findings
In Chapter 2, we aimed to investigate how familiarity and expectation influence the
neural signal and whether their effects are additive. We found that both familiarity and
expectation independently led to activity suppression in lateral occipital cortex (LOC).
Familiarity also resulted in truncated signals, indicating sharpened response dynamics
mainly stemming from early visual cortex. These results demonstrate that the two forms
of prior knowledge we investigated do in fact influence neural activity in a joint manner
and together determine the amount of neural resources dedicated to image processing in
the visual system.
In Chapter 3, we aimed to learn more about the temporal and spatial characteristics
of familiarity-induced signal truncation. We presented images at different rates, ranging
from slow to fast, and discovered that activity was truncated for familiar distractors, with
the strongest truncation for the fastest presentation rates. The peak of signal truncation
was localized in posterior visual regions for fast presentation rates and in progressively
more anterior regions for slower presentation rates. In addition, the target image elicited
a stronger neural response when embedded in a stream of familiar distractors than novel
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ones. These findings show that familiarity with an item leads to a truncated neural
response and is linked to enhanced processing of relevant target information.
In Chapter 4, we aimed to discover whether expecting object images results in
prestimulus activation in the visual system. We employed multivariate classification
techniques to answer this question, but we did not find evidence for prestimulus activity
in our data. This may be the case because expecting objects truly does not elicit such
anticipatory activity or because our research paradigm may not have been optimally
suited for this question. We suggest considerations for future research that can help more
conclusively establish whether object expectations lead to prestimulus template activation.

5

5.2 Interpretation of the findings
5.2.1 Activity suppression by familiarity and expectation
We observed a sizable reduction of activity for familiar stimuli (Chapter 2). This finding
is well in line with a great deal of human research (e.g., Cycowicz & Friedman, 1998;
Grill-Spector et al., 2006) as well as monkey studies (Miller et al., 1991), showing that
novel images cause an increased amplitude of neural activity. However, we based our
study (in humans) on the study by Meyer et al. (2014) (in monkeys), and these authors
did not find an amplitude difference caused by familiarity. Using a very similar paradigm
to theirs, we found a highly significant difference in amplitude between familiar and novel
objects, to which a large number of MEG sensors contributed. This difference in findings
is most likely due to the difference in techniques: we used MEG, so our results come
from an array of neurons all over the visual system and mostly from local field potentials
of pyramidal neurons with a certain orientation. In contrast, Meyer et al. (2014) used
single-cell recordings specifically from inferotemporal (IT) cortex and analyzed spike
rates. An important distinction between these two techniques is that the MEG signal
reflects postsynaptic potentials, i.e., the input into the neurons, while spiking activity is
the output of the neurons. The differences in these research techniques and manners of
quantifying neural activity may have led to our observing an amplitude difference that
was absent in the monkey data.
We observed an amplitude difference elicited by expectation which was also
significant albeit smaller in magnitude and topographical spread compared to the
familiarity amplitude effect. This is in accordance with monkey studies (Kaposvari et al.,
2016; Meyer & Olson, 2011) and also in agreement with some human research (Davis &
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Hasson, 2016; Richter et al., 2018), although the results of studies in humans are mixed.
A related, well-known phenomenon in the electrophysiology literature is the mismatchnegativity (MMN) component (see Näätänen et al. (2007) for a review), which is an
increase in the amplitude of the neural response when an oddball stimulus is presented.
The MMN is based on research in the auditory domain and usually peaks around 150200 ms after oddball presentation, suggesting that this phenomenon is a feature of early
information processing stages and is generated in an automatic manner irrespective of
attention (Näätänen et al., 2007). A related neural event occurs in the visual system and
shares some characteristics with the auditory MMN. This component is linked to the
presentation of an oddball or deviant stimulus in a stream of standard stimuli, or it may
result from comparing repeated stimuli with non-repeat stimuli. Neural adaptation likely
plays a part in this phenomenon, while it probably contributes to a smaller extent to the
expectation effect we observed. The MMN and its visual equivalent can be considered a
marker of surprise rather than of active expectation, which distinguishes the MMN from
the expectation-induced amplitude effect we observed.

5.2.2 The conceptual relationship between familiarity and expectation
Familiarity and expectation are related concepts in that they both rely on prior knowledge.
When one is familiar with an object, one has knowledge about it from past experience.
When one expects to see an object, one has knowledge about it and on top of that actively
predicts that she will encounter that object in the near future. In other words, expectation
is a special case of familiarity, meaning that expectation necessitates familiarity but not
the other way around; in order to expect something, one need be familiar with it, but in
order to be familiar with something, one need not necessarily expect it.
Given that both familiarity and expectation require prior knowledge with visual
objects and the concepts are closely related, it makes sense that the two processes
modulate neural activity in similar ways (as discussed in Chapter 2). The magnitude of
the effects differed greatly in our data, which can be explained by the fact that expectation
is a special case of familiarity. Comparing familiar to novel items causes a remarkable
difference in activity in the visual system. In contrast, comparing expected to unexpected
items causes a smaller, albeit still significant, difference because it entails comparing two
groups of familiar items: one group presented in the expected order and another group
in a shuffled order. Both groups include familiar items, however, leading to a relatively
smaller difference in activity. This finding is also reflected in the literature: novel items
almost always elicit larger neural responses than familiar ones (Cycowicz & Friedman,
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1998; Grill-Spector et al., 2006; Miller et al., 1991), while findings are more nuanced
for expected and unexpected items. Sometimes a larger response is indeed observed for
unexpected items (Meyer & Olson, 2011), but this pattern may be altered or reversed by
task demands and attention (Schröger et al., 2015), and at other times there may be no
difference in response amplitude due to expectation at all (P. Kok et al., 2017).
An interesting observation related to this is the finding that participants were
aware of having knowledge about the familiar images but were unaware of having an
active expectation for their sequence (Chapter 2). People could tell us which images were
familiar and which were novel, but they could not predict the correct sequence of the
familiar images and did not even know they had learned a sequence. Nevertheless, their
brain activity unequivocally demonstrated that their visual system was in fact predicting
a specific order for the familiar images. This suggests that expectations can be built up
neurally even when they remain outside of conscious awareness. Thus, the subtlety of
the experimental manipulation appears to correlate with the magnitude of the neural
difference as well as with the degree of conscious access to the gained knowledge.

5.2.3 Expectation suppression or surprise enhancement?
One question that often arises when comparing expected and unexpected images is the
following: are we seeing expectation suppression or surprise enhancement? This ambiguity
results from the fact that, in our experimental design, we included trials where items were
presented in the correct sequence, i.e., participants’ prediction was confirmed, and trials
where items were presented in an incorrect sequence, i.e., participants’ prediction was
violated. Then, we computed a difference in activity between expected and unexpected,
but the resulting difference could be driven by elevated activity for unexpected images
due to recruitment of more neural resources to process surprising input (i.e., surprise
enhancement), or it could be driven by reduced activity for expected images since these
may require fewer neural resources (i.e., expectation suppression).
In order to disambiguate between these two possibilities, a so-called neutral condition
can be introduced, or, in this case, a condition without a learned sequence. In our study,
we included a condition where participants became familiar with the images, but the latter
were always presented in a random order, so observers never learned a sequence (note
that participants were also familiarized with another set of images where they did learn
a sequence; this allowed for the expected vs. unexpected comparison). This allowed us to
compare expected (predicted sequence confirmed), neutral (no sequence predicted), and
unexpected (predicted sequence violated) conditions. We found statistically significant
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surprise enhancement and insignificant expectation suppression, suggesting that the
difference we observed was perhaps mainly driven by increased neural recruitment that led to
surprise signals. Feuerriegel, Yook, et al. (2021), who used an oddball face task and recorded
brain activity with EEG, also showed evidence for surprise enhancement. Ramachandran et
al. (2017) addressed this question by measuring spike rates in monkeys and found evidence
for expectation suppression. Kaposvari et al. (2016) also measured spike rates in monkeys
and found separate components for surprise enhancement and expectation suppression, the
former tending to have an earlier latency than the latter. It may be most accurate to consider
surprise enhancement and expectation suppression as two separate phenomena in neural
activity, where one or both of them can occur at the same time depending on research
design, task demands, and measurement technique.
It is also worthy to note that having a truly neutral condition in terms of expectation
is difficult. In a study that attempts to distinguish between expectation suppression and
surprise enhancement, the goal is to have a condition where no expectation is active.
However, in the way that experiments typically work, participants get exposed repeatedly
to certain images until these become highly familiar. In our study (Chapter 2), we
had twelve familiar images, so at the beginning of any trial, participants had a strong
expectation that one of the twelve images would be presented. One group of six familiar
images was always presented in a random sequence, so participants could not form a
prediction for a sequence in that condition; therefore, this was a “no sequence present”
condition and served as our neutral condition. Yet, when the first image came up on a
trial of that condition, participants immediately knew that one of five remaining images
would follow. This means that they could not predict exactly which image would follow,
rendering the items in this condition more surprising than in the completely expected
one. Still, a prediction for one of five is quite a strong prediction and not a “no prediction”
condition as we had intended. In addition, as the trial continued and more images were
presented, participants could predict the upcoming images with progressively higher
accuracy until that accuracy reached 100% for the last image of the trial when only
one possible image was left. Thus, the strength of the prediction increased throughout
the duration of the trial. This demonstrates the difficulty in including a truly neutral
condition in a research design. A condition where there truly is no expectation would
have to comprise of novel images, but then the manipulation would be confounded by
novelty. In our design, it is still the case that our “no sequence” condition was more
surprising than the fully expected condition and less surprising than the unexpected
condition, allowing this comparison some explanatory power.
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5.2.4 Repetition suppression and adaptation effects
A neural phenomenon that is relevant for statistical learning paradigms is ‘repetition
suppression,’ which refers to the reduction in neural activity when a stimulus is repeated
(Gross et al., 1967; Grotheer & Kovács, 2016). Repetition suppression is one example
from a cluster of adaptation effects and is also called stimulus-specific adaptation.
Researchers typically considered adaptation effects to be caused by local or bottom-up
processing such as neuronal fatigue (Grill-Spector et al., 2006). However, research has
shown that adaptation effects can persist for up to twenty-four hours (Li et al., 1993)
and can appear even after tens or hundreds of intervening images are shown between the
first and second instance of the repeated image (Henson, 2016; Meyer & Rust, 2018;
Rangarajan et al., 2020; Xiang & Brown, 1998). It is difficult to explain these findings
by solely relying on neuronal fatigue, so more recent accounts postulate that top-down,
predictive coding models can better account for the range of adaptation effects (Grotheer
& Kovács, 2016).
A relevant question for our research is whether adaptation effects contribute to
our findings. While it is not possible to give a definitive answer, it appears plausible that
adaptation as well as more long-term processes lead to our results. Regarding familiarity
effects, becoming familiar with an object requires learning which must involve neuronal
adaptation. The familiarity effects in our data (Chapter 2 and Chapter 3) must have
involved some long-term learning as well because they persisted over time, which may
have included long-term plasticity changes in the visual system as well as hippocampal
involvement. The interesting question here is when do we consider the involvement of
higher-order brain regions as a part of adaptation effects (Grotheer & Kovács, 2016) and
at what point does it transition into long-term learning.
Closely related to repetition suppression is the concept of ‘expectation suppression.’
This is the reduction in neural activity that happens when one expects to see a stimulus
(Feuerriegel, Vogels, et al., 2021; Summerfield & de Lange, 2014). In our studies, we
aimed to manipulate the degree to which participants expected to see certain objects
(Chapter 2 and Chapter 4). As observers were exposed to pairs or sequences of images
over time, they learned the associations. The assumption is that when the brain sees the
first image of a pair or sequence, it predicts the following item. The topic of response
suppression has undergone substantial amounts of discussion (Feuerriegel, Vogels, et al.,
2021), but Grotheer & Kovács (2016) propose a useful framework in which repetition
suppression and expectation suppression are considered independent phenomena that
can have separate but additive effects. One possible way to distinguish between the two
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is by the latency of the effect, with repetition suppression effects starting 100-250 ms
after stimulus onset in the visual modality and expectation suppression effects appearing
a little bit later, after 300 ms (Grotheer & Kovács, 2016). In our data (Chapter 2), the
expectation effect reached significance at 500 ms after onset of the first stimulus, or
320 ms after the onset of the second stimulus, which is the earliest point at which an
expectation could be activated (in our paradigm, one could only come to expect an item
after the first stimulus had been perceived). A latency of 320 ms is in accordance with an
expectation suppression account of our findings.

5.3 Future directions
One possible avenue for future research is to study more extensively whether expectation
can lead to signal truncation. In our data (Chapter 2), there was a trend towards the
finding that expected items led to temporally sharpened signals compared to unexpected
items, but it did not reach significance. This may be explained by the fact that the
expectation manipulation was rather subtle as indicated by a lack of conscious awareness
in participants about having learned a sequence and by the relatively smaller neural
amplitude effect of expectation compared to familiarity. Perhaps a longer learning phase
(several training days instead of one) can result in a more robust expectation effect, thus
also leading to significant signal truncation in early visual cortex. Meyer and Olson’s
(2011) data qualitatively suggest the presence of sharpened temporal dynamics when
items are expected, making this phenomenon even more plausible if strong expectations
are learned. If it is indeed the case that expectations lead to higher signal truncation,
an intriguing question would also be to determine to which brain areas this effect is
localized. In our data, the difference between expected and unexpected items on signal
truncation was localized to early visual cortex, as was the signal truncation difference
for familiar vs. novel items. In contrast, Meyer et al. (2014) found sharpened temporal
dynamics induced by familiarity in IT, and Meyer & Olson (2011) also recorded from IT
and found expectation-related differences. Future research on signal truncation elicited
by expectation can shed light on this seeming discrepancy.
Another step in the research on expectation and sharpened temporal dynamics
would be to establish what image presentation rates induce the strongest signal truncation
and what the topographical distribution is of that activity; essentially, conducting an
experiment similar to the one in Chapter 3 on expectation instead of familiarity. This
would further inform us about the temporal and spatial characteristics of how the visual

94

Discussion

system functions when it is challenged and needs to process information more efficiently.
It can also be interesting to determine whether a stronger response is generated for a target
stimulus when it is embedded in expected stimuli compared to unexpected, as we found
for familiarity. This would further confirm the relevance of signal truncation for efficient
processing.
There are also other intriguing questions about signal truncation and familiarity.
Based on Meyer et al. (2014), we hypothesized that we would observe peak signal
truncation at image duration of 150 ms; however, when familiar images lasted for 100
ms and even 50 ms, they still elicited significantly higher signal truncation than novel
items. We had expected that images presented for 50 ms are too fast for the visual system
to be able to process more efficiently, but apparently we underestimated the temporal
dynamics of the brain. Thus, future research can further investigate what the lower bound
is for signal truncation, i.e., at what image presentation rate signal truncation is no longer
observed. Another outstanding question from our work is whether sharpened temporal
dynamics improve behavioral performance. Our analyses failed to find any benefit related
to signal truncation, but that may have been the case because our categorization task
was too easy for participants. It is possible that a similar design using a more challenging
task can in fact find behavioral benefits linked to sharpened temporal dynamics. This
also raises the empirical question whether sharpened temporal dynamics do indeed lead
to better representations of images in visual cortex, and, if so, whether they result in
sharpening or dampening of the sensory representation (Richter et al., 2018).
More research can help elucidate the difference between expectation suppression
and surprise enhancement. As discussed above, research designs sometimes do not
distinguish between these two phenomena, while they appear to be distinct and to have
their own contributions to the neural signal, albeit possibly additive in nature. A design
choice which attempts to study this distinction is to include a neutral condition, i.e., one
where no expectation is present (Feuerriegel, Yook, et al., 2021; Kaposvari et al., 2016;
Ramachandran et al., 2017). Particularly Kaposvari et al. (2016) used a design where the
effects of expectation suppression and surprise enhancement could be studied in isolation.
Their experiment was done in monkeys, so it would be informative if similar research was
carried out in humans with electrophysiological methods in order to establish whether
similar components characterize these phenomena in the human visual system. However,
the design choice to include a neutral condition comes with its own limitations since the
images used in an experiment are viewed multiple times, rendering them highly expected
to a participant even if a specific order has not been learned. Research that addresses this
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limitation, while also taking care of the possible confound of novelty if novel images are
used, would be a great addition to the literature.
Furthermore, future studies can explore the relationship between repetition
suppression (or adaptation effects) and expectation suppression. Traditionally, repetition
suppression was viewed as a low-level adaptation phenomenon (Grill-Spector et al., 2006)
and expectation suppression as stemming from higher-level neural processes (Summerfield
& de Lange, 2014). However, this view has been challenged in more recent approaches
(Grotheer & Kovács, 2016) which suggest that there may be top-down involvement in
adaptation as well. It would be fascinating to uncover the neural mechanisms underlying
these phenomena and specifically to identify what distinguishes expectation suppression
from repetition suppression if indeed both can involve top-down modulations.
Finally, the question whether expecting objects elicits prestimulus templates is
ripe for exploration. Previous research has demonstrated that expectations can elicit
prestimulus activation (Blom et al., 2020; Meyer & Olson, 2011) and that cognitive
functions using objects and letters can also cause prestimulus template activation
(Dijkstra et al., 2020; Peelen et al., 2009; Stokes, Thompson, Cusack, et al., 2009). We
attempted to link these two lines of research and establish whether expecting objects can
also cause prestimulus activation, but we did not find any evidence to substantiate this
claim. Our design was not optimal for this research question, and possible improvements
were discussed in Chapter 4. An experiment which addresses these limitations can answer
this intriguing question and provide more information about the way expecting highlevel visual information such as objects is represented in the brain.

5.4 Conclusion
Neural activity in the visual system is influenced not only by stimulus properties but by
many contextual factors. In this thesis, I focused on two such factors, namely, familiarity
and expectation. I found suppression of activity for familiar and expected items in lateral
occipital complex (LOC), demonstrating the need for more neural resources when
processing novel and surprising information. Furthermore, I observed that signals in early
visual cortex become truncated by familiarity, indicating sharpened temporal dynamics
for familiar items compared to novel ones. Signal truncation was strongest for fast image
presentation speeds and spread anteriorly and laterally as presentation speeds became
slower. Since perception is most challenged at fast image presentation speeds and this is
precisely when we found the strongest signal truncation, my findings fit the hypothesis
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that this phenomenon aids in efficient neural processing. Finally, I made some initial steps
in examining whether expecting object images elicits prestimulus template activation,
but further research will be needed to conclusively answer this question. All in all, the
findings of this thesis have brought us further in our understanding of how two forms
of prior knowledge, familiarity and expectation, influence brain activity and facilitate
efficient processing in the human visual system.
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Nederlandse samenvatting
Vele cognitieve processen beïnvloeden de manier waarop wij de wereld waarnemen.
In het bijzonder kunnen vormen van voorkennis, zoals bekend zijn met een beeld of
verwachten een beeld te zien, de waarneming beïnvloeden. Dit proefschrift onderzocht
hoe vertrouwdheid en verwachting het neurale signaal in het menselijke visuele systeem
moduleren. In het eerste hoofdstuk werd een overzicht gegeven van de literatuur over dit
onderwerp en werden de achtergronden van de gestelde onderzoeksvragen toegelicht. Het
onderzoek voor dit proefschrift omvatte drie experimenten met magnetoencephalografie
(MEG) opnamen en één experiment met gedragsmetingen, alle uitgevoerd bij gezonde
volwassenen. Het tweede hoofdstuk, dat het eerste MEG experiment beschreef,
onderzocht of de neurale effecten van vertrouwdheid en verwachting additief zijn, en we
vonden dat dit inderdaad het geval blijkt te zijn: beide soorten voorkennis droegen bij
aan een amplitudeverschil in het neurale signaal, en vertrouwdheid leidde tot verhoogde
signaaltruncatie. Het derde hoofdstuk, dat het tweede MEG experiment beschreef,
onderzocht de temporele en ruimtelijke dynamiek van bekendheid-geïnduceerde
signaaltruncatie in het menselijk visueel systeem. De resultaten toonden aan dat
signaaltruncatie het hoogst is als beelden snel na elkaar worden gepresenteerd en dat het
zich lateraal en anterior verspreidt in de hersenen als de presentatiesnelheid langzamer
wordt. Bovendien vonden we dat beelden sterker werden verwerkt wanneer ze ingebed
waren in bekende afleiders. Het vierde hoofdstuk, dat het derde MEG experiment en
het gedragsexperiment beschreef, onderzocht of het verwachten van objectbeelden leidt
tot prestimulus template activatie in het menselijk visueel systeem. De resultaten van
deze studie waren niet overtuigend, wat betekent dat we geen prestimulus templates
waarnamen die werden opgewekt door verwachtingen over objecten. We bespraken
mogelijke beperkingen van de studie en verbeteringen voor toekomstig onderzoek.
Het vijfde hoofdstuk vatte de bevindingen van de empirische hoofdstukken samen,
besprak de interpretaties van de verkregen resultaten, en ging in op de implicaties van
onze bevindingen voor enkele overkoepelende vragen die uit dit onderzoek naar voren
komen. Ten slotte bespraken we enkele overwegingen voor toekomstig onderzoek over dit
onderwerp. Hoewel er nog veel meer te ontdekken valt over de manier waarop voorkennis
onze perceptie en de bijbehorende neurale signalen beïnvloedt, heeft dit proefschrift
een aantal belangrijke bijdragen geleverd aan ons begrip van onze wonderlijk complexe
hersenen.
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Summary
Many cognitive processes influence the way we perceive the world. In particular, forms
of prior knowledge such as being familiar with an image or expecting to see an image
can affect perception. This PhD thesis examined how familiarity and expectation
modulate the neural signal in the human visual system. The first chapter provided an
overview of the literature on the topic and explained the background for the research
questions we asked. The research conducted for this thesis included three experiments
with magnetoencephalography (MEG) recordings and one experiment using behavioral
measures, all conducted in healthy adults. The second chapter, which described the first
MEG experiment, explored whether the neural effects of familiarity and expectation
are additive, and we found that indeed this appears to be the case: both types of prior
knowledge contributed to an amplitude difference in the neural signal, and familiarity
led to increased signal truncation. The third chapter, which described the second MEG
experiment, examined the temporal and spatial dynamics of familiarity-induced signal
truncation in the human visual system. The results indicated that signal truncation is
the highest for fast image presentation speeds and that it spreads laterally and anteriorly
in the brain as the presentation speed gets slower. Furthermore, we found that target
images were processed more strongly when embedded in familiar distractors. The fourth
chapter, which described the third MEG experiment and the behavioral experiment,
explored whether expecting object images leads to prestimulus template activation in
the human visual system. The results of this study were inconclusive, meaning that we
did not observe prestimulus templates elicited by object expectations. We discussed
possible limitations of the study and improvements for future research. The fifth chapter
summarized the findings of the empirical chapters, discussed the interpretations of the
results we obtained, and considered the implications of our findings for some overarching
questions that arise from this research. Finally, we discussed some considerations for
future research on this topic. While there is much more to discover about the way prior
knowledge influences our perception and the accompanying neural signals, this thesis has
offered some important contributions to our understanding of our wonderfully complex
brains.
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Ясен, страхотно е да те гледам как растеш и откриваш себе си. Първо ми
беше малкото, хубаво бебе-братче, после беше жабче с пухкави ръчички, после
беше мило дете и толкова ми липсваше, когато отидох да уча в Щатите. След
това стана тийнейджър и това не беше лесно ☺ А сега си млад мъж (смятай!),
който има посока в живота и се занимава с интересни неща. Много те обичам.
А, и имаш невероятно чувство за хумор, което ме разцепва! Михаела, радвам
се, че си до него.
Мамо и тати, откъде да започна? Благодаря, че се съгласихте да уча
психология, философия и танци, въпреки че нямах идея с какво точно ще се
занимавам след това. Благодаря за подкрепата във всички части от живота ми.
Благодаря ви, че сте вие точно каквито сте – забавни, уникални, влудяващи…
котка и лъв! Обичам ви.
William, you are so sweet when you smile at me or when you’re happy, and you also
like to assert your personality when you feel strongly about an issue (e.g., which color cup
you prefer). It’s a joy having you around. I love you so much, little one! Frederick, I’m
so sorry we didn’t get to be with you for longer. We miss you. All the other little ones to
come, we’ll love you too, and I can’t wait to meet you!
Jacob, my love, you know me better than anyone. You can take one look at me and
know what mood I’m in (btw I still don’t know why you love my angry look so much,
but I’m glad you do). I can tell you everything, be completely myself with you, and, most
importantly, you’re always, truly always, there for me. Your belief in me blows me away!
I’m so glad we found each other. I love you, my lovie.
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Research Data Management
This research followed the applicable laws and ethical guidelines. Research Data
Management was conducted according to the FAIR principles. The paragraphs below
specify in detail how this was achieved.

Ethics
This thesis is based on the results of human studies, which were conducted in accordance
with the principles of the Declaration of Helsinki. All experiments described in this
thesis were approved by the local ethics committee (CMO Arnhem-Nijmegen, The
Netherlands) under a general ethics approval protocol (“Imaging Human Cognition”,
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collection was performed at the Donders Centre for Cognitive Neuroimaging. The
funding for this research has been provided by grants from the Dutch Research Council
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Data storage
The table below details where the data and research documentation for each chapter can
be found on the Donders Repository (DR). All data saved as a DSC remain available for
at least 10 years after termination of the studies.

Chapter
2
3
4

DAC
DAC_3018012.15_381_v1
DAC_3018032.01_393_v1
DAC_3018032.02_673_v1

RDC
RDC_3018012.15_776_v1
RDC_3018032.01_394_v1
RDC_3018032.02_072_v1

DSC
DSC_3018012.15_439_v1
DSC_3018032.01_596_v1
DSC_3018032.02_851_v1

DSC License
RU-DI-HD-1.0
RU-DI-HD-1.0
RU-HD-1.0

Interoperable and reusable
The raw data are stored in the DAC in their original form according to the BIDS format
guidelines. For the RDC and DSC, long-lived file formats (e.g., .mat and .tif ) have been
used, ensuring that data remain usable in the future. Descriptions of the experimental
setup and the analysis pipelines make sure that the results can be reproduced.
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Privacy
For all experiments, a unique participant code was created for each participant,
guaranteeing the privacy of the participants. The code and data were stored separately. The
program Castor was used to store information about each participant and experimental
session, only including the participant’s unique code to link the session to the participant.
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was officially recognised as a national graduate school in 2009. The Graduate School
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context fully aligned with the research programme of the Donders Institute.
The school successfully attracts highly talented national and international students
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of the best and most motivated students.
The DGCN tracks the career of PhD graduates carefully. More than 50% of
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worldwide, e.g. Stanford University, University of Oxford, University of Cambridge,
UCL London, MPI Leipzig, Hanyang University in South Korea, NTNU Norway,
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psychiatry and neurology. Specialists in a psychological environment, e.g. as specialist in
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coordinators or lecturers. A smaller percentage enters business as research consultants,
analysts or head of research and development. Fewer graduates stay in a research
environment as lab coordinators, technical support or policy advisors. Upcoming
possibilities are positions in the IT sector and management position in pharmaceutical
industry. In general, the PhDs graduates almost invariably continue with high-quality
positions that play an important role in our knowledge economy.
For more information on the DGCN as well as past and upcoming defenses please
visit: http://www.ru.nl/donders/graduate-school/phd/
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