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Introduction

the world. Instead, it is constructed in a way that is heavily informed by prior knowledge.
For example, you probably perceive the footprint as raised from the surface in Figure
1.1A even though it is actually an indented footprint which was turned upside down. In
this case, your brain implicitly assume that light shines from above on the basis of your
past experiences, leading you to perceive the footprint as convex. Our visual system
also helps us to predict what will happen next based on prior knowledge. Imagine that
a proficient player is preparing to swing a bat to hit a baseball. If they rely solely on
visual information, it will take hundreds of milliseconds to know where is baseball right
now and they would not stand a chance. Instead, they can tell where the baseball is
heading and when they should swing their arms to hit the baseball depending on past
experience. The ability to anticipate the trajectory of the baseball by relying on prior
knowledge reduces the need to consider a large number of potential causes, which
enables a more precise and faster interpretation of events with less effort.

Figure 1.1 A) Illustration of light-from-above prior on perception. The assumption that
light shines from above determines whether the footprint is seen as convex or concave.
Adapted from Ernst et al. (2011). B) On first viewing, this image appears as a series
of meaningless black patches on a white background. However, if I tell you there is a
Dalmatian dog in this picture, then you probably can perceive it. Crucially, once the
dog has been seen, it stays obvious.

In all of these cases, the visual system takes advantage of prior knowledge to interpret
the sensory signals as conveyed by incoming light and anticipate what’s next,
suggesting that expectations are a powerful source of information that fundamentally

2

11

Chapter 1

Perception is not acting as a scientific instrument measuring the sensory inputs from
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shapes our perception. In this thesis, I will focus on how various sorts of top-down
predictions influence sensory processing.

Perception as inference
The human brain uses sensory inputs to uncover the structure of its surroundings. Our
eyes receive light that carries information about the environment. This information is
subsequently converted into electrical signals and travels to the early visual cortex at
the back of our brains. From there, the signals are sent forward to the higher-order
cortex, constructing our perception of the external world. Such visual processing has
been traditionally considered a bottom-up process. However, a purely bottom-up
architecture has fundamental difficulties recognizing stimuli in ambiguous situations.
For example, you probably just see noise in Figure 1.1B unless you are made aware
of the presence of a dog in the picture. It is highly unlikely that you could identify the
random collection of blobs as a dog through bottom-up processing. Instead, your brain
is capable of organising the ill-defined visual input into interpretable shapes based on
top-down information.
For the last decade, the concept of perception as Bayesian inference has been
immensely influential in our understanding of perceptual processing (Kersten et al.,
2004; Knill & Pouget, 2004; Lee & Mumford, 2003). This theory suggests that
perception does not exclusively rely on sensory inputs but is also shaped by
predictions based on prior knowledge, and specifies the optimal way to combine these
different sources of information. Specifically, the visual system generates the priors
derived to predict the sensory signals at each moment. These priors and the sensory
evidence are in fact probability distributions and jointly determine what we perceive.
For example, your prior belief of the probability that seeing a dog increased after
noticing that Figure 1.1B depicts a dog. This prior moves your interpretation of the
ambiguous sensory data to the prior beliefs (dog), leading you to perceive the random
collection of blobs in Figure 1.1B as a dog. In this case, your past experiences
influence how you interpret the sensory inputs, and the percepts reflect “best guesses”
based on this prior knowledge. Such a Bayesian approach simplifies our
understanding of the information our senses bring in and reduces the computational
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demands in perception by combining predictions and sensory evidence (Engel et al.,
2001; Ullman, 1995).

Predictive coding
There is a growing body of evidence suggesting that hierarchical predictive coding
may provide a plausible account for how Bayesian inference be implemented in the
brain (Friston, 2005; Keller & Mrsic-Flogel, 2018; Rao & Ballard, 1999). According to
predictive coding, the brain capitalizes on an internal model to actively predict
incoming sensory information. Such predictions reflect what the brain expects given
what it already knows from past experience. The deviation of the prediction from the
actual sensory information is computed as “prediction error”, which is then sent back
to the higher level and used to refine a better “hypothesis”, that is a better estimate of
the current state of the world. Thus, the downward predictions and forward sensory
inputs are integrated via an iterative error-minimization mechanism. This process runs
concurrently and continuously across multiple levels of a visual hierarchy.
Since perception reflects an integration of top-down prediction and bottom-up sensory
input, the same sensory input would lead to a different magnitude of neural responses
depending on the validity of the expectation. It has been suggested that predictions
that better match the sensory evidence result in less neural activity (less prediction
error), whereas predictions that don’t match the sensory evidence result in larger
neural activity (larger prediction error). In Chapter 2, I investigated these properties of
predictive coding in the context of illusory perception of shapes, using fMRI.

Expectation in visual perception
The natural world is full of regularities distributed in both space and time. The human
brain is an expert in exploiting such statistical regularities to improve the efficiency of
information processing and optimize behavior (Bar, 2007; Clark, 2013; de Lange et al.,
2018). For instance, certain objects typically appear together such as a keyboard is
more likely to be found near a computer than a microwave. Scene context can facilitate
the processing of the relevant objects such as a bicycle on a sidewalk (Biederman et
al., 1982). Additionally, our brains are also sensitive to the temporal regularities
embedded in a continuous input stream. In daily life, events often follow one another
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in a predictable way. For example, traffic lights are briefly yellow before turning red.
Such regularities may provide useful constraints on visual processes to reduce a large
amount of uncertainty and complexity. Furthermore, it has been suggested that
learning and using these regularities in the environment is automatic and occurs
implicitly in the absence of awareness (M. Chun & Jian, 1998; Perruchet & Pacton,
2006).
Making predictions based on such statistical regularities exert a powerful influence on
human perception to improve processing efficiency. Recent work demonstrates that
predictions can be integrated with sensory input to reduce the computational demands
of visual perception (Engel et al., 2001; Ullman, 1995). That is, the sensory inputs that
conform to expectations do not have to be processed in depth. Thus, the acquisition
of visual information can be guided by expectation. This is supported by the evidence
that expected stimuli evoke a reduced neural response compared with unexpected
stimuli, which is also known as expectation suppression (Feuerriegel et al., 2020;
Summerfield et al., 2008; Summerfield & de Lange, 2014). These suppression effects
imply that neural activities are inhibited when expectations are fulfilled. Such
suppression effect is observed not only in spike rates in animals (Kumar et al., 2017;
Meyer & Olson, 2011), but also in non-invasive fMRI BOLD (Egner et al., 2010; Kok
et al., 2012; Richter et al., 2018) and EEG/MEG signals in humans (Garrido et al.,
2018; Manahova et al., 2018; Todorovic & de Lange, 2012; Wacongnea et al., 2011).
Moreover, sensory modulations by expectation have been demonstrated throughout
the sensory hierarchy (Richter et al., 2018), even in the very early stage of visual in
the early visual cortex. These findings suggest that expectation suppression may be
a key signature of how expectations modulate sensory processing.

Expectation in the visual hierarchy
Visual perception is typically considered as a hierarchical system (Brady & Alvarez,
2011; Felleman & Essen, 1991; Hochstein & Ahissar, 2002), in which information is
analyzed in an increasingly complex fashion. Each stage in the hierarchy creates
increasingly complex representations by aggregating the output of the more
elementary feature from the previous stage, such as binding features within objects
and grouping objects as scenes. The low-level regions are sensitive to basic, local
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accomplished in the early visual cortex. Next, the visual information flows through a
sequence of processing stages in the extrastriate cortex until complex object
representations are formed in late-stage regions such as lateral occipital and inferior
temporal regions that specialize in recognition of particular classes of visual stimuli,
including objects (Ishai et al., 2000; Malach et al., 1995), faces (Kanwisher et al., 1997;
Kanwisher & Yovel, 2006; Puce et al., 1995), body parts (Pe et al., 2001) and scenes
(R. Epstein & Kanwisher, 1998). Visual information in these areas is considered to
reflect the abstraction of the visual input into categorical representations. In addition,
posterior aspects of the ventral temporal lobes process both perceptual and categorylevel semantic information about visual objects (Haxby et al., 2001; Vuilleumier et al.,
2002). At the endpoint of the visual hierarchy, object conceptual information can be
activated in the inferior and middle temporal cortex (Clarke & Tyler, 2014; Fairhall &
Caramazza, 2013; Simanova et al., 2011).
Expectations can occur at all levels of the visual hierarchy and can influence
perceptual processing in two ways. First, expectations facilitate perceptual processing
at multiple levels of abstraction, such as low-level features (Barne et al., 2020; Kok et
al., 2017), complex objects (He et al., 2022; Manahova et al., 2018; Richter et al.,
2018), and natural scenes (Brady & Oliva, 2008). For example, a pure tone can predict
a specific Gabor patch (Kok et al., 2012). Arbitrary complex object associations can
be learned such one can lead to an expectation about another (Richter et al., 2018).
Moreover, expectations do not need to be tied to the visual features of the stimuli but
can operate on the conceptual (semantic) level (Brady & Oliva, 2008). Second, the
higher-level expectation is projected downward to guide the visual process at the
lower-level areas (e.g., contextual information). For example, the representation of
low-level features can be modulated by object context (Murray et al., 2002), and object
recognition is also facilitated by scene context (Brandman Ghitis, T. & Peelen, M.V.,
2017). Furthermore, the conceptual information about an object can also facilitate the
processing of the visual properties of the object (Lupyan & Ward, 2013; Stein & Peelen,
2015). Such as valid expectation about the upcoming object category benefits the
detection and discrimination performance compared with a invalid expectation
(Esterman & Yantis, 2010; Puri et al., 2009). To sum up, expectation can operate both
within each visual hierarchy (i.e., a keyboard predicts a mouse) and across the visual
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visual properties such as color, orientation, and contrast. This processing is typically
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hierarchy (i.e., a computer predicts a keyboard). However, little is known about how
these two approaches influence the perpetual processing collectively. In Chapters 3
and 4, I investigated the expectations at different abstraction levels and examined how
they affect other levels in the visual hierarchy.

Overview of the thesis
In this thesis, I conducted a series of fMRI experiments to investigate how top-down
predictions influence perception. All of the questions that these experiments try to
address concern the effects of expectation on sensory processing across the visual
hierarchy. How do predictions about global shape influence the processing of the local
elements? (Chapter 2). Do predictions operate at the level of individual objects or
scenes? (Chapter 3). Do conceptual associations lead to sensory predictions?
(Chapter 4).
In Chapter 2, I focused on how expectation about global shape modulates the visual
processing of local elements at the early visual cortex. In particular, I investigated how
neural activities were modulated by an illusory triangle when participants experience
the “Kanizsa” illusion (Kanizsa, 1976), in which three Pac-men were aligned to give
rise to the perception of an illusory triangle. Using fMRI, Kok and de Lange (2014)
observed that the expectation of a triangle induced by illusion can simultaneously
enhance areas of the primary visual cortex whose receptive fields fall onto the illusion
and suppress areas that process the inducers. These results are in line with the
predictive coding framework, according to which neurons in the early visual cortex
enhance or suppress their activity depending on whether the top-down predictions
match the bottom-up sensory inputs. However, it has been argued that during the
experiment participants could perceive the inducers as persistent circles intermittently
occluded by an illusory triangle, thus, the suppression at the inducers could be
explained by the neural adaptation to perceptually stable circles (Moors, 2015). By
manipulating the perceptual stability of the inducers, I examined whether the
suppressive effects related to the inducers reflect reduced prediction error or neural
adaption to the perceptually stable input.
In Chapter 3, I examined how humans construct predictions for frequently cooccurring objects. Specifically, I investigated whether the visual system represents the
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objects from daily life appear among other objects within highly structured spatial
configurations (i.e., a computer is a collection of the mouse, keyboard, monitor, and
desktop PC). Efficient anticipation of such hierarchical inputs may require an
integrative mechanism that combines individual items into a higher-level structured
representation. In this chapter, I examined whether prediction of future input
represents the collection of objects as a higher-order representation of the whole, or
whether local information about individual items is predicted. To this end, we first
trained participants to associate unrelated, co-occurring objects into a spatial layout.
Meanwhile, unbeknownst to the participants, these layouts were presented in a
predictable temporal sequence, in which each layout predicted the identity of the next
layout. Thus, participants implicitly learned temporal regularities between layouts. We
then tested how spatial and temporal violations of the structure modulated neural
activity in the visual system.
In Chapter 4, I investigated whether top-down predictions can be derived from
conceptual information at a more abstract level and subsequently affect perception. In
the real world, the appearance of objects keeps changing depending on viewpoint,
object position, and illumination. Consequently, predictions on these visual properties
need to be created afresh each time, positing a challenge for the visual system to
generalize learned regularities to novel situations. It would make sense to learn these
statistics at a higher (more abstract) level that reduces the amount of information that
must be extracted and stored (Lupyan & Clark, 2015). In this chapter, I investigated
whether and how conceptual associations inform perceptual predictions. To this end,
we trained participants to learn object associations using predictable word-word pairs,
in which the first object word probabilistically predicted the identity of the second object
word, thus allowing participants to anticipate the trailing word once they see the
leading word. On the next day, participants performed a categorization task on the
same object pairs, however, the second object word was replaced by an image of the
corresponding object (e.g. the word ‘House’ followed by an image of a spoon).
Critically, the leading object words were no longer predictive of the trailing object
image during the testing. Thus, the predictions for the trailing object images must arise
due to a generalization from the word associations.
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anticipated sets of forthcoming objects as a whole or individual items. Oftentimes, the
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Finally, this thesis concludes with a general discussion In Chapter 5, in which I
summarized all these findings and discussed how they advance our understanding of
predictive processing in perception.
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Abstract
A set of recent neuroimaging studies observed that the perception of an illusory shape
can elicit both positive and negative feedback modulations in different parts of the
early visual cortex. When three Pac-men shapes were aligned in such a way that they
created an illusory triangle (i.e., the Kanizsa illusion), neural activity in early visual
cortex was enhanced in those neurons that had receptive fields that overlapped with
the illusory shape but suppressed in neurons whose receptive field overlapped with
the Pac-men inducers. These results were interpreted as congruent with the predictive
coding framework, where neurons in early visual cortex enhance or suppress their
activity depending on whether the top-down predictions match the bottom-up sensory
inputs. However, there are several plausible alternative explanations for the activity
modulations. Here we tested a recent proposal (Moors, 2015) that the activity
suppression in early visual cortex during illusory shape perception reflects neural
adaptation to perceptually stable input. Namely, the inducers appear perceptually
stable during the illusory shape condition (discs on which a triangle is superimposed),
but not during the control condition (discs that change into Pac-men). We examined
this hypothesis by manipulating the perceptual stability of inducers. When the inducers
could be perceptually interpreted as persistent circles, we replicated the up- and downregulation pattern shown in previous studies. However, when the inducers could not
be perceived as persistent circles, we still observed enhanced activity in neurons
representing the illusory shape but the suppression of activity in neurons representing
the inducers was absent. Thus, our results support the hypothesis that the activity
suppression in neurons representing the inducers during the Kanizsa illusion is better
explained by neural adaptation to perceptually stable input than by reduced prediction
error.

This chapter has been published as:
Yan, C., Pérez-Bellido, A., & de Lange, F. P. (2021). Amodal completion instead
of predictive coding can explain activity suppression of early visual cortex
during illusory shape perception. Journal of Vision, 21(5), 13; doi:
https://doi.org/10.1167/jov.21.5.13.
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Introduction
An essential function of the visual system is to organize the different visual features
into coherent shapes, allowing us to perceive objects rather than the individual array
of edges and lines that comprise the retinal input. Neurocomputational models such
as predictive coding (Friston, 2005; Rao & Ballard, 1999) propose that the brain
constantly generates predictions to explain its inputs, resulting in prediction errors
why shape perception can sometimes lead to enhanced (Altmann et al., 2003; Meng
et al., 2005; Muckli et al., 2005; Seghier & Vuilleumier, 2006) but in other cases
reduced (Fang et al., 2008; He et al., 2012; Murray et al., 2002) neural activity in early
visual areas, given that the effect of feedback signals is dependent on whether the
signal is met by congruent bottom-up input (Kok & de Lange, 2014). To test this
hypothesis, Kok and de Lange (2014) used fMRI to investigate how the brain
represents an illusory visual percept when experiencing the “Kanizsa” illusion (Kanizsa,
1976). In this illusion, three Pac-men, when properly aligned, form the corners that
give rise to the perception of the boundaries of an illusory triangle (Figure 2.1A). They
observed that compared to viewing control configurations such as rotated a version of
the Pac-men that did not give rise to the illusion, neurons whose receptive fields fell
onto the illusory triangle increased their activities, while the neurons that processed
the inducers decreased their activities during illusory shape perception. These results
were speculatively interpreted within a predictive coding framework, as the increased
activity can be explained by an increase in both prediction units (a triangle is expected)
and prediction error units (there is no bottom-up input consistent with the prediction).
The decreased activity was hypothesized to be due to the match between top-down
predictions and bottom-up input at the inducer locations, leading to a reduced
prediction error.
Recently, it has been put forward that the suppression at the inducers could be
explained by an alternative plausible mechanism: neural adaptation to perceptually
stable input (Moors, 2015). Due to the specific trial sequence used in Kok & de Lange
(2014) experiment (see also Lee & Nguyen, 2001), in the Kanizsa condition the
participants could perceive the inducers as persistent circles intermittently occluded
by an illusory triangle. This perceptual interpretation would not hold for the control
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which are then used to update the predictions. This account can potentially explain
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condition, where the inducers would be perceived uniquely as Pac-men. Therefore,
during occlusion periods participants could amodally complete the inducers as circles
in the illusory Kanizsa condition but not in the control condition. As such, amodally
completed circles could generate stronger neural adaptation in the illusory compared
to the non-illusory condition, thus potentially explaining the suppression effects at the
inducer locations.
In the present study, we examined this alternative explanation using a slight
modification of the paradigm used by Kok and de Lange (2014) by including an
additional experimental manipulation: during the experiment, the inducers could either
alternate with full black circles or a blank screen containing no circles. Therefore, in
the inducers alternating with the black circles condition (circles condition), the inducers
can be perceived as persistently present circles (Figure 2.1B, upper panel). However,
in the inducers alternating with a blank screen condition (no circles condition), the
circles should not be perceived as persistently present, preventing amodal completion
to arise (Figure 2.1B, bottom panel). We reasoned that this manipulation allowed us
to test whether the suppressive effects related to the inducers reflect reduced
prediction error or neural adaptation to perceptually stable input. Specifically we
predicted that if the suppressive effects reported for the inducers in previous Kanizsa
studies (Kok et al., 2016; Kok & de Lange, 2014; Utzerath et al., 2019) correspond to
top-down fulfilled predictions, the pattern of results should not qualitatively change as
a function of the presence or absence of the circles (Figure 2.2C, upper panel). By
contrast, if the suppressive effects taking place at the inducers are generated by neural
adaptation of amodally completed circles, the suppression should disappear when the
inducers are not perceived as persistently present circles, i.e. during the no circles
condition (Figure 2.2C, bottom panel). We expected neural enhancement at the center
of the illusory triangle in both conditions.
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Figure 2.1. A) Example of a ‘‘Kanizsa’’ stimulus (upper), in which three ‘‘Pac-Men’’
inducers were aligned such that an illusory triangle could be perceived, and a nonillusory control stimulus (lower) in which the configuration of the three inducers does
not allow the perception of the illusory triangle; B) In the circles condition (upper), the
alternating sequence of the inducers and black circles leads to the perception that
three circles are occluded by a triangle (dark gray). While in the no circles condition
(lower), the inducers alternated with a blank screen, thus, the three inducers should
be uniquely perceived as the corners that give rise to an illusory triangle (light gray).

Methods
Participants
Seventeen healthy human subjects (11 female, age 22.4 ± 3.1 years) from the
Radboud Research Participation System gave written informed consent to participate
in this study. All participants were prescreened for MRI compatibility and had normal
or corrected-to-normal vision. This study was approved by the local ethics committee
(CMO Arnhem-Nijmegen, Radboud University Medical Center) under the general
ethics approval. Participants were compensated with 20 euros for study participation.
One subject left the experiment because of excessive tiredness (total sample size n =
16).
Stimuli
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Stimuli were generated using MATLAB R2017b (The MathWorks, Natick, MA, USA,
RRID:SCR_001622) in combination with PsychToolbox (Brainard, 1997) During
experiment the stimuli were presented on a rear projection screen (EIKI LC XL100
beamer, with a resolution of 1024x768 pixels and a refresh rate of 60 Hz), visible using
an adjustable mirror. The configurations consisted of three black circles with missing
wedges (Pac-men inducers; 4° diameter) were presented on a mid-gray background.
The upper inducer (90° wedge cut out) was displayed 6.5° above a fixation bull’s-eye
(0.7° diameter) that was centered on the screen. The left and right inducers (45°
wedge cut out) were arranged horizontally 12° apart and displayed at 0.5° above the
fixation. During the main task, these inducers were rotated to form two types of inducer
configurations. In the ‘Kanizsa’ configuration (Figure 2.1A), three inward facing
inducers were aligned such that they induced the perception of an illusory triangle. In
control configurations, the inducers were rotated such that non-illusory figure could be
perceived while keeping the overall configuration similar to the illusory condition.

Figure 2.2. A) An example of Kanizsa trial with Pac-men inducers alternating with or
without black circles (circles and no circles condition). B) Functional localizers. Two
checkerboard textures (left) were used to select those voxels that respond to the
illusory triangle (upper) and it’s contours (lower), respectively. Six “Pac-Men” (right)
were used to select those voxels that respond to the inducers. The three upper
inducers conform the illusory triangle condition while the lower inducers conform the
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non-illusory control condition. C) Predictions for the two hypotheses. According to
predictive coding (upper), there should be enhancement in the locations related to
illusory triangle and the suppression in the locations related to inducers despite the
presentation of circles. By the contrast, according to amodal completion explanation
(lower), the suppression is produced by an adaptation effect to the amodally
completed circles during the alternating sequence. Therefore, the suppression should
appear in circles condition but disappear in no circles condition.

All participants completed the main task and a functional localizer in the MRI scanner.
In the main task, we used a blocked design where the stimuli were presented in ~14
seconds duration blocks. Each block consisted of the repetition of one of the four
possible Pac-men configurations at a rate of 1 Hz (500 ms on, 500 ms off; see Figure
2.2A). In half of the blocks, the participants were presented with Kanizsa
configurations (illusory condition), while in the other half with control configurations
(non-illusory condition). Moreover, and orthogonally to the inducers configuration, in
half of the blocks the three inducers alternated with black circles (circles condition)
and in the other half the inducers alternated with an empty background (no circles
condition, Figure 2.2A). In total, there were four conditions conforming a 2 ´ 2 factorial
design. The different conditions blocks were presented in a pseudo-randomized order
ensuring that each configuration was presented once before the four conditions would
be repeated again. Between stimulation blocks, there were ~10 seconds fixation
blocks in which only the bull’s-eye was displayed on the screen. This fixation period
established a baseline response in the brain, against which the figure conditions could
be contrasted.
During the task, the fixation bull's-eye dimmed randomly in brightness 1.5 times per
trial on average. To draw their attention away from the illusory shapes, participants
were required to fixate at the bull's-eye and respond by button press whenever they
detected a brightness change. Subjects performed four runs (~10 min per run). In total,
participants completed 192 blocks, of which 24 corresponded to each Pac-men
configuration condition and 96 to the fixation condition. In order to ensure that
participants keep fixation and pay attention to the task, an infrared eye tracker
(SensoMotoric Instruments) was used to monitor eye position.
Functional localizer
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In a block design, we used two types of functional localizers to identify those voxels
whose receptive fields spatially overlapped with the illusory triangle and inducer
stimuli, respectively. To localize voxels responsive to the illusory triangle center (Kok
& de Lange, 2014) and contours (Mendola et al., 1999; Stanley & Rubin, 2003), we
used random changing checkerboard textures (Figure 2.2B, left panel). The center
localizer (4° diameter) was a checkerboard circle presented on 2.5° above fixation,
while the contour localizer consisted of three checkerboard bars (left and right bars:
0.5° ´ 4°; lower bar: 0.5° ´ 7°). To localize those voxels sensitive to the inducer stimuli,
we used six black inducers (Figure 2.2B, right panel) akin to the ones conforming the
illusory and control configurations. There were also fixation blocks, during which only
the fixation bull’s-eye was displayed for ~10 s.
During each functional localizer block, the stimuli were presented at 2 Hz for ~14 s.
The localizer blocks were presented one after the other in a pseudo-randomized order,
with fixation blocks after each eighth localizer block. In total, participants performed
three runs (~10 min per run) with 108 localizer blocks, of which 12 blocks
corresponded to each localizer stimulus and 12 blocks to the fixation periods.
Participants performed the same detection task as in the main task.
fMRI data acquisition
Functional and anatomical images were collected on a 3T Skyra MRI system
(Siemens), using a 32-channel head-coil. Functional images were acquired using a
T2*-weighted multiband-3 sequence to acquire partial brain volumes aligned to
maximize coverage of early visual areas (TR/TE = 825/32 ms, 27 slices, voxel size =
2 mm isotropic, 55° flip angle, A/P phase encoding direction). Anatomical images were
acquired with a T1-weighted MP-RAGE (GRAPPA acceleration factor = 2, TR/TE =
2300/3.03 ms, voxel size 1 mm isotropic, 8° flip angle).
fMRI data preprocessing
fMRI data preprocessing was performed using FSL 5.0.9 (FMRIB Software Library;
Oxford, UK; RRID:SCR_002823) The preprocessing pipeline included brain extraction
(BET), motion correction (MCFLIRT), and temporal high-pass filtering (128 s). The
spatial smoothing was not performed since we need voxel-by-voxel resolution for the
adjacent localizers. Functional images were registered to the structural image using
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boundary-based registration (BBR) as implemented in FLIRT. For each run, the first
ten volumes of each run were discarded in order to allow for signal stabilization.
fMRI data analysis
In order to identify neural modulations associated with the illusory triangle and
inducers visual processing, we modeled the functional data using a General Linear
Model (GLM) performed in FSL FEAT. For the main task, we modeled separate
and the fixation condition. For the localizer, we modeled the 8 stimuli localizers (see
Figure 2.2B) and fixation condition. All trials were modeled with corresponding
duration of stimuli presentation (14 s for the stimuli trials, 10 s for the fixation trials). In
addition, nuisance regressors were added for both main task and localizer, including
first-order temporal derivatives for all modeled event types, and 24 motion regressors
(six motion parameters, the derivatives of these motion parameters, the squares of
the motion parameters, and the squares of the derivatives; comprising FSL's standard
+ extended set of motion parameters).
Definition of Region of interest (ROI)
V1 and V2 were defined based on each participant’s individual anatomical image.
FreeSurfer 6.0 (General Hospital Corporation, Boston MA, USA, RRID:SCR_001847)
was used to extract labels (left and right) per subject based on their anatomical image,
which were transformed into native space using ‘mri_label2vol’ and merged into a
bilateral mask. Subsequently, we used Z-statistics maps obtained from the functional
localizer to select those voxels that were responsive to the three locations (i.e. illusory
triangle, its contours and the inducers) against the fixation condition. The
checkerboard localizers were more effective in stimulating the visual cortex and
induced larger activity than the flashed Pac-men stimuli. To balance the large
univariate activity differences between localizers, we normalized the Z-statistics maps
using a z-score transformation before generating the contrast maps for each location
(i.e. inducers over illusory triangle and its contours). 100 voxels were selected as
defined by the highest Z-statistics in the respective contrast map. This process yielded
three ROIs in each of V1 and V2. To verify that our results were not unique to the
specific ROI size, we repeated all ROI analyses with ROI masks ranging from 50 to
200 voxels in steps of 50 voxels.
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ROI analyses
ROI based analyses were conducted in native space. The parameter estimates of the
fixation condition were subtracted from the other conditions of interest to generate
contrast maps. Subsequently the contrasted parameter estimates within each ROI and
condition were extracted and used to calculate the mean parameter estimate over the
selected voxels. The averaged parameter estimates within each ROI were
transformed to % of signal change for subsequent statistical analyses.
First, we tested for the existence of an up- and downregulation of neural activity during
illusion perception. The data were submitted to a 2 × 3 repeated measures analysis of
variance (RM ANOVA) with inducers configurations (Illusory figure and non-illusory
figure) and location (center, contour and inducer) as factors for the circles and no
circles conditions in V1 and V2 anatomical regions, respectively. Second, we directly
contrasted whether the strength of the neural responses induced by the illusory
triangle depended upon interpretation of the inducers as stable circles or corners of
the triangle. To do that we indexed the illusion strength by calculating the difference
in parameter estimates between the illusory and non-illusory conditions for each
location. Positive values of the difference indicated an enhanced neural activity, while
negative values indicated a suppression. These values were compared between
locations split into circles and no circles conditions. Thus, a 2 × 3 RM ANOVA with
display type (circles and no circles) and location (center, contour and inducer) as
factors was used for analysis. Main effects across conditions were calculated for the
neural activity within each location using two-sided paired t-tests. As applicable, partial
eta-squared (η2) and Cohen’s d were calculated as measures of effect size for the
ANOVA and t-tests, respectively. Furthermore, Bayesian analysis was used to
evaluate any non-significant tests. All statistical testing was performed using Pingouin
0.2.9

(Vallat,

2018)

in

Python

3.7.4

(Python

Software

Foundation,

RRID:SCR_008394).
Software
Stimuli were presented using PsychToolbox (Brainard, 1997) running on MATLAB
R2017b (The MathWorks, Natick, MA, USA, RRID:SCR_001622). MRI data
preprocessing and analysis was performed using FSL 5.0.9 (FMRIB Software Library;
Oxford, UK; www.fmrib.ox.ac.uk/fsl; RRID:SCR_002823) and FreeSurfer 6.0 (General
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Hospital Corporation, Boston MA, USA, RRID:SCR_001847). Python 3.7.4 (Python
Software Foundation, RRID:SCR_008394) was used for data processing, visualization
and statistical tests with following libraries: NumPy 1.17.2 (van der Walt et al., 2011),
Pandas 0.25.1 (McKinney, 2010), Nibabel 2.5.1 (Brett et al., 2019), Matplotlib 3.1.1
(Hunter, 2007) and Pingouin 0.2.9 (Vallat, 2018).

Behavioral performance
Participants showed near ceiling-level performance in detecting the fixation dimming
events in all the conditions (mean hit rate = 95.6 ± 6.7%, mean ± SD). Moreover, their
performance was similar for illusion and no illusion trials in both the circles (hit rate:
96.0 ± 5.4% versus 94.9 ± 8.2%; reaction time [RT]: 482 ± 90 versus 483 ± 94 ms,
mean ± SD) and the no circles condition (hit rate: 96.0 ± 6.5% versus 96.0 ± 6.8%; RT:
481 ± 87 versus 482 ± 92 ms, mean ± SD).
Up and down-regulation of neural activity in the circles condition
We first examined whether the circles condition, that reproduces the same
experimental paradigm used in previous studies (Kok & de Lange, 2014; Utzerath et
al., 2019), replicates their up and down-regulation pattern of neural activity (i.e.
enhanced activity in those voxels whose receptive fields overlap with the illusory
triangle, and suppressed activity in those voxels whose receptive fields overlap with
the inducers of the illusory triangle). Two RM ANOVAs were performed to inspect how
the average BOLD signal activity within each visual region (V1 and V2) changed as a
function of the location (center, contour and inducers) and inducer configuration
(Illusory figure and non-illusory figure). The significant main effects of location (V1:
F(2,30) = 45.675, p < 0.001, η2 = 0.753; V2: F(2,30) = 4.407, p = 0.018, η2 = 0.236)
revealed that the magnitude of the BOLD signal responses differed between locations.
Indeed, post-hoc t-tests showed significant larger BOLD responses at the inducers
location compared to the Kanizsa figure (center and contour locations) in both V1 and
V2 (all p < 0.01). This is entirely expected, as there was bottom-up input only at the
inducer locations. We also observed significant interactions between location and
inducer configuration (V1: F(2,30) = 20.790, p < 0.001, η2 = 0.581; V2: F(2,30) = 60.458,
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p < 0.001, η2 = 0.801), suggesting that the illusion modulated activity differently in the
three locations. In order to unpack this interaction, we used multiple paired t-tests to
compare the BOLD signal in the illusory versus control condition for each location and
visual region. The results indicated that the illusory condition up-regulated the neural
activity of those voxels responsive to the illusory shape at the center location (V1: t(15)
= 1.424, p = 0.175, d = 0.130; V2: t(15) = 5.256, p < 0.001, d = 0.345) and the contour
location (V1: t(15) = 4.821, p < 0.001, d = 0.447; V2: t(15) = 6.767, p < 0.001, d = 0.572),
but down-regulated the activity at the inducers location (V1: t(15) = -2.993, p = 0.009, d
= -0.158; V2: t(15) = -5.149, p < 0.001, d = -0.218). All results were robustly present,
independent of the amount of voxels included in the ROIs (with the exception of the
enhancement at center location in V1, which only reach statistical significance with an
ROI size of 50 voxels, see Figure 2.4).
In an exploratory analysis, we compared the magnitude of the illusion-induced activity
modulation between the center and contour locations in the circles condition. To
quantify the magnitude of the illusion-induced activity modulation, we subtracted the
BOLD activity in the non-illusory from the illusory condition (Figure 2.5A). Paired ttests revealed that the voxels elicited larger enhancements in the contour location than
the center location (V1: t(15) = 3.192, p = 0.006, d = 0.917; V2: t(15) = 4.781, p < 0.001,
d = 1.146), suggesting that the neurons in the early visual cortex are more sensitive
to illusory contours than to the illusory surface (Lamme, 1995; Peterhans & Heydt,
1989). In addition, we also tested whether the magnitude of the illusion-induced activity
modulation differed across visual regions. Our results showed that in general, the
activity enhancement during the illusory shape at both contour and center location was
stronger in V2 than V1 (center: t(15) = 4.508, p < 0.001, d = 0.988; contour: t(15) = 7.011,
p < 0.001, d = 1.157, see Figure 2.5A), while there was no significant difference in
terms of the suppressive effects to the inducers (t(15) = -1.918, p = 0.074, d = -0.383).
These results are compatible with previous findings demonstrating that V2 showed
stronger effects to the Kanizsa illusion than V1 (Anzai et al., 2007; Heydt et al., 1984).
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Figure 2.3. Illusory shape modulated activity across locations in early visual cortex
(V1 and V2). A) Represents the 300 most responsive voxels to the three functional
localizers in V1 (red) and V2 (blue) from a representative participant. B) Represents
the average parameter estimates ± standard error in each ROI (100 voxels) for

22

31

Chapter 2

response to illusory (cyan) and non-illusory (purple) figures across all locations for
circles condition. Grey dots and lines indicate individual observations. Error bars
indicate standard error. Significance levels correspond to p < 0.05 (*), p < 0.01 (**) and
p < 0.001 (***). C) Represents average parameters estimates ± standard error for the
no circles condition. Same labels as in B.

Up and down-regulation of neural activity in the no circles condition
Next, following the same analysis pipeline we evaluated whether the enhancement
and suppression pattern reported in the circles condition replicates when the inducers
are not interpreted as persistently present circles. Again, we observed stronger neural
activity at the inducers compared to the center and contour locations, confirmed by
the main effect of location (V1: F(2,30) = 43.945, p < 0.001, η2 = 0.746; V2: F(2,30) =
6.802, p = 0.004, η2 = 0.312). However, the differential up and down-regulation of
neural activity between regions was present only in V2 (F(2,30) = 9.740, p < 0.001, η2 =
0.394), but not significant in V1 (F(2,30) = 0.332, p = 0.720, η2 = 0.022). This result is
consistent with the exploratory analyses above and previous studies (Anzai et al.,
2007; Heydt et al., 1984) in showing a stronger involvement of V2 compared to V1
during the processing of illusory shapes. Paired t-tests in V2 revealed that the
enhancement was present at the contour location (t(15) = 2.639, p = 0.019, d = 0.329)
but not significant at the center location (t(15) = 1.680, p = 0.114, d = 0.236). Importantly,
no significant suppression was observed at the inducer location (t(15) = 0.633, p = 0.536,
d = 0.033). Indeed, a Bayesian statistical analysis yielded anecdotal support (BF10 =
0.810) and moderate support (BF10 = 0.305) for an absence of illusory effect at the
center and inducer location, respectively. Thus, our analyses of the no circles condition
show a significant up-regulation pattern in V2, primarily driven by a BOLD signal
enhancement at the contour location during Kanizsa trials. A similar trend was
observed in the center location in V2 and the contour and center locations in V1
(Figure 2.3B and Figure 2.4). However neither in V1 or V2 the inducers showed a
suppression pattern. These results suggest that when the inducers are not perceived
as stable circles, the suppression effects previously reported at the inducers in the
circles condition were no longer present.
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Figure 2.4. Illusory shape modulated activity across different ROI sizes in early visual
cortex (V1 and V2). A) Represents the average parameter estimates ± standard error
of all locations for response to illusory (solid lines) and non-illusory (dashed lines)
figures across all ROI sizes for circles condition. Error bars indicate standard error. B)
Represents average parameters estimates ± standard error for the no circles condition.
Same labels as in A.

Amodal completion explains activity suppression of early visual cortex during
illusory shape perception
We explored how the presentation of circles in between Kanizsa configurations (circles
and no circles condition), modulates the neural response evoked by the illusory
triangle at early visual regions. For each visual region (V1 and V2) and ROI condition
(center, contour and inducer) we performed a RM ANOVA to test whether the average
BOLD signal activity changed as a function of the display type (circles and no-circles)
and inducer configuration (Illusory figure and non-illusory figure). In both V1 and V2,
the analyses revealed that the magnitude of the BOLD signal responses were on
average significantly higher in the circles compared to the no circles condition (all p <
0.01). We also observed significant interactions between display type and inducer
configuration at the contour (V1: F(1,15) = 9.378, p = 0.007, η2 = 0.394; V2: F(1,15) =
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14.106, p = 0.002, η2 = 0.485) and inducer ROIs (V1: F(1,15) = 12.280, p = 0.003, η2 =
0.450; V2: F(1,15) = 14.493, p = 0.002, η2 = 0.491) revealing differences in the strength
of illusion between the circles and no circles conditions. However, no significant
interaction was observed at the center (V1: F(1,15) = 0.004, p = 0.951, η2 < 0.001; V2:
F(1,15) = 3.376, p = 0.09, η2 = 0.184). This may be due to weaker effect of the illusion
at the center compared to the contour ROI that might shadow any existing interaction.
In order to directly test our experimental hypotheses (Figure 2.2C), we compared the
magnitude of the illusion-induced activity in the circles and no circles conditions across
all locations by subtracting the BOLD activity in the non-illusory from the illusory
condition (Figure 2.5B). RM ANOVAs were performed using location (center, contour
and inducers) and display type (circles and no circles) as factors. In line with
predictions derived from the amodal completion hypothesis, we found significant
interactions between location and display type in V1 and V2 (V1: F(2,30) = 14.029, p <
0.001, η2 = 0.783; V2: F(2,30) = 35.019, p < 0.001, η2 = 0.700). This result indicated that
the neural effects induced by the illusion were modulated by the display types. Paired
t-tests revealed that the enhanced neural activity to the illusion at contours was
significantly larger in the circles than in the no circles condition (V1: t(15) = 3.121, p =
0.007, d = 0.678; V2: t(15) = 3.756, p = 0.002, d = 0.909), suggesting stronger illusory
effects to the Kanizsa triangle when the inducers were alternated with circles. However,
no significant difference was observed at the center location (V1: t(15) = -0.062, p =
0.951, d = -0.024; V2: t(15) = 1.837, p = 0.086, d = 0.602). This is consistent with our
previous results that the effects were more robust at the illusory contours than the
center. At the inducer locations, the suppressive effects were significantly weaker in
the no circles condition compared to the circles condition (V1: t(15) = -3.504, p = 0.003,
d = -1.141; V2: t(15) = -3.807, p = 0.002, d = -1.415). In line with previous analyses
showing that suppressive effects were absent in the no circles condition, our results
are better accounted by the amodal completion hypothesis.
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Figure 2.5. A) Neural responses to illusion split into V1 (light livid) and V2 (dark livid)
for all locations in the circles condition. B) Neural responses to illusion (illusion minus
no illusion) split into circles (light gray) and no circles condition (dark gray) for all
locations in V1 (left) and V2 (right). Error bars indicate standard error. Significance
levels correspond to p < 0.05 (*), p < 0.01 (**) and p < 0.001 (***).

In addition, we correlated the size of the neural effects (illusory minus non-illusory
condition) in V1 and V2 for each ROI to investigate whether the neural expression of
the illusion was associated across visual regions. The results showed a strong
correspondence in the direction of the effects between both visual regions in all the
ROIs (all r > 0.616, p < 0.05) but manifested a general increment of the magnitude of
the effects in V2 compared to V1 in the ROIs overlapping with the illusory triangle
(Figure 2.6).
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Figure 2.6. We found significant positive correlations between the neural effects
induced by the Kanizsa illusion (illusory minus non-illusory condition) within V1 and
V2 at all ROI locations. Most of the dots in the center and contour ROIs fall above the
unity line, manifesting that the illusory neural effect tend to increase in V2 relative to
V1. The black lines represent the correlation slopes for all functional localizers in the
circles (A) and no circles (B) conditions. Colored dots indicate individual participants’
observations in V1 and V2 for each condition (blue; center, green; contour and red;
inducers). Statistics reflect Pearson correlations.

Discussion
In the present study, we used fMRI to examine whether predictive coding or amodal
completion better accounts for the activity suppression in early visual cortex during
Kanizsa illusion perception. To dissociate between these two hypotheses, we
manipulated the interpretation of the inducer circles as either being persistently
present during the display of the illusion (circles condition) or not (no circles condition).
In the circles condition, we replicated earlier findings (Kok & de Lange, 2014; Utzerath
et al., 2019), i.e. enhanced early visual activity in neurons that have their receptive
field overlapping with the illusory shape and suppressed activity in the neurons that
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had receptive fields overlapping with the inducers during illusion perception. However,
when we modified the paradigm such that the inducers could not be perceived as
persistently present circles (no circles condition), we still found enhanced activity at
the illusory shape location (albeit of reduced magnitude), but the suppressive effects
at the inducer locations were absent. Thus, our results support the hypothesis that the
suppressive effects at the inducer locations are reflecting neural adaptation to
amodally completed circles, rather than a reduction in prediction error.

We observed that in the absence of bottom-up input, both the center and contour
regions of the illusory shape showed enhanced responses when the inducers were
aligned such that they produced an illusory shape. This neural modulation constitutes
a compelling example of feedback activation of early visual areas, and within V1 this
feedback modulation has been specifically localized to the deep layers (Kok et al.,
2016). Interestingly, our results showed a more robust enhancement of activity for the
center and contour locations in the circles than in the no circles condition. The
difference between these two conditions could be related to the perceptual
interpretation of the inducers. In the circles condition, the inducers may be more easily
perceived as three static “background” circles. Thus, the participants might perceive
the illusory triangle as a salient and segregated entity flickering on top of them. By
contrast, in the no circles condition the inducers could be perceived as another visual
event competing in salience with the illusory triangle during their presentation. Thus,
the saliency of the illusory shape might be diluted by the inducers, leading to a general
reduction of the illusion strength. We cannot provide empirical evidence demonstrating
that the perceptual strength of the illusion is weaker in the no circles compared to the
circles condition. However, at phenomenological level it seems that the illusion is
stronger when the three inducers can be interpreted as part of a static background
(see supplementary materials for an animated demo of the different stimuli). It could
be argued that the absence of activity suppression at the inducer locations may be
caused by the overall weaker illusory effects in the no circles condition. Our results
are not compatible with this explanation. As shown in Figure 2.3B, there was a
significant enhancement in the contour region of V2 also during the no circles condition,
probing the existence of measurable top-down neural modulations. In addition, the
suppressive effects at the inducers were robustly absent (Figure 2.4) and in fact the
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pattern was reversed compared to the circles condition, rendering unlikely that any
kind of inducers suppression was present in a reduced form.
We also found that the BOLD signal enhancement was more robust at the contour
than at the center of the illusory triangle. This is likely due to the fact that most of the
neurons in the early visual cortex are more sensitive to illusory contours than to the
illusory surface (Lamme, 1995; Peterhans & Heydt, 1989). The generation of the
illusion could proceed by an extension of the real edges of the inducers (Seghier &
Vuilleumier, 2006) and a filling-in process that renders the surface of illusory figure for
shape completion (Grossberg & Mingolla, 1985).
Finally, our results showed that the BOLD response in the circles condition was on
average significantly larger than in the no circles condition. This may be due to the
fact that, in the circles condition, the inducers remain on the screen during the entire
trial, resulting in a sustained bottom-up drive compared to the no circles condition. Of
note, the fact that there is no stronger (but in fact weaker) bottom-up driven BOLD
modulation in the no circles condition, ensures that the lack of modulation in the no
circles condition cannot be the result of a masking of the more subtle top-down related
modulations due to stronger bottom-up input. Thus, the lack of top-down modulation
in the no circles condition is not likely explained by the differences in bottom-up drive.
Stronger illusory responses in V2 than in V1
Single-unit studies suggest that both V1 and V2 represent illusory contours (Grosof et
al., 1993; Sheth et al., 1996; Sugita, 1999), although signals in V2 present more robust
responses than in V1 (Anzai et al., 2007; Heydt et al., 1984). Importantly, the illusory
contour response in V2 precedes the response in V1 (Lee, 2001), indicating that
contour completion in V1 might arise from a feedback modulation from V2. Previous
fMRI studies (Mendola et al., 1999; Stanley & Rubin, 2003) show that both early visual
cortices (V1/V2) and higher-order lateral occipital cortex (LOC) are involved in
Kanizsa figure processing, with a stronger activation to the illusion in LOC (Maertens
et al., 2008; Mendola et al., 1999). Furthermore, Electroencephalography (EEG) and
magnetoencephalography (MEG) studies (Anken et al., 2018; Halgren et al., 2003;
Knebel & Murray, 2012; Murray et al., 2004; Sugawara & Morotomi, 1991) suggest
that the illusory effects within early visual cortex are the result of feedback from higherorder cortical areas. These findings are compatible with our own results (Figure 2.6)
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that showed positive correlations between the enhancement and suppressive effects
in both visual regions across ROIs but larger illusion-dependent modulations in V2
compared to V1, implying a stronger feedback modulation in V2 (Anzai et al., 2007;
Heydt et al., 1984). Unfortunately, we could not validate the involvement of LOC in the
illusion generation as we used a scanning sequence that did not include coverage of
that brain region.

In the current study we have shown that the suppression by the Kanizsa illusion is
caused by adaptation to the amodally completed stimuli, when interpreting the inducer
stimuli as perceptually persistent circles. It has been found that neural adaptation can
occur not only for physically presented stimuli (Kourtzi & Kanwisher, 2001; Tootell et
al., 1998), but also for illusory contours (Montaser-Kouhsari et al., 2007). Our study
extends these findings by showing that adaptation can also occur for amodally
completed shapes. It is worth noting that in our experiment the amodal completion of
circles was simultaneously accompanied by modal completion of the illusory triangle.
Therefore, it is difficult to disentangle the specific contribution of amodal completion
adaptation and the modal completion of the illusory triangle to the observed neural
modulations. Further experiments excluding the influence from modal completion will
be needed to better understand how neural adaptation to the amodally completed
stimuli unfolds in isolation.

Conclusions
Recent neuroimaging studies observed that the perception of the Kanizsa illusion
elicits both enhanced and suppressed neural modulations in different parts of the early
visual cortex (Kok & de Lange, 2014). Suppression effects at the receptive fields
overlapping with the inducers of the illusory triangle were interpreted as congruent with
the predictive coding framework, where expectation suppression arises as a
consequence of top-down fulfilled predictions. Here, we provided evidence for an
alternative explanation for this phenomenon (Moors, 2015). We propose that the
participants instead of predicting the inducers, might amodally complete them as
occluded circles behind the illusory triangle. In turn, the amodally completed circles
could induce larger adaptation effects compared to other non-illusory conditions where
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amodally completion does not take place. This alternative interpretation highlights the
need to carefully reevaluate how much empirical evidence we have gained in favor of
predictive coding when testing perceptual effects like the Kanizsa illusion.
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Abstract
A fundamental feature of the human brain is its ability to exploit statistical regularities
in the world to predict future inputs. Oftentimes, the input consists of a collection of
objects, like a forest is a collection of trees, or a computer can be a collection of mouse,
keyboard, monitor and desktop PC. Behavioral studies have often highlighted global
precedence in visual perception, i.e., we see the forest before the trees. Here we
asked whether global precedence also applies to anticipation: are statistical
regularities detected at the level of individual objects or scenes? To explore this issue,
we first trained participants to associate unrelated, co-occurring objects into a spatial
layout. Meanwhile, unbeknownst to the participants, these layouts were presented in
a fixed temporal sequence, i.e., each layout predicted the identity of the next layout.
Thus, participants implicitly learned temporal regularities between layouts. We then
tested how spatial and temporal violations of the structure modulated neural activity in
the visual system in two fMRI tasks. Our results showed that the participants only
showed a behavioral advantage of temporal regularities when the layouts conformed
to their previously learned spatial structure, demonstrating that humans form layoutspecific temporal expectations, instead of predicting individual objects. Importantly, we
found suppression of neural responses to temporally expected compared with
unexpected layouts in lateral occipital cortex (LOC). Overall, our results suggest that
when objects are embedded within layouts, humans form expectations about the
layout encompassing all objects, demonstrating global precedence in stimulus
anticipation.

This chapter is based on:
Yan, C., Benedikt V. Ehinger, Alexis Pérez-Bellido, Marius V. Peelen, and Floris
P. de Lange. (in preparation). Humans predict the forest, not the trees.
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Introduction
A growing body of research has shown that the brain does not passively wait to be
activated by sensory inputs, but that it anticipates future input (Clark, 2013). This
process is achieved through continuous extraction of statistical regularities from the
visual world, which in turn facilitate perceptual processing and object categorization
(Biederman et al., 1982; Boettcher et al., 2020; M. M. Chun & Jiang, 1999; Fiser &
Aslin, 2001; Green & Hummel, 2006). In agreement with the predictive coding
perspective, it has been shown that temporally expected compared to unexpected
object stimuli lead to reduced neural responses, known as expectation suppression
(Egner et al., 2010; Kaposvari et al., 2018; Richter et al., 2018; Summerfield et al.,
2008). These findings are in line with the notion that prediction errors are reduced
when top-down predictions coincide with the bottom-up sensory input (Rao & Ballard,
1999), resulting in a suppression of the predicted neural responses in lower level

Whereas most studies on sensory prediction have focused on investigating how the
brain predicts single objects, objects rarely occur in isolation in the real world. They
appear among other objects within specific spatial configurations, positing a challenge
for the visual system to understand the complex cluttered visual scenes. For instance,
a keyboard and a mouse pad placed in front of a monitor may be represented as a
single “desktop” percept, or a collection of trees could be represented as a “forest”.
Such hierarchical processing allows the same set of objects to be represented both at
the level of the whole (forest) and at the level of the parts (trees). Previous studies
demonstrated that our brain is capable of using the co-occurrence statistics of stimuli
to represent multiple objects as a higher-order representation (Brady et al., 2009;
Orbán et al., 2008; Stansbury et al., 2013). Moreover, a deal of studies (Greene &
Oliva, 2009; Oliva & Torralba, 2006; Sripati & Olson, 2009) have shown that humans
identify the “forest” even before recognizing the “trees”. This is in accordance with the
global precedence effect: humans recognize a global shape faster than the local
shapes that comprise the global shape (Navon, 1977). Taken together, these findings
raise the question whether prediction of future input, like perception, shows global
precedence, representing the collection of objects as a higher-order representation of
the whole, or whether local information about individual items is predicted.
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In the present study, we set out to investigate this issue. First, we exposed participants
to eight structured sets of four co-occurring objects. These objects were initially
unrelated to each other and explicitly learned by the participants in a fixed spatial
layout. Given prior research (Brady et al., 2009; Fiser & Aslin, 2001; Orbán et al., 2008;
Stansbury et al., 2013), we hypothesized that the co-occurring objects would be
grouped into a higher-order representation. At the same time, these layouts were
presented sequentially in a fixed order, allowing the participants to predict the next
individual objects and layout based on the preceding object and layout. Next, we
occasionally violated spatial and temporal aspects of the layout, while recording the
BOLD response to expected and unexpected object and layouts. By replacing half of
the objects within the temporally expected layout by unexpected objects, we examined
whether the temporal expectations rely on the learned layouts and do not reside in
individual objects. Moreover, by shuffling the relative positions of objects within the
learned layout, we further explored whether temporal expectation represented the
associated objects in a structured unit regardless of the object position within the
layout.
To preview the results, we found that participants only showed a behavioral advantage
of temporal regularities when expected objects were arranged within the learned
layouts. Furthermore, we observed robust activity suppression in the ventral visual
stream to learned layouts compared with novel layouts, which combined objects from
different layouts, or shuffled the relative position of objects within a learned layout.
Crucially, we only observed activity suppression for temporally expected layouts in
lateral occipital cortex (LOC) for the previously learned layouts, but not for rearranged
layouts. Overall, our findings suggest that predictions about future input are formed at
the level of the global layout, rather than the local objects, and extend the notion of
global precedence to prediction.

Materials and methods
Preregistration and data availability
The current study was preregistered at Open Science Framework (OSF) before any
data
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form

is

available

at

DOI
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10.17605/OSF.IO/8QCDX. All procedures in the preregistration document were
followed unless specified otherwise in the sections below.
All data and code are openly available at the Donders Institute for Brain, Cognition
and Behavior repository (https://data.donders.ru.nl/).
Participants and data exclusion
35 healthy human subjects were recruited through the Radboud Research
Participation System and received monetary compensation. One participant was
excluded because of excessive head motion during scanning. All remaining
participants (n = 34, 7 male, 1 left-handed, age 24.2 ± 4.4 years) were included in all
analyses, in line with our pre-registered goal to achieve a sample size of n = 34 to
detect an effect size of Cohen’s d ≥ 0.5 with 80% power using a two-tailed withinsubjects t-test. This study was approved by the local ethics committee (CMO ArnhemNijmegen, Radboud University Medical Center) under the general ethics approval.
Informed written consent was obtained before the experiment. All participants were

Stimuli
Stimuli were presented using PsychToolbox (Brainard, 1997; Kleiner et al., 2007; Pelli,
1997) running on MATLAB R2017b (The MathWorks, Natick, MA, USA). A subset of
32 natural object stimuli were used in the current study taken from Richter et al.
(Richter et al., 2018), which were adapted from Brady et al. (Brady et al., 2008). The
32 object images were randomly assigned to 8 groups for each participant (4 objects
per group). These 8 groups were then arranged sequentially so that each group
temporally predicts the next group (see Figure 3.1A). The four object images (4° × 4°)
forming each group were positioned at the corners of a squared template (6° × 6°),
centered on the middle of the screen. We defined three different types of layouts to
manipulate spatially co-occurring objects: familiar, mixed and shuffled (see Figure
3.1B). The position of each object in one of the four corners of the template was
determined by the layout type. In the familiar layout, the four object images occupied
the same spatial position as in most of the presentations (see Figure 3.1A). In the
mixed layout, two objects of the familiar layout were randomly selected and replaced
by two other objects from two different familiar layouts. In the shuffled layout, the four
stimuli objects were the same as in the familiar arrangement but their positions were
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pre-screened for MRI compatibility and had normal or corrected-to-normal vision.
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shuffled. All object stimuli were presented in full color on a mid-gray background, with
a centered fixation point (0.5° visual angle in size). The fixation point was formed by a
bulls-eye combined with a cross hair to improve stable fixation (Thaler et al., 2013).
For the behavioral training and testing, stimuli were presented on an LCD screen
(BenQ XL2420T, 1920 × 1080 pixel resolution, 60 Hz refresh rate). For the MRI
scanning, stimuli were rear-projected on an MRI-compatible screen using EIKI LC
XL100 beamer (resolution: 1024x768; refresh rate: 60 Hz), visible through an
adjustable mirror.
Procedure and design
The experiment consisted of two sessions over two consecutive days. The first day
consisted of a behavioral session including a training and a familiarity judgement task.
The second day participants underwent an MRI session including an object oddball
task and a functional localizer (also referred to as fixation brightness task). For each
participant, the same stimuli groups were used throughout the different tasks.
Training. The aim of the training was to allow the participants to explicitly learn the
spatial layout and to implicitly learn the temporal sequence. The training consisted of
two parts.
First, we familiarized the participants with 8 sequentially presented layouts of objects
(familiar layouts) without any task. These 8 familiar layouts were randomly generated
for each participant and always presented in the same order. Participants were not
informed about the presence of any temporal statistical regularities. The task only
required them to examine each layout and move on to the next one by a key press in
their own time. These layouts were repeated consecutively resulting in 200 trials in
total, lasting from 15 minutes to 30 minutes depending on participants’ speed.
Second, we trained participants to explicitly recognize the familiar layouts and
differentiate them from novel ones (i.e., mixed and shuffled). We presented the familiar
layouts in the same temporal order as in the first part of the training, but we introduced
a 13.33% chance to show a novel layout instead of the familiar one: in some cases,
we randomly replaced two objects within the layout by two other objects from another
two layouts (mixed layout); while in other cases, we randomly shuffled the position of
four objects within a familiar layout (shuffled layout). Participants were instructed to
indicate whether the layout was familiar or novel using two alternative keys. After each
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catch trial (novel layout), we re-started the sequence at a random starting point.
Feedback on behavioral accuracy was provided at the end of each trial, by changing
the color of the fixation point to green (correct) or red (incorrect) dependent on button
responses. There were 900 trials split into five runs of equal length, which lasted
approximately 40 minutes.
Familiarity judgement task. The training tasks were followed by a familiarity
judgment task to test whether the participants had implicitly learned the temporal
sequence and used it to make temporal predictions of upcoming stimuli. In each trial
four layouts were presented sequentially on the screen. The first three layouts were
always familiar, lasting for 500 ms each and always followed the temporal sequence
presented during the training phase, while the last layout was visible for only 50 ms
and followed by a phase-scrambled mask which also was presented for 50 ms (see
Figure 3.1C). Such a short presentation time and the mask were used to prevent a
ceiling effect in accuracy and encourage the reliance on internal predictive processes.
the first two layouts were always predictive of the identity of the next, allowing temporal
expectations to be fulfilled. This minimized the risk of unlearning the supposedly
learned temporal sequence. Importantly, the fourth and last layout could be
manipulated in the spatial (familiar, mixed and shuffled) and in the temporal
dimensions (expected or unexpected in time), resulting in a 3 x 2 design (see Figure
3.1B). In order to avoid repetition suppression effects in the mixed layout trials, we
pseudorandomized the selection of the two novel objects presented within the mixed
layout target to ensure that these were never repeated within the same trial sequence.
The participant’s task was to indicate whether the fourth group layout was familiar (as
presented in the training task) or novel (mixed or shuffled layouts). The temporal
sequence was not necessary to solve this task. To minimize response bias we
balanced the number of familiar and novel targets. The trials of the familiar responses
were further divided into expected familiar (following the temporal sequence) and
unexpected familiar layouts with the 37.5%

and 12.5% conditional probability,

respectively. The higher probability for expected familiar layout was used to encourage
temporal expectation and support the implicit learning of the temporal sequence. The
trials of novel responses were divided equally into four conditions with a probability of
12.5% each, with spatial (mixed and shuffled) and temporal (expected and unexpected)
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After each trial, there was an intertrial interval of 1000-3000 ms. During the experiment,
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manipulation. Participants had 2 seconds after the onset of the last layout to report if
it was familiar or novel. Feedback on behavioral accuracy (percentage correct) was
provided at the end of each run. In the next trial, the sequence was re-started with a
random familiar starting-layout. There were 240 trials for the expected familiar
condition and 80 trials for other conditions each, resulting in 640 trials in total. All types
of trials were presented in a pseudo-randomized order and split into eight runs that
lasted approximately 10 minutes each.
Object oddball task. On the second day participants performed an object oddball
task in the MR scanner. During each trial, four layouts were presented sequentially for
500 ms each, with an inter-trial interval of 4000-6000 ms (see Figure 3.1D). Similar to
the familiarity judgment task, the first three layouts were always familiar and presented
sequentially to give rise to temporal expectations and the last layout could be any type
of spatial layout (familiar, mixed or shuffled) and temporal expectation (expected or
unexpected). The participant’s task was to press a button as soon as they detected
an inverted object in the last layout (12.5% of trials) while maintaining their eyes on
the fixation point. Due to the introduction of the oddball trials, the conditional probability
of familiar expected layouts was raised to 43.75% while the probabilities of other
conditions (familiar unexpected, mixed and shuffled layouts) were reduced to 8.75%.
For each trial, the temporal sequence of layouts was re-started randomly. No feedback
was provided during the task. There were 320 trials split into 4 runs, lasting
approximately 50 minutes in total. Trial order was pseudo-randomized. At the
beginning, participants familiarized themselves with the task via a brief practice lasting
~5 minutes.
Functional localizer. After finishing the object oddball task, participants underwent a
functional localizer. We aimed to identify those voxels overlapping with early visual
cortex (V1), object-selective lateral occipital cortex (LOC) and scene-selective
parahippocampal place area (PPA). We presented both single objects, and layouts,
using the same object images from the previous task. The two types of localizers were
used to inspect neural activity at individual objects and layout level, respectively. The
task consisted of three runs in a block design. In the first two runs, each run included
32 stimuli blocks (see Figure 3.1E) and 8 null-event blocks. During the stimuli block
each of four objects from a familiar layout was present alone and flashed at 2 Hz (250
ms on, 250 ms off) for 11 s, while during the null-event block only the fixation dot was
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presented for 11 s. In each run, each of 4 objects from one familiar layout was present
once. In total, there were 80 blocks within two runs per subject.
The third run was identical in the structure, but instead of single objects we showed
the three types of layouts to select voxels responding to layouts: familiar, shuffled and
phase-scrambled (see Figure 3.1F). The familiar stimuli were the 8 familiar layouts
used in the previous tasks while the shuffled stimuli were 8 randomly chosen shuffled
layouts. To remove stimulus unspecific activation for the LOC localizer, we additionally
included layouts with phase-scrambled objects. There were 16 blocks for each type of
layouts and 8 null-event blocks, resulting in 56 blocks in total. The order of blocks was
randomized. For all runs, participants were instructed to fixate their eyes at the fixation
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point and respond by button press whenever the fixation point dimmed in brightness.

Figure 3.1. A) Example stimuli. For each participant, 32 object images were (randomly)
grouped into eight specific layouts. These layouts were then arranged in a specific
temporal sequence; thus, each layout could predict the identity of the next. Note that
each object is visualized here with an additional index which was not presented in the
experiment. The layouts are labeled as letters (from A to H) while the positions of
objects are labeled as numbers (from 1 to 4).B) The three-by-two factorial design of
an example target layout. The target layout could be familiar, mixed or shuffled, and it
could also be temporally expected (layout E) or unexpected (layout H), resulting in six
conditions. C) A single trial of familiarity judgment task. Four layouts were presented
sequentially. The first three layouts were always familiar and could predict the next,
lasting 500 ms each. The fourth layout (the target) appeared for 50 ms followed by a
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50ms mask. Each trial ends with a 1000-3000 ms ITI. D) A single trial of the object
oddball task. Four layouts were presented sequentially for 500 ms each, ending with
a 4000-6000 ms ITI. The first three layouts were always familiar and predictable. E)
Examples of stimuli used in the functional localizer (first and second runs) to select
voxels responding to individual objects at each position. F) Three types of stimuli
layouts used in the functional localizer (third run) to select voxels responding to layouts:
familiar (left), shuffled (middle) and phase-scrambled (right).

fMRI data acquisition
Functional and anatomical images were collected on a 3T Skyra MRI system
(Siemens), using a 32-channel head coil. Functional images were acquired using a
whole-brain T2*-weighted multiband-6 sequence (TR/TE = 1000/34 ms, 66 slices,
voxel size 2 mm isotropic, 60° flip angle, A/P phase encoding direction). Anatomical
images were acquired with a T1-weighted MP-RAGE (GRAPPA acceleration factor =
2, TR/TE = 2300/3.03 ms, voxel size 1 mm isotropic, 8° flip angle).
fMRI data preprocessing
fMRI data preprocessing was performed using FSL 5.0.9 (FMRIB Software Library;
Oxford, UK; www.fmrib.ox.ac.uk/fsl; RRID:SCR_002823). The preprocessing pipeline
included brain extraction (BET), motion correction (MCFLIRT), temporal high-pass
filtering (128 s), and spatial smoothing (Gaussian kernel with 5 mm FWHM).
Functional images were registered to the anatomical image using boundary-based
registration (BBR) as implemented in FLIRT and subsequently normalized to the
MNI152 T1 2 mm template brain using linear registration with 12 degrees of freedom).
For every run, the first eight volumes were discarded to allow for signal stabilization.
ROI definition. To examine the expectation effects throughout the visual hierarchy,
we defined three ROIs: V1, object-selective LOC and scene-selective PPA for each
subject. We used the preregistered V1 and LOC to investigate activity modulations by
expectation at the low-level (feature) and object-selective region, whereas the nonpreregistered localizer for PPA allowed us to further examine potential activity
modulations by expectation in a scene-selective region. For V1, FreeSurfer 6.0
(General Hospital Corporation, Boston MA, USA, RRID:SCR_001847) was used to
extract labels (left and right) per subject based on their anatomical image, which were
transformed to native space using mri_label2vol and combined into a bilateral mask.
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To select voxels that maximally responded to the layouts, we modeled the third run of
the functional localizer using a General Linear Model (GLM) performed in FSL FEAT.
We modeled the familiar, shuffled, phase-scrambled stimuli and null-events with
corresponding duration (11 s). First-order temporal derivatives and motion regressors
were added as nuisance regressors. To define the object-selective LOC and sceneselective PPA ROIs, we used the category-selective group-level “parcels” (bilateral
masks) resulting from the Group-Constrained Subject-Specific (GSS) method (Julian
et al., 2012). These parcels derived from Julian et al. (2012) identify the object-, and
scene-selective regions in the ventral visual pathway in a large group of subjects
(n=30). The obtained parcels were transformed to native space and then used as
spatial constraints to select the 200 more responsive voxels (with highest z-statistics)
based on the contrast of interest (familiar + shuffled + phase-scrambled – null-trial ×
3). We contrasted “familiar + shuffled – phase-scrambled × 2” to identify the LOC
voxels more responsive to intact compared with phase-scrambles objects and “familiar
defined as familiar layouts). As preregistered, we also generated the LOC anatomical
mask from the Harvard-Oxford cortical atlas, but to keep it consistent with the PPA
mask, we report our results using Julian et al.’s (Julian et al., 2012) LOC mask. We
replicated similar results using the Julian et al.’s and the Harvard-Oxford cortical atlas
LOC masks.
In accordance to our preregistered exploratory analysis, we also obtained the ROIs of
individual objects in V1 and LOC to explore how expectations between the expected
and unexpected objects within mixed layouts modulated the BOLD amplitude. To do
so, we carried out an additional GLM analysis with the first two runs of the functional
localizer, where we modeled the four individual objects positions (upper left, upper
right, lower left and lower right) and null-event with 11 s duration as regressors. Firstorder temporal derivatives and motion regressors were added as nuisance regressors.
Since any two objects within a mixed layout can be expected items, there are in total
six possible object pairs (upper, lower, left, right and both diagonals). To generate the
V1 masks for each of these six possible object pairs, we used GLMs contrasting any
two objects minus the other two and selecting the most active 100 voxels. For objectselective LOC, we used the conjunction contrast of object pairs (object localizer) and
intact minus scrambled objects (layout localizer). We first selected the voxels more
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– phase-scrambled” to identify the PPA voxels more responsive to “scenes” (here
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activated by intact objects compared with phase-scrambles, using the same method
mentioned before. Then these voxels were further constrained to 100 voxels, resulting
in six ROIs for object pairs in LOC. As a robustness check for the ROI size, we
additionally repeated all ROI analyses with ROI sizes ranging from 50 to 300 voxels
in steps of 50 to exclude the possibility of arbitrarily chosen mask size.
Behavioral data analysis
For the familiarity judgement task, we compared the percentage of images rated as
familiar (familiarity rate, FR) and mean reaction time (RT) for all participants between
conditions. We defined the familiarity rate as the number of familiar responses divided
by the number of trials per condition. The data were averaged across trials per subject
and submitted to 3 × 2 repeated measures analysis of variance (RM ANOVA) with
spatial layout (familiar, mixed and shuffled) and temporal expectation (expected or
unexpected) as factors for familiarity rate and RT, respectively. We then used paired
t-tests for the planned main effects analyses of the difference between expected and
unexpected within each spatial layout. For RT analysis, the trials whose reaction times
exceeded 3 MAD of the median or were under 200 ms were discarded. The partial
eta-squared (η2) and Cohen’s dz were calculated as effect size for the RM ANOVA
and paired t-test, respectively. All standard errors of the mean (SEM) shown in the
present paper were calculated as the within-subject normalized SEM (Cousineau,
2005).
fMRI data analysis
We model BOLD signal responses to the different experimental conditions voxel-wise
fitting GLMs to each run’s data and participant using FSL FEAT. For the object oddball
task, six experimental conditions (familiar expected, familiar unexpected, mixed
expected, mixed unexpected, shuffled expected, shuffled unexpected) and the target
trials (in which an upside-down object occurred) were modeled with 2 s duration as
regressors. In object level ROI analyses, we further modeled 6 possible paired
positions of expected objects (upper, lower, left, right and diagonal) within mixed
layouts, resulting in 12 regressors for both temporally expected and unexpected
conditions. In addition, nuisance regressors were added for the first-order temporal
derivatives for all modeled event and 6 motion regressors (FSL’s standard set of
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motion parameters). Data were combined across runs using FSL’s fixed-effects
analysis.
We carried out the across-subject whole-brain analyses to inspect the spatial and
temporal expectation suppression. FSL’s mixed effects analysis (FLAME 1) was used
to combine data across subjects. We also performed multiple-comparison correction
using Gaussian random-field cluster thresholding in FSL with a default cluster-forming
threshold of z > 3.1 (i.e., p < 0.001) and a cluster significance threshold of p < 0.05. In
the object oddball task, we used the contrasts (expected and unexpected shuffled expected and unexpected familiar, expected and unexpected mixed - expected and
unexpected familiar) to examine expectation suppression of spatial layouts and the
contrast (familiar expected - familiar unexpected) to examine expectation suppression
of the temporal sequence. To explore whether the spatial expectation suppression
relied on attention to the objects, we also contrasted shuffled layouts versus familiar
layouts using the independent data from the third localizer run, in which participants

Region of interest (ROI) analysis
All reported ROI analyses were performed in each subject’s native space by averaging
all parameter estimates within a region of interest, and then comparing conditions
within subjects. To examine the main question whether temporal expectation depends
on spatial layout, we extracted the parameter estimates for each condition separately
from the whole-brain maps within each ROI (V1, LOC and PPA; see ROI definition).
These mean parameter estimates were then analysed employing a 3 × 2 RM ANOVA
with the factors spatial layout (familiar, mixed, shuffled) and temporal expectation
(expected, unexpected) for each ROI. Simple effects were calculated for temporal
expectation in each spatial layout using paired t-test. Additionally, a Bayesian t-test
with a Cauchy prior width of 0.707 was used to assess any non-significant results.
To investigate whether temporal expectation operates on an object level, we further
conducted ROI analyses using the ROIs of single objects (see ROI definition) in V1
and LOC, respectively. The four objects within a mixed layout were then averaged to
2 object pairs in temporally expected and unexpected objects. The averaged
parameter estimates within each ROI were then in turn subjected to a paired t-test to
examine the expectation suppression for object pairs.
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performed an object-irrelevant task (fixation brightness task).
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Software
PsychToolbox (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997) running on MATLAB
R2017b (The MathWorks, Natick, MA, USA, RRID:SCR_001622) was used for stimuli
presentation. MRI data preprocessing and analysis was performed using FSL 5.0.9
(FMRIB Software Library; Oxford, UK; www.fmrib.ox.ac.uk/fsl; RRID:SCR_002823)
and

FreeSurfer

6.0

(General

Hospital

Corporation,

Boston

MA,

USA,

RRID:SCR_001847). We used a pipeline (Madan, 2015) based on ITK-SNAP v 3.8.0
(Yushkevich et al., 2006) and ParaView v. 4.3.1 (Ayachit, 2015) to visualize the MRI
data in 3D. Python 3.7.4 (Python Software Foundation, RRID:SCR_008394) was used
for data processing with following libraries. NumPy 1.17.2 (van der Walt et al., 2011),
Pandas 0.25.1 (McKinney, 2010) were used for data handling; Matplotlib 3.1.1 (Brett
et al., 2019) and Nanslice (Hunter, 2007) were used for data visualization. Pingouin
0.2.9 (Wood, 2017/2020) was used for statistical tests, including RM ANOVA, paired
t-test and Bayesian analyses.

Results
Participant learned both spatial and temporal regularities
To examine whether the participants explicitly learned the spatial layouts and used the
implicitly learned temporal sequences to improve their performance in the task, we
analyzed familiarity rate and reaction times during the object familiarity task. For both
familiarity rate and reaction time, there were significant main effects of spatial layout
(familiarity rate: F(2,66) = 124.86, p < 0.001, η2 = 0.79; reaction time: F(2,66) = 19.96,
p < 0.001, η2 = 0.38), suggesting that participants performed differently as function of
the presented layout. Indeed, Figure 3.2A shows that participants correctly identified
mostly the familiar layouts as familiar (familiar condition: ~86% of trials rated as
familiar), while they predominantly categorized the shuffled layouts as novel (shuffled
condition: ~17% of trials rated as familiar). However, the familiarity ratings were more
variable when object items from different layouts were mixed (~49% of trials rated as
familiar) compared to layouts with the objects spatially shuffled. This indicates that
subjects‘ familiarity reports are highly determined by the correct spatial arrangement,
but not the correct identity of the elements in each layout. Briefly, subjects could overall
distinguish between familiar and novel layouts, where unfamiliar object locations

56

45

Human predict the forest, not the trees

(shuffled condition) were easier to identify than unfamiliar mixing of objects between
two layouts.
Furthermore, the significant interactions between spatial layout and temporal
sequence (familiarity rate: F(2,66) = 5.66, p = 0.01, η2 = 0.15; reaction time: F(2,66) =
4.05, p = 0.02, η2 = 0.11) indicates that the effects of temporal prediction were
modulated by the spatial layouts. A post-hoc t-test showed that there was a familiarity
rate benefit for temporal expected compared to unexpected items (t(33) = 3.70, p <
0.001, dz = 0.65) when objects were organized in familiar layouts. However, no
familiarity rate differences were observed in the mixed and shuffled layouts (mixed:
t(33) = -0.86, p = 0.39, dz = -0.15; shuffled: t(33) = -0.82, p = 0.42, dz = -0.14). Bayesian
analyses provided slight evidence in favor of no differences between expected and
unexpected items in the mixed and shuffled layouts (mixed: BF10 = 0.26; shuffled:
BF10 = 0.25). Similarly, participants categorized temporally expected familiar layouts
faster than temporally unexpected layouts (26 ms (905 vs 931 ms); t(33) = -3.48, p <
(mixed: t(33) = 0.65, p = 0.52, dz = 0.11; shuffled: t(33) = -1.84, p = 0.08, dz = -0.32).
Bayesian analysis indicated moderate support for the absence of a difference in mixed
layout (1028 vs 1021 ms, BF10 = 0.23) and inconclusive evidence in the shuffled layout
(938 vs 956 ms, BF10 = 0.83). In sum, these results showed participants used cooccurrence statistics of multiple objects to facilitate the processing of upcoming
layouts.
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0.01, dz = 0.61), whereas no RT benefit was observed for mixed and shuffled layout
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A
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***
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Figure 3.2. Behavioral performance from the familiarity judgement task. A) Familiarity
rates are higher for familiar than mixed or shuffled layouts, indicating participants could
distinguish these three types of layout. The familiarity rates were significantly higher
for the temporal expected (blue) compared with unexpected (orange) layouts in
familiar layout, whereas there were no difference in the mixed or shuffled layouts; B)
Likewise, the RTs to expected items were faster than to unexpected items only in the
familiar layout. Grey dots represent individual participants. Error bars indicate withinsubject SE. ** p < 0.01, *** p < 0.001.

Temporal expectation suppression was evident only in LOC
Next, we performed ROI-based analyses to investigate whether expectation
suppression occurred at the individual object level or relied on the spatial organization
of the objects within each layout. In order to examine how expectation suppression
changes as a function of both spatial layout and temporal expectation, we ran 3 × 2
RM ANOVAs with the factors spatial layout (familiar, mixed, shuffled) and temporal
expectation (expected, unexpected) on three priori defined ROIs (Figure 3.3A) in
ventral visual stream.
In all three ROIs we found that BOLD signal to familiar layouts was suppressed
compared to BOLD signal to novel layouts (Figure 3.3B). This effect was revealed by
main effects of spatial layout (V1: F(2,66) = 12.43, p < 0.001, η2 = 0.27; LOC: F(2,66) =
35.56, p < 0.001, η2 = 0.52; PPA: F(2,66) = 19.61, p < 0.001, η2 = 0.37). Paired t-tests
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confirmed the suppressed neural activity to the familiar compared with novel layouts
(all p < 0.001). This pattern of results could be mediated by the formation of the higherorder representation of the spatial layout of object items. Surprisingly, we observed
significant larger BOLD responses to the shuffled compared to mixed layouts in LOC
(t(33) = -5.21, p < 0.001, dz = -0.83) and PPA (t(33) = -2.23, p = 0.03, dz = -0.34), but not
in V1 (t(33) = -0.80, p = 0.43, dz = -0.15), suggesting that the suppression effects to the
shuffled were larger than to the mixed compared with familiar layout in the higher
visual areas (LOC and PPA).
In contrast, the ANOVA did not show any significant modulations by temporal
expectation (V1: F(1,33) = 0.81, p = 0.37, η2 = 0.02; LOC: F(1,33) = 1.09, p = 0.30, η2 =
0.03; PPA: F(1,33) = 0.18, p = 0.67, η2 = 0.01), nor an interaction between spatial layout
and temporal expectation in all ROIs (V1: F(2,66) = 0.15, p = 0.86, η2 < 0.01; LOC: F(2,66)
= 2.91, p = 0.06, η2 = 0.08; PPA: F(2,66) = 0.31, p = 0.73, η2 = 0.01). Due to the
interaction being close to our alpha threshold in LOC, we performed paired t-tests to
temporal expectation suppression was present when we compared the temporal
expected to unexpected familiar layouts (t(33) = -3.44, p < 0.01, dz = -0.60), but absent
when the layouts were spatially mixed or shuffled (mixed: t(33) = -0.25, p = 0.81, dz = 0.04; shuffled: t(33) = 0.79, p = 0.44, dz = 0.14). Bayesian analyses were carried out,
showing moderate support for no expectation suppression in these novel layouts
(mixed: BF10 = 0.19; shuffled: BF10 = 0.25).
In a non-preregistered exploratory analysis, a 2-way RM ANOVA was performed to
test whether the temporal expectation effects (unexpected minus expected) changed
as a function of the factors ROI (V1, LOC and PPA) and spatial layout (familiar, mixed
and shuffled) across the three brain regions (Figure 3.3C). A significant interaction
between the three brain regions and spatial layouts (F(4,132) = 2.97, p = 0.02, η2 = 0.08)
indicated that expectation suppression was modulated over brain regions. Further ttest contrasts showed that temporal expectation effects were significantly larger in
LOC than in V1 (t(33) = 2.62, p = 0.01, dz = 0.46) and PPA (t(33) = 3.67, p < 0.001, dz =
0.64) for the familiar layouts, while no difference between the ROIs for the mixed and
shuffled layouts (all p > 0.10). These results are congruent with our previous analysis
in showing that temporal expectation suppression only occurs for familiar layouts and
only in LOC. All ROI analyses in this paper were repeated with ROI masks ranging
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examine the modulation by temporal expectation focusing on LOC ROI. We found that
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from 50 to 300 voxels in steps of 50 voxels to verify that our results do not depend on
the specific ROI size. We replicated the same results with all ROI sizes.

Figure 3.3. A) Three anatomically-defined masks in the ventral visual pathway
overlaid onto a 3D glass brain from a representative participant: early visual cortex
(blue), object-selective LOC (yellow), and scene-selective PPA (red). B) Averaged
parameter estimates within V1 (left), LOC (middle), and PPA (right). In all three ROIs,
BOLD responses were significantly suppressed to the familiar layout. In LOC, the
BOLD signals showed significant suppression to the temporal expected items (blue)
compared to unexpected (orange) in familiar layouts. No difference was found
between BOLD responses to temporally expected and unexpected items in mixed or
shuffled layouts in LOC, nor in all three types of layouts in V1 and PPA. C) Temporal
expectation suppression across all brain regions. Error bars indicate within-subject SE.
*p < 0.05, **p < 0.01, ***p < 0.001.

In addition to ROI analyses, we also performed a preregistered whole-brain analysis
to investigate whether temporal expectations modulated neural activity outside the
priori defined ROIs. Figure 3.4A showed that for familiar layouts, temporally expected
against unexpected layouts resulted in lower brain activity only in the left LOC, while
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no significant cluster was observed in mixed or shuffled layouts (not shown). Taken
together, these results showed that temporal expectation suppression was only
evident in LOC for the familiar layout.
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Figure 3.4. Expectation suppression revealed by whole-brain analyses. Color
represents the parameter estimates for unexpected minus expected layouts on the
MIN 152 2 mm template brain: red clusters represent increased activity (compared to
the expected layout) while blue clusters represent decreased activity (compared to the
expected layout). Opacity indicates the z statistics of the contrasts. Black contours
outline statistically significant clusters, associated z statistics were shown as black
lines in the color bars. A) Temporal expectation suppression for the expected
compared to unexpected familiar layouts. The significant clusters were present in the
left LOC; B) Spatial expectation suppression for the familiar compared to novel layouts.
When subjects attended to the objects in the object oddball task (upper and middle
rows), the significant clusters were present in the visual ventral stream (early visual
cortex, bilateral LOC, bilateral fusiform gyrus, bilateral PPA), middle and inferior frontal
gyrus, anterior insula, and inferior cingulate gyrus. When subjects attended to the
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fixation point in the localizer run (lower row), significant clusters were less extensive
compared to those of the oddball task, only in the visual ventral stream.
Temporal expectations operate selectively on layouts, not on individual objects
Our previous analyses indicate that temporal expectation effects are only present for
familiar layouts, suggesting that participants predict upcoming layouts, rather than
individual objects. However, analyzing the BOLD signal modulations evoked by four
objects together might obscure the individual contributions of the locally expected and
unexpected objects in the mixed layouts. For example, it could be that whereas the
two locally expected objects generated strong expectation suppression, the two
unexpected items produced the same effect but in the opposite direction (i.e., surprise
enhancement), leading on average to a null effect. Hence, to test whether locally
predictable individual objects produce local expectation suppression effects, we
generated spatially-specific ROIs to separate the BOLD responses to each pair of
objects in the mixed layouts depending on whether they were temporally predictable
or unpredictable (Figure 3.5A). To distinguish from the ROIs used in previous analyses,
the term ‘paired ROIs’ was used here to refer to the ROIs for object pairs (see ROI
definition).
First, we compared the BOLD responses to temporally expected and unexpected pairs
within the expected mixed layouts (Figure 3.5B, left panel). Paired t-tests showed that
no significant difference between the temporally expected and unexpected objects
within the expected mixed layout (V1: t(33) = 0.92, p = 0.36, dz = 0.16; LOC: t(33) = 1.55,
p = 0.13, dz = 0.27), indicating no detectable object-specific expectation effect to the
partial familiar layouts. Likewise, Bayesian analyses indicated weak to mixed evidence
against expectation suppression in the expected mixed layouts (V1: BF10 = 0.33; LOC:
BF10 = 0.54). Since the two objects of the expected pairs were also spatially associated
with each other (Figure 3.5A, right panel), this may have induced suppression effects
to the partial familiar layouts. We further estimated the BOLD responses for the
temporally unexpected mixed layouts to test for any suppression effects between the
spatially associated object pairs (Figure 3.5B, right panel) regardless of the effect of
temporal expectations. Consistent with previous results, there was no significant
difference between the associated and unassociated objects pairs (V1: t(33) = -0.01, p
= 0.99, dz = -0.00; LOC: t(33) = -0.93, p = 0.36, dz = -0.16). This is also confirmed by
Bayesian analyses (V1: BF10 = 0.19; LOC: BF10 = 0.27). Moreover, there was no
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difference between expected and unexpected mixed layouts (V1: t(33) = -0.08, p = 0.94,
dz = -0.01; LOC: t(33) = -0.03, p = 0.98, dz = -0.01), excluding the presence of any
suppression effect to the spatially associated objects that embedded in a mixed layout.
To further examine whether the observed temporal expectation suppression in LOC is
present for the layouts but absent for individual objects, we tested whether the average
BOLD signal activity to object pairs within LOC changed as a function of the object
layouts (familiar, expected mixed and unexpected mixed) and temporal expectation
(expected and unexpected object pairs). A non-preregistered RM ANOVA showed a
significant interaction (F(2,66) = 10.47, p < 0.001, η2 = 0.24) between the layouts and
temporal expectation, confirming that expectation suppression depended on the
layouts. Additional paired t-tests showed that the BOLD difference between expected
and unexpected object pairs was larger in familiar layout than expected mixed (t(33) =
4.43, p < 0.001, dz = 0.81, see Figure 3.5C) and unexpected mixed layout (t(33) = 3.06,
p < 0.01, dz = 0.45), whereas no difference between expected and unexpected mixed
temporal expectations operate on the layouts but not on individual objects.
It is often suggested that higher visual areas, like LOC, abstract from the objects
position information, resulting in broad receptive fields (Grill-Spector et al., 1998).
Thus, to examine whether the voxels of paired ROIs were constrained to the regions
activated by the individual objects and not the whole layout, we further validated
whether the activations evoked in paired ROIs of LOC were spatially-specific. A leaveone-run-out analysis was carried using the data from the first two runs of the functional
localizer, in which the individual objects were present alone in their respective visual
field positions. Data from one run were used to create ROIs for each object locations
and these ROIs were applied to the data from another run to examine whether the
BOLD responses to stimulated locations were stronger than unstimulated locations.
All data were collapsed across runs. Paired t-tests showed that the BOLD responses
at the stimulated location were significantly larger than unstimulated locations (all p <
0.001, see Figure 3.5D) and there was no difference between the three unstimulated
locations (all p > 0.19). These results indicated that the paired ROIs in LOC were
specific to individual objects in different spatial visual field locations. In addition, we
also repeated the previous results of ROI analyses (Figure 3.3B) using these paired
ROIs (V1 and LOC), suggesting these results were independent of the ROI selections.
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layouts (t(33) = 1.82, p = 0.08, dz = -0.32). These results provided further evidence that
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Figure 3.5. A) Illustration of the object pairs within mixed layouts. After presentation
of a familiar layout labeled with letter D, participants would expect to see the familiar
layout E next. In the mixed layout conditions, we randomly replaced two objects in
layout E, resulting in an expected mixed layout (left). Thus, only two objects were
temporally expected (solid arrows) while the other two were unexpected (dashed
arrows). An unexpected familiar layout (labeled with H) was also randomly chosen to
generate an unexpected mixed layout (right), in which all objects were temporally
unexpected. Note that the unreplaced objects (i.e., H1 and H3) could be potentially
spatially associated with each other. B) depicts the BOLD responses to temporally
expected and unexpected object pairs within the expected mixed layouts (left) and the
BOLD response to spatially associated and unassociated object pairs within the
unexpected mixed layouts (right). The dashed line indicates the condition that no
difference between the BOLD response to expected/associated and
unexpected/unassociated object pairs. The blue dots represent the observations that
a stronger activity to unexpected/unassociated than expected/associated objects,
while orange dots represent the observations that a weaker activity to
unexpected/unassociated than expected/associated objects. The histograms
represent the distribution of deviations from the unity line. C) BOLD signal differences
between the expected and unexpected object pairs for the familiar, expected mixed
and unexpected mixed layouts in LOC. D) The BOLD responses to the four possible
locations in the first two runs of the functional localizer. All data were collapsed across
runs. The S-Loc represent the stimulated location and the U-Loc represent the

64

53

Human predict the forest, not the trees

unstimulated locations. BOLD response to the stimulated location were significantly
stronger than unstimulated locations. ** p < 0.01, *** p < 0.001.

Activity suppression for familiar layouts throughout the ventral visual stream
We performed an exploratory analysis to investigate the neural topography and
automaticity of the activity suppression for familiar layouts. First, we conducted wholebrain analyses to examine whether the suppression for familiar layouts was also visible
outside the a priori defined ROIs within the ventral visual stream. We contrasted BOLD
responses to the familiar layouts versus novel layouts (mixed and shuffled layouts,
respectively). As illustrated in Figure 3.4B, the whole-brain analysis confirmed the ROI
analysis, showing extensive clusters of suppressed neural activity throughout the
visual ventral stream, including the early visual cortex, bilateral LOC, bilateral fusiform
gyrus, bilateral PPA. Outside the ventral visual stream, additional clusters of
expectation suppression were observed in middle and inferior frontal gyrus, caudate,

Next, we assessed whether the previously reported suppression effects for the familiar
layouts were also present when the objects were unattended. For this analysis, we
used the independent data from the third localizer run. Note that the layouts presented
in this localizer run were fully task-irrelevant, as the participants performed a
demanding task at the fixation point. Thus, it allowed us to investigate whether
expectation suppression takes place when the participants had already learned the
spatial associations between the objects, but the layouts were task-irrelevant. We
contrasted the familiar layouts versus shuffled layouts, and we found similar clusters
of spatial expectation suppression in the early visual cortex, bilateral LOC, bilateral
fusiform gyrus and bilateral PPA (Figure 3.4B lower row). However, no significant
clusters were observed outside the visual ventral stream. In summary, our results
show that spatial expectation suppression to familiar layouts was evident in the ventral
visual stream regardless whether the stimuli were attended or unattended, suggesting
that spatial predictions along the ventral visual stream unfold automatically.
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insula gyrus, and cingulate gyrus.
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Discussion
In the current study, we investigated whether predictions about upcoming input
incorporate global information about the spatial layout of co-occurring objects, or
whether predictions are formed locally for each item present in the visual field. Our
results showed that, after participants learned to associate objects into spatially
structured layouts that were presented conforming fixed temporal sequences,
participants could utilize the learned co-occurrence statistics of multiple objects to
guide their expectations about upcoming layouts of objects. This was confirmed by the
behavioral benefits in RTs and discrimination of temporally expected familiar layouts.
Moreover, fMRI analyses revealed the presence of expectation suppression effects to
the temporally expected layouts in LOC, but only when the layouts were familiar. On
the contrary, no expectation suppression was observed for temporally expected
compared to unexpected individual objects, when these objects were no longer part
of a familiar layout. This implies that individuals form predictions about layouts, rather
than individual objects. Furthermore, we shuffled the relative positions of objects within
a learned layout and showed that temporal expectation represents the associated
objects in a spatially structured unit. In sum, the present study provided evidence that
temporal expectations are constructed through a higher structured representation of
co-occurring objects which acts only on the whole, not the parts.
Temporal expectations facilitate behavior only for spatially structured layouts
Our behavioral data showed that participants were able to differentiate the learned
layouts from the novel layouts (mixed and shuffled) after training. Surprisingly, mixed
layouts were more likely perceived as familiar compared to shuffled layouts during the
familiarity judgment task. This suggests that participants placed more weight on the
position of each individual item within each layout as a cue to decide whether a layout
is familiar or novel than in the identity of items composing it. An alternative explanation
is that participants may use heuristics during the familiarity judgment task, for instance,
they could scan only a subset of all four objects. Thus, they are more likely to report a
mixed layout as familiar due to two objects are identical in these two types of layouts.
But if subjects only scanned two objects to determine whether a layout was familiar or
mixed, then they have a probability of only 1/6th to sample both familiar items. In all
other cases, at least one unfamiliar item would be scanned, and the logical answer
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should have been “novel”. Thus, this is not supported by our data, we found that
participants rated about half of the mixed layouts (~49%) as familiar. Such a heuristic
would be much more successful in the case of shuffled layouts, where identifying a
single object at a new location could be sufficient to decide “novel”.
Besides the anomaly of mixed layouts, our results clearly showed that participants
learned the temporal regularities and could use it to guide their prediction on upcoming
stimuli. Crucially, the benefit of temporal expectation was only observed when the
objects were presented as a structured layout. Thus, our results suggest that
participants grouped simultaneously presented objects into layouts, which were used
to facilitate the processing of the next layout.
Co-occurring objects are represented as a unified layout in space
By taking a quick look at objects in the real world, we can notice that objects are rarely
isolated from each other, and therefore global processing may be especially ecological
and efficient. In this view, the human brain should hold a global representation of the
frequently co-occurring objects (familiar layout) in the ventral visual stream (V1, LOC
and PPA) was reduced compared to the less frequently co-occurring objects (mixed
and shuffled layouts). It is worth noting that these results cannot be explained by
differences in frequency or familiarity, as we controlled the presentation frequency of
the individual object. Interestingly, we observed the larger neural responses to shuffled
than mixed layouts in LOC and PPA (Figure 3.3B), suggesting the shuffled layouts are
more surprising compared to mixed layout. This is consistent with our behavioral
results, where the shuffled layouts were easier to be categorized as novel as the mixed
layouts. These suppression effects in LOC and PPA may reflect the expectation on
the structure properties rather than identity properties of co-occurring objects (R. A.
Epstein, 2008; Hayworth et al., 2011). Surprisingly, this reduced neural activity was
absent in V1. We believe this is because the higher structured representation of cooccurring objects is represented in the high-level visual areas (LOC and PPA) but not
in the low-level areas (V1). Thus, the neurons in LOC and PPA are more sensitive to
the spatial structure compared to the neurons in V1.
Additionally, the whole-brain analyses indicated the suppressed neural activity for
familiar layouts involved similar brain regions to previously reported expectation
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objects spatial structure. In fact, our results showed that the neural responses to the
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suppression for temporally expected stimuli (Richter et al., 2018; Richter & de Lange,
2019). The suppression effects overlapped not only in ventral visual stream, but also
in non-sensory areas, such as inferior frontal gyrus and anterior insula, revealing
expectation on spatial and temporal context might rely on similar neural mechanisms.
Moreover, we found that the suppression effects to the familiar layout were evident in
the ventral visual stream even with attention diverted from the stimuli, using
independent data from the localizer run. This suggests that the suppression for familiar
layouts is pre-attentive and therefore an automatic process. Taken together, our
results provide evidence that participants were able to exploit the spatial regularities
to represent multiple objects as a structured unit in space.
Co-occurring objects are predicted in time as a structural unit
Our visual system needs to constantly predict new objects dealing with a limited
capacity of a finite number of objects at once. One strategy to overcome this visual
system limitation is to predict sets of objects at a higher level, representing objects as
a structured unit rather than as individuals. Our results showed the temporal
expectation suppression present when sets of objects were represented as whole but
absent when the objects were represented individually, suggesting that temporal
expectations convey global information for sets of objects, instead of separately
predicting individual objects.
A surprising result is that we only observed expectation suppression for temporally
expected layouts in LOC, but not in V1 or PPA. This may be because LOC is more
sensitive to the stimuli we used in present study. Besides visual object recognition
(Allen et al., 2012), it has been shown that LOC is also sensitive to the positions of
objects (Gronau et al., 2008; Hayworth et al., 2011) and important in coding the scenelike relations between multiple objects (Kim & Biederman, 2011). This implies that LOC
might be a key region that forms the layout-specific representation. Another possible
explanation for the null expectation effect in the V1 and PPA might be that in addition
to temporal expectation, the neural responses to the familiar spatial layouts were also
modulated by their spatial structure. This is confirmed by robust activity suppression
in learned (familiar) compared to novel layouts in all ROIs. Therefore, the strong
suppression effects for spatial layouts may have induced a ceiling effect, masking the
temporal expectation effects.
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An alternative strategy to represent associated objects at a higher abstraction level is
to represent collections of objects using ensemble statistics (Alvarez, 2011; Alvarez &
Oliva, 2009; Ariely, 2001). It has been proposed that the visual system can calculate
the statistical summary of a set of objects to provide a compressed, accurate ‘gist’
representation. For instance, Brady et al. (2011) found that the remembered size of
individual items in a display was biased toward the mean size of all items in the display.
These findings imply that the visual system might generate expectations based on
these ensemble representations. Thus, the expectation effects should be observed in
the shuffled layout, which contained the same ensemble statistics as the familiar layout.
However, our results showed that expectation suppression was absent when the
relative position of objects was shuffled, suggesting participants predicted a structured,
but not ensemble representation. Only ensemble information is not sufficient for
activating temporal predictions. This is compatible with the view that positional
regularities play a key role to optimally represent the complex visual scenes (Kaiser et
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al., 2019).

Conclusion
In sum, our findings suggest that human brain utilize object co-occurrence statistics to
guide temporal expectation. Specifically, when objects are grouped into layouts,
temporal expectations are formed about these layouts, rather than individual items,
showing global precedence in perceptual anticipation. In other words: we predict the
forest, not the trees.
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Abstract
A crucial ability of the human brain is to exploit probabilistic associations between
stimuli to facilitate perception and behavior by predicting future events. While
numerous studies have shown how perceptual relationships are used to predict
sensory inputs and subsequently modulate neural responses, less is known about the
role of conceptual associations in forming sensory predictions. Here we asked the
question whether and how sensory responses are modulated by expectations derived
from conceptual associations. To this end we exposed participants to arbitrary wordword pairs (e.g., car-dog) repeatedly, creating an expectation of the second word,
conditional on the occurrence of the first. Then, in a subsequent session, we exposed
participants to word-picture pairs, while measuring fMRI BOLD responses. Here, all
word-picture pairs were equally likely, but half of the pairs conformed to the previously
formed conceptual (word-word) associations, whereas the other half violated this
association. Results showed suppressed sensory responses throughout the ventral
visual stream, including early visual cortex, to pictures that corresponded to the
previously expected words. This suggests that the associations learned during
exposure to the word pairs were used as a prior for processing the picture stimuli,
thereby resulting in a suppression of sensory responses to expected objects. In sum,
our results suggest that recently acquired conceptual associations lead to predictions
that generalize from the linguistic to the perceptual domain.

This chapter is based on:
Yan, C., Floris P. de Lange, and David Richter. (in preparation). Conceptual
associations generate sensory expectations throughout the visual system.
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Introduction
The brain is apt at exploiting statistical regularities in the world to improve the efficiency
of information processing and optimize behavior (Goujon & Fagot, 2013; Gronau et al.,
2008; Hunt & Aslin, 2001; Turk-Browne et al., 2005). Specifically, the brain may
continuously generate predictions about the future and current inputs based on our
previous experience. Indeed, it has been argued that the brain may implement a form
of probabilistic inference (Bar, 2007; Clark, 2013; de Lange et al., 2018), combining
predictions with incoming sensory information to form the most likely interpretation of
the world around us. In line with this idea, neural activity in sensory areas, following
visual statistical learning, appears to reflect the interplay of predictions and sensory
inputs. For example, studies demonstrated attenuated neural responses to expected
compared to unexpected stimuli in the ventral visual stream (Kok et al., 2012;
Manahova et al., 2018; Meyer & Olson, 2011; Richter et al., 2018; for a review see:
de Lange et al., 2018), resembling signatures of prediction errors as proposed by
predictive processing theories (Friston, 2005; Rao & Ballard, 1999).
Although it has been shown that sensory predictions appear to be derived from various
types of stimuli and associations, such as simple features (Barne et al., 2020; Kok et
al., 2017), complex objects (He et al., 2022; Manahova et al., 2018; Richter et al.,
2018), and naturalistic scenes (Brady & Oliva, 2008), little is known whether and how
statistical regularities are generalized along conceptual (semantic) lines. In the above
cited studies statistical regularities were learned and tested for the same visual stimuli,
sensory priors. Yet, along the cortical hierarchy sensory information is abstracted into
conceptual representations (Clarke & Tyler, 2015). By extracting the conceptual
relationships between stimuli, the amount of information that must be processed and
stored is reduced (Lupyan & Clark, 2015) and allows it the generalization of
associations beyond specific low-level features and thereby enables an easier
application to novel situations. Hence, we would expect the brain to utilize conceptual
associations to predict input. Indeed, exposure to (written or spoken) words primes
corresponding object images (Stein & Peelen, 2015; Puri et al., 2009; Lupyan & Ward,
2013). That said, object congruency (e.g., the word “cake” predicting an image of a
cake) and generalizing statistical regularities by conceptual associations (knowing that
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thus allowing for specific exemplars and low-level features to be predicted given the
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cakes are usually stored in the fridge) are different affairs, with the latter presumably
involving further abstraction.
Here we examine whether and how priors derived from statistical regularities are
automatically generalized across domains, via conceptual associations, to modulate
visual processing. To this end, we first exposed participants to pairs of sequentially
presented object words (e.g. “car” followed by “dog”). Word pairs were probabilistically
associated, thus leading to trailing words being predicted by the leading words. On the
next day, participants performed a categorization task on the same object pairs, but
the trailing (second) object word was replaced by an image of the corresponding object
(e.g. the word “car” followed by an image of a dog). Crucially, the leading words were
not predictive of the trailing object images. Thus, any predictions of the trailing object
images must have arisen because of a generalization from the previously learned
word-word transitions to the corresponding word-image pairs.
Our results revealed that participants used the learned associations between word
pairs to facilitate categorization of the (previously) expected trailing object images.
Moreover, we found a suppression of sensory responses, in terms of fMRI BOLD,
throughout the ventral visual stream to object images which correspond to the
expected words. These findings suggest that priors derived from conceptual
associations modulate perceptual processing throughout the visual system.

Results
During the first session, participants were exposed to predictable object word pairs. In
these pairs the first word probabilistically predicted the identity of the second word,
allowing participants to anticipate the trailing word based on the leading word.
However, participants were not informed of the presence, nor required to learn the
underlying statistical regularities. Instead they were tasked to categorize the object
pairs as congruent (both words referring to animate or inanimate objects) or
incongruent (each word referring to a different animacy category). On the next day,
participants were exposed to word-image pairs in the MRI scanner. For each word
pair, the trailing object word was replaced by an image of the corresponding object
(e.g. ”car” followed by a picture of a dog). Additionally, the leading words were no
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longer predictive of the trailing objects. Participants were asked to determine whether
the trailing object image was animate or inanimate. This allowed us to examine
whether the learned object associations were generalized across domains from words
pairs to word-images pairs.
Word associations facilitate categorization performance of associated object
images
First, we evaluated whether participants learned the word associations. Data from the
word-word pair session were analyzed in terms of accuracy and reaction time (RTs).
Unexpected trailing words could require the same or different response compared to
expected words. Thus, we analyzed unexpected words requiring the same or different
responses separately, as the latter required additional response adjustments.
Our results (Figure 4.1A) demonstrated that participants categorized the trailing words
in the expected condition more accurately (96.2 ± 0.7% vs 91.1 ± 0.7%, mean ± SE;
t(34) = 7.798, p = 4.5e-9, dz = 1.337) and faster (654 ± 5.7 ms vs 748 ± 4.7 ms; t(34) =
12.426, p = 3.4e-14, dz = 2.131) than the trailing words in the unexpected condition
that required the same response. In addition, we also observed behavioral benefits for
the unexpected trailing words that required same response compared to the different
response in terms of accuracy (t(34) = 2.735, p = 0.009, dz = 0.469) and RTs (t(34) =
2.845, p = 0.007, dz = 0.488). These results suggest that participants learned the
associations between the word pairs and used them to predict the identity of the trailing
words.

spontaneous generalization of word pairs to the word-image pairs. Overall,
participants categorized the trailing images with high accuracy in both the expected
(97.3 ± 0.6%, mean ± SE) and the unexpected conditions (97.4 ± 0.7%, mean ± SE).
Additionally, participants also correctly rejected the no-go trials (93.0 ± 1.2%, mean ±
SE). Response accuracy for expected and unexpected trailing images did not differ
significantly from each other (t(34) = 0.424, p = 0.675, dz = 0.073). Given the high
accuracy in both conditions (>97%), this null result may reflect a ceiling effect.
However, RTs for expected object images were faster than for unexpected objects
(644.5 ± 1.7ms vs 651.7 ± 1.7ms, mean ± SE; t(34) = 2.968, p = 0.005, dz = 0.509).
Crucially, while we refer to expected and unexpected object images here, the trailing
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Next, we analyzed the behavioral data from the fMRI session to assess the
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objects were in fact only (un-)expected by virtue of the associations learned during the
word-word session, as the trailing object images were equiprobable during the wordimage session. Thus, participants appeared to have generalized the associations
from the word-word pairs to speed up the categorization of the corresponding
expected trailing object images.
Finally, we assessed whether the expectation effect extinguishes over time, given that
there were no longer any predictive relationships during the second fMRI session.
Thus, we analyzed the behavioral data for each run separately. Figure 4.1C shows
that the expectation induced RT effects are evident in run 1 (13.1 ± 4.0ms, t(34) = 2.828,
p = 0.008, dz = 0.485) and run 2 (9.1 ± 4.1ms, t(34) = 2.073, p = 0.046, dz = 0.356), but
not in run 3 (5.3 ± 4.4ms, t(34) = 1.206, p = 0.236, dz = 0.207, BF10 = 0.458) or run 4
(1.8 ± 4.0ms, t(34) = 0.480, p = 0.634, dz = 0.082, BF10 = 0.271). Indeed, Bayesian
analyses showed moderate support (BF10 < 1/3) for the absence of an RT effect by
run 4. Thus, the expectation induced RT effects are gradually extinguished during
exposure to the word-image pairs and eventually disappear entirely.
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Figure 4.1. A) Behavioral benefits of expectation for the word pairs indicates the
learning of word associations. Responses to expected trailing words were significantly
more accurate (left) and faster (right) compare to unexpected words that required the
same (unexpected-S) or different response (unexpected-D). B) Behavioral
performance for the animacy classification task during the word-image session.
Responses were highly accurate (left) and did not differ between expectation
conditions. RTs (right) were significantly faster to expected trailing object images
compared to unexpected object images. C) Expectation induced RT effects decreased
over time until they disappeared completely during run 4. Error bars indicate withinsubject SE. * p < 0.05, ** p < 0.01, *** p < 0.001, = BF10 < 1/3.

Conceptual predictions modulate sensory processing throughout the ventral
visual stream
To investigate whether neural responses to the object images were modulated by the
previously learnt word pair associations, we first performed an ROI analysis targeting
three distinct levels of the visual processing hierarchy: early visual cortex (EVC),
lateral occipital cortex (LOC), and ventral temporal cortex (VTC). These three ROIs
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were defined to investigate the expectation induced activity modulations in low-level
visual areas (EVC), intermediate object-selective regions (LOC), and higher categoryselective visual cortex (VTC; for details see: Materials and Methods: ROI definition).
Our results demonstrated suppressed BOLD responses for expected compared to
unexpected object images in EVC (t(33) = 3.628, p = 0.001, dz = 0.622), objectselective LOC (t(33) = 2.782, p = 0.009, dz = 0.477) and VTC (t(33) = 2.851, p =
0.007, dz = 0.489). To verify that our results did not depend on the specific ROI mask
size, we successfully replicated all ROI results with mask sizes ranging from 50-600
voxels in steps of 50 (see Figure S4.1). Complementary to the ROI analysis, we
performed a whole-brain analysis (for details see: Materials and Methods: Univariate
data analysis). Figure 4.2C shows that expected object images resulted in attenuated
brain activity throughout the ventral visual stream compared to unexpected objects.
This reduction of neural activity by expectations, expectation suppression, was
primarily evident in the ventral visual stream, including parts of lingual and fusiform
gyrus, calcarine sulcus, and cuneus. Taken together, these results suggest that the
word pair associations resulted in a suppression of sensory responses to the
corresponding expected object images across major parts of the ventral visual stream,
including EVC.
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Figure 4.2. A) Three anatomical masks in the ventral visual pathway: EVC (top),
object-selective LOC (middle), and VTC (bottom). B) Averaged BOLD responses
(parameter estimates) to expected (blue) and unexpected (orange) object images
within EVC, LOC, and VTC. In all three ROIs, BOLD responses were significantly
suppressed to the expected compared to unexpected object images. Error bars
indicate within-subject SE. ** p < 0.01, *** p < 0.001. C) Expectation suppression
revealed by whole-brain analysis. Color represents the parameter estimates for the
contrast expected minus unexpected, displayed on the MNI-152template brain. Blue
clusters represent decreased activity for expected compared to unexpected object
images. Opacity indicates the z statistics of the contrast. Black contours outline
statistically significant clusters (GRF cluster corrected). Significant clusters were
observed in the ventral visual stream, including EVC, LOC and VTC.

Since behavioral expectation effects decreased and eventually disappeared by run 4
of the word-image session, we also investigated the development of the neural
expectation suppression over time. Therefore, we performed a similar ROI analysis as
above, but at the run level. Figure 4.3 shows an overall trend of suppressed activity
for expected compared to unexpected objects within all three ROIs. Significant
expectation suppression was observed in run 2 and run 4 (all p < 0.05, for details see:
Table S4.1), but not in run 1 and run 3 (all p > 0.215). While the run-wise estimates
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were noisy, given the low number of trials per datapoint, it is intriguing that expectation
suppression appears present during run 4 even though no behavioral facilitation was
present. This suggests that expectation suppression in sensory cortex may be
dissociated from behavioral facilitation.

Figure 4.3. Averaged BOLD responses (parameter estimates) to expected (blue) and
unexpected (orange) object images for each run within EVC (left), LOC (middle), and
VTC (right) across the four fMRI runs. Significant expectation suppression appears to
be present even during the final run. Error bars indicate within-subject SE. * p < 0.05.
Expectations selectively suppress neural populations tuned towards the stimuli
Next, we investigated how neural representations were modulated by predictions.
Specifically, we assessed whether neural populations tuned towards the shown stimuli,
or those tuned away, were most suppressed by predictions. To this end, we first
generated stimulus preference ROIs by splitting voxels within each anatomical mask
into two populations depending on whether they preferentially responded to animate
(faces and body parts) or inanimate (houses and tools) object images (see Materials
and Methods: Expectation suppression selectivity analysis). BOLD responses to
expected and unexpected objects were extracted within the resulting ROIs for each
animacy category and averaged separately depending on whether the object image
was of the preferred or non-preferred stimulus category. Our results showed that
expectation suppression was robustly present in all three visual ROIs when the
category of the trailing images was preferred (EVC: t(33) = 2.913, p = 0.006, dz = 0.500;
LOC: t(33) = 4.062, p = 2.8e-4, dz = 0.697; VTC: t(33) = 4.710, p = 4.3e-5, dz = 0.808).
However, there was no reliable suppression of neural responses when the trailing
images were not preferred (EVC: t(33) = -0.988, p = 0.331, dz = -0.169; LOC: t(33) =
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0.928, p = 0.360, dz = 0.159; VTC: t(33) = 0.992, p = 0.328, dz = 0.170). This pattern of
results was also confirmed by a significant interaction (V1:, F(1,33) = 7.507, p =
0.009, η² = 0.185; LOC: F(1,33) = 5.582, p = 0.024, η² = 0.145; VTC: F(1,33) = 7.539, p =
0.009, η² = 0.186) between expectation (expected, unexpected) and preference
(preferred, non-preferred). Furthermore, a Bayesian analysis showed moderate
support for the absence of expectation suppression to non-preferred stimuli (V1: BF10
= 0.288; LOC: BF10 = 0.273; VTC: BF10 = 0.289). Crucially, there were large and
reliable activations also to the non-preferred stimuli in all ROIs (All p < 1.0e-10, all dz >
1.6; for details see Table S4.2), hence the absence of expectation suppression could
not be explained by a lack of visual responsiveness. Therefore, our results showed
that conceptual expectations selectively suppressed responses in voxels that
preferred the category of the object images, suggesting that neural populations that

Figure 4.4. BOLD responses to expected (blue) and unexpected (orange) object
images for preferred and non-preferred stimuli within EVC (left), LOC (middle), and
VTC (right). In all three ROIs, BOLD responses were suppressed to expected object
images exclusively when the object category was preferred. BOLD responses did not
differ between expected and unexpected images for non-preferred object images.
Error bars indicate within-subject SE. **p < 0.01, ***p < 0.001, = BF10 <1/3.

Additionally, we performed a complimentary analysis aimed at decoding sensory
representations in the three ROIs. To this end we trained a classifier to distinguish the
two animacy categories (i.e., animate vs inanimate) using independent localizer data.
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The performance of the classifier was tested on the main task data, split into expected
and unexpected images. One-sample t-tests showed that decoding accuracies were
above chance (all p < 1.0e-12, all dz > 2.0; for details see Table S4.3) for both expected
and unexpected stimuli in EVC (expected: 61.51%; unexpected: 62.98%), LOC
(expected: 66.912%; unexpected: 67.46%) and VTC (expected: 70.64%; unexpected:
71.29%). However, while decoding accuracies were numerically higher for unexpected
stimuli within all ROIs, this difference was not statistical reliable (V1: t(33) = 1.718, p =
0.095, dz = 0.295; LOC: t(33) = 1.780, p = 0.084, dz = 0.305; VTC: t(33) = 0.864, p =
0.394, dz = 0.148).

Discussion
Sensory priors, derived from perceptual associations, play a crucial role in modulating
visual processing (Meyer & Olson, 2011; Richter & de Lange, 2019; Turk-Browne et
al., 2010). However, less is known about how conceptual associations, for instance
derived from linguistic input, influence vision. Here we examined whether conceptual
associations serve as sensory priors and how visual processing of object images is
modulated by such priors. To this end, we first exposed participants to probabilistically
associated word-word pairs. Participants were not informed of the underlying
statistical regularities, nor required to learn them. However, the regularities could be
used to facilitate performance, aiding in classification of the leading and trailing words
as (in-)congruent with respect to their animacy. On the subsequent day, the trailing
(second) words were replaced with pictures of the corresponding objects, resulting in
word-image pairs. Participants were asked to classify the object images as
(in-)animate objects, while fMRI BOLD responses were measured. We observed
faster classifications of object images corresponding to previously expected trailing
words compared to unexpected ones. Crucially, during fMRI scanning object images
were equiprobable, hence not allowing for any statistical learning of the word-image
pairs. Thus, participants likely generalized the previously learned word-word
associations to the conceptually matching word-image pairs.
When analyzing the fMRI data, we observed differences in the BOLD response to
object images corresponding to the previously expected trailing words compared to
unexpected objects. Specifically, BOLD responses were suppressed to expected
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compared to unexpected objects throughout the ventral visual stream, including early
visual cortex, resembling results of previous studies investigating visual statistical
learning (Kaposvari et al., 2018; Richter & de Lange, 2019, for a review see: de Lange
et al., 2018, but also Feuerriegel et al., 2021). Underlying this suppression of sensory
responses appeared to be a dampening of sensory representations for expected input,
as indicated by expectation suppression exclusively for preferred but not for nonpreferred stimulus categories. Predictions seemed to selectively suppress neural
populations tuned towards the expected stimuli, akin to previous studies showing
evidence for dampened sensory representations for expected input (Han et al., 2019;
Kumar et al., 2017; Meyer & Olson, 2011; Richter et al., 2018). Curiously, while the
behavioral expectation effect did extinguish over time, presumably reflecting the
learning of the new non-predictive associations during fMRI scanning, the suppression
of BOLD responses remained evident over the entire duration of the experiment. This
suggests a potential dissociation between the suppression of sensory responses and
behavioral facilitation.
Prediction errors in early visual cortex from category priors
Participants learned word-word pairs, hence any predictions during exposure to the
word-image pairs must have originated at the level of category expectations, such as
predicting the stimulus category “dogs” given a leading word “car”. Dogs can have
different shapes, colors, sizes and can assume different body positions, or more
generally speaking, low-level visual features can vary dramatically yet still refer to the
exemplar repetitions within a run. Thus, it seems unlikely that category priors resulted
in the prediction of specific low-level features that were relevant for EVC
representations, such as oriented edges in retinotopically specific locations (Hubel &
Wiesel, 1962). Yet, we did observe reliable expectation suppression in EVC. How can
we account for this observation?
It is possible that category expectations initially resulted in predictions of semantic and
high-level visual representations of the associated objects. That is, dogs share
semantic and high-level visual features, such as four legs, eyes and a nose. Thus,
expected stimuli may result in facilitated neural processing initially by virtue of those
shared features. As the predictions spread throughout the visual hierarchy, EVC may
also be modulated via recurrent hierarchical processing. That is, if processing in higher
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(visual) areas is facilitated by the categorical predictions, then lower visual areas may
also faster, or more efficiently, converge on a valid interpretation of the current visual
stimulus due to more reliable and abundant feedback signals from higher visual areas.
This explanation fits well within a hierarchical predictive coding framework (Friston,
2005; Rao & Ballard, 1999; for a review see: Walsh et al., 2020). Indeed, from the
perspective of hierarchical predictive processing the present results may represent a
faster and more efficient resolution of prediction errors throughout the visual system
due to valid predictions. In other words, conceptual and high-level visual feature
predictions aid in resolving prediction errors in higher (visual) cortical areas, which
through recurrent message passing across the visual hierarchy in turn also reduces
prediction errors (i.e., explain away activity) in early visual cortex. Thus, our results
add to the growing evidence how predictions in the sensory brain can benefit from
prior knowledge acquired from various sources (de Lange et al., 2018; Walsh et al.,
2020), as in this case, priors learned in a different domain, and generalized probably
via conceptual associations, subsequently affecting neural responses processing
throughout the visual hierarchy. These results also echo conclusions from previous
work showing that sentences and lexical-semantic primes can modulate early sensory
processing (Dikker & Pylkkanen, 2011; Hirschfeld et al., 2011).
Sensory priors from generalized associations following incidental statistical
learning
In line with the present results, prior work also showed that the expectation of higherlevel attributes of complex stimuli (e.g. category expectations) can facilitate perceptual
processing (Lupyan & Ward, 2013; Stein & Peelen, 2015), hence suggesting that
conceptual knowledge can serve as a prior for visual processing. However, a crucial
difference between previous and the present study is that we assessed the learning,
generalization

and

subsequent

sensory

consequences

of

novel

(arbitrary)

associations following incidental statistical learning. That is, here we do not rely on
well-established congruency effects, such as the word “dog” predicting the image of a
dog (Gandolfo & Downing, 2019; Puri et al., 2009). Rather, we show how statistical
regularities are acquired incidentally in one domain (e.g. the word “car” predicting the
word “dog”), generalize to a conceptual level (i.e., abstracted from the lexical items) to
subsequently serve as a sensory prior to facilitate processing of the visual features
associated with the predicted image (a picture of a dog, following the word “car”).

84

72

Conceptual associations generate sensory expectations throughout the visual system

Interestingly, we observed this generalization and application of the sensory priors,
even in the absence of any statistical regularities during exposure to the word-image
pairs. That is, the priors derived from the word-word pairs were applied to the wordimage pairs even though the new statistical environment did not allow for reliable
predictions, demonstrating the propensity of the brain to use sensory priors. Thus, our
brain readily utilizes high-level conceptual associations to construct concrete sensory
predictions, thereby using knowledge of relationships between stimuli abstracted
beyond the domain in which they were initially learned.
Distinct effects of priors on sensory processing and behavior
Participants showed faster responses to object images that corresponded to
previously expected trailing words. This behavioral facilitation was present during the
initial runs and then disappeared over the course of fMRI scanning because the object
images were in fact equiprobable. Thus, participants appeared to unlearn the previous
associations, resulting in equal reaction times to (previously) expected and
unexpected objects during the final run. Surprisingly, we did not find an extinction of
the sensory suppression effect in visual cortex. In fact, even in the final run we did find
evidence for expectation suppression. Taken at face value, these results suggest that
the observed sensory suppression is distinct from, and does not reflect an
epiphenomenon of, behavioral facilitation. This is in line with previous reports of
sensory suppression following visual statistical learning, which have been observed
with task-irrelevant predictions and even when no motor responses were made
that the sensory priors underlying expectation suppression may differ (in their
application) from those underlying the behavioral effect, and the later decision and
response stages of cortical processing may adapt to new environments before
concurrent modulations in sensory cortex arise. However, we note that the neural data
was noisy when analyzed on a run level, thus caution is warranted in the interpretation
of these results and future work is needed to further assess the possible dissociation
between the here observed behavioral and sensory effects of prediction.
Interpretational limitations
Words referring to objects can modulate neural activity in category-selective visual
areas (Kan et al., 2003; Kiefer, 2005). This raises the possibility that the expectation
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effect in the present study was induced by the leading words triggering the associated
trailing words, which in turn may have activated corresponding category-selective
visual areas. An unexpected object would then lead to activation in addition to the
anticipated stimulus, superficially appearing as a prediction error signal. In this case,
the object associations would not need to be generalized or operate at a conceptual
level to predict object images from the word-word pairs. Instead, processing of the
object images would be modulated via the recalled word and its automatic activation
of the respective category-selective visual areas. While this account cannot be ruled
out conclusively, our data speaks against this interpretation. We did not observe any
expectation suppression for non-preferred stimulus categories, even though the neural
populations were reliably driven by the non-preferred stimuli. If leading words
automatically recall trailing words, which in turn lead to the (pre-)activation of categoryselective visual areas, we would have expected to see enhanced responses to
unexpected stimuli also for non-preferred stimulus categories, not selectively for
preferred stimulus categories.
Relatedly, we interpreted the present results in the context of hierarchical predictive
coding accounts, implying that prediction errors are feature specific; that is
representing features relevant to each level of the visual hierarchy (Clark, 2013;
Friston, 2005; Walsh et al., 2020). However, while hierarchical predictive coding well
explains the present results, our data does not elucidate what the prediction error
signals represent. An alternative account may hold that prediction error signals are
feature unspecific, representing only a gain modulation of sensory responses driven
by (dis-)confirmed predictions. On this account the mismatch between prediction and
seen stimulus could be detected in higher visual areas, or even outside of visual cortex,
and only an unspecific surprise signal is relayed back to visual cortex. This surprise
signal, resulting in increases in arousal or attention, could then yield a proportional
increase of sensory responses to the unexpected stimuli without any prediction error
calculation or feature specific prediction (error) in sensory cortex (Alink & Blank, 2021).
We cannot rule out this alternative account. However, again the observation that
expectation suppression was exclusively present for preferred stimulus categories
favors an explanation based on feature specific prediction errors, because an
unspecific surprise response should also be evident for non-preferred stimuli (i.e.,
proportional to the sensory response). That said, the present results do not
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demonstrate which (visual) features were predicted and consequently what the
prediction errors represented. It is conceivable that while superficially resembling
previous reports of sensory prediction errors (Han et al., 2019; Kok et al., 2012; Richter
et al., 2018), the present prediction error signals could differ in representational
content due to the different nature of the utilized priors.

Conclusion
In sum, our results demonstrate a widespread modulation of visual processing by
sensory predictions, independent of behavioral facilitation. Crucially, the predictions
were based on sensory priors generalized across domains from words pairs to wordimages pairs, following incidental statistical learning. Thus, the sensory brain appears
to spontaneously use various sources for forming and applying priors, including
conceptual and high-level visual priors based recently acquired conceptual
associations. Such priors subsequently modulate processing throughout the ventral
visual hierarchy, including early visual cortex, resulting in a marked suppression of
sensory responses to expected compared to surprising visual input.

Materials and Methods
Preregistration and data availability

the data were analyzed. The preregistration form is available at the DOI:
10.17605/OSF.IO/RYJBN. Of the preregistration, this paper discusses how perceptual
processing is influenced by statistical regularities at a conceptual level. The questions
related to where the brain represents such conceptual associations will be explored in
a future study. The experiment procedures were executed as outlined in the
preregistration document, unless specified otherwise in the sections below. All data
and code are openly available at the Donders Institute for Brain, Cognition and
Behavior repository (https://data.donders.ru.nl/).
Participants and data exclusion
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Thirty-seven healthy participants were recruited from the Radboud University
participant pool. We aimed for a sample size of 34 to obtain ≥80% power to detect a
medium effect size (d = 0.5) at the standard alpha = .05. The study was approved by
the local ethics committee (CMO Arnhem-Nijmegen, Radboud University Medical
Center) under the general ethical approval for the Donders Centre for Cognitive
Neuroimaging (Imaging Human Cognition, CMO 2014/288). Written informed consent
was obtained from each participant before the experiment. All subjects had a normal
or corrected-to-normal vision. The participants were invited for a behavioral session
and an fMRI session on two consecutive days. The reimbursement was 8€/hour for
the behavioral session (day 1) and 10 €/hour for the MRI session (day 2). We excluded
three participants based on our pre-registered exclusion criteria. One participant was
excluded from the fMRI analyses due to excessive head motion during scanning,
defined as the percentage of frame-wise displacements exceeding 0.2 mm being 2
SD above the group mean. Two additional participants were excluded from all
analyses due to incomplete datasets, resulting from premature termination of the
experiment due to participants not complying with task instructions. The remaining 34
participants (21 females; age 25 ± 3 years, mean ± SD; range 19–34 years) were
included in all analyses.
Stimuli and experimental paradigm
Stimuli
We used a total of 16 objects presented as both words and images. The word stimuli
subtended approximately 2–5.8 degrees of visual angle horizontally and 1 degree
vertically. The length of the words was between 3 and 8 letters (5.1 ± 1.9, mean ± SD).
All object images were selected through a manual search, except for the face images.
Face images were chosen from the Radboud face dataset (Langner et al., 2010). The
images spanned approximately 6° x 6° visual angle. All stimuli (both words and images)
were from two semantic categories: animate (living) and inanimate (non-living). Each
category consisted of several sub-categories. Specifically, the animate object words
were: dog, elephant, mushroom, rose, man, woman, hand, foot. The inanimate object
words were: airplane, car, backpack, hat, house, church, hammer, spoon. Of these,
four animate and four inanimate object words served as leading words and four of
each animacy category as trailing words and trailing images. For each trailing image
10 different exemplar images were used to avoid repetition of the same exemplar
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within a run. All stimuli were presented on a mid-gray background. Custom scripts,
written in Matlab utilizing the Psychophysics Toolbox extensions (Brainard, 1997;
Kleiner et al., 2007; Pelli, 1997), were used for stimulus presentation. During the wordword session the stimuli were presented on an LCD screen (BenQ XL2420T, 1920 ×
1080 pixel resolution, 60 Hz refresh rate). During MRI scanning stimuli were presented
on a MRI compatible LCD screen (Cambridge Research BOLDscreen 32, 1920 × 1080
pixel resolution, 60 Hz refresh rate), visible using an adjustable mirror mounted on
the head coil.
Procedure
Subjects participated in two sessions on two consecutive days. The first day was a
behavioral session (‘word-word session’) and the second day an MRI session (‘wordimage session’), including an object categorization and a functional localizer task.
Word-word session
Unbeknownst to the participants, the word-word session served as a learning session
of the statistical regularities. During each trial, two words, referring to two different
objects, were presented sequentially, each for 0.5 s, with an inter-trial interval (ITI) of
1-3 s randomly sampled from a uniform distribution (Figure 4.5A). A fixation bull's-eye
(0.3° visual angle in size) was presented throughout the experiment. The objects
belonged to two groups: animate or inanimate. The participants’ task was to indicate
whether both object words were animate or inanimate. That is, participants needed to
indicate whether the objects were congruent (i.e. both animate or both inanimate) or
1.5 seconds after the onset of the trailing word. Feedback on behavioral performance
was provided at the end of each run, using accuracy and reaction time. The button
mapping was counterbalanced across participants (odd/even subject IDs). There were
in total seven runs, with each run consisting of 216 trials.
Expectations were induced by manipulating the transitional probabilities of the word
pairs. The transitional probabilities and the object words themselves were determined
by an 8 x 8 transitional probability matrix (Figure 4.5C). For each leading word, the
paired (expected) trailing word occurred with a probability of ~74% while any other
trailing word (unexpected) appeared with a probability of ~3.7%. The specific pairings
of leading and trailing words were randomized for each participant. Eight expected
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word pairs were randomly selected for each subject and balanced with respect to
button mappings, i.e., half of the object pairs were of the same animacy category while
the other half were from the different animacy category.
On the next day, the participants performed an additional word-word session in order
to consolidate the learned associations. This session included two runs of the wordword task outside of the MRI scanner and another 104 trials inside the MRI scanner,
during which an anatomical image was acquired.

Figure 4.5. A) A trial of the word-word session. Two object words were presented
sequentially, without ISI, each lasting 500 ms. The first word probabilistically predicted
the second word. Each trial ended with a 1-3 s ITI. B) A trial of the word-image session.
Like the word-word session, two objects were presented but the trailing object word
was replaced by a corresponding object image. Crucially, during this session the
trailing object images were not predictable given the leading word. The leading word
and trailing images were presented sequentially for 500 ms each, without ISI, followed
by a 3-15 s ITI. C) The transitional probability matrix of the word-word session,
determining the associations between word pairs. L1 to L8 represent leading words
and T1 to T8 represent the trailing words. Green labels indicate that the word refers to
an animate object while red indicates an inanimate object. Blue and orange cells
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denote expected and unexpected word pairs respectively. The number inside each
cell indicates the number of trials in the corresponding conditions per run. D) The
transitional probability matrix of the word-image session. The matrix was identical to
the word-word session except for 3 changes. First, T1-T8 represent trailing images
instead of words. Moreover, a no-go condition was added in which the trailing images
were of the same object as the leading words. Finally, the leading words were no
longer predictive of the specific trailing stimulus, instead one of two equiprobable
trailing images were associated with each leading word, one of which was the
previously expected object. Thus, the blue cells represent the object images
corresponding to the (previously) expected words, while the orange cells represent
object images that correspond to the unexpected words.

Word-image (MRI) session
During fMRI scanning participants were exposed to word-image pairs. The leading
words were the same as in the word-word session while the trailing words were
replaced by corresponding object images. Each stimulus was presented for 500 ms
followed by a variable ITI of 3–15 seconds (mean = 5 s), randomly sampled from a
truncated exponential distribution. Participants indicated whether the trailing object
was animate or inanimate by button press. Additionally, we added a no-go condition,
requiring participants to withhold their responses when the leading word and trailing
image referred to the same object (e.g. the word “dog” followed by an image of a dog).
We also modified the transitional probabilities. Specifically, expected pairs remained
the same, but one unexpected trailing image was selected for each leading word.
Crucially, the expected and unexpected trailing images were now equiprobable,
image as expected or unexpected depended completely on the participants,
spontaneously and without instruction, generalizing the associations learned during
the word-word session to the word-image pairs. For each trailing object category we
used 10 distinct exemplars, with each exemplar being shown only once as expected
and once as unexpected image per run. Moreover, the exemplars varied in orientation,
color, shape, and other low-level visual features to reduce the possibility that
participants associated specific low-level visual features with the object category. The
selected expected and unexpected trailing images were always from different animacy
categories such that participants could not predict the button response based on the
leading words. Participants had to respond within 1.5 seconds after the onset of the
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appearing equally often given a leading word. Therefore, the status of a trailing object
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trailing images. Feedback on accuracy and reaction time were provided at the end of
each run. Participants first performed a brief practice run (12 trials, ~2 min), which was
followed by four runs of the main task. Each run (~9 min) consisted of 88 trials,
including 40 trials per expectation condition and 8 no-go trials. The presentation order
was fully randomized.
Functional localizer
Finally, participants performed a functional localizer, consisting of three types of stimuli:
words, intact images, and globally phase-scrambled images. Participants were
instructed to respond by button press whenever two consecutive images were
identical while keeping their gaze at the central fixation point. The task consisted of
three runs in a block design. Each run (~8 min) included 16 word blocks, 16 intact
image blocks, 8 phase-scrambled image blocks, and 4 null-event blocks. Each
stimulus type was presented fifteen times per block, each time flashing at 1.4 Hz (500
ms on, 200 ms off) for 10.5 s. The order of blocks (intact and phase-scrambled images)
was fully randomized.
fMRI data acquisition
Functional and anatomical images were collected on a 3T Skyra MRI system
(Siemens), using a 32-channel head coil. The functional images were acquired using
a whole-brain T2*-weighted multiband-4 sequence (TR/TE = 1500/33.4 ms, 68 slices,
voxel size 2 mm isotropic, FOV = 210 mm, 75° flip angle, A/P phase encoding direction,
bandwidth = 2090 Hz/Px). The anatomical images were acquired with a T1-weighted
MP-RAGE (GRAPPA acceleration factor = 2, TR/TE = 2300/3.03 ms, voxel size 1 mm
isotropic, 8° flip angle).
Data analysis
Behavioral data analysis
Behavioral data were analyzed in terms of accuracy and RTs. The expectation benefits
were defined as higher accuracy (expected – unexpected) and faster RTs (unexpected
– expected) to expected stimuli. The accuracy was calculated separately for expected
and unexpected trials for each subject and analyzed with a paired t-test. For RT
analysis, only correct responses were analyzed. The trials with RTs faster than 100
ms and slower than 1500 ms were rejected from further analysis. These RTs were
then averaged for each expectation condition separately per participant and subjected
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to a paired t-test across subjects. The effect size of differences was calculated in terms
of Cohen's dz (Lakens, 2013). A Bayesian t-test with a Cauchy prior width of 0.707
was used to assess any non-significant results. All standard errors of the mean (SEM)
shown in the present paper were calculated as the within-subject normalized SEM
(Cousineau, 2005). Since the unexpected trailing word trials can required a change in
the response during the word-word session, we additionally assess expectation effects
without response adjustments. To this end we split the unexpected trailing word trials
into two groups depending on whether they required the same button response as the
expected trailing words or not.
fMRI data preprocessing
fMRI data preprocessing was performed using FSL 5.0.9 (FMRIB Software Library;
Oxford, UK; www.fmrib.ox.ac.uk/fsl; RRID:SCR_002823). The preprocessing pipeline
included brain extraction (BET), motion correction (MCFLIRT) and temporal high-pass
filtering (128 s). For the univariate analysis, the data were spatial smoothed with a
Gaussian kernel (5 mm FWHM). For the multivariate analysis, no spatial smoothing
was applied. Functional images were registered to the anatomical image using
boundary-based registration (BBR) as implemented in FLIRT and subsequently
normalized to the MNI152 T1 2 mm template brain using linear registration with 12
degrees of freedom. To allow for signal stabilization, the first four volumes were
discarded in each run.
Univariate data analysis

voxel-wise GLMs to each run’s data, using FSL FEAT. We modeled the events of
interest (expected, unexpected, and no-go) as three separate regressors with a
duration of one second (the combined duration of leading word and trailing image) and
convolved them with a double gamma hemodynamic response function. Contrasts of
interest were the expected minus the unexpected images, yielding expectation
suppression. In addition, the first-order temporal derivatives of the regressors of
interest and 24 motion regressors (FSL’s standard + extended set of motion
parameters) were added as nuisance regressors. FSL’s fixed effects analysis was
used to combine data across runs while the FSL’s mixed effects analysis (FLAME 1)
was used to combine data across participants. Gaussian random-field cluster
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We modeled BOLD signal responses to the different experimental conditions by fitting
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thresholding was used to correct for multiple comparisons, using the default settings
of FSL, with a cluster formation threshold of p < 0.001 (z ≥ 3.1) and a cluster
significance threshold of p < 0.05.
Region of interest (ROI) analysis
Three ROIs (EVC, LOC and VTC, see ROI definition) were selected to examine
expectation suppression in the ventral visual stream. For each ROI the mean
parameter estimates were extracted separately for expected and unexpected
conditions per participant in native space (i.e., without normalization to MNI space).
The parameter estimates were then divided by 100 to yield percent signal change
relative to baseline (Mumford, 2007). These mean parameter estimates were
submitted to paired t-tests for each ROI. Cohen’s dz was calculated as a measure of
effect size. Additionally, we performed a similar ROI analyses for each run separately
to assess the expectation effect over time.
ROI definition
To examine the expectation effects throughout the visual hierarchy, we defined three
ROIs: EVC, object-selective LOC, and category-selective VTC. The preregistered
EVC and LOC were used to investigate modulations by expectation at the low-level
and intermediate object-selective visual regions. In addition to the ROIs from the
preregistration, we added VTC to further examine potential activity modulations by
expectation in higher category-selective regions that are sensitive to the distinction
between animate and inanimate objects (Thorat et al., 2019).
EVC was defined as the union of V1 and V2. FreeSurfer 6.0 (General Hospital
Corporation, Boston MA, USA, RRID:SCR_001847) was used to extract labels for V1
and V2 per subject based on their anatomical image. These labels were then
transformed to native EPI space and combined into a bilateral mask. Object selective
LOC was defined as voxels within an anatomical LOC mask, derived from the HarvardOxford cortical atlas, that were more responsive to intact compared to phasescrambled objects. To this end, we modeled the three types of stimuli during the fMRI
localizer runs (words, intact and phase-scrambled objects) with their corresponding
duration (10.5 s). First-order temporal derivatives and 24 motion regressors were
added as nuisance regressors. The contrast of the intact object minus scrambled
objects was thresholded at z >= 4.3 (one-sided, p < 1e-5) and further constrained by
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the anatomical LOC mask. The resulting LOC masks all contained at least 600 voxels
in native space per participant. The VTC ROI mask was created using anatomical
masks from the Harvard-Oxford cortical atlas, including the temporal-occipital fusiform
cortex, the temporal gyrus, and the parahippocampal gyrus. The resulting mask was
transformed from MNI space to the participants native space using FSL FLIRT. To
ensure that the final ROI masks contained the most informative voxels regarding the
object images, we constrained each mask to 300 voxels forming the most informative
neighborhood by using multi-voxel pattern analyses (see: Multi-voxel pattern analysis).
Specifically, we decoded object category during the functional localizer per participant.
As a robustness check for all ROI analyses, we repeated all ROI analyses with mask
sizes ranging from 50 to 600 voxels in steps of 50 voxels.
Expectation suppression selectivity analysis
First, a GLM based analysis was performed using the data from the word-image
session. However, now we modeled the expected and unexpected events for each
animacy category separately, thus resulting in four regressors of interest (expected
animate, unexpected animate, expected inanimate and unexpected inanimate).
Additionally, we also modeled the no-go condition and the nuisance regressors (same
as above). Next, for the three anatomical masks (EVC, LOC, and VTC) we selected
voxels that preferentially responded to animate or inanimate object images.
Preference was estimated using the independent localizer data, for which we modeled
the image stimuli separately for animate and inanimate object images. Then the
responsive (highest z-scores) to animate compared to inanimate object images. The
inverse contrast (inanimate – animate) was used to identify 300 voxels that were more
responsive to inanimate object images. The ROI masks, split into animate preferred
and inanimate preferred, were then applied to the main task data to obtain the mean
parameter estimates for expected and unexpected trailing images per animacy
category. The mean parameter estimates were then averaged by stimulus preference.
In other words, animate stimuli contributed to animate preferring voxels together with
inanimate stimuli for inanimate preferring voxels. Thus, this analysis results in four
datapoints per participant and ROI (EVC, LOC, VTC): expected preferred stimuli,
unexpected preferred stimuli, expected non-preferred stimuli and unexpected nonpreferred stimuli. For each ROI, the data were submitted to a 2 × 2 RM ANOVA with
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expectation (expected, unexpected) and preference (preference or non-preference)
as factors. The BOLD response difference between expected and unexpected trials
for each preference category was examined using a planned paired t-test. Partial etasquared (η2) and Cohen’s dz were calculated as effect size for the RM ANOVA and
paired t-test respectively. Bayesian t-tests were used to assess evidence for the
absence of an effect.
Multi-voxel pattern analysis
For the multi-voxel pattern analyses, no spatial smoothing was applied. Parameter
estimate maps per localizer trial were estimated using a GLM based LS-S approach
(Mumford et al., 2012). Each model contained four regressors of interest: one for the
trial of interest and three for all other trials per condition (expected, unexpected and
no-go). The resulting parameter estimate maps were subsequently used in a
searchlight analysis with a sphere of 6 mm radius. A leave-one-run-out classifier, using
linear SVM, was fit to the four object categories (i.e. faces, body parts, buildings, and
tools) as classes. The classifier was trained and tested on the independent localizer
data across the whole brain for each participant in native space. The resulting
decoding accuracy maps were then used to constrain the ROI masks per participant.
We also used a classification analysis to test how object representations in the visual
ventral stream were modulated by conceptual associations. This analysis was
complimentary to the “Expectation suppression selectivity analysis” outlined above. A
classified was trained on the parameter estimate maps from the localizer run to
distinguish between animate and inanimate objects in an expectation free context
using a linear SVM For each main task run, voxel-wise GLMs were fit with a regressor
for each trailing image per expectation condition. Again, the 24 motion regressors and
temporal derivatives were added to the model (see fMRI data analysis). Finally, the
decoder was tested on the obtained trailing image parameter estimates per run. The
decoding performance of the expected and unexpected conditions was compared
using a paired t-test.
Software
PsychToolbox (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997) running on MATLAB
R2017b (The MathWorks, Natick, MA, USA, RRID:SCR_001622) was used for stimuli
presentation. MRI data preprocessing and analysis was performed using FSL 5.0.9
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(FMRIB Software Library; Oxford, UK; RRID:SCR_002823) and FreeSurfer 6.0
(General Hospital Corporation, Boston MA, USA, RRID:SCR_001847). Python 3.7.4
(Python Software Foundation, RRID:SCR_008394) was used for data processing with
following libraries: NumPy 1.17.2 (van der Walt et al., 2011), Pandas 0.25.1 (McKinney,
2010), nilearn 0.8.1 (Abraham et al., 2014), Scikit-learn 0.18.1 (RRID:SCR_002577);
Matplotlib 3.1.1 (Brett et al., 2019) and Nanslice (Hunter, 2007) were used for data
visualization. Pingouin 0.2.9 (Wood, 2017/2020) was used for statistical tests,
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including RM ANOVA, paired t-tests and Bayesian analyses.
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Supplementary Information

Figure S4.1. Expectation suppression over a range of ROI sizes
The differences of the BOLD responses between expected (blue) and unexpected
(orange) conditions in all three ROIs are stable over a wide range of ROI sizes, from
50 to 600 voxels with steps of 50. The vertical dashed lines indicate the BOLD
responses at the pre-defined ROI size of 300 voxels (same as in Figure 2C).

Run 1

Run 2

t(33) = 1.264,
EVC : p = 0.215,
dz = 0.217

t(33) = 2.514,
p = 0.017,
dz = 0.431

LOC:

t(33) = 0.435,
p = 0.666,
dz = 0.075

VTC:

t(33) = 0.313,
p = 0.756,
dz = 0.054

Run 3

Run 4

= 0.528,
p = 0.601,
dz = 0.091

t(33) = 2.006,
p = 0.053
dz = 0.344

t(33) = 2.067,
p = 0.047,
dz = 0.355

t(33) = 0.067,
p = 0.947,
dz = 0.012

t(33) = 2.227,
p = 0.033,
dz = 0.382

t(33) = 2.584,
p = 0.014,
dz = 0.443

t(33) = 0.153,
p = 0.879,
dz = 0.026

t(33) = 2.095,
p=0.044,
dz = 0.359

(33)

Table S4.1. Results of paired t-tests comparing the BOLD responses to expected
and unexpected object images for each run in all three ROIs. Results suggest that
expectation suppression is still robustly present within the final run.
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Expected

Unexpected

EVC:

t(33) = 10.773,
p = 2.4e-12,
dz = 1.847

t(33) = 9.594,
p = 4.5e-11,
dz = 1.645

LOC:

t(33) = 11.059,
p = 1.2e-12,
dz = 1.897

t(33) = 12.403,
p = 5.7e-14,
dz = 2.127

VTC:

t(33) = 12.954,
p = 1.7e-14,
dz = 2.222

t(33) = 14.512,
p = 7.1e-16,
dz = 2.487

Table S4.2 Robust neural activation to non-preferred stimuli
Results of one-sample tests comparing the BOLD responses to non-preferred stimuli
against zero (no response) for each expectation condition in all ROIs. Results
demonstrate that voxels in all three ROIs significantly respond to non-preferred
stimulus categories.

Expected

Unexpected

EVC:

t(33) = 11.917,
p = 1.7e-13,
dz = 2.044

t(33) = 15.206,
p = 1.8e-16,
dz = 2.608

LOC:

t(33) = 15.560,
p = 9.3e-17,
dz = 2.669

t(33) = 14.256,
p = 1.2e-15,
dz = 2.445

VTC:

t(33) = 19.823,
p = 6.7e-20,
dz = 3.400

t(33) = 16.318,
p = 2.3e-17,
dz = 2.799
Chapter 4

Table S4.3 Reliable decoding of stimulus category in all visual ROIs
Results of one-sample t-tests comparing the decoding accuracies against chance
level (50%) for each expectation condition in all ROIs. Results show that object
category could be decoded reliably within all ROIs.
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In this thesis I have examined how various forms of top-down predictions influence
sensory processing within the visual system, using fMRI. In this section, I will first give
a brief summary of the core findings of these studies and then discuss their relevance
for the understanding of this primary question.

Overview of core findings
In Chapter 2, I used fMRI to examine whether predictive coding or amodal completion
accounts better for the activity suppression in the early visual cortex during Kanizsa
illusion perception. To dissociate between these two hypotheses, we manipulated the
presentation of the inducer circles such that they could be perceived as persistently
present during the display of the illusion or not. When the inducers could be perceived
as persistent circles, we replicated the up- and down-regulation pattern shown in
previous studies (Kok & de Lange, 2014; Utzerath et al., 2019). However, when the
inducers could not be perceived as persistently present circles, we still found
enhanced activity at the illusory shape location, but the suppressive effects at the
inducer locations were absent. Thus, our results support the hypothesis that the
suppressive effects at the inducer locations are reflecting neural adaptation to
amodally completed circles, rather than a reduction in prediction error. Therefore, our
results suggest that the suppressive effects related to inducers are better explained
by the amodal completion account. We propose that the participants might amodally
complete them as occluded circles behind the illusory triangle. In turn, the amodally
completed circles could induce larger adaptation effects compared to other nonillusory conditions where amodal completion does not take place.
In Chapter 3, I focused on the question of whether predictions about upcoming input
incorporate global information about the spatial layout of co-occurring objects, or are
formed locally for each item present in the visual field. I found that participants were
able to utilize the learned co-occurrence statistics of multiple objects to guide their
expectations about upcoming layouts of objects. This was confirmed by the behavioral
learned layouts. Moreover, fMRI results revealed the presence of suppressive neural
responses to the temporally expected layouts in LOC, but only when the layouts were
familiar. On the contrary, no expectation suppression was observed for temporally
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expected compared to unexpected individual objects, when these objects were no
longer part of a familiar layout. This implies that individuals form predictions about
layouts, rather than individual objects. Furthermore, we shuffled the relative positions
of objects within a learned layout and showed that temporal expectation represents
the associated objects in a spatially structured unit. These results provided evidence
that predictions about future input are formed at the level of the global layout, rather
than the local objects, suggesting that the human brain utilizes object co-occurrence
statistics to guide temporal expectation.
Chapter 4 aimed to determine whether conceptual associations provides a source of
top-down predictions. In this chapter, I demonstrated that our brains take advantage
of conceptual associations to inform the top-down prediction that influences perceptual
processing. Specifically, participants generalized the learned associations of word
pairs to facilitate the discrimination of corresponding word-image pairs. Importantly,
expectation suppression was present throughout the ventral visual stream, including
early visual cortex, suggesting that the expectations derived from conceptual
associations modulate the perceptual processing even at early stages. Furthermore,
expectation selectively suppress neural populations tuned towards the expected
stimuli, indicating a dampening of sensory representations for expected input. These
findings suggest that predictions can be derived from conceptual knowledge, and
subsequently modulate the perceptual processing throughout visual system.

Expectation suppression as a consequence of fulfilled predictions
The main question of this thesis is how top-down predictions modulate perceptual
processing. In the past two decades, predictive coding has become a highly influential
theory to understand perception as an inference process. According to predictive
coding, prediction errors are reduced when top-down predictions are congruent with
the bottom-up sensory input (Rao & Ballard, 1999), resulting in a suppression of the
predicted neural responses in lower-level sensory areas. Such suppression may
mirror the properties of prediction errors and imply that the neural activity is inhibited
when the expectations are fulfilled, which makes expectation suppression a key
signature revealing how expectations modulate sensory processing. Indeed, this is
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what I found in Chapters 3 and 4, that is, the presence of expectation suppression
effects for expected compared to unexpected stimuli.
By contrast, the suppressive effects observed during the Kanizsa illusion in Chapter
2 are not likely to be explained by reduced prediction error. Instead, I found that the
suppression by the Kanizsa illusion is better explained by adaptation to the amodally
completed stimuli. Specifically, during occlusion periods participants could amodally
complete the inducers as circles in the illusory Kanizsa condition but not in the control
condition. Such amodally completed circles could generate stronger neural adaptation
in the illusory compared to the non-illusory condition, thus potentially explaining the
suppression effects at the inducer locations. Although our results provide evidence to
support the amodal completion account for the suppressive effects at the inducers,
the enhanced activity at the illusory shape regions could still be explained by predictive
coding. Since there is no bottom-up input directly activating the illusory shape regions,
the enhancement can only be the result of the feedback signals from higher-order
visual areas, such as LOC (Fang et al., 2008; Murray et al., 2002), putatively signaling
the object prediction.
It is worth noting that in our experiment the amodal completion of circles was
simultaneously accompanied by modal completion of the illusory triangle. It has been
shown that modal completion may reduce neural responses in primary visual activity
when participants group local elements into a global shape (Murray et al., 2002). Such
global shapes may increase the predictability of the sensory input and hence influence
the processing at early stages, which leads to a reduction in neural activity in lowerlevel brain regions. This is consistent with the predictive coding framework according
to which the activations in lower visual areas partly reflect the modulation by the
feedback of predictions from higher areas (Friston, 2009; Rao & Ballard, 1999).
Unfortunately, our results couldn’t disentangle the specific contribution of amodal
completion adaptation and the modal completion of the illusory triangle to the observed
neural modulations. Further experiments excluding the influence from modal
completion are needed to better understand how neural adaptation to the amodally
Chapter 5

completed stimuli unfolds in isolation.

Expectation operates at a global level
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So far, I discuss expectation suppression as a consequence of fulfilled predictions,
that is, neural responses are reduced when top-down prediction matches the bottomup sensory inputs. In Chapter 3, I investigated how participants capitalize on both the
co-occurrence statistics and transitional probabilities of the external environment to
guide their perception. In daily life, objects are rarely isolated from each other. Instead,
they often appear among other related objects within highly structured spatial
configurations. Our brains are sensitive to these regularities and take advantage of
them to form an efficient representation for frequently co-occurring objects. Such
higher-level representations do not only reduce the competitive interaction between
objects (Kaiser et al., 2014) but also improve visual working memory performance
(Brady et al., 2009). These findings suggest that representing object settings as a
whole instead of parts may be especially ecological and efficient. In line with these
studies, Chapter 3 provided evidence that participants were able to associate multiple
objects into spatially structured layouts based on statistical regularities. Additionally,
the neural responses to the frequently co-occurring objects were reduced compared
to the less frequently co-occurring objects in the ventral visual stream. Moreover, we
found that the suppression effects to the frequently co-occurring objects are robustly
present even when attention is diverted from the stimuli. This suggests that the
suppression of familiar layouts is pre-attentive and therefore an automatic process.
Taken together, these results indicate that humans take advantage of co-occurrence
statistics to form a more efficient representation of complex structures beyond
individual items.
Another interesting question is whether the efficient anticipation of such hierarchical
inputs (e.g., forest composed of trees) requires an integrative mechanism that
combines individual items into a higher-level structured representation. In Chapter 3,
I demonstrated that participants grouped simultaneously presented objects into
structured units, which were used to facilitate the processing of the temporally
predictable object sets. This indicates that the visual system represents the anticipated
sets of forthcoming objects as a whole, but not the individual items. Predicting objects
at the global level enables our brain to optimally represent the large number of objects
contained in real-world environments, thereby simplifying the predictive processing for
co-occurring objects. These results are consistent with the chunking hypothesis,
suggesting that the stimulus elements are grouped as higher-order chunks (Connolly,
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2014; Orbán et al., 2008; Perruchet & Poulin-Charronnat, 2012), which may serve as
mental units to represent the statistical relationship between stimuli.
These results also indicate that encoding the spatial layout may serve as a general
means to efficiently represent multiple objects. This is in line with recent studies,
suggesting that positional regularities play a key role in perceiving objects in the
environment (Kaiser et al., 2019; Kaiser & Peelen, 2018). For example, detection
performance can be enhanced if objects are presented in typically relative positions
(e.g., a lamp above a table) compared to the atypically relative positions (e.g., a table
above a lamp). These objects arranged in a typical relative position are represented
as a whole rather than individual objects, thus reducing the complexity of our
immediate surroundings.
Another interesting question is whether expectations can be constructed based on
low-level visual attributes. Instead of high-level object content, the visual system could
represent collections of objects by calculating the ensemble statistics as a
compressed, efficient representation (Alvarez, 2011). For instance, Brady et al. (2011)
found that the remembered size of individual items in a display was biased toward the
mean size of all items in the display. Therefore, such ensemble representations may
be used to form efficient expectations for upcoming object sets. However, this was not
supported by our results. In Chapter 3, I observed that the expectation suppression
effects were present in the structured layout but absent in the shuffled layout, even
though both of these conditions shared similar ensemble statistics.

Conceptual knowledge as a source of visual expectation
An essential ability of the visual system is to understand the received sensory inputs
as meaningful concepts. Along the cortical hierarchy, sensory information is
abstracted into conceptual representations that relate to their meaningful identity
(Clarke & Tyler, 2015). Such concepts organize the relationship among individual
stimuli or events (Ralph et al., 2017) and can be used to infer related concepts. Such
affect perceptual processing (Boutonnet & Lupyan, 2015; Maier & Abdel Rahman,
2019). For instance, verbal stimuli can facilitate both detection and discrimination
performance of corresponding pictorial stimuli (Lupyan et al., 2007; Lupyan & Ward,
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2013; Stein & Peelen, 2015). This may be due to the fact that conceptual information
of both verbal and pictorial stimuli is encoded in higher-level amodal representations
(Carr et al., 1982; Khachatryan et al., 2019) which can serve as a contextual prior to
facilitate visual processing. Taken together, these findings indicate that conceptual
knowledge could be ideally suited as a source for generating predictions.
How do the probabilities between abstract concepts at higher areas translate to
perceptual features at lower areas? One solution is that the statistical regularities also
need to be encoded at multiple levels of abstraction. For example, Brady and Oliva
(2008) showed that after exposing participants to regularities of natural scene images
presented in a predictive order, the learned regularities were automatically transferred
to words representing the corresponding scene categories. This finding suggests that
statistical learning does not need to be tied to the visual features of the input, but can
be generalized into a more abstraction level. In this thesis, I provided evidence that
participants applied the learned associations of objects at the conceptual level to
facilitate the discrimination of corresponding physical object images. This finding
complements the notion that our brains take advantage of object associations at the
higher conceptual level to inform predictions at the perceptual level, suggesting that
predictive processing could be seen as a process of transformation from higher-level
abstract concepts to lower-level visual features. Moreover, utilizing the statistical
regularities at the higher conceptual level can provide an efficient way to form
expectations despite substantial appearance variation (e.g., due to viewpoint, position,
and illumination). Such mechanism not only reduces the variation information that
needs to be processed but also makes it easier to generalize learned regularities to
novel situations.
While conceptual knowledge can be a source to form top-down predictions that
facilitate behavioral performance, two significant issues arise. Firstly, the idea that
conceptual knowledge induces top-down effects on low-level sensory processing is
controversial (Boutonnet & Lupyan, 2015; Francken et al., 2015; Thierry et al., 2009).
Alternatively, the conflicts between predictions and inputs are resolved at higher levels
that are often referred to as post-perceptual, while our perceptual experiences remain
unchanged (Firestone & Scholl, 2014; Gleitman & Papafragou, 2005; Klemfuss et al.,
2012). Our results suggest that the predictions derived from conceptual associations
potentially influence perceptual processing at the very early stages, supported by the
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expectation suppression effects throughout the ventral visual stream. This is in line
with the hierarchically predictive processing, that each level in the hierarchy attempts
to predict the responses at the level below via feedback connections. Under this
scheme, top-down predictions are generated at the higher level and compared with
low-level representations of sensory inputs through descending neural pathways.
However, due to the poor temporal resolution of fMRI, it is still entirely possible that
the observed effects in early visual cortex arise after the perceptual experience,
potentially linked to post-perceptual processes such as updating or learning.
Another important question is from which brain regions do the conceptual predictions
originate. Although this question is not solved by this thesis, I discuss two plausible
candidate regions based on previous studies. The first candidate is the hippocampus,
which has been considered the top of the sensory hierarchy (Felleman & Essen, 1991).
Previous studies have shown that the hippocampus is involved in extracting statistical
regularities over both space and time in multiple different modalities (Davachi &
DuBrow, 2015; Gallagher & Frith, 2003; Turk-Browne et al., 2010; Wallenstein et al.,
1998). In addition to the hippocampus, the prefrontal cortex has also been linked to
statistical learning (Turk-Browne et al., 2009). Crucially, the medial prefrontal cortex is
associated with the integration of semantic knowledge (van Kesteren et al., 2012),
thereby making it suitable to encode the relations between amodal representations.

Conclusions
Perception has been considered as a process of hierarchical inference, which reflects
the integration of bottom-up sensory evidence and top-down predictions. In this thesis,
I investigated how various forms of prior knowledge influence perception and sensory
processing across the visual hierarchy. To this end, I employed fMRI experiments to
examine how our brains generate predictions and how such predictions modulate
perceptual processing by using stimuli at different levels of complexity, from the simple
visual features to the abstract concepts. I found that humans tend to construct
structured representation. Moreover, predictive processing is not constrained by
physical inputs only but is able to integrate information at the conceptual level, thereby
making it easier to generalize the learned regularities to novel situations. I hope these
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findings deepen our understanding of how anticipatory mechanisms operate in
complex environments.
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Waarneming fungeert niet als een wetenschappelijk instrument dat de zintuiglijke input
van de wereld meet. In plaats daarvan is het geconstrueerd op een manier die sterk
gebaseerd is op voorkennis. Ons visuele systeem helpt ons om op basis van
voorkennis te voorspellen wat er gaat gebeuren. Stel je voor dat een bekwame speler
zich voorbereidt om met een knuppel te zwaaien om een honkbal te raken. Als ze
alleen op visuele informatie vertrouwen, duurt het honderden milliseconden om te
weten waar honkbal op dit moment is en zouden ze geen schijn van kans maken. In
plaats daarvan kunnen ze zien waar het honkbal naartoe gaat en wanneer ze hun
armen moeten zwaaien om het honkbal te raken, afhankelijk van ervaringen uit het
verleden. Het vermogen om te anticiperen op het traject van het honkbal door te
vertrouwen op voorkennis, vermindert de noodzaak om een groot aantal mogelijke
oorzaken in overweging te nemen, wat een nauwkeurigere en snellere interpretatie
van gebeurtenissen met minder inspanning mogelijk maakt. In al deze gevallen maakt
het visuele systeem gebruik van voorkennis om de zintuiglijke signalen zoals
overgebracht door inkomend licht te interpreteren en te anticiperen op wat komen gaat,
wat suggereert dat verwachtingen een krachtige bron van informatie zijn die onze
waarneming fundamenteel vormt. In dit proefschrift heb ik onderzocht hoe
verschillende vormen van top-down voorspellingen de sensorische verwerking binnen
het visuele systeem beïnvloeden, met behulp van fMRI.
In Hoofdstuk 2 heb ik fMRI gebruikt om te onderzoeken of voorspellende codering of
amodale voltooiing beter verantwoordelijk is voor de activiteitsonderdrukking in de
vroege visuele cortex tijdens Kanizsa-illusieperceptie. Door de perceptuele stabiliteit
van de inducers te manipuleren, heb ik onderzocht of de onderdrukkende effecten
gerelateerd aan de inducers een verminderde voorspellingsfout of neurale aanpassing
aan de perceptueel stabiele input weerspiegelen. Onze resultaten suggereren dat de
onderdrukkende effecten gerelateerd aan inductoren beter kunnen worden verklaard
door het amodale voltooiingsaccount. We stellen voor dat de deelnemers ze amodaal
zouden kunnen invullen als afgesloten cirkels achter de illusoire driehoek. Op hun
beurt zouden de amodale voltooide cirkels grotere aanpassingseffecten kunnen
veroorzaken in vergelijking met andere niet-illusoire omstandigheden waar amodale
voltooiing niet plaatsvindt.
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In hoofdstuk 3 heb ik onderzocht hoe deelnemers profiteren van zowel de statistieken
van gelijktijdig voorkomen als de overgangskansen van de externe omgeving om hun
perceptie te sturen. In het dagelijks leven zijn objecten zelden geïsoleerd van elkaar.
In plaats daarvan verschijnen ze vaak tussen andere gerelateerde objecten binnen
sterk gestructureerde ruimtelijke configuraties. Onze hersenen zijn gevoelig voor deze
regelmatigheden en maken er gebruik van om een efficiënte representatie te vormen
voor veelvoorkomende objecten. Hoofdstuk 3 leverde bewijs dat deelnemers in staat
waren om meerdere objecten te associëren in ruimtelijk gestructureerde lay-outs op
basis van statistische regelmatigheden. Bovendien waren de neurale reacties op de
vaak gelijktijdig voorkomende objecten verminderd in vergelijking met de minder vaak
voorkomende objecten in de ventrale visuele stroom. Alles bij elkaar geven deze
resultaten aan dat mensen profiteren van statistieken over gelijktijdig voorkomen om
een efficiëntere weergave te vormen van complexe structuren die verder gaan dan
individuele items.
Hoofdstuk 4 had tot doel te bepalen of conceptuele associaties een bron van topdown voorspellingen vormen. In dit hoofdstuk heb ik laten zien dat onze hersenen
profiteren van conceptuele associaties om de top-down voorspelling die de
perceptuele verwerking beïnvloedt, te informeren. In het bijzonder generaliseerden de
deelnemers de geleerde associaties van woordparen om de discriminatie van
overeenkomstige

woord-beeldparen

te

vergemakkelijken.

Belangrijk

is

dat

verwachtingsonderdrukking aanwezig was in de hele ventrale visuele stroom, inclusief
de vroege visuele cortex, wat suggereert dat de verwachtingen die zijn afgeleid van
conceptuele associaties de perceptuele verwerking zelfs in vroege stadia moduleren.
Bovendien onderdrukken verwachting selectief neurale populaties die zijn afgestemd
op de verwachte stimuli, wat wijst op een demping van sensorische representaties
voor verwachte invoer. Deze bevindingen suggereren dat voorspellingen kunnen
worden afgeleid uit conceptuele kennis en vervolgens de perceptuele verwerking door
het visuele systeem kunnen moduleren.
Concluderend onderzocht dit proefschrift hoe onze hersenen voorspellingen
genereren en hoe dergelijke voorspellingen perceptuele verwerking moduleren door
gebruik te maken van stimuli op verschillende niveaus van complexiteit, van de
eenvoudige visuele kenmerken tot de abstracte concepten.
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The raw data are stored in the DAC in their original form. For RDC and DSC long-lived
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