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Abstract

To organize and filter visual information across visual space, the visual sys-

tem draws upon receptive fields, spatial attention, and perceptual grouping.

Receptive fields refer to the portion of visual space altering a neuron’s re-

sponse when visually stimulated. They represent the building blocks of topo-

graphic maps in visual cortex, where receptive fields of neighboring neurons

correspond to neighboring portions in the retina and visual space. This

retinotopy preserves the spatial arrangement of a visual scene. However,

receptive fields are not hard-wired spatial filters. Specifically, research on

perceptual grouping and spatial attention showed that receptive field prop-

erties depend on the observer’s perceptual-cognitive state. Spatial attention

allows us to prioritize information processing at particular locations in visual

space, and evidence suggests receptive fields shift towards attended locations.

Perceptual grouping allows us to bind together image elements into global

objects and segregate them from the background, and evidence suggests

neurons increase their response when their receptive fields contain elements

perceived as a figure compared to a background. Across several projects, this

thesis investigated this state-dependency at the level of topographic maps in

human visual cortex. To this end, an approach to back-project brain mea-

sures into visual space was developed, allowing for fine-grained read-outs

of topographic signatures. The first project focused on topographic signa-

tures of global object perception and points to a non-generic involvement

of higher object-sensitive cortex in perceptual grouping and a suppression-

enhancement mechanism, possibly mediating figure-ground perception. The

second project investigated topographic signatures of multifocal attention

and shows that changes in topographic signatures under uni- or multifocal

attention conditions cannot be distinguished from changes for test-retest
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data. The third project investigated flaws in quantifying topographic signa-

tures and highlights that prior summaries of topographic signatures might be

contaminated by regression artifacts. Collectively, these results underscore

the potentials and challenges of investigating state-dependent topographic

signatures.
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Chapter 1

Overview

1.1 Thesis rationale

When we open our eyes, the visual system is typically confronted with a

plethora of information, including different edges, textures, brightnesses,

motions, and shapes (Wertheimer, 1923). This rich information needs to

be organized and filtered across space and time so that we can perceive a

coherent world and interact efficiently with our environment. To achieve

these feats, the visual system draws – amongst other things – upon receptive

fields (RFs; Hartline, 1937; Sherrington, 1906).

An RF refers to a neuron’s lens on the world, that is, the portion of

visual space that can alter a neuron’s response when visually stimulated

(Hartline, 1937). RFs exist at all levels of the visual system – from the retina

(Kuffler, 1953) to the lateral geniculate nucleus (LGN; Hubel & Wiesel, 1961)

over the primary visual cortex (V1; Hubel & Wiesel, 1962) to higher-level

cortex (Desimone, Albright, Gross, & Bruce, 1984; Gross, Rocha-Miranda,

& Bender, 1972; Pasupathy & Connor, 2001). As such, they represent an

integral organizational feature of the visual system.

How do RFs help us perceive a coherent world? On the one hand, they

act like spatial filters, allowing the visual system to extract some and discard

other information (Lennie, 2003b). For instance, the RFs of simple cells in

V1 are organized in a way that allows oriented contrast to be extracted from

a visual scene, such as light-dark bars or edges (Hubel & Wiesel, 1962). On

the other hand, RFs form the building blocks of topographic maps for visual

space in the brain. More precisely, RFs of neighboring neurons correspond to
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neighboring portions of the retina, which correspond to neighboring portions

of visual space (Purves et al., 2018). This retinotopic mapping allows the

visual system to preserve the spatial organization of the visual scene right

in front of us.

The spatial resolution of this preserved topography, however, is not uni-

form. The size of RFs tends to increase in higher-level areas (e.g., Desimone

et al., 1984; Gross et al., 1972; Smith, Singh, Williams, & Greenlee, 2001)

and from the center of the visual field towards the periphery (e.g., Hubel

& Wiesel, 1961, 1962; Smith et al., 2001). Moreover, a neuron’s tuning for

space is combined with tuning for non-spatial features, such as contrast,

oriented contrast, curvature, or faces, with RFs in higher-level areas being

tuned to increasingly more complex features (e.g., Desimone et al., 1984;

Gross et al., 1972; Hubel & Wiesel, 1961, 1962).

Unlike the original definition of RFs indicates (Hartline, 1937), RF prop-

erties are not a fixed entity. For instance, research on spatial attention and

perceptual grouping suggests that RF properties in visual cortex depend on

an observer’s perceptual-cognitive state. Spatial attention is the process

that allows us to prioritize information processing at particular locations in

the visual field (Anton-Erxleben & Carrasco, 2013). This enables us, for

instance, to monitor our child in a busy playground area whilst ignoring

others. Perceptual grouping is the process that allows us to bind together

local image elements into global objects and segregate them from other ob-

jects in our visual field (Roelfsema, 2006). This permits us, for instance, to

perceive our child as a global entity and separate it from other children and

objects in a busy playground area. Accordingly, spatial attention is thought

to help the visual system filter information and perceptual grouping to help

organize a visual scene into global entities.

Studies on spatial attention show that neurons in V4 and the middle

temporal (MT) area shift their RF towards the location of attended loci in

the visual field (Anton-Erxleben, Stephan, & Treue, 2009; Connor, Gallant,

Preddie, & Van Essen, 1996; Connor, Preddie, Gallant, & Van Essen, 1997;

Womelsdorf, Anton-Erxleben, Pieper, & Treue, 2006; Womelsdorf, Anton-

Erxleben, & Treue, 2008), even if the attention locus is far away from the

RF (Womelsdorf et al., 2006). These findings suggest that spatial atten-

tion leads to a concentration of processing resources around the attention

locus and thus enhanced sensitivity. Similarly, studies on perceptual group-
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ing show that the response of neurons in V1 and V4 is increased when

their RF falls onto line elements perceived as a figure as compared to a

background (e.g., Lamme, 1995; Poort et al., 2012; Poort, Self, Van Vugt,

Malkki, & Roelfsema, 2016; Zipser, Lamme, & Schiller, 1996). This figure-

ground modulation only occurred around several tens of ms after the onset of

the neural response to visual stimulation, which was indistinguishable in the

figure and background condition (Lamme, 1995). These findings not only

indicate that perceptual grouping and thus global object perception results

in an enhanced representation of the figure relative to the background, but

also that the feedforward stream of information processing (e.g., from the

retina to the LGN to V1) does not distinguish between figure and ground.

Taken together, this line of evidence therefore speaks against RFs as

invariant filters. It has also inspired a discussion about the interplay between

feedforward (from lower to higher brain areas), horizontal (within a given

brain area), and feedback processing (from higher to lower brain areas) in

mediating this flexibility (e.g., Anton-Erxleben & Carrasco, 2013; Miconi &

VanRullen, 2016; Roelfsema, 2006; Roelfsema & Houtkamp, 2011).

Much of what we know about RFs and how malleable they are was

first established through invasive non-human animal research (e.g., Con-

nor et al., 1996; Hartline, 1937; Hubel & Wiesel, 1961, 1962; Kuffler, 1953;

Lamme, 1995; Smith et al., 2001; Womelsdorf et al., 2006; Zipser et al.,

1996)1. This line of research focused on RFs of single or a few neurons,

rendering the investigation of topographic RF profiles across one or multiple

brain areas difficult. Only with the advent of functional magnetic resonance

imaging (fMRI; Ogawa, Lee, Kay, & Tank, 1990) and population receptive

field (pRF) modeling (Dumoulin & Wandell, 2008; Smith et al., 2001) has it

became possible to systematically quantify such topographies non-invasively

in humans.

Unlike the RF of a single neuron, a pRF reflects the aggregate RF of a

population of neurons within a voxel (and most likely beyond). PRF mod-

eling uses biologically plausible models of how visual information is encoded

in the brain. Such encoding models consist of a mathematical function

that describes the structure of a pRF. To obtain voxel-wise pRFs estimates,

this function is fitted to stimulus-evoked fMRI responses in each voxel ob-

1Note that Smith et al. (2001) conducted a study involving humans. However, they
also concisely summarized findings from single-neuron recordings in monkeys.
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tained via a retinotopic mapping experiment (Dumoulin & Wandell, 2008).

Most commonly, pRFs are modeled as a symmetric 2D Gaussian function

(Dumoulin & Knapen, 2018; Dumoulin & Wandell, 2008), which allows pa-

rameters to be estimated for the position and size of pRFs in visual space.

PRF modeling has not only proven useful for quantifying topographic

profiles of pRF properties in both health and disease (Dumoulin & Knapen,

2018; Wandell & Winawer, 2015), but also for investigating the modulatory

effects of spatial attention on pRFs. In line with single-neuron recordings,

it has been found that pRFs shift towards the attention locus along a radial

or vertical path in both higher and lower visual areas (Klein, Harvey, &

Dumoulin, 2014; Vo, Sprague, & Serences, 2017). This effect was present

across the whole visual field and had a tendency to be more pronounced in

higher visual areas (Klein et al., 2014; Vo et al., 2017). Moreover, in lower

visual areas, the magnitude of pRF shifts was also tendentially larger farther

away from the attention locus (Vo et al., 2017). Collectively, these findings

point to a fairly global impact of spatial attention on pRFs, affecting the

whole visual field as well as different visual areas.

However, these studies fail to address how pRFs are modulated if we pay

attention to multiple loci simultaneously – a process commonly referred to

as multifocal attention. This is surprising given that many everyday activ-

ities require multifocal attention, such as monitoring children, crossing the

street, playing football, or watching television. Traditionally, spatial atten-

tion has been conceptualized as a limited resource that takes the form of a

spotlight (e.g., Kahneman, 1973; Posner, Snyder, & Davidson, 1980; Shaw &

Shaw, 1977). To account for multifocal attention, it has been proposed that

this spotlight splits into multiple foci (Castiello & Umiltà, 1992; McMains

& Somers, 2004, 2005; Morawetz, Holz, Baudewig, Treue, & Dechent, 2007;

Niebergall, Khayat, Treue, & Martinez-Trujillo, 2011b). Considering previ-

ous pRF work (Klein et al., 2014; Vo et al., 2017), this should result in vastly

different topographic profiles for uni- and multifocal attention conditions.

The potential of pRF modeling to reveal intricate topographic profiles,

however, goes well beyond the application to multifocal attention. In partic-

ular, given that pRFs directly refer to visual space, they can also be used for

back-projecting voxel-wise fMRI responses into the visual field. Compared

to visualizations in cortical space, such back-projections are easier to read

out and interpret. With visual space as a common reference frame, they
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are also easier to compare between participants, visual areas, experimental

conditions, or encoding models. As a result, they can be of great value when

it comes to investigating the topography of brain activity profiles. This ren-

ders them the method of choice for quantifying topographic profiles of global

object perception resulting from perceptual grouping processes.

Most commonly, back-projection is achieved by summing up voxel-wise

2D Gaussian pRF profiles that have been multiplied by a differential fMRI

response (Ekman, Kok, & De Lange, 2017; Kok, Bains, Van Mourik, Nor-

ris, & De Lange, 2016; Kok & de Lange, 2014; Shen, Han, & de Lange,

2020; Zipser, 2017). Using this approach, Kok and de Lange (2014) com-

pared global object perception (i.e., when perceptual grouping happens) to

local object perception (i.e., when perceptual grouping is absent) in V1 and

V2. Compared to control stimuli without an illusory figure, it has been

found that activity to an illusory figure is increased and activity to illusion-

inducing elements decreased, whereas activity in the remaining background

region remains unchanged. Along with single- or multi-neuron work (e.g.,

Lamme, 1995; Poort et al., 2012, 2016; Zipser et al., 1996), this suggests

that the visual system uses a response amplitude code to distinctively la-

bel multiple objects including the background. However, in these studies,

changes in perception were always coupled with changes in physical stimu-

lus properties. This renders it impossible to determine the source of activity

modulations unequivocally. Indeed, seemingly trivial stimulus manipula-

tions (Yan, Pérez-Bellido, & de Lange, 2021) have been shown to modulate

the pattern observed by Kok and de Lange (2014). Bistable stimuli are a way

to circumvent such issues. Here, perceptual changes occur without changes

in physical stimulus properties, providing a unique window to study global

object perception.

Besides stimulus confounds, it is important to appreciate that due to

its reliance on both pRF position and size, 2D Gaussian summation as a

back-projection technique comes with limitations. In particular, larger pRFs

would blur such back-projection profiles, potentially hampering interpreta-

tion and detection of topographic signatures. This can become problematic

in higher visual areas where pRF size tends to be larger (e.g., Alvarez, de

Haas, Clark, Rees, & Schwarzkopf, 2015; Amano, Wandell, & Dumoulin,

2009; Kay, Winawer, Mezer, & Wandell, 2013). PRF size has also been found

to be less reliable than pRF position (Benson et al., 2018; Lage-Castellanos,
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Valente, Senden, & De Martino, 2020; van Dijk, de Haas, Moutsiana, &

Schwarzkopf, 2016; Zeidman, Silson, Schwarzkopf, Baker, & Penny, 2018) as

well as more sensitive to the specific stimulus configuration used for retino-

topic mapping (Alvarez et al., 2015), limiting inter-experiment comparisons.

As such, the general aim of this thesis was to develop a complementary

back-projection approach that relies on pRF position only. This makes it

possible to back-project brain measures from higher and lower visual areas.

Building upon this general aim, the first specific aim consisted in apply-

ing this approach to investigate the fine-grained topographic profile of brain

activity related to global object perception in human visual cortex using

a bistable stimulus. The second specific aim was then to extend this ap-

proach to pRF estimates. This allowed the quantification of fine-grained

topographic profiles related to multifocal attention in human visual cortex.

In the scope of methods development and application, in particular by

pursuing the second specific aim, it became evident that the way topo-

graphic profiles for pRF estimates have been summarized and compared in

previous research is flawed. In particular, researchers often applied data

binning to compare average pRF estimates between two experimental con-

ditions. Data binning refers to grouping data points into intervals and cal-

culating interval-wise summary statistics. The two experimental conditions

can be conceptualized as a condition of Interest and a Baseline condition,

which can be regarded as repeat data (Benson et al., 2018; Senden, Reith-

ler, Gijsen, & Goebel, 2014; van Dijk et al., 2016), different attention (de

Haas, Schwarzkopf, Anderson, & Rees, 2014, 2020; Klein et al., 2014; van Es,

Theeuwes, & Knapen, 2018; Vo et al., 2017) or scotoma conditions (Barton

& Brewer, 2015; Binda, Thomas, Boynton, & Fine, 2013; Haak, Cornelissen,

& Morland, 2012; Prabhakaran et al., 2020) – to list but a few examples.

In previous work, pRF position estimates from an Interest and a Base-

line condition have, for instance, been binned according to pRF position

estimates from the Baseline condition and bin-wise averages calculated af-

terwards. This is thought to allow average position shifts to be determined;

that is, to compare the same observations per bin between conditions. How-

ever, using the same condition (i.e., the same noisy Baseline estimates) for

binning and comparing renders such procedures circular (Kriegeskorte, Sim-

mons, Bellgowan, & Baker, 2009). This circularity biases the bin-wise noise

components in the Baseline condition, eventually resulting in regression to
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the mean (Galton, 1886). As such, the third specific aim of this thesis was

to expose fundamental flaws in how topographic profiles were summarized

and compared in previous pRF research.

1.2 Thesis aims

The general aim was

• to develop a technique that allows brain measures from both lower

and higher visual areas to be back-projected into visual space to gen-

erate fine-grained topographic profiles that can be read-out straight-

forwardly.

The specific aims were

• to use this back-projection technique to investigate the fine-grained

topographic profile of brain activity related to global object perception

in human visual cortex,

• to use this back-projection technique to investigate the fine-grained

topographic profile of pRF position estimates related to multifocal

attention in human visual cortex, and

• to expose fundamental flaws in how topographic profiles were summa-

rized and compared in previous pRF research.

Whereas the first two specific aims have been addressed based on empiri-

cal data, for the third aim, a combination of synthetic data (obtained via

simulations) and empirical data was used.

1.3 Thesis structure

This thesis is split into six chapters. Chapter 1 – to which this section

belongs – gives an overview by introducing the thesis rationale, aims, and

structure. Chapter 2 consists of a general introduction to the organization

of the visual system, pRF modeling, global object perception, and spatial

attention. The empirical work on global object perception is described in

Chapter 3, whereas the work on flaws in quantifying topographic signatures
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is presented in Chapter 4. Chapter 5 presents the empirical work on multi-

focal attention2 and Chapter 6 consists of a general discussion.

2Note that although the project on multifocal attention has been defined as the second
specific aim of this thesis, it is presented after the work on flaws in quantifying topographic
signatures, which has been defined as the third aim. This is because pursuing the third
aim had direct implications for pursuing the second aim.
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Chapter 2

General introduction

2.1 Organization of the visual system

When we open our eyes, the visual system is typically confronted with an

overwhelming amount of information, including different edges, textures,

brightnesses, colors, and shapes (Figure 2.1, A.; Wertheimer, 1923). To en-

able object detection, recognition, and tracking, and therefore an efficient

interaction with the environment, this rich information needs to be orga-

nized and filtered across space and time. The need for spatial organization

becomes evident when considering what happens when a visual scene under-

goes fine-grained changes in color or contrast as compared to fine-grained

spatial scrambling. Only in the latter case, we are unable to reconstruct

what we are looking at (Wandell, Dumoulin, & Brewer, 2007). The need

for filtering becomes apparent when considering that more information is

admitted to the visual system than the brain can actually handle (Lennie,

2003b) and that the energy costs associated with neural activity only allow

for the concurrent activity of a subset of neurons (Lennie, 2003a).

To achieve spatial organization and filtering, the visual system relies –

amongst other things – upon RFs (Hartline, 1937; Sherrington, 1906). In-

formally speaking, an RF can be understood as a neuron’s lens on the visual

scene in front of us. More formally, it refers to the portion of visual space

that evokes neuronal responses when visually stimulated (Figure 2.1, B.;

Hartline, 1937). RFs can be found at all levels along the primary visual

pathway (e.g., Hartline, 1937; Hubel & Wiesel, 1961, 1962; Kuffler, 1953)

and beyond (e.g., Desimone et al., 1984; Gross et al., 1972; Pasupathy &
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Figure 2.1. The visual system. A. Rich information admitted to the visual system. This includes
different edges, textures, and colors. B. A neuron’s RF. The white circle denotes the spatial extent
of the RF in visual space. The white dot illustrates its center position and the white dashed line
its size (radius). C. The primary visual pathway. Information from the left/right visual hemifield is
highlighted in blue/orange. D. Excerpt of the distributed anatomical hierarchy in the monkey. Black
lines denote projections from one structure to another, most of which are reciprocal (i.e., feedforward
and feedback). E. Retinotopic organization in the human brain (left hemisphere). 11st row: Polar
angle maps. 2nd row: Eccentricity maps. The circular insets show colors corresponding to different
portions of the visual field. The yellow lines illustrate the borders between different visual field maps.
F. Visual cortex and cortical magnification in the human brain (right hemisphere). 11st row: Lateral
(left) and medial (right) view of the brain. The labels indicate the different lobes of the cerebral
cortex. The orange area highlights the visual cortex and the black-and-white line the calcarine sulcus.
2nd row: Non-uniform retinotopic representation of the visual field in V1. G. Relationship between
RF size and RF position (eccentricity) in the monkey. An eccentricity of 0 deg corresponds to the
center of the visual field. H. On-center-off-surround RF. Red denotes an excitatory region (on) and
blue an inhibitory region (off). The spatial extent of a bright light is highlighted in yellow and the
spatial extent of a dim light in black. The black vertical lines reflect neuronal activity (spikes) across
time. The black horizontal line beneath each spike train reflects the duration of light stimulation.
RF = Receptive field. LGN = Lateral geniculate nucleus. VP = Ventral posterior area. v (suffix) =
Ventral. d (suffix) = Dorsal. AIT = Anterior inferotemporal cortex. VIP = Ventral intraparietal
area. MST = Medial superior temporal area. LIP = Lateral intraparietal cortex. PIT = Posterior
inferotemporal cortex. MT = Middle temporal area. 7a = Brodmann area 7a. Deg = Degrees of
visual angle.

Figure A.-B. are adapted from ”1638073,” by #3518784, 2021 (https://pxhere.com/en/photo/1638073). CC0 1.0. Figure C. is adapted from
”Diagrams of the eye, extraocular muscles, optic nerves and visual streams,” by OpenStax College, 2017 (https://radiopaedia.org/cases/
eye-and-extraocular-muscles-illustrations?lang=gb). CC BY 3.0. Figure D. is after Hegdé and Felleman (2007). Figure E. is adapted
from ”Larger extrastriate population receptive fields in autism spectrum disorders,” by Schwarzkopf et al., 2014, Journal of Neuroscience, 34, p.
2717. CC BY-NC-SA 3.0. Figure F. is minimally adapted from ”Visual field maps in human cortex,” by Wandell et al., 2007, Neuron, 56, p. 367.
Copyright 2007 by Elsevier. Minimally adapted with permission. Figure G. is from ”Estimating receptive field size from fMRI data in human striate
and extrastriate visual cortex,” by Smith et al., 2001, Cerebral Cortex, 11, p. 1188. Copyright 2001 by Oxford University Press. Reprinted with
permission. Figure H. is after Hirsch and Martinez (2009).
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Connor, 2001). As such, they can be regarded as fundamental building

blocks of the organization of the visual system.

The primary visual pathway starts in the retina of each eye and termi-

nates in V1 of each brain hemisphere (Figure 2.1, C.). In the retina, pho-

toreceptors transduce light energy into nerve impulses and transmit them

to a series of retinal neurons (bipolar, horizontal, and amacrine cells), ulti-

mately reaching the retinal ganglion cells. From there, nerve impulses travel

primarily to the LGN in the thalamus. In particular, the axons of retinal

ganglion cells come together in the optic disc to form the optic nerves of the

right and left eye, which run to the optic chiasm in the brain. At the optic

chiasm, some axons cross over to the contralateral brain hemisphere, whereas

others remain ipsilateral. Beyond the optic chiasm, the axons in each brain

hemisphere bundle together to form the optic tract, which projects to the

LGN. The axons of neurons in the LGN then relay nerve impulses via the

optic radiations to V1, which is situated in the occipital lobe around the

calcarine sulcus (Figure 2.1, F.; Purves et al., 2018).

Beyond V1 and thus the primary visual pathway, information is trans-

mitted through a multitude of other pathways running through visual and

non-visual brain areas in the occipital, parietal, temporal, and frontal lobe

(Figure 2.1, F.; Felleman & Van Essen, 1991; Van Essen & Maunsell, 1983).

In humans, the visual cortex is thought to occupy around 20% of the cerebral

cortex, spanning from the occipital lobe to posterior regions of the temporal

and parietal lobe (Figure 2.1, F.; Wandell et al., 2007).

Apart from feedforward pathways from V1 to other brain areas, there is

also an abundance of feedback pathways projecting in the opposite direction

(Felleman & Van Essen, 1991; Van Essen & Maunsell, 1983). In fact, based

on the patterns of feedforward and feedback projections in the monkey, the

visual system can be arranged as a distributed anatomical hierarchy, where

a given structure is located above all structures from which it receives feed-

forward projections or sends feedback projections to. This visual anatomical

hierarchy contains 14 levels overall, with some structures considered predom-

inantly visual in function and others less so. V1 represents the third level

after the LGN and retina. V2, V3, and V3A are located at the next three

levels, respectively, whereas both V4 and MT are placed at the level right

above V3A (see Figure 2.1, D. for an excerpt of this hierarchy; Felleman &

Van Essen, 1991; Hegdé & Felleman, 2007).
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Many of these structures, especially those along the primary visual path-

way and in the occipital lobe, show a topographic organization of visual

space. This means that RFs of neighboring neurons map onto neighboring

spots on the retina and visual space. More specifically, when we perceive

a visual scene, light energy is projected onto the retina through the eye’s

optics so that the visual scene is left-right and upside-down reversed. This

means that points in the left visual hemifield are projected onto the nasal

retina of the left eye and the temporal retina of the right eye. The reverse

is true for points in the right visual hemifield. Importantly, while retinal

ganglion cells from the nasal retina have axons that cross over at the op-

tic chiasm, this is not the case for retinal ganglion cells from the temporal

retina. As such, information from the left visual hemifield is carried by the

right optic tract and information from the right visual hemifield by the left

optic tract. The axonal projection from the optic tract to the LGN happens

in an orderly fashion, forming a topographic map of the contralateral visual

field, which is preserved in the projections from LGN neurons to V1 and

beyond (Figure 2.1, C., E., and F.; Purves et al., 2018). It is this retinotopic

mapping that allows the visual system to preserve the spatial structure of

the visual scene we are looking at.

The spatial resolution of this preserved topography, however, is far from

uniform. In particular, the size of RFs increases from the center of the visual

field towards the periphery (Figure 2.1, G.; e.g., Hubel & Wiesel, 1961, 1962;

Smith et al., 2001) and in visual areas beyond V1 (e.g., Desimone et al.,

1984; Gross et al., 1972; Smith et al., 2001). For instance, RF size increases

from V1 to V2 over V3 to V4 and V3A (Figure 2.1, G.; as summarized in

Smith et al., 2001). At the same time, there is more cortical surface area

devoted to processing inputs from the center of the visual field (the foveal

region of the retina) as compared to the periphery (Daniel & Whitteridge,

1961; Harvey & Dumoulin, 2011; Sereno et al., 1995), which is referred to as

cortical magnification (Figure 2.1, F.). These along with other factors, such

as differences in photoreceptor density and the mapping of photoreceptors

to retinal ganglion cells, explain the comparably poorer spatial resolution of

vision in the peripheral visual field (Purves et al., 2018).

RFs of neurons along the primary visual pathway and beyond do not

only differ in their size but also structure. Photoreceptors essentially have a

punctate RF, which is confined to a small spot of light (Purves et al., 2018).
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In contrast, retinal ganglion cells have symmetric RFs characterized by an

antagonistic center-surround structure containing a disk-shaped center and

an annulus-shaped surround (Kuffler, 1953). There are two primary types:

on-center-off-surround and off-center-on-surround. Flashing a bright light

into the on-region or a dim light into the off-region increases a cell’s response

whereas doing it the other way around decreases it. Moreover, stimulating

the whole RF with either a bright or dim light evokes weaker responses than

exciting the subregions alone, demonstrating mutual antagonism (Figure 2.1,

H.). This makes retinal ganglion cells sensitive to spatial contrast and as

such highly localized contours or boundaries in a visual scene (Kuffler, 1953;

Purves et al., 2018).

LGN cells also have symmetric RFs with a center-surround structure

(Figure 2.1, H.; Hubel & Wiesel, 1961). By contrast, most cells in V1 have

simple or complex RFs (Hirsch & Martinez, 2009; Hubel & Wiesel, 1962).

Simple cells are also characterized by an antagonistic on-off structure, but

they are elongated and the on- and off-region lie side by side. As such,

unlike retinal ganglion or LGN cells that are sensitive to localized contours

of any orientation, these cells are capable of detecting elongated oriented

contours (Hirsch & Martinez, 2009; Hubel & Wiesel, 1962). Complex cells

were originally defined as those not meeting criteria for simple cells, such as

spatially segregated on- and off- regions or mutual antagonism. Like simple

cells, many complex cells are sensitive to stimulus orientation, but not to

the exact location of the stimulus. What sets them apart from simple cells

is that their RF structure (if determinable) in isolation is not enough to

predict a cell’s response to a certain visual stimulus (Hirsch & Martinez,

2009; Hubel & Wiesel, 1962). The complexity of neuronal tuning further

increases in cortical areas beyond V1. Neurons in V4, for instance, are

sensitive to the curvature of specific object parts (e.g., Pasupathy & Connor,

2001), and neurons in the inferotemporal (IT) cortex, for instance, to faces

(e.g., Desimone et al., 1984).

To sum up, apart from tuning for retinotopic location, visual neurons

also show tuning for non-spatial features, which becomes increasingly more

complex beyond V1. Together, these tuning properties equip them with

a filter mechanism that permits them to extract some and discard other

information of the visual scene in front of us. How this filtering gives rise to

the rich percepts we ultimately experience is a hitherto unresolved question.
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At first sight, both the increase in RF size and complexity in tuning

properties seem to match the proposed visual anatomical hierarchy reason-

ably well (Felleman & Van Essen, 1991). At the same time, however, there

are findings that are difficult to reconcile with this hierarchy. For instance,

when tuning for shape characteristics of varying complexity is directly com-

pared between visual areas, V1 neurons not only show tuning for simple but

also complex shape characteristics, and vice versa for V2 and V4 neurons

(Hegdé & Van Essen, 2007). This pattern of results seems to be at odds

with a step-wise anatomical hierarchy, where V2 and V4 are located above

V1 (Figure 2.1, D.). Moreover, it has been argued that response laten-

cies of neurons in V1, V2, and MT to visual stimulation do not reflect the

proposed step-wise anatomical organization either (Bullier & Nowak, 1995).

These examples demonstrate that anatomical hierarchy cannot necessarily

be equated with functional hierarchy (Hegdé & Felleman, 2007). It is im-

portant to keep this in mind when referring to or reasoning about lower- and

higher-level visual areas.

Moreover, unlike the original definition of RFs might suggest (Hartline,

1937), the properties of RFs cannot be assumed to be hard-wired. In partic-

ular, research on perceptual grouping and other perceptual processes showed

that a neuron’s response depends on the overall perceptual context, that is,

stimulus information outside its RF (e.g., Albright & Stoner, 2002; Lamme,

1995; Zipser et al., 1996) – a phenomenon called extra-classical RF effect.

Similarly, research on spatial attention showed that the size and center po-

sition of a neuron’s RF change according to the behavioral relevance of a

stimulus and thus top-down factors (e.g., Connor et al., 1996; Womelsdorf et

al., 2006). Further evidence suggests that a neuron’s tuning properties de-

pend on a dynamic interplay between multiple stimulus dimensions (Pawar,

Gepshtein, Savel’ev, & Albright, 2019).

Collectively, these findings highlight that the functional properties of

neurons are dynamic. It has been proposed that this flexibility is medi-

ated by a combination of feedforward and feedback connections between

brain areas as well as horizontal connections within a given brain area (e.g.,

Anton-Erxleben & Carrasco, 2013; Miconi & VanRullen, 2016; Pawar et al.,

2019; Roelfsema, 2006; Roelfsema & Houtkamp, 2011). Each of these mech-

anisms has the potential to shape the functional hierarchical status of visual

neurons. Neither the existence of horizontal processing nor the interplay be-
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tween feedforward, feedback, and horizontal processing are accounted for in

the anatomical visual hierarchy (Felleman & Van Essen, 1991). This might

explain why the functional properties of neurons do not necessarily line up

with the levels of the anatomical visual hierarchy (Felleman & Van Essen,

1991; Hegdé & Felleman, 2007; Hegdé & Van Essen, 2007).

2.2 PRF modeling

Much of what we know about RFs and their dynamic nature was first es-

tablished through invasive studies in non-human animals including the frog,

cat, and monkey (e.g., Connor et al., 1996; Hartline, 1937; Hubel & Wiesel,

1961, 1962; Kuffler, 1953; Lamme, 1995; Smith et al., 2001; Womelsdorf et

al., 2006; Zipser et al., 1996). This line of research targeted the RF of sin-

gle or a few neurons and is ill-suited for systematically investigating the

topographic profile of RFs across one or multiple brain areas. It was only

with the advent of blood-oxygen-level-dependent (BOLD) fMRI (Kwong et

al., 1992; Ogawa et al., 1990, 1992) and pRF modeling (Dumoulin & Wan-

dell, 2008; Smith et al., 2001) that it became feasible to characterize such

topographies non-invasively in humans.

Unlike the RF of a single neuron, a pRF reflects the aggregate RF of a

population of neurons within a voxel (and most likely beyond). Moreover,

unlike single-neuron recordings (e.g., Hartline, 1937; Hubel & Wiesel, 1961,

1962; Kuffler, 1953), BOLD fMRI measures a hemodynamic response reflect-

ing changes in blood-oxygenation that are coupled with neuronal activity.

Consequently, it only allows for an indirect measure of neuronal activity

(Logothetis, 2003; Logothetis & Wandell, 2004). Importantly, changes in

blood-oxygenation are much slower than changes in neural activity. Whereas

neuronal activity ends within the order of a few hundred ms after the onset

of brief visual stimulation, the fMRI response starts around 2 s thereafter

and peaks around 6-9 s before returning to baseline again (at least for stimu-

lus duration of around 2-4 s; Liu & Gao, 2000; Logothetis & Wandell, 2004).

The temporal profile of the fMRI response is commonly referred to as the

hemodynamic response function (HRF), which is one of the components of

fMRI-based pRF modeling (Figure 2.2, A.).

PRF modeling typically uses biologically plausible models of how a visual

stimulus is encoded by a population of neurons within a voxel. The basis of
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such encoding models is a mathematical function describing the structure

of a pRF. As such, they provide an explicit description of how stimuli pre-

sented at different locations in the visual field are mathematically related

to the brain activity they evoke in a given voxel. Most commonly, pRFs

are modeled as a symmetric 2D Gaussian function, where x0 and y0 repre-

sent the position of a pRF in visual space and σ its size (Figure 2.2, A.;

Dumoulin & Knapen, 2018; Dumoulin & Wandell, 2008). Although much

more intricate RF structures are evident from single-neuron recordings (e.g,

Hubel & Wiesel, 1962), recent research shows that a symmetric 2D Gaussian

is a valid choice for aggregate RFs at the population level (Lerma-Usabiaga,

Winawer, & Wandell, 2021).

The fundamental ingredients of pRF modeling are an observed as well

as a predicted fMRI time series (Figure 2.2, A.). To obtain an observed

fMRI time series, fMRI responses are recorded whilst observers participate

in a retinotopic mapping experiment where they view an effective stimu-

lus that systematically travels across visual space (Figure 2.2, A.). Most

commonly, this effective stimulus consists of a bar aperture exposing a high-

contrast carrier pattern (Dumoulin & Knapen, 2018; Dumoulin & Wandell,

2008). To obtain a predicted fMRI time series, a neuronal pRF model (a

2D Gaussian function) is multiplied by the stimulus sequence to obtain a

pRF response (neural time series), which is then convolved with an HRF to

account for the hemodynamic lag (Figure 2.2, A.). The stimulus sequence

is typically represented as a binary indicator function reflecting the regions

in visual space the effective stimulus occupied at any given moment in time.

The parameters of the neural pRF model (x0, y0, and σ) are varied to gener-

ate many predictions. These predictions are then compared to the observed

fMRI time series and the model parameters producing the best fit retained

(i.e, the highest correspondence between predicted and observed fMRI time

series). This procedure is repeated for every voxel and the output are pa-

rameter maps for pRF position and size (i.e., x0, y0, and σ; Figure 2.2, A.;

Dumoulin & Wandell, 2008). These parameter maps are typically displayed

on an anatomical surface model of the brain and x0 and y0 converted to

eccentricity and polar angle. Different eccentricities and polar angles are

then highlighted by different colors. Color reversals in polar angle are com-

monly used to determine the boundaries between different topographic maps

(Figure 2.1, E.).
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Figure 2.2. PRF modeling and back-projection. A. Flow-chart of pRF estimation procedure. A
neural pRF model (2D Gaussian) is multiplied by an effective stimulus across time. The resulting pRF
response (neural time series) is convolved with an HRF to obtain a predicted fMRI time series, which
is then compared to the observed time series. This is repeated many times by varying the parameters
(x0, y0, σ) of the pRF model. The parameters producing the best fit (highest correspondence between
predicted and observed time series) are retained. This estimation procedure is performed for every
voxel (voxel 1 to voxel n). B. Flow-chart of 2D Gaussian summation. A differential fMRI response
(BOLD log ratio of two experimental conditions) is multiplied by the estimated pRF for every voxel.
These response profiles are then summed up across voxels, resulting in a profile of brain activity
back-projected into visual space. Left panel: Differential fMRI response in V1 (yellow contour) of the
right brain hemisphere. Middle panel: Differential fMRI response (top) and estimated pRFs (bottom)
for nine example voxels. Right panel: Back-projection profile (for all V1 voxels from both brain
hemispheres). pRF = Population receptive field. fMRI = Functional magnetic resonance imaging.
HRF = Hemodynamic response function. BOLD = Blood-oxygen-level-dependent.

Figure A. is adapted from ”Visual field map organization in human visual cortex,” by A. A. Brewer and Barton, in S. Molotchnikoff and J. Rouat
(Eds.), Visual Cortex - Current Status and Perspectives (p. 34), 2012, InTech. CC BY 3.0. Figure B. is from ”Shape perception simultaneously
up- and downregulates neural activity in the primary visual cortex,” by Kok and de Lange, 2014, Current Biology, 24, Supplemental Information.
Copyright 2014 by Elsevier. Reprinted with permission.

PRF modeling has been used to characterize topographic profiles in lower

visual areas in the posterior-medial (V1-V3) part of the visual cortex and

higher visual areas in the dorsal (V3A/B), lateral (temporal- and lateral-

occipital area 1/2, i.e., TO-1/2 and LO-1/2), and ventral (V4 and ventral-

occipital area 1/2, i.e., VO-1/2) parts of the visual cortex (e.g., Alvarez et
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al., 2015; Amano et al., 2009; Kay et al., 2013). Similar to single-neuron work

(e.g., Desimone et al., 1984; Gross et al., 1972; Hubel & Wiesel, 1961, 1962;

Smith et al., 2001), it has been found that pRF size increases from the central

to the peripheral visual field and is smallest in V1 and V2 and considerably

larger in lateral, ventral, and dorsal areas (Amano et al., 2009; Kay et al.,

2013). PRF modeling has also proven useful for quantifying topographic

profiles in the LGN (DeSimone, Viviano, & Schneider, 2015), cerebellum

(van Es, van der Zwaag, & Knapen, 2019), hippocampus (Silson, Zeidman,

Knapen, & Baker, 2021), and fronto-parietal cortex (Mackey, Winawer, &

Curtis, 2017).

Apart from characterizing topographic profiles per se, pRF modeling

has also been employed to investigate changes in topographic profiles under

different (experimental) conditions, including repeat data (Benson et al.,

2018; van Dijk et al., 2016; Zeidman et al., 2018), different attention con-

ditions (de Haas et al., 2014, 2020; Klein et al., 2014; van Es et al., 2018;

Vo et al., 2017), different mapping sequences (Binda et al., 2013; Infanti

& Schwarzkopf, 2020), mapping stimuli (Alvarez et al., 2015; Binda et al.,

2013; Le, Witthoft, Ben-Shachar, & Wandell, 2017; Yildirim, Carvalho, &

Cornelissen, 2018), scotoma conditions (Barton & Brewer, 2015; Binda et

al., 2013; Haak et al., 2012; Prabhakaran et al., 2020), or pRF modeling

techniques (Carvalho et al., 2020) – to give but a few examples. Moreover,

pRF modeling has been adopted to investigate topographic profiles in a

range of neurological and ophthalmological disorders (Dumoulin & Knapen,

2018; Wandell & Winawer, 2015) as well as in younger and older observers

(Dekker, Schwarzkopf, de Haas, Nardini, & Sereno, 2019; Silva et al., 2021).

On the one hand, this line of research established that pRF properties are

highly reliable albeit subject to methodological choices. On the other hand,

it demonstrated that pRF properties can be dynamic too, echoing single-

neuron work (e.g., Connor et al., 1996; Pawar et al., 2019; Womelsdorf et

al., 2006).

The potential of pRF modeling to reveal differences in topographic pro-

files, however, goes well beyond these applications. Specifically, since pRFs

are defined in visual space, they can be used as a tool for back-projecting

voxel-wise fMRI responses from different experimental conditions into vi-

sual space. Unlike visualizations in cortical space, such back-projections are

easier to read out and interpret. With visual space as a common reference
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frame, they can also be compared more easily between participants, visual

areas, experimental conditions, or encoding models. Accordingly, they can

be very valuable when exploring the topography of brain activity profiles.

This renders them the method of choice for investigating perceptual phe-

nomena with a putative spatio-temporal fingerprint.

Most commonly, back-projection is achieved by summing up voxel-wise

2D Gaussian pRF profiles that have been multiplied by a differential fMRI

response, that is, the difference in brain activity between two experimental

conditions (Figure 2.2, B.; Ekman et al., 2017; Kok et al., 2016; Kok &

de Lange, 2014; Shen et al., 2020; Zipser, 2017). This approach has been

successfully applied to visualize fMRI responses during the perception of

natural scenes (Zipser et al., 1996), apparent motion (Ekman et al., 2017;

Shen et al., 2020), and illusory shapes (Kok et al., 2016; Kok & de Lange,

2014) as well as the anticipation of a stimulus sequence across visual space

(Ekman et al., 2017). Collectively, this line of research revealed intricate

response amplitude codes that would have been difficult to detect without

reading these signatures out by eye.

However, given that 2D Gaussian summation relies on both pRF position

and size, it can result in blurry back-projection profiles, especially in higher

visual areas where pRF size tends to be larger (e.g., Alvarez et al., 2015;

Amano et al., 2009; Kay et al., 2013). This can hamper the detection and

interpretation of topographic signatures. Indeed, previous studies limited

their analyses to V1 and/or V2 (Ekman et al., 2017; Kok et al., 2016; Kok

& de Lange, 2014; Shen et al., 2020; Zipser, 2017) and recent research started

exploring alternatives to 2D Gaussian (Ekman, Roelfsema, & de Lange, 2020;

Poltoratski & Tong, 2020). PRF size is also known to be less reliable than

pRF position (Benson et al., 2018; Lage-Castellanos et al., 2020; van Dijk

et al., 2016; Zeidman et al., 2018) as well as more susceptible to the specific

stimulus configuration used for retinotopic mapping (Alvarez et al., 2015),

limiting inter-experiment comparisons.

As such, the present thesis sought to develop a complementary back-

projection approach that relies only on pRF position (general aim; 1.2 Thesis

aims). This permits fMRI responses from both higher and lower visual

areas to be back-projected. In a first instance, this back-projection approach

was used to investigate the fine-grained topographic profile of brain activity

related to global object perception in human visual cortex (first specific
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aim; 1.2 Thesis aims). In a second instance, this back-projection approach

was extended to pRF position estimates (and other pRF parameters). This

permitted the investigation of fine-grained topographic profiles related to

multifocal attention (a form of spatial attention) in human visual cortex

(second specific aim; 1.2 Thesis aims). The next series of subchapters provide

a brief introduction to global object perception as well as spatial attention.

2.3 Global object perception

The visual scene projected onto our retinae usually consists of many different

image elements. In everyday life, however, we tend to perceive global wholes

rather than local pieces. For instance, when looking at a typical outdoor

scene in the countryside, many of us will perceive a series of houses, trees, and

the sky instead of an abundance of brightnesses, nuances of color, edges, and

textures (Figure 2.3, A.). This perceptual organization into global objects

does not seem to be arbitrary, but is characterized by arrangements and di-

visions that are largely outside of our control (Wagemans, 2018; Wertheimer,

1923). Put differently, we cannot simply unsee the house, trees, and the sky

and substitute these objects for a different set of global wholes. This inher-

ent inability even manifests with bistable images (e.g., Brascamp, Sterzer,

Blake, & Knapen, 2018; Eagleman, 2001; Gregory, 1997), such as Rubin’s

(1915) vase-face illusion (as cited in Wagemans, Elder, et al., 2012), where

our perception alternates between a vase and a face and thus the way in

which image elements are grouped together (Figure 2.3, B.). Yet, despite

this flexibility in perceptual grouping, we are unable to unsee the vase or

the face by grouping image elements into novel configurations.

The arrangements and divisions we perceive are thought to be the result

of two fundamental processes of perceptual organization, namely perceptual

grouping and figure-ground organization (Roelfsema, 2006; Wagemans, 2018;

Wagemans, Elder, et al., 2012). Perceptual grouping describes the binding of

local image elements into global figures or configurations (Roelfsema, 2006).

Through this process, a figure becomes segregated from other figures in a

visual scene. As such, perceptual grouping and figure segregation are tightly

related. Together, these processes often result in figure-ground organization,

that is, the segmentation of figures against a background (e.g., a house in

front of trees, see Figure 2.3, A.; Roelfsema, 2006; Wagemans, 2018).
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A. B. C.

D. E.

Figure 2.3. Perceptual grouping. A. Typical outdoor scene. We perceive global wholes (e.g., houses,
trees, and the sky) instead of an abundance of local parts (e.g., edges and different textures). B.
Rubin’s bistable vase-face illusion. Our perception alternates between a face and a vase. When we
perceive a face, the border shared by the face and the vase belongs more to the face. The reverse
is true when we perceive a vase. This phenomenon is called border-ownership. C. Classic Gestalt
principles for a row of dots. 1st row: No grouping. 2nd row: Grouping by proximity. 3rd row:
Grouping by similarity. 4th row: Grouping by similarity and proximity reinforce one another. 5th row:
Grouping by similarity and proximity impede one another. 6th row: Grouping by common fate, that
is, common change, such as movement. The black arrows indicate the movement direction of the
dots. D. Camouflaged bird. Although the bird’s legs have a color and texture that is different from
the bird’s feathering, we tend to group them together. This might be partly due to past experience.
E. Camouflaged crocodile. Although a large portion of the crocodile’s body is occluded, we group
the crocodile’s head and tail together, which might be influenced by past experience.

Figure A. is adapted from ”1638073,” by #3518784, 2021 (https://pxhere.com/en/photo/1638073). CC0 1.0. Figure B. is adapted from
”1283860 ,” 2017 (https://pxhere.com/en/photo/1283860). CC0 1.0. Figure C. is after Wertheimer (1923) and Wagemans (2018). Figure D.
is adapted from ”1256076 ,” 2017 (https://pxhere.com/en/photo/1256076). CC0 1.0. Figure E. is adapted from ”886311 ,” 2017 (https://
pxhere.com/en/photo/886311). CC0 1.0.

However, in the absence of different depth planes, for instance, perceptual

grouping might not be accompanied by figure-ground organization (e.g., if

a house is located next to a row of trees; Wagemans, 2018). Moreover,

unlike perceptual grouping, figure-ground organization involves regions with

a shared border (an edge) which belongs more to one region than to the

other – a phenomenon referred to as border-ownership. The region owning

the border is perceived as occluding the other region and thus receives figural

status, whereas the other region runs behind it and obtains background

status (Wagemans, Elder, et al., 2012). Rubin’s (1915) vase-face illusion (as

cited in Wagemans, Elder, et al., 2012) represents a powerful illustration

of border-ownership. Here, the vase and the face take turns in owning the

border (Figure 2.3, B.). As such, on a conceptual level, it seems sensible to
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distinguish perceptual grouping and figure-ground organization (Wagemans,

2018). Yet, in everyday life, we almost always have some form of figure-

ground organization.

The apparent lawful and definite character of perceptual organization in-

spired Wertheimer (1923) to explore the factors governing perceptual group-

ing and figure-ground organization, which are typically referred to as the

classic Gestalt principles or laws. The word ’Gestalt’ can be translated as

’whole-form’ (Palmer, 2015) and essentially describes a coherent configura-

tion or object (Wagemans, Elder, et al., 2012; Wagemans, Feldman, et al.,

2012). Drawing upon simple dot configurations, Wertheimer (1923) noted

that a row of equally-spaced dots is not grouped in any specific fashion other

than a straight line (Figure 2.3, C., 1st row). However, when some dots are

further apart than others, grouping by proximity occurs – closer elements

are grouped together and farther elements segregated (Figure 2.3, C., 2nd

row). When changing other properties of the dots such as size and/or color

whilst keeping the spacing constant, grouping by similarity occurs – similar

elements are grouped together (Figure 2.3, C., 3rd row). These two principles

can reinforce or impede one another. In the event of the former, grouping

might be amplified (Figure 2.3, C., 4th row), and in the event of the latter,

distant dots or dissimilar dots might be grouped together (Figure 2.3, C.,

5th row). This shows that perceptual grouping differs depending on the con-

text of the visual scene we perceive. Another Gestalt principle is common

fate – elements that undergo the same change are grouped together, such as

when a subset of dots starts moving in the same direction (Figure 2.3, C.,

6th row). Wertheimer (1923) identified many other Gestalt principles, such

as the principle of parallelism, symmetry, closure, good continuation, and

good Gestalt, with the list of novel Gestalt principles constantly evolving

(Wagemans, 2018; Wagemans, Elder, et al., 2012).

Apart from the discussed low-level principles, Wertheimer (1923) also de-

scribed more complex high-level factors, such as past experience, which might

overwrite other factors (Wagemans, 2018; Wagemans, Elder, et al., 2012;

Wertheimer, 1923). The complex interplay between low-level and high-level

Gestalt principles as well as their practical relevance can be appreciated in

cluttered or camouflaged scenes. For instance, in Figure 2.3 (D.), grouping

by similarity helps the bird hide against a background, rendering it difficult

to delineate the animal. Nonetheless, we manage to do so, and most strik-
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ingly, tend to group the bird’s legs with the bird’s feathering, although these

parts come with different textures and colors, speaking against the principle

of similarity. Moreover, in terms of proximity, the legs are as close to the

bird’s body as are some wooden bits and leaves. As such, proximity alone

seems an insufficient cue for delineating the bird. Instead, our past experi-

ence might provide a strong prior for where the bird’s legs should be located

(Roelfsema, 2006). Past experience might likewise play a role in Figure 2.3

(E.), where we group the crocodile’s head and tail together although most

of the crocodile’s body is occluded by water. However, grouping by similar-

ity might take place too because both the crocodile’s head and tail have a

similar texture.

Despite the seemingly great importance of perceptual grouping and figure-

ground organization in everyday life, the neural mechanisms underlying these

processes are hitherto only partially understood. Given that the perception

of wholes requires that parts of the 2D retinal image belonging to an object

are bound together, the problem of perceptual grouping and figure-ground

organization can be narrowed down to contour grouping as well as texture

segmentation (Wagemans, 2018; Wagemans, Elder, et al., 2012). As such,

a large portion of the physiological work in monkeys and humans on this

topic employed simple visual displays to investigate neuronal responses to

figure or contour regions as compared to a background region. Whereas the

work in monkeys is based on single- or multi-neuron recordings as well as

voltage-sensitive dye imaging (VSDI), the work in humans is based on fMRI

and fMRI-based pRF modeling. The next subchapters summarize some of

the core findings arising from this body of literature to identify outstanding

questions. Importantly, in the scope of single- or multi-neuron recordings,

specific stimulus portions are typically placed inside the RFs of neurons.

To this end, RFs are typically mapped prior to the actual experiment (e.g.,

Chen et al., 2014; Lamme, 1995).

2.3.1 Evidence in monkeys

In his seminal study, Lamme (1995) recorded from V1 neurons whilst mon-

keys were presented with a texture containing a figure and background region

filled with lines of opposite orientation (Figure 2.4, A.-B.). He found that

V1 neurons responded more strongly when their RFs covered the figure (Fig-

ure 2.4, A.) as compared to the background region (Figure 2.4, B.). This
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Figure 2.4. Prior work on global object perception in monkeys. A.-B. Texture segregation. Here,
the stimulus display contained a figure and a background region filled with line elements of opposite
orientation. In the figure condition, the RF covered the figure region (A.), and in the background
condition, the background region (B.). The white square (for visualization purposes only) indicates the
figure region, the black circle the RF, and the gray dot the fixation point. C.-D Contour integration
with embedded line. Here, the stimulus display comprised oriented bars. In the contour condition
(C.), the RF covered a bar element belonging to a line, and in the background condition (D.), a bar
element belonging to the background. The dashed magenta line indicates the RF. E.-H. Contour
integration with embedded shape. Here, the stimulus display consisted of Gabor elements. In the
contour condition (E.), some Gabors were oriented so that they formed a circle. In the control
condition (F.), this was not the case. The contour and control condition produced distinct patterns
of brain activity in V1 (G. and H., respectively). Note that brain activity is displayed in cortical space.
The dashed yellow line indicates the stimulus region that was investigated and the red dot the fixation
point. The white lines represent the spatial extent of Gabors belonging to the contour or background
region. RF = Receptive field. fp = Fixation point. C = Contour. Bg = Background. F∆/F =
Normalized fluorescence.

Figure A.-B. are minimally adapted from ”Texture segregation causes early figure enhancement and later ground suppression in areas V1 and V4
of visual cortex,” by Poort et al., 2016, Cerebral Cortex, 26, p. 3965. CC BY-NC 4.0. Figure C.-D. are minimally adapted from ”Incremental
integration of global contours through interplay between visual cortical areas,” by Chen et al., 2014, Neuron, 82, p. 684. Copyright 2014 by Elsevier.
Minimally adapted with permission. Figure E.-H. are minimally adapted from ”Population responses to contour integration: Early encoding of
discrete elements and late perceptual grouping,” by Gilad et al., 2013, Neuron, 78, p. 390 and 392. Copyright 2013 by Elsevier. Minimally adapted
with permission.

figure-ground modulation (FGM) was absent once the RF was outside the fig-

ure region even when located close to the figure-ground boundary (Lamme,

1995). As such, this pattern of results speaks to an extra-classical RF effect

where the global perceptual context modulates the response of V1 neurons

and not just the local oriented elements falling in their RFs.

Follow-up experiments using similar textures showed that FGM in V1

also occurs for motion-, depth-, luminance- as well as color-defined textures

(Lamme, 1995; Zipser et al., 1996), suggesting that this effect generalizes

across a large spectrum of visual cues. FGM has also been observed in V4

(Poort et al., 2012, 2016) and seems to be boosted by visual attention in

both V1 and V4 (Poort et al., 2012). Using a homogeneous texture without

a figure region as a baseline condition, it has also been demonstrated that

both figure enhancement and ground suppression play a role in FGM in
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these brain regions (Poort et al., 2016).

Similar effects have been observed by Chen et al. (2014) who recorded

from V1 neurons when either an oriented line belonging to a contour or the

background was placed inside their RFs (Figure 2.4, C. and D.). Compared

to control stimuli where no contour was present, V1 neurons showed an

increased response to line elements grouped into a contour (Figure 2.4, C.)

and a decreased response to ungrouped background elements (Figure 2.4,

D.). V4 neurons also increased their response when grouped line elements fell

into their RFs. However, the comparably larger RFs of these neurons always

included both contour and background elements, rendering it impossible to

resolve responses to background elements in isolation.

In all these studies, the early stimulus-evoked response in V1 was similar

for figure and ground regions and FGM only occurred with a delay (Chen

et al., 2014; Lamme, 1995; Poort et al., 2012, 2016; Zipser et al., 1996).

This suggests that the initial feedforward stream of information processing

(from the retina to the LGN to V1) does not distinguish between figure and

ground. Research involving texture stimuli furthermore established that fig-

ure enhancement first arises at the figure-ground boundary and subsequently

in the figure region, followed by ground suppression (Lamme, Rodriguez-

Rodriguez, & Spekreijse, 1999; Poort et al., 2012, 2016). Whereas the initial

stimulus-evoked response is thought to reflect the feedforward response of V1

neurons to oriented line elements falling in their RF, boundary enhancement

is thought to be mediated by horizontal processing, and figure enhancement

as well as ground suppression by feedback processing, possibly mediated

through V4 (Poort et al., 2012, 2016; Roelfsema & de Lange, 2016). The

general idea here is that such recurrent processing shapes the response prop-

erties of V1 neurons, so that they become sensitive to global aspects of a

visual scene. This allows them to deferentially label elements belonging to a

figure as compared to the background with high spatial resolution because

their RFs are small (Roelfsema & de Lange, 2016).

What could be the functional significance of such a high-resolution rep-

resentation? It has been suggested that they might be read out by other

brain areas for further computation, especially when a certain task necessi-

tates fine spatial detail (Roelfsema & de Lange, 2016). For instance, there is

evidence that the spatial profile of FGM predicts the landing position of eye

movements towards a figure (Poort et al., 2012). As such, brain structures
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implicated in eye movement planning might read out the high-resolution

representation from V1 (Roelfsema & de Lange, 2016). However, whether

such high-resolution representations are epiphenomenal or of any functional

relevance is a matter of active debate and research and much more causal

evidence is needed to support either notion (De-Wit & Schwarzkopf, 2014;

Roelfsema & de Lange, 2016).

Regardless of the putative functional role, any such explanation ulti-

mately requires an understanding of how complete stimulus displays are

topographically represented within a single and across multiple brain ar-

eas. Studies using single- and multi-neuron recordings try to achieve this by

placing different portions of a stimulus display in the RFs of a very small

number of neurons. This, however, gives only a very crude idea of how

a stimulus display is continuously encoded. To circumvent some of these

limitations, Gilad et al. (2013) capitalized on VSDI to investigate the topo-

graphic profile of brain activity underlying contour grouping. VSDI is an

invasive technique that permits visualizing the activity of a large population

of neurons along the cortical surface (Chemla & Chavane, 2010; Grinvald

& Hildesheim, 2004). Whereas its spatial resolution is slightly inferior to

single- or multi-neuron recordings, but superior to fMRI, its temporal reso-

lution is comparable to single- and multi-neuron recordings, but superior to

fMRI (Chemla et al., 2017; Grinvald & Hildesheim, 2004).

In their study, Gilad et al. (2013) recorded from V1 whilst monkeys were

presented with an array of oriented Gabor elements. In the contour condi-

tion, some Gabors were oriented so that they could be grouped into a circle

(Figure 2.4, E.). In the control condition, however, these Gabors had a ran-

dom orientation (Figure 2.4, F.). Whereas the topographic profile of brain

activity in the contour condition revealed enhanced activity to elements

grouped into a contour (Figure 2.4, G.), this was not the case in the control

condition (Figure 2.4, H.). Indeed, when the contour condition was directly

contrasted with the control condition, activity to elements grouped into a

contour was enhanced whereas activity to ungrouped background elements

was suppressed. Moreover, similar to single- and multi-neuron recordings

(Chen et al., 2014; Lamme, 1995; Poort et al., 2012, 2016; Zipser et al.,

1996), this effect was absent in the early stimulus-evoked response and oc-

curred only with a delay.

Given that VSDI only allows imaging a small portion of the cortical
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surface, in a follow-up study, Gilad, Oz, and Slovin (2017) used eye move-

ments as a tool to spatially scan a larger portion of the stimulus display.

They found that effects of enhancement and suppression were present over

a large extent of the contour and background area, respectively. Moreover,

background suppression increased with increasing distance from the con-

tour. This led the authors to suggest that contour integration is a fairly

wide-spread process, where large-scale background suppression might help

disambiguate between the presence of one or multiple contours. It is impor-

tant to bear in mind, however, that the global and wide-spread signatures

Gilad et al. (2017) described are implied and not directly measured. This

is due to the fact that eye movements were used as a spatial scanning tool.

This way, stimulus portions that are normally encoded by different popu-

lations of neurons are always encoded by the same population of neurons.

This limitation is not present with fMRI, where whole brain areas can be

easily imaged, rendering it the method of choice for studying the topographic

signatures underlying global object perception.

Importantly, all studies described thus far focused on a single figure,

leaving unaddressed the question as to how multiple figures are encoded –

a scenario that resembles everyday demands much more closely. To address

this gap, Gilad and Slovin (2015) used VSDI to measure V1 activity to the

center region of two bars whose endings were either unconnected (resulting

in two separate figures) or connected (resulting in a single figure). Both the

bar region and the background region were filled with random dots moving

in opposite directions. When the unconnected condition was compared to

the connected one, V1 responses to the center region of one bar were in-

creased and V1 responses to the center region of the other bar decreased,

accompanied by a null effect in the background area – a modulatory effect

that, yet again, only occurred with a delay. This finding is striking because

it extends the concept of FGM to figure-figure-modulation.

Taken together, studies on texture segregation and contour integration

suggest that the monkey visual system draws upon a response amplitude

code to mediate figure-ground segregation (in V1 and V4) as well as figure-

figure segregation (in V1). Do similar mechanisms exist in humans? The

next subchapter addresses this question.
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2.3.2 Evidence in humans

There is an abundance of fMRI studies on perceptual grouping and figure-

ground organization (e.g., Altmann, Bülthoff, & Kourtzi, 2003; Kastner, De

Weerd, & Ungerleider, 2000; Kourtzi, Tolias, Altmann, Augath, & Logo-

thetis, 2003; Mendola, Dale, Fischl, Liu, & Tootell, 1999; Murray, Kersten,

Olshausen, Schrater, & Woods, 2002; Scholte, Jolij, Fahrenfort, & Lamme,

2008; Seghier et al., 2000). Collectively, these studies pointed to the in-

volvement of both lower and higher visual areas in global object perception,

although individual results did not necessarily converge. For instance, Alt-

mann et al. (2003) reported an increase in brain activity to shape contours

as compared to randomly oriented elements in V1 and V2 as well as the

lateral-occipital complex (LOC). Conversely, Murray et al. (2002) observed

decreased activity in V1 for lines forming a shape as compared to random

lines and increased activity in the LOC. Whereas the involvement of V1 fits

in with work in monkeys (Chen et al., 2014; Gilad et al., 2013, 2017; Gilad

& Slovin, 2015; Lamme, 1995; Poort et al., 2012, 2016; Zipser et al., 1996),

the involvement of the LOC is compatible with a large body of research in-

dicating the importance of this higher-level area for global shape and object

perception.

Specifically, LOC responses have been found to be increased for intact

vs scrambled images of objects (e.g., Grill-Spector, Kushnir, Hendler, et al.,

1998; Malach et al., 1995). Such preferential responses have been shown

to be present for a variety of object-defining cues (e.g., luminance, stereo,

motion, or illusory contours; Gilaie-Dotan, Ullman, Kushnir, & Malach,

2002; Grill-Spector, Kushnir, Edelman, Itzchak, & Malach, 1998; Mendola

et al., 1999; Stanley & Rubin, 2003) and absent for stimuli comprising local

edge or global surface information, but no global shape information (Vinberg

& Grill-Spector, 2008). Similarly, there is evidence that LOC responses show

adaptation effects when the perception of object shape remains stable despite

contour changes, but not the other way around (Kourtzi & Kanwisher, 2001).

As such, preferential responses in the LOC seem to be fairly cue-invariant

and triggered by global shape rather than local image elements and global

surfaces.

However, the analyses techniques employed by Altmann et al. (2003) and

others (e.g. Kastner et al., 2000; Kourtzi et al., 2003; Mendola et al., 1999;
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Murray et al., 2002; Scholte et al., 2008; Seghier et al., 2000) were insufficient

to resolve fine-grained response amplitude codes. This is due to several

(sometimes) interrelated factors. First, an emphasis on increases (instead of

decreases) in brain activity. Second, the averaging of brain activity across

large portions of a visual area. Third, the non-use of retinotopic maps,

functional localization procedures, or other criteria to identify cortical sites

representing figure and ground regions. And lastly, the absence of back-

projection techniques to visualize and analyze brain signatures across visual

space with high spatial resolution.

There is a series of studies that took a first step towards circumventing

these issues (Likova & Tyler, 2008; Qiu, Burton, Kersten, & Olman, 2016;

Schira, Fahle, Donner, Kraft, & Brandt, 2004; Strother, Lavell, & Vilis,

2012). For instance, by capitalizing on a retinotopic model to delineate ob-

ject boundaries, Likova and Tyler (2008) found ground suppression in V1 and

V2 but no figure enhancement when comparing structure-from-asynchrony

textures to unstructured control stimuli. Moreover, by using functional lo-

calization procedures, Qiu et al. (2016) observed that activity in V1, V2,

and V3 to aligned vs unaligned contours increases when background ele-

ments are present and decreases when they are absent. Such a contextual

modulation, however, was not observed in the background region. Although

these studies were unable to resolve high-resolution profiles of brain activity,

they illustrate that just like the monkey visual system (Chen et al., 2014;

Gilad et al., 2013, 2017; Gilad & Slovin, 2015; Lamme, 1995; Poort et al.,

2012, 2016; Zipser et al., 1996), the human visual system seems to rely upon

response amplitude codes to mediate figure-ground perception in lower vi-

sual cortex. Yet, the way these signatures manifest seems to be contingent

upon the exact physical properties of the stimulus display.

Recently, Kok and de Lange (2014) combined standard fMRI recordings

with fMRI-based pRF modeling to explore such response amplitude codes in

much greater detail. In particular, the authors used 2D Gaussian summation

to back-project the topographic profile of V1 activity to illusory Kanizsa

shapes into visual space. Compared to non-illusory control stimuli, activity

to illusory Kanizsa shapes was enhanced and activity to illusion-inducing

elements suppressed, whereas background activity remained unmodulated

(Figure 2.5, A.-C.). This pattern of results was also evident in V2 and

has been replicated recently (Kok et al., 2016). There is also evidence that
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Figure 2.5. Prior work on global object perception in humans. A.-C. Illusory shape perception.
Here, the stimulus display consisted of Pacman elements. In the illusory shape condition (A.), some
of these elements induced the percept of an illusory triangle. In the control condition (B.), this was
not the case. When the illusory shape condition was contrasted to the control condition, brain activity
in V1 increased in the shape region and decreased in the inducer region (C., left-hand side). This
pattern has been interpreted in terms of hierarchical predictive coding models (C., right-hand side),
where higher-level areas send predictive feedback to lower-level areas. Lower-level areas compare
these predictions to the bottom-up input they receive and calculate a prediction error that is fed
forward to higher-level areas, allowing them to update their predictions. White dashed lines denote
the spatial extent of the illusory triangle. Note that in C. (left-hand side) brain activity is back-
projected into visual space. D.-G. Texture segregation. Here, the stimulus display comprised a
figure and a ground region with oriented line elements. In the incongruent figure condition (D.), the
figure elements had an orientation opposite to the background elements. In the congruent figure
condition (E.), the figure elements were oriented like the background elements albeit slightly offset.
In the ground-only condition (not shown), all elements were oriented the same way and no figure was
present. The black arrow points to the location of the figure. White lines denote stimulus dimensions.
When the congruent figure condition was compared to the ground-only condition, brain activity in V1
was enhanced around the figure-ground boundary (F.). When the incongruent figure condition was
compared to the congruent one, brain activity in V1 was enhanced in the figure region (G.). Note
that brain activity is back-projected into visual space and z-standardized, so that yellow color reflects
larger z-scores. BOLD = Blood-oxygen-level-dependent. a.u. = Arbitrary units.

Figure A.-C. (left part) are minimally adapted from ”Shape perception simultaneously up- and downregulates neural activity in the primary visual
cortex,” by Kok and de Lange, 2014, Current Biology, 24, p. 1532. Copyright 2014 by Elsevier. Minimally adapted with permission. Figure D.-G.
are minimally adapted from ”Resolving the spatial profile of figure enhancement in human V1 through population receptive field modeling,” by
Poltoratski and Tong, 2020, The Journal of Neuroscience, 40, p. 3294 and 3299. CC BY 4.0.

it exhibits laminar-specificity, demonstrating the involvement of feedback

processing (Kok et al., 2016).

Kok and de Lange (2014) interpreted their findings in terms of hierar-

chical predictive coding models (e.g., Mumford, 1992; Rao & Ballard, 1999).

Simply put, such models assume that higher visual areas send predictive

feedback to lower visual areas. Lower visual areas compare these predic-

tions to the bottom-up input they receive and calculate a prediction error.

This prediction error is fed forward to higher visual areas, allowing them

to adjust their predictions (Figure 2.5., C.). Accordingly, when an illusory

Kanizsa shape is presented, it is assumed that higher visual areas send pre-

dictive feedback about this shape to V1 and V2. Since the illusion-inducing
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elements are compatible with this prediction, the error signal is attenuated,

resulting in a suppression of activity in the inducer region as compared to the

control stimulus. However, given that there is no bottom-up input match-

ing the predicted shape itself, responses in the shape area are increased as

compared to the control stimulus.

As appealing as such an account might be, it is difficult to reconcile

with the observation that brain activity corresponding to the element not

partaking in the illusion tended to show enhanced activity (Figure 2.5, A.-

C.; Kok & de Lange, 2014). This is because this element should have been

equally unpredictable in both conditions (Bartels, 2014). It has also been

argued that the differential suppression for the illusion-inducing elements

might be due to perceptual adaptation as induced by the way Kok and

de Lange (2014) presented stimuli across time (Moors, 2015) and there is

evidence supporting this notion (Yan et al., 2021). Nonetheless, leaving these

considerations aside, Kok and de Lange (2014)’s findings can be regarded as

an extension of Gilad and Slovin (2015)’s work in that they indicate that V1

does not only distinctively label multiple physical figures, but also physical

and illusory ones. However, as mentioned, it is crucial to pinpoint as to why

these modulations occur.

Building upon the back-projection approach spearheaded by Kok and de

Lange (2014), more recently, Poltoratski and Tong (2020) investigated the

topographic profile underlying figure enhancement in V1 using orientation-

defined textures. In the congruent figure condition, the figure region con-

tained elements that were oriented in the same fashion as the background

albeit slightly offset, producing a weak figure percept (Figure 2.5, E.). In the

incongruent figure condition, however, the figure elements had an orientation

opposite to the background, producing a strong figure percept (Figure 2.5,

D.). In the ground-only condition, there was no figure. When the congruent

figure condition was compared to ground-only, enhanced brain activity sur-

rounding the figure-ground boundary but not the figure itself was evident

(Figure 2.5, F.). Only when the incongruent figure condition was compared

to the congruent one, there was a clear enhancement in the figure region

(Figure 2.5, G.) – an effect that held true even when a highly visible gap in

background gray separated the figure and ground region. Notably, similar

effects were present in V2 and V3. These findings suggest that figure en-

hancement is not automatically driven by the presence of a boundary. Rather
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large-scale differences in the orientation of figure and ground elements are

necessary to produce this effect. As such, figure enhancement cannot simply

be attributed to an inward spread of activity related to the figure-ground

boundary. This is in line with evidence in monkeys that boundary detection

and figure enhancement are distinct processes (Lamme et al., 1999; Poort

et al., 2012, 2016), supporting the idea that the monkey and human visual

system implement global object perception in a similar fashion.

Collectively, the studies by Kok and de Lange (2014) and Poltoratski

and Tong (2020) illustrate the importance of visualizing and analyzing to-

pographic signatures with high spatial resolution. This allows us not only

to identify the neural mechanisms underlying global object perception in

the human brain, but also to test predictions arising from invasive animal

physiology more comprehensively as well as to connect research in monkeys

and humans. However, in all aforementioned studies including the work by

Kok and de Lange (2014) and Poltoratski and Tong (2020), changes in per-

ception were always coupled with changes in physical stimulus properties.

This renders it impossible to determine the source of activity modulations

unequivocally. Bistable stimuli, such as Rubin’s (1915) vase-face illusion

(as cited in Wagemans, Elder, et al., 2012), represent a way to circumvent

this issue. Here, changes in perception occur without changes in physical

stimulus properties. As such, activity modulations cannot, for instance, be

trivially explained by image statistics (Dumoulin & Hess, 2006). Bistable

stimuli therefore provide a unique window to study global object perception.

A very elegant bistable stimulus (Lorenceau & Shiffrar, 1992) that can be

either perceived globally (grouped) or locally (ungrouped) has been adopted

in studies by Fang, Kersten, and Murray (2008) and Murray et al. (2002).

This bistable stimulus consists of a diamond contour translating horizontally

behind three occluders that have the same color as the background. In

its global state, the diamond stimulus is perceived as a coherently moving

diamond shape. In its local state, however, it is perceived as incoherently

moving elements. When the global state was compared to the local one,

Fang et al. (2008) and Murray et al. (2002) observed decreased activity in

V1 (and also V2) and increased activity in the LOC – a finding that has been

replicated recently (Grassi, Zaretskaya, & Bartels, 2018). Similar to Kok and

de Lange (2014), Fang et al. (2008) and Murray et al. (2002) interpreted their

results in terms of hierarchical predictive coding models (e.g., Mumford,
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1992; Rao & Ballard, 1999). In particular, the authors suggested that the

LOC sends predictive feedback to V1 and V2. They further assumed that

once the LOC arrives at a coherent and global interpretation of the diamond

stimulus, the predictability of the bottom-up input is increased, resulting in

a differential suppression of activity in V1 and V2. However, if this were

indeed the case, this suppressive effect should be confined to the retinotopic

representation of the physical stimulus elements, which the authors did not

demonstrate. Moreover, there is evidence that the differential suppression

extends into the background region (De-Wit, Kubilius, Wagemans, & Op

de Beeck, 2012) and that variations of the diamond stimulus produce a

differential increase (rather than a decrease) in V1 activity (Caclin et al.,

2012).

These conflicting results might be due to the coarse analyses techniques

adopted in previous studies (Caclin et al., 2012; De-Wit et al., 2012; Fang

et al., 2008; Grassi et al., 2018; Murray et al., 2002), preventing the quan-

tification of fine-grained response amplitude codes. To address this possibil-

ity, the present thesis sought to investigate the topographic profile of brain

activity related to the global perception of the diamond stimulus and a se-

ries of non-ambiguous stimuli to test for the generalizability of results. To

this end, the developed back-projection approach was used to back-project

brain activity into visual space, allowing for a straightforward read out of

retinotopically-specific response amplitude codes along a large portion of the

visual hierarchy (first specific aim; 1.2 Thesis aims).

2.4 Spatial attention

As mentioned above (2.1 Organization of the visual system), research on spa-

tial attention challenged the idea that RFs are hard-wired (Hartline, 1937)

by showing that RF properties change with the attentional state of the ob-

server (Anton-Erxleben & Carrasco, 2013). On the one hand, this flexibility

is astonishing because it implies that the retinotopic mapping between the

brain and the retina changes from context to context. Consequently, the

brain is confronted with considerable uncertainty about the spatial origin

of visual information. On the other hand, our world is ever-changing and

requires the brain to adapt as we go, which might necessitate flexible RFs.

Spatial attention is thought to allow for prioritized information process-
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ing at particular locations in the visual field (Anton-Erxleben & Carrasco,

2013). As such, it enables us, for instance, to monitor our daughter in a

busy playground area whilst ignoring other children. Such monitoring can

be implemented in various ways. Overt spatial attention refers to a situ-

ation in which we shift both our attention and gaze to a specific location

in visual space (Anton-Erxleben & Carrasco, 2013), such as when we fixate

and monitor our daughter concurrently (Figure 2.6, A., left column). Covert

involuntary (exogenous) attention refers to a situation in which we shift our

attention to a specific location following an external event whilst maintaining

our gaze somewhere else (Anton-Erxleben & Carrasco, 2013), such as when

we fixate our daughter whilst a ball suddenly bounces off the ground right

next to her (Figure 2.6, A., right column). Covert voluntary (endogenous)

attention is similar, although here, the attention shift happens voluntarily

(Anton-Erxleben & Carrasco, 2013), such as when we stare – for reasons

of politeness – at our chatty friend’s face whilst monitoring our daughter

(Figure 2.6, A., middle column).

All three types of spatial attention are thought to help the visual system

filter information across visual space. The extent of attentional filtering can

be quite large, as evidenced by our inability to spot substantial changes

in a visual scene outside of our attentional focus – a phenomenon called

change blindness (Rensink, O’Regan, & Clark, 1997). Given that RFs also

act as spatial filters, it is probably unsurprising that researchers started

investigating the effect of spatial attention on RFs. Most of the physiological

work on this topic has focused on overt or covert voluntary attention in the

visual cortex of monkeys and humans. Whereas the work in monkeys is

grounded in single-neuron recordings, the work in humans is grounded in

fMRI-based pRF modeling (Anton-Erxleben & Carrasco, 2013; Dumoulin &

Knapen, 2018). The following subchapters review some of this evidence to

identify outstanding questions.

Importantly, to induce covert attention, this line of research typically

requires observers to maintain their gaze at a fixation dot whilst covertly

attending to a stimulus in the (parafoveal) visual field. Covert attention

is then operationalized by requiring observers to perform a task on the at-

tended stimulus, such as detecting a change in movement direction (e.g.,

Womelsdorf et al., 2006) or contrast (e.g., Klein et al., 2014). This is to

ensure sustained covert attention at particular locations in the visual field.
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Figure 2.6. Spatial attention and prior work on spatial attention in monkeys. A.-B. Forms of
spatial attention allocation. Overt attention: We direct both our gaze and attention to our daughter
(A., 1st column). Covert voluntary (endogenous) attention: We voluntarily direct our attention to
our daughter whilst our gaze is somewhere else (A., 2nd column). Covert involuntary (exogenous)
attention: We fixate our daughter whilst our attention is involuntarily captured by a ball suddenly
bouncing off next to her (A., 3rd column). Unifocal attention: We only pay attention to our daughter
(B., 1st column). Multifocal attention: We simultaneously pay attention to both our daughter and
her sibling (B., 2nd column). C.-E. Hypothesized effect of spatial attention on RF profiles. An
effective and ineffective stimulus were placed inside the RF of a V4 neuron (C.). Covert attention on
the effective or ineffective stimulus was hypothesized to shrink the RF around the attended stimulus
(D. and E., respectively), so that the unattended stimulus is basically removed from the RF. The red
bar represents the effective and the green bar the ineffective stimulus. The black solid circle outline
represents the focus of attention and the black dot the fixation point. F.-G. Observed effect of spatial
attention on RF profiles. Two random dot patterns (S1 and S2) were placed within the RF of an MT
neuron and one outside of it (S3). Covert attention was either directed to S1, S3, or S3 whilst probe
stimuli were presented inside and outside the RF (F.). Directing covert attention to S1/S2 shifted
the most responsive part of the RF towards S1/S2 (G. and H.). The small black dots reflect the
locations at which the probe stimuli were presented and the black square the fixation point. RF =
Receptive field. S1-3 = Stimulus 1-3. MT = Middle temporal area.

Figure A. is after/inspired by Anton-Erxleben and Carrasco (2013). Figure C.-E. are after Moran and Desimone (1985). Note that for illustrative
purposes the rectangular RF profile was replaced by a circular one. Figure F.-H. are minimally adapted from ”Dynamic shifts of visual receptive
fields in cortical area MT by spatial attention,” by Womelsdorf et al., 2006, Nature Neuroscience, 9, p. 1157. Copyright 2006 by Springer Nature.
Minimally adapted with permission.

Similarly, to induce sustained overt attention observers are typically required

to perform a task on the fixation dot, such as detecting a change in color (e.g.,

Niebergall, Khayat, Treue, & Martinez-Trujillo, 2011a) or contrast (e.g., Vo

et al., 2017). Moreover, to place stimuli in or outside a neuron’s RF in the

scope of single-neuron recordings, RFs are typically mapped prior to the

actual attention experiment (e.g., Anton-Erxleben et al., 2009; Connor et

al., 1996; Moran & Desimone, 1985; Niebergall et al., 2011a; Womelsdorf et

al., 2006).

2.4.1 Evidence in monkeys

The idea that spatial attention modulates RF properties has been proposed

more than three decades ago by Moran and Desimone (1985). In their
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study, the authors recorded from neurons in V4 and IT cortex whilst two

oriented bars were placed inside a neuron’s RF (Figure 2.6, C.). When

presented in isolation, one of the bars was effective in driving the neurons’

responses whereas the other bar was not. Moran and Desimone (1985) found

that neurons increased their response when monkeys covertly attended to

the effective stimulus and decreased it when monkeys covertly attended to

the ineffective stimulus. These findings suggest that neuronal responses are

biased towards the attended bar and the influence of the unattended bar on

this response reduced. Moran and Desimone (1985) hypothesized that this

modulation is due to shrinkage of the RFs around the attended bar, basically

removing the unattended bar from the RFs (Figure 2.6, D.-E.). However, it

is equally conceivable that RFs shifted towards the attention locus, and, as

a result, did not cover the unattended bar anymore. Similarly, it is possible

that both the position and size of RFs changed in concert.

Since the seminal work of Moran and Desimone (1985), similar effects

have been repeatedly reported in V4 (e.g, Ghose & Maunsell, 2008; Luck,

Chelazzi, Hillyard, & Desimone, 1997; Reynolds, Chelazzi, & Desimone,

1999) and several other visual areas, including V2 (e.g., Luck et al., 1997;

Reynolds et al., 1999) as well as MT and the medial superior temporal area

(e.g. Lee & Maunsell, 2010; Treue & Maunsell, 1996). Collectively, these

findings highlight that visual neurons cannot be regarded as invariant fil-

ters, but that spatial attention changes their response properties. However,

to determine whether such changes are indeed mediated by a shift or shrink-

age of RFs, it is necessary to systematically vary the attention locus across

visual space and map RFs in a principled way during attention allocation.

Using a crude form of this approach, Connor et al. (1996, 1997) recorded

from V4 neurons whilst monkeys covertly attended to one of four rings lo-

cated outside a neuron’s RF. During attention allocation, irrelevant bar stim-

uli were flashed at different positions along an axis spanning the RF. The

authors found that a neuron’s response to bar stimuli near the attended ring

was enhanced relative to responses to more distant bars, suggesting that RFs

shifted towards the locus of attention. Using a similar approach, Niebergall

et al. (2011a) recorded from MT neurons whilst two random dot patterns

moved in parallel along a horizontal path through a neuron’s RF. When

monkeys covertly tracked these patterns, they evoked neuronal responses at

larger distances from the RF center relative to when monkeys overtly at-
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tended to the central fixation dot. These results indicate that during covert

tracking, RFs expanded along the trajectory of the dot patterns.

However, to evaluate RF shifts and effects of shrinkage or expansion

more comprehensively, it is necessary to systematically map RFs across 2D

space during attention allocation. Using this approach, Womelsdorf et al.

(2006) recorded from neurons in MT whilst monkeys covertly attended to

one of two random dot patterns placed inside a neuron’s RF or to a random

dot pattern located outside the RF in the contralateral hemifield. During

attention allocation, probe stimuli were flashed inside and outside the RF

to map its spatial profile (Figure 2.6, F.). RFs shifted towards the attended

stimulus (Figure 2.6, G.-H.), even when the attended stimulus was located

outside the RF (Womelsdorf et al., 2006). In addition, RFs shrunk slightly

when attention was allocated inside as compared to outside the RF – a

finding that was confirmed in a follow-up study (Womelsdorf et al., 2008).

Using a similar paradigm, Anton-Erxleben et al. (2009) showed that RFs of

MT neurons shift not only towards attention loci located inside the RF but

also next to it. Moreover, RF size was reduced when covert attention was

directed inside the RF and increased when it was directed next to the RF

relative to overt attention at central fixation.

These results not only corroborate Moran and Desimone’s 1985 initial

hypothesis as well as other findings (Connor et al., 1996, 1997; Niebergall

et al., 2011a), but also extend them by showing that both RF position and

size can be modulated in concert, with RF size changes being dependent

on the location of the attention locus. They also speak to a fairly global

influence of spatial attention. Collectively, this pattern of results provides

evidence for an attentional mechanism that leads to a concentration of pro-

cessing resources around the attention target (at the expense of unattended

locations), resulting in enhanced sensitivity.

Such RF modulations seem to be best explained by a combination of feed-

forward, feedback, and horizontal processing (Miconi & VanRullen, 2016)

and might serve to increase the visual system’s spatial resolution (Anton-

Erxleben & Carrasco, 2013). For instance, RF shifts towards an attended

stimulus should result in a larger number of neurons encoding the stimulus.

This would boost local cortical magnification and enhance the represen-

tation of the stimulus (Anton-Erxleben & Carrasco, 2013; Womelsdorf et

al., 2006). RF shifts might therefore account for enhanced behavioral per-
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formance at attended locations (Anton-Erxleben & Carrasco, 2013). They

might also explain changes in the perception of spatial stimulus features with

spatial attention, such as increases in object size (Anton-Erxleben, Henrich,

& Treue, 2007). The idea here is that when RFs are attracted towards a

stimulus, some RFs outside the stimulus borders that did originally not en-

code the stimulus eventually end up encoding it. Assuming the brain reads

out the visual field position these RFs coded for originally (which lie beyond

the stimulus borders), this would result in a perceptual enlargement effect

(Anton-Erxleben & Carrasco, 2013).

Regardless of the exact functional role of RF dynamics, any such specu-

lation ultimately requires an understanding of how these dynamics manifest

beyond single neurons. However, single-neuron recordings are unable to ad-

dress how spatial attention affects the topographic profile of RFs within or

across visual areas. Given its potentially global influence (Womelsdorf et al.,

2006), spatial attention might not only modulate RF properties across the

whole visual field, but also in several visual areas in concert. Moreover, the

single neuron literature is heavily biased towards V4 and MT. One reason

for this bias might be that it is difficult to place two stimuli inside very small

RFs as found in V1 (and also V2 and V3) whilst ensuring that monkeys can

still perform the attention task (Moran & Desimone, 1985). Similarly, it is

unclear whether attention mechanisms established in monkeys transfer to

humans.

To tackle these and related questions, recent research started using fMRI-

based pRF modeling to quantify the topographic profile of spatial attention

in humans. Although this line of research is still in its infancy, it has pro-

duced a diverse set of pRF dynamics for both pRF position and size across

a multitude of visual areas. As such, it appears important to better un-

derstand this diversity. The following subchapter therefore gives a general

overview of this line of research with a focus on position changes in V1-V3.

2.4.2 Evidence in humans

Over the past decade, the field of pRF modeling has investigated the impact

of spatial attention on pRFs by asking observers either to covertly attend to

the retinotopic mapping stimulus (henceforth dynamic allocation paradigm)

or to focal stimuli whilst ignoring the mapping stimulus (henceforth con-

stant allocation paradigm). Such experimental conditions are then typically
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compared to a baseline condition where observers are required to overtly

attend to the fixation dot. Constant allocation paradigms are reminiscent

of single-neuron studies where focal stimuli are presented inside or outside

the RF (Anton-Erxleben et al., 2009; Connor et al., 1996, 1997; Womelsdorf

et al., 2006, 2008). Dynamic allocation paradigms resemble the attention

tracking study by Niebergall et al. (2011a), where stimuli are swept through

a neuron’s RF. The general idea to map pRFs during attention allocation

can be seen as an extension of the RF mapping paradigm spearheaded by

Anton-Erxleben et al. (2009) and Womelsdorf et al. (2006, 2008).

Using dynamic allocation paradigms, a tendency for an overall increase

in pRF size and decrease in pRF position has been reported in lower and

higher visual areas (Kay, Weiner, & Grill-Spector, 2015; Sheremata & Silver,

2015; Sprague & Serences, 2013). Further evidence suggests that position

changes are primarily evident along the horizontal dimension (i.e., for the x0

parameter) and that position and size changes vary with pRF eccentricity

(Sheremata & Silver, 2015). This highlights the importance of quantifying

fine-grained topographic profiles of changes in pRF properties, as the effect

of spatial attention might cancel out when averaging across a whole visual

area.

Recently, van Es et al. (2018) explored changes in pRF properties across

eccentricity in great detail. In their study, the authors combined pRF esti-

mates across various lower and higher visual areas and found that overall,

pRFs with smaller eccentricities increased in size whereas pRFs with larger

eccentricities decreased in size. PRF size increases at smaller eccentricities

were evident in V1 and pRF size decreases at larger eccentricities in V2 and

V3. Such a mixed pattern was also evident amongst higher visual areas.

For pRF position, the authors reported shifts that occurred mainly along a

radial dimension and a shift magnitude that tended to be smaller in V1-V3

as compared to higher visual areas. When quantifying pRF position shifts

across all visual areas, pRFs at smaller eccentricities showed an outward

shift, whereas pRFs at larger eccentricities showed an inwards shift. How-

ever, this pattern was only really evident in V3. Instead, in V1 and V2,

pRFs shifted mostly inwards, whereas pRFs in the remaining visual areas

shifted mostly outwards.

Taken together, in line with single neuron recordings (Anton-Erxleben et

al., 2009; Connor et al., 1996, 1997; Niebergall et al., 2011a; Womelsdorf et
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al., 2006, 2008), pRF research using dynamic allocation paradigms suggests

that spatial attention modulates both pRF position and size (Kay et al.,

2015; Sheremata & Silver, 2015; Sprague & Serences, 2013; van Es et al.,

2018). This modulation seems to occur across large portions of the visual

cortex as well the whole visual field. Yet, the way it manifests appears to

differ between visual areas and these differences seem to arise even amongst

V1-V3 (van Es et al., 2018). Given that dynamic allocation paradigms

require observers to track a mapping stimulus that dynamically shifts across

visual space, it is hard to pinpoint what the functional significance of such

fine-grained differences could be.

Constant allocation paradigms circumvent this issue to some extent be-

cause here, observers direct their attention to focal stimuli in the visual field.

Any changes in pRF properties can thus be evaluated relative to the focus

of attention. When placing focal stimuli outside the mapping area along

the horizontal meridian, Klein et al. (2014) found that pRFs shift mostly

horizontally in the direction of the attended stimulus – an effect that was

less pronounced in V1-V3 relative to higher visual areas (Figure 2.7, A.).

Note that unlike all other studies reported here, the baseline condition in

this study did not involve attention on the fixation dot. Instead, covert at-

tention on a focal stimulus in the left visual field was compared to covert

attention on a focal stimulus in the right visual field.

Compatible with Klein et al. (2014)’s findings, Vo et al. (2017) found that

in both V1-V3 and higher visual areas pRFs shift radially towards attention

loci located inside the mapping area, slightly offset from the fixation dot.

In V1-V3, the magnitude of these shifts tended to be larger the farther

away the pRFs were from the attention locus (although this effect was less

clear in V1), with pRFs around the attention locus being slightly repelled

(Figure 2.7, B.). Moreover, for V2 and V3, pRF size increased around the

attention locus and decreased farther away, whereas pRF size in V1 was

constantly decreased – an effect that was also present in some higher visual

areas.

Altogether, similar to dynamic allocation paradigms (Kay et al., 2015;

Sheremata & Silver, 2015; Sprague & Serences, 2013; van Es et al., 2018),

evidence coming from constant allocation paradigms (Klein et al., 2014; Vo

et al., 2017) speaks to a fairly global influence of spatial attention on pRFs.

Moreover, in line with single neuron recordings (Anton-Erxleben et al., 2009;
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A. B.

Figure 2.7. Prior work on spatial attention in humans. A. Effect of spatial attention on pRF position
for attention loci outside the mapping area. Covert attention was either directed to a stimulus in the
right or left visual field located outside the mapping area. When the right condition was compared to
the left condition, pRFs shifted horizontally towards the right stimulus in several visual areas. Data
were collapsed across visual hemifields. The black circle outline denotes the right stimulus. Shifts
towards/away from the right stimulus are highlighted in green/red. B. Effect of spatial attention on
pRF position for attention loci inside the mapping area. Attention was either covertly directed to a
stimulus in the right or left visual field (slightly offset from the fixation dot) or overtly to the fixation
dot. When both the right and left condition were compared to the fixation condition, pRFs shifted
towards the covertly attended stimulus in various visual areas. In V1-V3, pRFs around the covertly
attended stimulus were slightly repelled. Likewise, the shift magnitude in these areas tended to be
larger at a greater distance from the covertly attended stimulus (although this effect was less clear
in V1). Data were collapsed across the left and right condition. The y-axis shows the difference
in pRF position between the left/right and the fixation condition. h (prefix) = Human. LO =
Lateral-occipital area. TO = Temporal-occipital area. IPS = Intraparietal sulcus. pRF = Population
receptive field. Degrees = Degrees of visual angle.

Figure A. is minimally adapted from ”Attraction of position preference by spatial attention throughout human visual cortex,” by Klein et al., 2014,
Neuron, 84, Supplementary information. Copyright 2014 by Elsevier. Minimally adapted with permission. Figure B. is minimally adapted from
”Spatial tuning shifts increase the discriminability and fidelity of population codes in visual cortex,” by Vo et al., 2017, The Journal of Neuroscience,
37, p. 3392. CC BY 4.0.

Connor et al., 1996, 1997; Womelsdorf et al., 2006, 2008), pRFs have been

found to shift towards the attention locus (either horizontally or radially),

even in V1-V3 (Klein et al., 2014; Vo et al., 2017). Here, pRFs around the

attention locus also showed a slight repulsion effect and a tendentially larger

shift magnitude at a greater distance from the attention target (Vo et al.,

2017).

However, these studies focused exclusively on unifocal attention and fail

to address how pRFs are modulated if we pay attention to multiple loci si-

multaneously (Figure 2.6, B.). This is surprising given that multifocal atten-

tion represents an integral part of most daily activities, such as monitoring

children, crossing the street, driving a car, playing football, or watching tele-

vision. Accordingly, multifocal attention seems to match the demands of our

everyday life much more closely than unifocal attention. The next subchap-

ter briefly summarizes the fMRI and single-neuron literature on multifocal
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attention.

2.4.3 Multifocal attention

Traditionally, spatial attention has been conceptualized as a limited resource

that takes the form of a spotlight (e.g., Kahneman, 1973; Posner et al., 1980;

Shaw & Shaw, 1977). To account for multifocal attention, it has been pro-

posed that this resource splits into multiple spotlights (Castiello & Umiltà,

1992). Only recently, this hypothesis has been addressed in a series of fMRI

studies (McMains & Somers, 2004, 2005; Morawetz et al., 2007). In these

studies, observers were presented with five stimulus streams. One stream was

located at central fixation and one in each visual field quadrant. Observers

were either required to covertly attend to the bottom-left stream (unifocal)

or to both the top-left and bottom-right stream (multifocal) whilst ignor-

ing the remaining streams. When the multifocal condition was contrasted

to the unifocal condition, an increase in brain activity corresponding to the

cortical representation of the multifocal streams was observed and a decrease

corresponding to the unifocal stream. Attentional effects corresponding to

the remaining streams were either absent or of much lower magnitude. This

effect was present in V1 and V2 as well as across a combined area complex

that additionally involved V3 and other visual areas (McMains & Somers,

2004, 2005; Morawetz et al., 2007). This pattern of results provides evidence

that spatial attention can be split to cover distinct regions in visual space, re-

sulting in retinotopically-specific response amplitude profiles (at least under

these task conditions).

Further support for this notion comes from recent single-neuron work

(Niebergall et al., 2011b). In their study, Niebergall et al. (2011b) recorded

from neurons in MT whilst monkeys were presented with three random dot

patterns. One of these patterns was placed into a neuron’s RF, whereas the

others translated in parallel along a horizontal path. The translating pat-

terns either passed by the neuron’s RF or crossed it, whilst circumventing

the remaining pattern. The monkeys were either required to attend to the

translating patterns (translate), the pattern inside the RF (inside), or the

fixation dot (fixation) whilst ignoring the remaining patterns. When com-

paring the translate to the inside condition, neuronal responses were sup-

pressed (even when the translating patterns passed by the RF). Moreover,

when comparing the translate to the fixation condition, neuronal responses
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were either decreased or similar. These findings indicate that splitting at-

tention between the translating patterns resulted in a suppressive region

between them, matching the results of fMRI studies (McMains & Somers,

2004, 2005; Morawetz et al., 2007). Accordingly, the flexibility of spatial

attention appears to go well beyond what can be revealed by research on

unifocal attention alone.

However, to date, no study has put this flexibility to the test when it

comes to changes in RF or pRF positions. To commence addressing this gap,

the present thesis sought to investigate the influence of multifocal attention

on the topographic profile of pRF positions in V1-V3 (second specific aim,

1.2 Thesis aims). To this end, the multifocal attention paradigm used in pre-

vious studies (McMains & Somers, 2004, 2005; Morawetz et al., 2007) was

integrated into an fMRI-based pRF experiment and the developed back-

projection approach used to back-project pRF position changes in visual

space. This permitted the inspection of topographic position profiles with

unprecedented spatial detail as compared to previous pRF work (Kay et

al., 2015; Klein et al., 2014; Sheremata & Silver, 2015; Sprague & Serences,

2013; van Es et al., 2018; Vo et al., 2017). Importantly, during the course

of this project on multifocal attention, it became evident that the way to-

pographic pRF profiles have been summarized and compared in previous

pRF research – including the work on spatial attention – is flawed. The

present thesis therefore furthermore embarked on investigating these flaws

using simulations and empirical repeat data (third specific aim, 1.2 Thesis

aims).

66



Chapter 3

Investigating topographic signatures of

global object perception in human visual

cortex

3.1 Highlights

• Lower visual cortex activity to grouped vs ungrouped dynamic stimuli

is suppressed.

• When grouping a shape, activity in higher object-sensitive cortex is

enhanced.

• Without shape grouping, activity in higher object-sensitive cortex is

suppressed.

• Grouping-related suppression can be diffusely confined to stimulated

cortical sites.

3.2 Abstract

Our visual system readily groups dynamic fragmented input into global ob-

jects. How the brain represents global object perception remains, however,

unclear. To address this question, we used fMRI to record brain responses

whilst observers viewed a dynamic bistable stimulus that could either be per-

ceived globally (i.e., as a grouped and coherently moving shape) or locally

(i.e., as ungrouped and incoherently moving elements). We further estimated

pRFs and used these to back-project the brain activity measured during
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stimulus perception into visual space via a searchlight procedure. Global per-

ception resulted in universal suppression of responses in lower visual cortex

accompanied by wide-spread enhancement in higher object-sensitive cortex.

However, follow-up experiments indicated that higher object-sensitive cortex

is suppressed if global perception lacks shape grouping, and that grouping-

related suppression can be diffusely confined to stimulated sites and accom-

panied by background enhancement once stimulus size is reduced. These

results speak to a non-generic involvement of higher object-sensitive cortex

in perceptual grouping and point to an enhancement-suppression mechanism

mediating the perception of figure and ground.

3.3 Introduction

Perceptual grouping binds together local image elements into global and co-

herent objects and segregates them from other objects in our visual field

including the background (Roelfsema, 2006; Roelfsema & Houtkamp, 2011).

This enables object recognition and tracking even if visual input is frag-

mented across space and time (Anderson & Sinha, 1997; Anstis & Kim,

2011; Lorenceau & Shiffrar, 1992), such as when we perceive a vehicle pass-

ing behind a row of trees. However, despite its ubiquity in everyday life,

it remains unclear how global object perception is represented in the visual

brain.

A plethora of studies in monkeys suggests that information about figure-

ground organization is represented in lower and mid-tier visual areas. In

particular, neurons in V1 and V4 respond more strongly to tilted elements

belonging to a global shape as opposed to the background (Lamme, 1995;

Poort et al., 2012, 2016). Likewise, V1 and V4 responses to elements grouped

into contours are enhanced, whereas those to ungrouped background ele-

ments are suppressed (at least in V1; Chen et al., 2014; Gilad et al., 2013).

Taken together, these findings indicate that the monkey visual system draws

upon a response amplitude code to mediate figure-ground segregation. The

functional relevance of such signatures and whether they are mediated by

feedback, feedforward, or horizontal connections or a combination thereof,

however, remains a matter of active debate and research (e.g., De-Wit et al.,

2012; Poort et al., 2012, 2016).

Do similar mechanisms exist in humans? Although a series of (early)
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fMRI studies addressed this question (e.g., Altmann et al., 2003; Scholte

et al., 2008; Seghier et al., 2000), their analyses techniques often lacked

the spatial sensitivity to quantify retinotopically-constrained response am-

plitude codes. More recently, however, Kok and de Lange (2014) combined

standard fMRI recordings and population pRF modeling (Dumoulin & Wan-

dell, 2008) to investigate the topographic profile of V1 and V2 activity to

illusory Kanizsa shapes in much greater detail. When compared to non-

illusory control stimuli, activity to Kanizsa shapes increased, whereas activ-

ity to the illusion-inducing elements decreased, while background activity

remained unchanged. This pattern of results has been replicated recently

and there is evidence that it might be laminar-specific (Kok et al., 2016).

Another topographic fMRI study reported ground suppression in V1 (and

also V2) without figure enhancement for structure-from-asynchrony textures

vs unstructured control stimuli (Likova & Tyler, 2008). Thus, here too, a

response amplitude mechanism emerges in lower visual areas, distinctively

labeling multiple objects including the background.

The interpretation of these and similar studies is, however, complicated

by the fact that changes in perception always went hand in hand with

changes in the physical properties of the stimulus. This makes it impos-

sible to determine unequivocally the source of such activity modulations.

Indeed, there is evidence (Yan et al., 2021) that seemingly trivial stimulus

manipulations modulate the pattern reported by Kok and de Lange (2014).

Bistable stimuli, for which our perception alternates between two mutually

exclusive states without changes in the physical properties of the stimulus,

provide a way to circumvent this issue.

Fang et al. (2008) and Murray et al. (2002) used a very elegant bistable

stimulus (Lorenceau & Shiffrar, 1992) allowing for the investigation of per-

ceptual grouping in dynamic occluded scenes where object tracking is often

required. In their studies, participants underwent fMRI while viewing a

translating diamond stimulus whose corners were occluded by three bars

of the same color as the background. This stimulus could either be per-

ceived as four individual segments translating vertically out-of-phase and

thus incoherently (local, no-diamond percept ; Figure 3.1, A.) or as a di-

amond shape translating horizontally in-phase behind occluders and thus

coherently (global, diamond percept ; Figure 3.1, B.). When participants ex-

perienced the global compared to the local percept, a striking pattern of
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Figure 3.1. Diamond experiment | Example frames of the diamond stimulus and potential response
amplitude profiles when the global percept is contrasted to the local one. A. Local, no-diamond
percept. Here, the diamond stimulus was perceived as four individual segments oscillating vertically
and incoherently with the segments on the left/right moving towards/away from one another, re-
spectively, or vice versa (not shown). B. Global, diamond percept. Here, the four segments were
grouped together and perceived as a diamond shape oscillating horizontally and coherently behind
three occluders. The gray dashed frame denotes the inferred contours during the global state. The
white arrows indicate the perceived movement direction of the diamond stimulus. Only in the global
state, the perceived and physical movement direction coincided. C. Previously suggested response
amplitude profile. The whole visual field is suppressed. D. Hypothesized response amplitude profile.
The segments and background region are suppressed whereas the corners and center regions are en-
hanced. E. Response amplitude profile when the segments and corners region are predicted during
the global state. The segments region is suppressed (due to a match between bottom-up input and
higher-level feedback), the corners region enhanced (due to a mismatch between bottom-up input
and higher-level feedback), and activity in the background and center region unchanged. F. The
same as E., but if the whole diamond shape is predicted during the global state. The center region is
now also enhanced. Black lines represent the extreme positions of the diamond stimulus. Black solid
lines denote the visible ungrouped diamond segments (local, no-diamond percept). Black dashed
lines additionally illustrate the inferred but invisible diamond shape when the segments were grouped
together (global, diamond percept). White lines denote different visual field portions. Blue areas:
Suppressive effects. Red areas: Enhancement effects. Black areas: No effect. Dva = Degrees of
visual angle.

results was observed: a reduction of activity in V1 (and also V2) accompa-

nied by an increase of activity in the LOC – a brain region known to respond

more strongly to images of intact objects and shapes than a scrambled ver-

sion thereof (e.g., Grill-Spector, Kushnir, Hendler, et al., 1998; Malach et al.,

1995). Notably, this response pattern has recently been replicated (Grassi

et al., 2018).
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At first sight, such inverse activity modulations reflect exactly the type of

relationship proposed by hierarchical predictive coding models (e.g., Clark,

2013; Mumford, 1992; Murray, Schrater, & Kersten, 2004; Rao & Ballard,

1999). These models assume that lower visual areas flag an error whenever

the predictive feedback from higher visual areas conflicts with the bottom-up

input they receive. The general idea here is that when higher visual areas

(e.g., the LOC) arrive at a global and coherent interpretation of a visual

stimulus (e.g., the diamond shape behind occluders), the predictability of the

bottom-up input is increased and thus the error signal attenuated. When the

global diamond percept is then contrasted to the local no-diamond percept,

a differential reduction of activity emerges in lower visual areas (e.g., V1).

As such, these models predict that the reduction in V1 activity for the

global percept should be restricted to the retinotopic representation of the

visible diamond segments (Figure 3.1, E. and F.). This prediction, however,

seems difficult to reconcile with the finding that the suppressive effects in V1

for the diamond vs no-diamond percept extend well beyond stimulated sites

(i.e., the visible diamond segments) into the remaining background region

(Figure 3.1, C.; De-Wit et al., 2012). It is also incompatible with evidence

showing that variations of the diamond stimulus result in increased (instead

of decreased) V1 activity for the diamond vs the no-diamond percept (Caclin

et al., 2012).

These discrepant results may be due to the coarse analyses techniques

employed previously, precluding a more fine-grained inspection of topo-

graphic signatures underlying the perception of the diamond stimulus. The

possibility remained, for instance, that V1 activity corresponding to the re-

gion within the diamond frame (i.e., the center) and/or the invisible parts

(i.e., the occluded corners) increases, whereas activity corresponding to the

more peripheral background is suppressed during the diamond state (Fig-

ure 3.1, D.). De-Wit et al. (2012) considered much of these subareas as

background region, although the center and corners region could, arguably,

be treated as figure and/or contour regions too. Although this hypothesis

argues against hierarchical predictive coding models in a strict sense (e.g.,

Mumford, 1992; Murray et al., 2004; Rao & Ballard, 1999) because there

should be no systematic activity modulations in the peripheral background

region (Figure 3.1, E. and F.), it is compatible with the more general idea

of a response amplitude mechanism labeling different parts of a visual scene
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distinctively (e.g., Gilad et al., 2013; Lamme, 1995). Interestingly, such a

response pattern has recently been observed for another dynamic bistable

global-local stimulus (Anstis & Kim, 2011; Grassi, Zaretskaya, & Bartels,

2017).

Here, we combined standard fMRI measurements and pRF modeling

(similar to Kok & de Lange, 2014) to test for fine-grained response ampli-

tude mechanisms mediating global object perception. In a first experiment,

we mapped the retinotopic organization of participants’ cortices and esti-

mated the pRF of each voxel in visual cortex. In three further experiments,

we recorded brain activity whilst participants viewed the diamond stimulus

or a set of non-ambiguous stimuli with similar motion features but stable

shape information to test for the generalizability of our findings. We then

used each voxel’s pRF to back-project the voxel-wise brain activity mea-

sured during stimulus perception into visual space via a searchlight proce-

dure. This allowed us to directly read out retinotopically-specific response

amplitude codes along a large portion of the visual hierarchy.

3.4 Retinotopic mapping experiment

3.4.1 Methods

3.4.1.1 Participants

All participants (Ntotal = 11) of the three global object perception experi-

ments took part in the retinotopic mapping experiment. We refer to these

participants as P1–P11. They all had normal or corrected-to-normal visual

acuity and gave written informed consent to partake in our experiments (see

3.5.1.1, 3.6.1.1, 3.7.1.1 Participants for more details). If participants took

already part in the retinotopic mapping experiment in the scope of another

study in our laboratory, we reused these data. All experimental procedures

were approved by the University College London Research Ethics Commit-

tee.

3.4.1.2 Apparatus

Functional and anatomical images were collected using a Siemens Avanto

1.5 T magnetic resonance imaging (MRI) scanner. To prevent obstructed

view, we used a customized version of the standard 32 channel coil, where
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the front visor was removed, reducing the number of channels to 30. For

one participant (P2), however, the structural images were acquired with the

standard 32 channel coil. Key presses were recorded via an MRI-button box

for right-handers. Stimuli were projected onto a screen (resolution: 1920 ×
1080 pixels; refresh rate: 60 Hz; background color: gray) at the back of the

MRI scanner bore and viewed via a head-mounted mirror (viewing distance:

approximately 67–68 cm; stimulus dimensions are based on the latter value;

note that the variance in exact head/eye position is typically greater than

this range). A list of software and toolboxes used in all experiments can be

found in Table A.1.

3.4.1.3 Stimuli

The retinotopic mapping stimulus consisted of a simultaneous wedge-and-

ring aperture (Figure A.1, A. and B.) centered within a screen-bounded

rectangle in background gray. The wedge aperture was a sector (polar an-

gle: 12◦) of a disk (diameter: 17.03 degrees of visual angle, dva), moving

clockwise or counterclockwise in 60 discrete steps during 1 cycle (1 step/s).

Consecutive wedges overlapped by 50%. The ring aperture consisted of an

expanding or contracting annulus whose diameters varied in 36 logarithmic

steps during 1 cycle (1 step/s). The diameter of the inner circle (minimum:

0.48 dva) was 56–58% of that of the outer circle (maximum: 40.38 dva, ex-

tending beyond the screen dimensions). The diameter of any current circle

(outer or inner) was 10–11% larger/smaller compared to the previous one.

The wedge-and-ring aperture was superimposed onto circular images (di-

ameter: 17.03 dva) depicting intact natural and colorful scenes/objects or

a phase-scrambled version thereof (Ntotal = 456; Figure A.1, A. and B.).

The images and the wedge-and-ring aperture were centered around a cen-

tral black fixation dot (diameter: 0.13 dva) that was superimposed onto a

central disk (diameter: 0.38 dva). Within the resulting annulus surrounding

the fixation dot, the opacity level of the gray background increased radially

inwards in 12 equal steps (step size: 0.02 dva) from fully transparent (α =

0%) to fully opaque (α = 100%).

To support fixation compliance, a black polar grid (line width: 0.02 dva)

at low opacity (α = 10.2%) centered around the fixation dot was superim-

posed onto the screen. The polar grid consisted of 10 circles whose diameters

were evenly spaced between 0.38 and 27.35 dva, and 12 radial lines evenly
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spaced between polar angles of 0◦ and 330◦. The radial lines extended from

an eccentricity of 0.13–15.14 dva.

3.4.1.4 Procedure

The retinotopic mapping experiment consisted of 3 runs. Excluding the

initial dummy interval (10 s; fixation dot and polar grid only), each run

comprised 4 blocks. At the beginning of each block, the wedge-and-ring

aperture was presented (90 s; 1.5 cycles of wedge rotation; 2.5 cycles of ring

expansion/contraction), followed by a fixation interval (30 s; fixation dot

and polar grid only).

The order of wedge and ring movement in each run was clockwise and ex-

panding (block 1), clockwise and contracting (block 2), counterclockwise and

expanding (block 3), or counterclockwise and contracting (block 4). Within

each block, the type of carrier image (intact or phase-scrambled) alternated

every 15 s with the first carrier image always being phase-scrambled in odd-

numbered blocks and intact in even-numbered blocks. The carrier images

themselves were switched every 500 ms and displayed 1–2 times in pseudo-

randomized order during each run. To avoid confounds due to the spatial

distribution of low-level features, the images were always rotated with the

orientation of the wedge aperture.

Participants had to fixate the fixation dot continuously and press a key

whenever the dot turned red. Every 200 ms, with a probability of 0.03,

the fixation dot underwent a randomized change in color for 200 ms (from

black to red, green, blue, cyan, magenta, yellow, white, or remaining black).

To also ensure attention on the wedge-and-ring aperture, participants were

required to press a key whenever a Tartan image appeared. Due to technical

issues, for one participant (P3), the last 10 volumes (part of the final 30 s

fixation interval) were not acquired in one run. To account for this, we also

eliminated the last 10 volumes in the remaining two runs for this participant

before submitting the functional data to our preprocessing procedure.

3.4.1.5 MRI acquisition

Functional images were acquired with a T2*-weighted multiband 2D echo-

planar imaging sequence (Breuer et al., 2005) from 36 transverse slices cen-

tered on the occipital cortex (repetition time, TR = 1 s, echo time, TE =

55 ms, voxel size = 2.3 mm isotropic, flip angle = 75◦, field of view, FoV =
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224 mm × 224 mm, no gap, matrix size: 96 × 96, acceleration = 4). Slices

were oriented to be approximately parallel to the calcarine sulcus while en-

suring adequate coverage of the ventral occipital and inferior parietal cor-

tex. Anatomical images were acquired with a T1-weighted magnetization-

prepared rapid acquisition with gradient echo (MPRAGE) sequence (TR =

2.73 s, TE = 3.57 ms, voxel size = 1 mm isotropic, flip angle = 7°, FoV =

256 mm × 224 mm, matrix size = 256 × 224, 176 sagittal slices).

3.4.1.6 Preprocessing

After removing the first 10 volumes of each run to allow for T1-related sig-

nals to reach equilibrium, functional images were bias-corrected for intensity

inhomogeneity, realigned, unwarped, and coregistered to the anatomical im-

age. The anatomical image was used to construct a surface model, onto

which the preprocessed functional data were projected. For each vertex in

the surface mesh, we created an fMRI time series in each run by identifying

the voxel in the functional images that fell half-way between the vertex co-

ordinates in the gray-white matter and the pial surface. Finally, each time

series was linearly detrended and z-standardized.

3.4.1.7 Data analysis

3.4.1.7.1 PRF estimation The preprocessed time series for each vertex

were averaged across runs. To estimate the pRF for each vertex, we then

implemented a forward-modeling approach restricted to the posterior third of

the cortex. Each pRF was modeled as a 2D isotropic Gaussian with four free

parameters: x0, y0, σ, and β, where x0 and y0 denote the pRF center position

in Cartesian coordinates relative to fixation, σ the size of the pRF, and β the

amplitude of the signal. The pRF center position and size were expressed

in dva. The estimation procedure was identical to our previous studies

(Moutsiana et al., 2016; van Dijk et al., 2016). The resulting parameter maps

were modestly smoothed with a spherical Gaussian kernel (full width half

maximum, FWHM = 3 mm; for experiment-specific smoothing procedures

of pRF and response data, see 3.5.1.7 Data analysis). Note that vertices

with a very poor goodness-of-fit (R2 ≤ .01) and/or artifacts (σ or β ≤ 0)

were removed prior to smoothing.
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3.4.1.7.2 Delineation of visual areas Using the smoothed color-coded

maps for eccentricity and polar angle projected onto the surface model of

each hemisphere, we manually delineated V1–V3, V3A, V3B, LO-1, LO-

2 (see all Wandell et al., 2007), V4, VO-1, and VO-2 (see all Winawer &

Witthoft, 2015). Polar angle reversals served as a primary indicator for

identifying boundaries between visual areas (Engel, Glover, & Wandell, 1997;

Sereno et al., 1995). Example maps used for back-projection purposes (see

3.5.1.7 Data analysis) including delineations can be found in Figure A.1 (C.

and D.).

For all data analyses, the quarterfield delineations of each hemisphere

were merged and areas V3B, LO-1, LO-2, VO-1, and VO-2 combined into

a larger complex we label the ventral-and-lateral occipital complex (VLOC).

These subareas tended to show increased activation for intact vs phase-

scrambled images (Figure A.1, E.), ensuring the functional validity of the

VLOC as an object-sensitive complex. To this end, we performed a voxel-

wise general linear model (GLM) for each participant on the preprocessed

fMRI data from the retinotopic mapping experiment. The GLM comprised a

constant boxcar regressor for each carrier type (intact vs phase-scrambled),

convolved with a canonical HRF. The fixation intervals were modeled im-

plicitly and the obtained realignment estimates used as nuisance regressors.

We applied Restricted Maximum Likelihood estimation with a first order

autoregressive model, a high-pass filter (HPF) of 155 s, and implicit mask-

ing (threshold: 0.8). The voxel-wise differential beta values resulting from

the GLM were then projected onto the surface model and smoothed moder-

ately with a spherical Gaussian kernel (FWHM = 3 mm). Note that values

flagged by implicit masking were discarded from smoothing and any subse-

quent visualizations. Similar functional localization procedures were applied

previously to localize the LOC (e.g., De-Wit et al., 2012; Fang et al., 2008;

Grill-Spector, Kushnir, Hendler, et al., 1998), which does typically not fully

include the VO subareas and is not based on retinotopic principles1. We

thus refrained from labeling our complex ‘LOC’.

Importantly, compared to V1–V3, the subareas of the VLOC are smaller

1It is also important to consider that functional localization is dependent on threshold-
ing criteria, potentially biased towards the stimulus material at hand, does not necessarily
respect the topography of visual field maps, and led to comparability issues regarding the
demarcation of the LOC in previous research (De-Wit et al., 2012).
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with fewer vertices and a sparser distribution of pRFs around the vertical

meridian and the peripheral visual field (Amano et al., 2009; Larsson &

Heeger, 2006). Combining these areas into the VLOC thus ensured a more

complete coverage of the visual field in each participant, which was the

basis for subsequent data analyses. Nonetheless, although less reliable, we

provide exploratory searchlight back-projections (see 3.5.1.7 Data analysis

for details) for a combination of these subareas in Figure A.5, Figure A.9,

Figure A.13.

3.5 Diamond experiment

3.5.1 Methods

3.5.1.1 Participants

Five healthy participants (P1–P5; 1 male; age range: 20–37 years; all right-

handed) including the author took part in the diamond experiment.

3.5.1.2 Apparatus

Apart from the apparatus of the retinotopic mapping experiment, we used

an EyeLink 1000 MRI compatible eye tracker system to record eye movement

data of participants’ left eye.

3.5.1.3 Stimuli

The bistable diamond stimulus (similar to De-Wit et al., 2012; Fang et al.,

2008) comprised a black rhombus-shaped frame (size: 7.92 × 7.92 dva; line

width: 0.16 dva) located around a white central fixation dot (diameter: 0.16

dva). Three vertical rectangles displayed in background color occluded the

corners of the diamond stimulus. The middle rectangle (size: 3.75 × 17.03

dva) was centered around the fixation dot. The left and right rectangles

(size: 22.84 × 17.03 dva, respectively) were centered vertically with their

vertical line of symmetry coinciding with the left and right edges of the

screen, so that the visible segments of the diamond had a length of 2.61 dva.

When the diamond stimulus was centered around fixation, its corners were

located at 5.6 dva eccentricity. The movement of the diamond followed a

horizontal sine wave (A = 1.29 dva, f = 0.5 Hz, ω = 3.14 rad/s, φ = 0 rad).
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The diamond display evoked two alternating and mutually exclusive per-

ceptual states: a local percept of four individual segments translating verti-

cally out-of-phase and thus incoherently (no-diamond ; Figure 3.1, A.) or a

global percept of an inferred diamond shape translating horizontally in-phase

behind three occluders and thus coherently (diamond ; Figure 3.1, B.).

3.5.1.4 Procedure

The diamond experiment comprised 1 practice run (not analyzed) and 5 ex-

perimental runs. Experimental runs started with a background-only dummy

interval (10 s). Next, an initial fixation interval (15 s) was presented, fol-

lowed by the diamond display (400 s) and a final fixation interval (15 s).

Except for the dummy interval, the fixation dot was continuously presented.

Participants were required to fixate the fixation dot continuously. During

the diamond interval, they indicated their current percept via pressing a key

assigned to their right index finger (diamond) or right middle finger (no-

diamond). Except for the first percept in any given run, participants had to

indicate perceptual switches only, but were allowed to press any key again

if they lost track. During each run, participants’ eye position and pupil size

were recorded at 60 Hz (downsampled). Prior to scanning, all participants

were tested behaviorally in a separate session outside the scanner to ensure

they could clearly perceive both perceptual states and spent a roughly equal

amount of time in either. Three recruited participants were unable to do so

and hence replaced.

3.5.1.5 MRI acquisition

Functional images were acquired with the same sequence as in the retinotopic

mapping experiment.

3.5.1.6 Preprocessing

The preprocessing was identical to the retinotopic mapping experiment using

the same structural image.

3.5.1.7 Data analysis

3.5.1.7.1 Searchlight back-projections. To explore potential response

amplitude mechanisms mediating global object perception, we first per-
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formed a voxel-wise GLM on the preprocessed data (HPF: 128 s). We used

a variable epoch boxcar regressor (Grinband, Wager, Lindquist, Ferrera, &

Hirsch, 2008) for each perceptual state (diamond or no-diamond) as well as

the period from the onset of the diamond display until participants’ first key

press. The variable epochs for each perceptual state were the same as in the

analysis of perceptual durations (see A.1.1.1.1 Perceptual durations). In all

other respects (e.g., estimation procedure and nuisance regressors), the GLM

was identical to the one specified for the retinotopic mapping experiment.

We computed the following contrasts of interest: diamond vs fixation,

no-diamond vs fixation, and diamond vs no-diamond. The first two con-

trasts allowed us to verify the validity of our searchlight back-projection

approach. Based on previous research on the positive and negative BOLD

signal (Fracasso, Luijten, Dumoulin, & Petridou, 2018; Goense, Merkle, &

Logothetis, 2012; Shmuel, Augath, Oeltermann, & Logothetis, 2006; Shmuel

et al., 2002), we expected an increase of activity in the area within which

the visible diamond segments moved and a decrease in non-stimulated sites,

especially in lower visual areas (V1/V2), where pRF size is small (e.g., Al-

varez et al., 2015; Amano et al., 2009; Dumoulin & Wandell, 2008; van Dijk

et al., 2016). The contrast diamond vs no-diamond corresponded to anal-

yses applied in previous work involving the diamond stimulus (e.g. De-Wit

et al., 2012; Fang et al., 2008). Based on the study by Fang et al. (2008)

and De-Wit et al. (2012), we expected decreased activity in the area within

which the diamond segments moved. However, we had no clear expecta-

tions as to how the remaining visual field would behave due to the coarser

analyses techniques applied previously (De-Wit et al., 2012), evidence from

figure-ground studies (Chen et al., 2014; Gilad et al., 2013; Kok & de Lange,

2014; Lamme, 1995; Likova & Tyler, 2008; Poort et al., 2012, 2016), and

findings showing increased activity for the diamond vs no-diamond percept

(Caclin et al., 2012).

The voxel-wise differential beta values from the GLM were subsequently

projected onto the surface model. Both the raw pRF data and the differ-

ential beta estimates were then modestly smoothed in an identical fashion

using a spherical Gaussian kernel (FWHM = 3 mm). Vertices whose pRF es-

timates showed a very poor goodness-of-fit (R2 ≤ .01) or artifacts (σ or β ≤
0) were removed prior to smoothing. Vertices flagged by implicit masking

were likewise discarded from smoothing as well as any subsequent analyses.
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Figure 3.2. Searchlight back-projection workflow. Blue and red color in the insets refer to positive
and negative values, respectively, and black color to small values around 0. The beta maps, beta
profile, and t-statistic profile correspond to the contrast no-diamond vs fixation. Cortical maps for the
right and left cerebral hemisphere are arranged so that they correspond to the left and right side of
the visual field, respectively. The grayscale pattern of the spherical surface model reflects the cortical
curvature. Darker regions depict sulci and lighter regions gyri. Note that for reasons of visibility,
the searchlight grid was downsampled. White lines in the beta and pRF center position maps reflect
delineations for V1. White lines in the beta and t-statistic profiles represent the extreme positions of
the diamond stimulus (i.e., the four segments). pRF = Population receptive field. Pooled = Data
pooled across 5 participants.

We then used the delineations for each visual area and hemisphere from

the retinotopic mapping experiment to extract pRF estimates and differen-

tial beta estimates of vertices falling within their spatial extent and pooled

them across hemispheres for each participant. Vertices whose pRF estimates

showed a poor goodness-of-fit (R2 ≤ .05) and/or eccentricities outside the

stimulated retinotopic mapping area (≥ 8.5 dva) were discarded.

Subsequently, we defined a mesh grid (size: 17 × 17 dva) covering the

stimulated retinotopic mapping area. The grid point coordinates were sep-

arated from one another by 0.1 dva in both the horizontal and vertical

dimension (range: –8.5-8.5 dva, respectively). Next, a circular searchlight

(radius: 1 dva) was passed through visual space (restricted to a maximal

eccentricity of 8.5 dva + 0.1 dva to not miss any vertices) by translating its

center point from one grid point to the next (for a similar approach in brain

space, see Kriegeskorte, Goebel, & Bandettini, 2006). All vertices whose

pRF center position fell into a given searchlight at a particular location

were then identified. The differential beta estimates corresponding to the

set of vertices within a given searchlight were summarized as a t-statistic by

performing a one-sample t-test against 0. This way, we were able to account
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for the different numbers of vertices in each searchlight. T -statistics based

on a single vertex/no vertices were set to 0. Importantly, t-statistics were

only used as a descriptive measure here. Of note, this searchlight procedure

automatically normalizes the input data into a standard space as defined by

the mesh grid.

For the vertices within a given searchlight, we derived the inverse Eu-

clidean distance of their pRF center position from the respective searchlight

center, normalized by the searchlight radius. These normalized vertex-wise

weights were summed up searchlight-wise, resulting in summary weights

where higher values reflect a higher number of vertices within a given search-

light as well as vertices with a pRF center position closer to the searchlight

center. The summary weights were then normalized via dividing them by

the 25th percentile of the resulting distribution of summary weights. Nor-

malized summary weights > 1 were set to 1. Summary weights based on a

single vertex were set to 0. Using the grid point coordinates, the resulting

t-statistic maps were visualized as a surface plot. The color saturation of the

surface plot was calibrated using the normalized summary weights, so that a

higher saturation reflected a higher normalized summary weight. Figure 3.2

summarizes the core elements of our searchlight back-projection approach

visually.

The searchlight back-projections were obtained for each visual area and

contrast of interest by pooling the data from all participants (after participant-

wise smoothing). The pooling of data across participants improved the pre-

cision of searchlight back-projections because vertices from different partic-

ipants complemented one another and covered the visual field more com-

pletely. Due to insufficient visual field coverage in V3A and particularly V4

in some participants, we excluded these areas from the searchlight and all

subsequent analyses. Nonetheless, exploratory back-projections for V3A are

listed in Figure A.5.

3.5.1.7.2 Representational similarity of searchlight back-projec-

tions. To explore the impact of each participant’s data set on the pooled

searchlight back-projections, we performed a representational similarity anal-

ysis (Kriegeskorte, 2008). To this end, we first conducted a leave-one-

subject-out (LOSO) analysis by repeating the searchlight back-projections

analysis whilst iteratively leaving out one participant. We then determined
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the dissimilarity (1-Spearman correlation) between the LOSO and the pooled

back-projection matrices. Moreover, to assess the similarity structure more

comprehensively, we also determined the dissimilarity between the individual

(i.e., participant-wise) and the LOSO or pooled back-projections matrices.

Importantly, for each back-projection pair, t-statistics based on a single ver-

tex/no vertices were removed from both matrices prior to calculating the

dissimilarity measure.

To visually summarize the dissimilarity structure, the resulting square

matrices of dissimilarities (with zeros along the diagonal) were projected

onto a 2D ordination space via classical (metric) multidimensional scaling

(cMDS; Gower, 1966; Mardia, 1978). The lower the dissimilarity between

two back-projection matrices, the closer they should be located in the 2D

ordination space. Accordingly, if the pooled back-projections are represen-

tative of the whole study sample, the LOSO and individual back-projections

should tightly cluster around or coincide with them.

3.5.2 Results

3.5.2.1 Searchlight back-projections

Figure 3.3 depicts the searchlight back-projections for the pooled data per

visual area and contrast of interest. When comparing the diamond or no-

diamond percept to fixation, activity increased in the area within which the

visible diamond segments moved. This pattern was fairly focal in V1 with

suppressed differential activity in non-stimulated sites, but became more

diffuse in V2, V3, and the VLOC.

For the contrast diamond vs no-diamond, we observed a wide-spread

suppression of activity in V1, particularly along the horizontal meridian.

Although V2 and V3 showed similar suppressive effects, these were less ex-

tensive and intermixed with distinct opposite effects. There was also no clear

indication of a suppression streak along the horizontal meridian. Finally,

unlike V1–V3, the contrast diamond vs no-diamond showed a wide-spread

increase of activity in the VLOC.

3.5.2.2 Representational similarity of searchlight back-projections

Figure 3.4 depicts the cMDS solution for dissimilarities calculated between

the individual (Figure A.4), pooled, and LOSO searchlight back-projections,
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Figure 3.3. Diamond experiment | Searchlight back-projections of differential brain activity as a
function of contrast of interest and visual area. T -statistics surpassing a value of ± 25 (first and
second row) or ± 15 (third row) were set to that value. The saturation of colors reflects the number
of vertices with a pRF inside a given searchlight plus the inverse distance of these pRFs from the
searchlight center. White lines represent the extreme positions of the diamond stimulus. White solid
lines denote the visible ungrouped diamond segments. White dashed lines additionally illustrate the
inferred but invisible diamond shape when the segments were grouped together. D = Global, diamond
percept. ND = Local, no-diamond percept. Fix = Fixation baseline. VLOC = Ventral-and-lateral
occipital complex. Pooled = Data pooled across all 5 participants. pRF = Population receptive field.
Dva = Degrees of visual angle.

separately for each contrast of interest and visual area. The corresponding

representational dissimilarity matrices can be found in Figure A.6.

For all visual areas and contrasts, the LOSO back-projections essentially

coincided with the pooled back-projections, highlighting a low degree of dis-

similarity. Thus, the pooled back-projections do not seem to be driven by

a single participant. The individual back-projections clustered around the

pooled ones, but less tightly than the LOSO back-projections, suggesting a

higher degree of dissimilarity. Strikingly, for the contrast diamond vs no-

diamond in V1 and V2, the back-projection pattern for P5 was located far
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Figure 3.4. Diamond experiment | Classical (metric) multidimensional scaling of the dissimilarities in
Figure A.6 as a function of contrast of interest and visual area. D = Global, diamond percept. ND =
Local, no-diamond percept. Fix = Fixation baseline. VLOC = Ventral-and-lateral occipital complex.
P1-P5 = Participant 1-5. Pooled = Data pooled across all 5 participants. Pooled-P1-Pooled-P5 =
Data pooled across 4 participants with 1 participant left out (as indicated by the suffix).

away from the remaining ones, indicating a high degree of dissimilarity (see

all Figure 3.4). Indeed, when examining the representational dissimilarity

matrices directly (Figure A.6), it becomes evident that the back-projections

for P5 in V1 and V2 showed a pattern largely opposite to the other partici-

pants (see also Figure A.4).

3.5.3 Interim discussion

Here, we explored response amplitude mechanisms in human visual cortex

underlying global object perception. Participants viewed a bistable diamond

stimulus that was either perceived as four individual segments moving ver-

tically and incoherently (local, no-diamond percept) or a diamond shape

drifting horizontally and coherently behind occluders (global, diamond per-
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cept).

When contrasting either the diamond or no-diamond percept to fixation,

our searchlight back-projections revealed enhanced activity in cortical sites

stimulated by the visible diamond segments. This differential increase was

concise in V1 along with reduced activity in non-stimulated sites, but became

more wide-spread in V2, V3, and the VLOC. We therefore replicate previous

work on stimulus-evoked retinotopic activation and background suppression

in visual cortex (Fracasso et al., 2018; Goense et al., 2012; Shmuel et al.,

2006, 2002). Our findings furthermore comply with predictions based on

between-area differences in pRF size (e.g., Alvarez et al., 2015; Amano et al.,

2009; Dumoulin & Wandell, 2008; van Dijk et al., 2016). Specifically, given

that pRF size is larger in higher visual areas, there is a greater number of

peripherally located pRFs encoding the visible diamond segments, resulting

in a more diffuse topographic representation. In sum, these results confirm

our expectations and validate our searchlight back-projection approach.

When we directly compared the diamond to the no-diamond percept,

our searchlight analysis indicated a large-scale suppression of activity in V1

along with tendentially less extensive suppressive effects in V2 and V3. This

global dampening effect speaks against the idea of a response amplitude

mechanism in lower visual cortex labeling different portions of the diamond

display distinctively to mediate global object perception (Chen et al., 2014;

Gilad et al., 2013; Grassi et al., 2017; Kok & de Lange, 2014; Lamme, 1995;

Likova & Tyler, 2008; Poort et al., 2012, 2016). Critically, however, it echoes

prior reports of retinotopically-unspecific deactivation during the diamond

vs no-diamond percept and an attenuation of these effects in V2/V3 (De-Wit

et al., 2012).

In contrast, there was a wide-spread enhancement of activity in the

VLOC for the diamond compared to the no-diamond percept. This find-

ing mirrors previous studies on the diamond stimulus identifying the LOC

as a source for modulatory feedback in lower visual areas (Fang et al., 2008;

Murray et al., 2002). This idea is corroborated by a large body of work

highlighting the sensitivity of LOC responses to global shape and intact

objects even under occlusion conditions (Grill-Spector et al., 1999; Hegdé,

Fang, Murray, & Kersten, 2008; Lerner, Harel, & Malach, 2004; Lerner,

Hendler, & Malach, 2002; Malach et al., 1995; Vinberg & Grill-Spector,

2008). Moreover, given that visual stimulation was identical in the diamond

85



and no-diamond percept, the universal deactivation we observed in lower vi-

sual cortex cannot be attributed to physical stimulus differences (Dumoulin

& Hess, 2006) and was thus likely subject to top-down modulation.

However, it is unclear whether the inverse response patterns in the VLOC/

LOC and lower visual cortex we and others (Fang et al., 2008; Grassi et al.,

2018; Murray et al., 2002) quantified can be regarded as a generic percep-

tual grouping mechanism operating irrespective of shape perception. Recent

evidence suggests, for instance, that activity in the LOC also increases for

intact vs scattered objects with abolished inter-part relations (Margalit, Bie-

derman, Tjan, & Shah, 2017) as it is the case during the no-diamond percept.

In order to address this question, our third experiment used a non-ambiguous

stimulus consisting of four circular apertures, each carrying a random dot

kinematogram (RDK). In the local condition, the RDKs translated vertically

and incoherently. In the global condition, however, they moved horizontally

and coherently and could thus be grouped together without forming a hybrid

shape. These conditions closely echoed the motion features of the diamond

stimulus whilst keeping shape information (i.e., the four circular apertures)

constant and allowing for perceptual grouping. If the inverse pattern be-

tween the VLOC/LOC and lower visual cortex indeed constitutes a generic

grouping mechanism, we should be able to conceptually replicate the findings

from our diamond experiment.

3.6 Dots experiment

3.6.1 Methods

3.6.1.1 Participants

The author as well as 4 other healthy participants (P1, P2 and P6–P8;

1 male; age range: 24–38 years; 1 left-handed) partook in this experiment.

3.6.1.2 Apparatus

All apparatus were identical to the diamond experiment, although the view-

ing distance to the head-mounted mirror was approximately 67 cm here as

this facilitated the use of the eye tracker.
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A. B.

Figure 3.5. Dots experiment | Example frames of the dots stimulus. A. Local, vertical condition.
Here, the dots oscillated vertically and incoherently with the dots in the left/right apertures moving
towards/away from one another, respectively, or vice versa (not shown), so that the apertures were
perceived as four individual elements. B. Global, horizontal condition. Here, the dots in all apertures
oscillated horizontally and coherently, so that the apertures could be grouped together into a global
Gestalt without forming a hybrid shape. Since this stimulus was non-ambiguous, the white arrows
naturally indicate the perceived and physical movement direction of the dots within the aperture.

3.6.1.3 Stimuli

The dots stimulus comprised 4 circular apertures through which a RDK, that

is, a field (size: 2.85 × 2.85 dva) of moving black dots (diameter: 0.11 dva)

was presented. The apertures were generated by removing all dots falling

outside or on the edge of a circle (diameter: 2.85 dva) centered within the

dots field. The aperture centers were positioned at the corners of a square

(size: 5.69 × 5.69 dva) centered around a white central fixation dot (diame-

ter: 0.16 dva). The dots of each aperture had a density of 12.33 dots/dva2.

All dots had a lifetime of 9 frames and were repositioned randomly within

their field once they died. If the dots moved beyond the edge of their field,

they were moved back by 1 field width. The position of a given dot at the

beginning of each block was determined randomly as was the time a dot had

already lived.

In the global horizontal condition, the dots in all apertures moved syn-

chronously according to a horizontal sine wave (A = 1.31 dva, f = 0.5 Hz,

ω = 3.14 rad/s, φ = 0 rad; Figure 3.5, B.). In the local vertical condi-

tion, they followed an identical but vertical sine wave with the dots in the

bottom-right and top-left apertures moving anti-synchronously (φ1 = 0 rad)

relative to the dots in the top-right and bottom-left apertures (φ2 = π rad;
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Figure 3.5, A.). The horizontal condition mimicked the perceived movement

during the global diamond percept and enabled participants to group the

4 apertures together through the Gestalt principle of common fate similar

to the diamond stimulus. The vertical condition mirrored the perceived

movement during the local no-diamond percept. Notably, the number of

apertures and shape information remained the same in both conditions.

3.6.1.4 Procedure

The dots experiment comprised 8 experimental runs. Excluding the initial

dummy interval (10 s without fixation dot), each run was split into 8 blocks.

Within each block, a fixation interval (15 s) was presented followed by the

dots stimulus (30 s) in either the vertical or horizontal condition. Within

each run, the horizontal and vertical conditions were presented in an alter-

nating fashion, starting with the vertical condition in uneven-numbered and

the horizontal condition in even-numbered runs. At the end of each run, a

final fixation interval (15 s) was displayed.

Participants were required to fixate the fixation dot continuously. In

the dots interval, they indicated whenever the dots in one of the circular

apertures flickered shortly (by changing their color to background gray for

200 ms) via pressing a key with their right index finger (left apertures) or

right middle finger (right apertures). The number of flicker events per block

was determined randomly but was always 3, 6, or 9 with a gap of at least

200 ms between consecutive flicker events. The aperture within which the

flicker events occurred was determined randomly. Participants, eye position

and pupil size were recorded during all but the final fixation interval at 60

Hz (downsampled).

3.6.1.5 MRI acquisition

The MRI acquisition was as in the retinotopic mapping and diamond exper-

iment.

3.6.1.6 Preprocessing

The preprocessing was identical to the retinotopic mapping and diamond ex-

periment. It is of note, however, that P7 moved more than other participants

during the dots experiment. Moreover, for this participant, coregistration
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in the retinotopic experiment was also less ideal than for others. It is thus

important to perform any analyses with and without this participant.

3.6.1.7 Data analysis

3.6.1.7.1 Searchlight back-projections The searchlight back-projection

analysis was conducted in the same manner as in the diamond experiment

with exceptions as follows. The voxel-wise GLM on the preprocessed data

(HPF: 185 s) involved a constant epoch boxcar regressor for each condition

(horizontal or vertical) and an event-related regressor for the onset of the

flicker events. We calculated the following contrasts of interest: horizontal

vs fixation, vertical vs fixation, and horizontal vs vertical. The contrasts hor-

izontal or vertical vs fixation were equivalent to the contrasts diamond or

no-diamond vs fixation, respectively. The contrast horizontal vs vertical mir-

rored the contrast diamond vs no-diamond. Exploratory back-projections for

V3A can be found in Figure A.9.

3.6.1.7.2 Representational similarity of searchlight back-projec-

tions The representational similarity analysis was conducted as in the di-

amond experiment.

3.6.2 Results

3.6.2.1 Searchlight back-projections

Figure 3.6 shows the searchlight back-projection profiles pooled across par-

ticipants for each visual area and contrast of interest. When comparing the

horizontal or vertical condition to fixation, there was enhanced activity in

areas carrying the RDKs. This pattern was spatially relatively precise in

V1 with suppressive effects in the central and peripheral visual field, and

became more wide-spread in V2, V3, and the VLOC.

For the direct comparison between the horizontal and vertical condition,

we observed a fairly wide-spread deactivation across the whole visual field

in all visual areas, occasionally intermixed with fairly focal opposite effects.

These diffuse suppressive effects were particularly eminent around the central

visual field and stimulated areas but not in the background area.
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Figure 3.6. Dots experiment | Searchlight back-projections of differential brain activity as a function
of contrast of interest and visual area. T -statistics surpassing a value of ± 35 (first and second row) or
± 25 (third row) were set to that value. The saturation of colors reflects the number of vertices with
a pRF inside a given searchlight plus the inverse distance of these pRFs from the searchlight center.
White lines represent the spatial extent of the circular apertures carrying the RDK. H = Global,
horizontal condition. V = Local, vertical condition. Fix = Fixation baseline. VLOC = Ventral-and-
lateral occipital complex. Pooled = Data pooled across all 5 participants. RDK = Random dot
kinematogram. pRF = Population receptive field. Dva = Degrees of visual angle.

3.6.2.2 Representational similarity of searchlight back-projections

Figure 3.7 illustrates the cMDS solution for the dissimilarities between the

individual (Figure A.8), pooled, and LOSO searchlight back-projections per

contrast of interest and visual area. Figure A.10 shows the corresponding

representational dissimilarity matrices.

The LOSO back-projections generally accorded well with the pooled

ones, highlighting a low degree of dissimilarity. As such, the pooled back-

projections do not seem to be driven by single participants including P7 who

moved more than other participants and for whom coregistration was diffi-
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Figure 3.7. Dots experiment | Classical (metric) multidimensional scaling of the dissimilarities in
Figure A.10 as a function of contrast of interest and visual area. H = Global, horizontal condition.
V = Local, vertical condition. Fix = Fixation baseline. VLOC = Ventral-and-lateral occipital complex.
P1-P2 and P6-P8 = Participant 1-2 and 6-8. Pooled = Data pooled across all 5 participants. Pooled-
P1-Pooled-P2 and Pooled-P6-Pooled-P8 = Data pooled across 4 participants with 1 participant left
out (as indicated by the suffix).

cult. The individual back-projections clustered circularly around the pooled

ones, albeit less closely than the LOSO back-projections, indicating a higher

degree of dissimilarity. This was particularly eminent for the contrast hor-

izontal vs vertical in V1, V2, and the VLOC (see all Figure 3.7). As the

representational dissimilarity matrices indicate (Figure A.10), this pattern

highlights the highly idiosyncratic nature of the individual back-projections

(see also Figure A.8).

3.6.3 Interim discussion

Here, we investigated response amplitude mechanisms related to the per-

ception of a global Gestalt in an attempt to generalize the findings of our

diamond experiment beyond shape perception. Participants viewed four
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apertures carrying random dots that moved either vertically and incoher-

ently (local, vertical condition) or horizontally and coherently, allowing per-

ceptual grouping into a global configuration (global, horizontal condition).

These conditions echoed the global-local aspects of the diamond stimulus

without varying in shape information. We hypothesized that if the inverse

activity modulations in lower visual cortex and the VLOC/LOC we and

others observed (Fang et al., 2008; Grassi et al., 2018; Murray et al., 2002)

indeed mediate global object perception per se, we should be able to con-

ceptually replicate this pattern.

To validate our analysis procedures, we compared the horizontal or ver-

tical condition to fixation. Our searchlight back-projections highlighted in-

creased differential activity in physically stimulated sites and suppressive

effects in non-stimulated sites. The spatial precision of this pattern was

relatively high in V1 and decreased from V2 over V3 to the VLOC. Collec-

tively, these results are in line with our diamond experiment and confirm

the spatial sensitivity of our back-projection approach.

To generalize the findings of our diamond experiment, we compared the

horizontal and vertical condition directly, revealing a diffuse pattern of sup-

pressed differential activity across large portions of the visual field in all

visual areas. The wide-spread deactivation in lower visual cortex is con-

sistent with our previous diamond results. The diffuse deactivation in the

VLOC, however, contradicts the idea that its previously established inverse

relationship to lower visual cortex represents a generic response amplitude

mechanism mediating global object perception beyond shape perception.

An interesting additional finding is that V1 and V2 activity in the more

peripheral background area did not seem to be strongly suppressed for the

horizontal relative to the vertical condition, but showed a tendency to re-

main fairly unchanged or slightly enhanced. This could suggest that the

dampening effects we observed are diffusely related to the stimulus and level

out further in the periphery. Alternatively, this may be related to a compa-

rably sparser distribution of pRFs in the background area along with a fairly

large size and central presentation of the dots stimulus and thus relative un-

dersampling of the background area. Consequently, the question arises as to

whether the large-scale deactivation in lower visual cortex also occurs if the

dots stimulus is smaller, e.g., confined to one visual field quadrant only. Crit-

ically, if this were not the case and the deactivation quadrant-specific and
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not present in the remaining visual field, this could be regarded as a diffuse

instantiation of a stimulus-referred response amplitude mechanism. In our

fourth experiment, we therefore essentially repeated the dots experiment,

but moved the dots stimulus to the top-right visual field quadrant.

3.7 Dots quadrant experiment

3.7.1 Methods

3.7.1.1 Participants

The author and 4 other healthy participants (P1, P6, and P9–P11; 1 male;

age range: 20–36 years; all right-handed) participated in this experiment.

3.7.1.2 Apparatus

All apparatus were identical to the dots experiment.

3.7.1.3 Stimuli

The dots quadrant stimulus was identical to the dots stimulus except that the

stimulus configuration was smaller and repositioned. Specifically, the dots

field subtended 0.58 × 0.58 dva and the diameter of the circular apertures

was thus 0.58 dva. The aperture midpoints were centered around the corners

of a square with a size of 2.27 × 2.27 dva. The dots configuration was always

presented in the top-right visual field quadrant. Its midpoint was located at

a distance of 3.41 dva in the x- and y-direction from the center of the screen.

The density of the dots in each aperture was 60.31/dva2 and thus higher

than in the dots experiment. This way, we ensured that the movement of

the dots was still clearly perceivable. As in the dots experiment, there was

a local vertical (Figure 3.8, A.) and global horizontal condition (Figure 3.8,

B.).

3.7.1.4 Procedure

The procedure of the dots quadrant experiment was the same as for the

dots experiment, although here, participants were required to press their

right index/middle finger when the dots of any of the leftmost/rightmost
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A. B.

Figure 3.8. Dots quadrant experiment | Example frames of the dots quadrant stimulus. A. Local,
vertical condition. Here, the dots oscillated vertically and incoherently with the dots in the left-
most/rightmost apertures moving towards/away from one another, respectively, or vice versa (not
shown), so that the apertures were perceived as four individual elements. B. Global, horizontal condi-
tion. Here, the dots in all apertures oscillated horizontally and coherently, so that the apertures could
be grouped together into a global Gestalt without forming a hybrid shape. Since this stimulus was
non-ambiguous, the white arrows naturally indicate the perceived and physical movement direction of
the dots within the aperture. The dots quadrant stimulus was only presented in the top-right visual
field quadrant. For reasons of visibility, we cut out the stimulus region to provide a zoomed-in view,
as indicated by the black dashed lines and the black double-headed arrows.

apertures flickered. Moreover, eye tracking data were also collected during

the final fixation interval.

3.7.1.5 MRI acquisition

The MRI acquisition was identical to the other experiments except that we

additionally collected a rapid MPRAGE (TR = 1.150 s, TE = 3.6 ms, voxel

size = 2 mm isotropic, flip angle = 7◦, FoV = 256 mm × 208 mm, matrix

size = 128 × 104, 80 sagittal slices) to aid coregistration of the functional

to the structural images if the structural image was acquired in a separate

session.

3.7.1.6 Preprocessing

The preprocessing was identical to all other experiments. However, if rerun-

ning automated coregistration after manual registration failed, we performed

a 2-pass-procedure where the functional images were first coregistered to the

rapid MPRAGE and then to the slow MPRAGE. Where necessary, this 2-

pass-procedure was also applied to the retinotopic mapping data of a given

participant.
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3.7.1.7 Data analysis

3.7.1.7.1 Searchlight back-projections and representational simi-

larity of searchlight back-projections The searchlight back-projection

and representational similarity analysis were conducted in the same manner

as in the dots experiment. Exploratory back-projections for V3A can be

found in Figure A.13.

3.7.2 Results

3.7.2.1 Searchlight back-projections

Figure 3.9 depicts the searchlight back-projection profiles for the pooled

data as a function of visual area and contrast of interest. When contrasting

the horizontal or vertical condition to fixation, our back-projection profiles

highlighted enhanced activity in stimulated visual field portions. This dif-

ferential enhancement was confined to the top-right visual field quadrant in

V1 and V2 with suppressive effects in the remaining quadrants, but increas-

ingly extended into the top-left and bottom-right quadrants from V3 to the

VLOC.

For the contrast horizontal vs vertical, we observed a tendency for sup-

pressive effects in stimulated areas of V1 and V2 and enhanced effects in the

remaining visual field. In V3 and the VLOC, this pattern was much more

pronounced and wide-spread.

3.7.2.2 Representational similarity of searchlight back-projections

Figure 3.10 shows the cMDS solution for the dissimilarities calculated be-

tween the individual (Figure A.12), pooled, and LOSO searchlight back-

projections by contrast of interest and visual area. The corresponding rep-

resentational dissimilarity matrices can be found in Figure A.14.

In virtually all cases, the LOSO back-projections coincided well with

the pooled ones, suggesting a low degree of dissimilarity and thus speaking

against an overly strong influence of single participants. The individual back-

projections tended to cluster around the pooled ones, albeit less tightly than

the LOSO back-projections, highlighting a higher degree of dissimilarity.

However, some individual back-projections were located far apart from one

another or the pooled back-projections. This was particularly true for the
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Figure 3.9. Dots quadrant experiment | Searchlight back-projections of differential brain activity
as a function of contrast of interest and visual area. T -statistics surpassing a value of ± 25 (first
and second row) or ± 15 (third row) were set to that value. The saturation of colors reflects the
number of vertices with a pRF inside a given searchlight plus the inverse distance of these pRFs from
the searchlight center. White lines represent the spatial extent of the circular apertures carrying the
RDK. H = Global, horizontal condition. V = Local, vertical condition. Fix = Fixation baseline.
VLOC = Ventral-and-lateral occipital complex. Pooled = Data pooled across all 5 participants.
RDK = Random dot kinematogram. pRF = Population receptive field. Dva = Degrees of visual
angle.

contrast horizontal vs vertical in V1 and the VLOC (see all Figure 3.10). As

confirmed by the representational dissimilarity matrices (Figure A.14), this

structure is indicative of a fairly high degree of dissimilarity and with that

inter-individual variability (see also Figure A.12).

3.7.3 Interim discussion

Here, we tested for a diffuse instantiation of a stimulus-referred response

amplitude mechanism related to parafoveal Gestalt perception. Participants

viewed apertures filled with random dots in the top-right visual field quad-
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Figure 3.10. Dots quadrant experiment | Classical (metric) multidimensional scaling of the dissim-
ilarities in Figure A.14 as a function of contrast of interest and visual area. H = Global, horizontal
condition. V = Local, vertical condition. Fix = Fixation baseline. VLOC = Ventral-and-lateral occip-
ital complex. P1, P6, and P9-P11 = Participant 1, 6, and 9-11. Pooled = Data pooled across all 5
participants. Pooled-P1, Pooled-P6, and Pooled-P9-Pooled-P11 = Data pooled across 4 participants
with 1 participant left out (as indicated by the suffix).

rant. The dots moved either vertically and incoherently (local, vertical con-

dition) or horizontally and coherently (global, horizontal condition). Based

on the results of our dots experiment, we hypothesized that any suppression

of activity might be diffusely related to the physical stimulus and thus the

top-right visual field quadrant or bordering areas.

In line with our hypothesis, when contrasting the horizontal to the verti-

cal condition, our searchlight back-projections revealed a trend for a reduc-

tion of activity near the stimulus location in V1 and V2 – a pattern that

became more pronounced and wide-spread in V3 and the VLOC. Moreover,

we observed an increase of activity in the remaining visual field in all visual

areas. We therefore found evidence for an enhancement-suppression mech-

anism, possibly mediating the perception of figure and ground, as indicated
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previously (Chen et al., 2014; Gilad et al., 2013; Grassi et al., 2017; Kok

& de Lange, 2014; Lamme, 1995; Likova & Tyler, 2008; Poort et al., 2012,

2016).

The absence of clear suppressive effects in V1 and V2 (as compared to V3

and the VLOC) might be related to the functional architecture of the visual

cortex, noisy voxels, and the size of the dots quadrant stimulus. Specifically,

in lower visual areas, pRFs are smaller and with that the number of pRFs en-

coding the physical stimulus tendentially reduced (although not necessarily),

resulting in diminished response gain. Consequently, noisy voxels are likely

to have a more pronounced impact on searchlight-wise response amplitude

quantifications. Moreover, stimulus-driven activity modulations tend to be

weaker for smaller and more eccentric stimuli (Nasr, Stemmann, Vanduf-

fel, & Tootell, 2015) and the distribution of pRFs sparser in the peripheral

visual field, as qualified by the saturation weighting in our searchlight back-

projections. This might have additionally contributed to the unclear pat-

terns in V1 and V2. Nevertheless, our validation analyses showed that when

contrasting the vertical or horizontal condition to fixation, we were able to

effectively stimulate the cortical area corresponding to the top-right visual

field quadrant. This confirms the general feasibility of our back-projection

approach.

3.8 Discussion

In three fMRI experiments, we used dynamic bistable (diamond experiment)

and non-ambiguous stimuli (dots and dots quadrant experiment) to explore

response amplitude mechanisms underlying global object perception in hu-

man visual cortex. All these stimuli could either be perceived globally (i.e.,

as a grouped and coherently moving Gestalt) or locally (i.e., as ungrouped

and incoherently moving elements). Using pRFs as an encoding model, we

back-projected brain responses measured during stimulus perception into

visual space via a searchlight procedure. This enabled us to read out topo-

graphic profiles with great spatial detail.

3.8.1 Signatures in lower visual cortex

When contrasting global to local perception, our diamond and dots experi-

ment revealed a fairly wide-spread suppression of activity across the whole
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visual field in lower visual cortex. However, unlike our diamond experi-

ment, our dots experiment provided little evidence for pronounced activity

modulations in the background region, suggesting that these suppressive ef-

fects might be diffusely related to the physical stimulus. Our dots quadrant

experiment largely confirmed this notion, but revealed additionally a wide-

spread increase of activity in the background area. Whereas the wide-spread

suppressive effects from the diamond experiment speak against a response

amplitude code mediating the perception of figure and ground, the results

from the dots and dots quadrant experiment are largely compatible with

this idea. In any case, the outcomes of our experiments seem to converge in

that they suggest that perceptual grouping is associated with a reduction of

activity in lower visual cortex.

Surprisingly, however, all these findings are at odds with recent evidence

showing a decrease of brain activity in the background and stimulus region

of another bistable global-local stimulus along with an increase in the center

and inferred contour region for global vs local perception (Anstis & Kim,

2011; Grassi et al., 2017). Unlike our diamond stimulus, this bistable stim-

ulus triggers a local percept of four individually rotating disk pairs or a

global percept of two floating squares circling around the stimulus center.

The mismatch in findings might therefore be related to differences in phys-

ical stimulus properties, such as the type and/or direction of motion (i.e.,

rotary vs oscillatory and rotational vs horizontal/vertical, respectively).

The emergence of suppressive effects in the dots and dots quadrant exper-

iment, where shape information was kept constant during global and local

perception, further highlights the importance of motion properties. This

idea is in line with findings of reduced activity in lower visual cortex for

coherent vs incoherent motion (Braddick et al., 2001; Costagli et al., 2014;

Harrison, Stephan, Rees, & Friston, 2007; McKeefry, Watson, Frackowiak,

Fong, & Zeki, 1997; Schindler & Bartels, 2017), although no or opposite

effects have also occasionally been observed (Braddick et al., 2001; Rees,

Friston, & Koch, 2000). However, unlike these studies on motion coher-

ence, we did not compare coherent to random motion nor did Grassi et al.

(2017). Rather, all our stimuli always comprised coherent motion, but were

either perceived as ungrouped and moving vertically out-of-phase (local) or

grouped and moving horizontally in-phase (global). Accordingly, although

speculative, the perceived axis of motion might constitute an important fac-
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tor driving our results.

A potential reason for a horizontal-vertical imbalance might be that there

is a bias for vertical motion in lower visual cortex resulting in generally higher

response amplitudes. In the case of the diamond experiment (in particular),

this directional anisotropy might additionally interact with feature-based

attention. Specifically, given that information about motion direction is

inherently ambiguous for the diamond stimulus, during the local diamond

state, observers may direct their attention to vertical motion and during the

global diamond state to horizontal motion.

Interestingly, there is evidence for increased responses to horizontal/vertical

motion around the horizontal/vertical meridian in lower visual cortex (Clif-

ford, Mannion, & McDonald, 2009). Along with a plethora of similar stud-

ies (Maloney, Watson, & Clifford, 2014; Raemaekers, Lankheet, Moorman,

Kourtzi, & Van Wezel, 2009; Schellekens, Van Wezel, Petridou, Ramsey, &

Raemaekers, 2013), this finding points to a radial response bias. Importantly,

such a radial anisotropy appears incompatible with our results, as (if any-

thing) it should produce meridian-related antagonistic effects for global as

compared to local perception (i.e., an increase in differential activity around

the horizontal meridian and decrease around the vertical meridian), which

we did not observe. Critically, however, it is hitherto not clear in how far

these radial anisotropies are due to vignetting (Roth, Heeger, & Merriam,

2018) and/or aperture-inward biases (H. X. Wang et al., 2014), leaving open

the possibility for a vertical-horizontal anisotropy.

The role of feature-based attention as a perceptual modulator fits in with

evidence that the attended direction of motion can be decoded from activity

in lower visual cortex (Kamitani & Tong, 2006) even in the absence of direct

physical stimulation (Serences & Boynton, 2007) and the idea that feature-

based attention acts fairly globally across the visual field (Jehee, Brady,

& Tong, 2011; Maunsell & Treue, 2006; Saenz, Buracas, & Boynton, 2002;

Serences & Boynton, 2007; Treue & Martinez Trujillo, 1999). Strikingly,

the combinatory effect of anisotropies and feature-based attention might

also help explain why variations of the diamond stimulus triggering a local

percept of vertical motion and a global percept of rotational motion (Caclin

et al., 2012) or other bistable global-local stimuli Grassi et al. (2017) produce

distinct differential response profiles. Most importantly, as for our findings,

this combinatory effect leads to the prediction that rotating the diamond
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display by 90◦ should produce the opposite pattern of results for global vs

local perception.

Leaving all inconsistencies aside, our study overlaps with studies on mo-

tion coherence (Braddick et al., 2001; Costagli et al., 2014; Harrison et al.,

2007; McKeefry et al., 1997; Schindler & Bartels, 2017) and Grassi et al.’s

(2017) work in that it points to stimulus-referred suppressive effects for

global vs local perception. This suppression might be related to a recently re-

ported phenomenon known as the global slow-down effect (Kohler, Caplovitz,

& Tse, 2009, 2014). This effect comprises a slow-down in the perceived speed

of a stimulus configuration as a result of perceptual grouping and has hith-

erto only been demonstrated behaviorally (Kohler et al., 2009, 2014) for

variations of the stimulus (Anstis & Kim, 2011) used by Grassi et al. (2017).

As such, it would be worthwhile to examine whether the effect holds true

for the diamond stimulus and ultimately also our dots and dots quadrant

stimuli along with more conventional motion displays because these stimulus

classes abstract from shape perception (for a similar point and a discussion

on potential underlying mechanisms, see Kohler et al., 2014).

The broad background enhancement we observed in the dots quadrant

experiment, which was absent in the diamond and dots experiment, might

be due to spatial attention. In particular, perceiving a grouped and coher-

ently moving object parafoveally might require fewer attentional resources

than perceiving an ungrouped and incoherently moving object. Accordingly,

in the vertical condition, fewer attentional resources might have been avail-

able for processing the background area. This interpretation fits in with

reports that spatial attention results in increased brain responses even in

the absence of physical stimulation (Kastner, Pinsk, De Weerd, Desimone,

& Ungerleider, 1999; Silver, Ress, & Heeger, 2009). Due to the size and

central presentation of the diamond and dots stimulus, we might have been

unable to observe similar effects in the diamond and dots experiment. It

is furthermore possible that the background enhancement is related to per-

ceived background luminance, which has recently been found to be increased

for global vs local perception (Han & VanRullen, 2016, 2017).

Interestingly, our finding of diffuse figure-related suppression and back-

ground enhancement seems incompatible with studies in monkeys reporting

opposite effects (e.g., Gilad et al., 2013; Poort et al., 2012, 2016). This in-

consistency might be due to the lack of background elements in our study.
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Indeed, there is evidence that BOLD responses in V1–V3 to aligned vs un-

aligned contours increase in the presence of background clutter and decrease

in the absence of it. A flip of antagonistic background responses was, how-

ever, not observed (Qiu et al., 2016).

Building upon previous research involving the diamond stimulus (De-

Wit et al., 2012), it is important to highlight that our results in lower visual

cortex across all experiments seem to contradict suggestions of predictive

coding theories that suppressive effects should be confined to cortical sites

encoding the physical stimulus and accompanied by unchanged activity in

the background region (e.g., Mumford, 1992; Murray et al., 2004; Rao & Bal-

lard, 1999). They furthermore seem to conflict with alternative accounts,

such as response sharpening (e.g., Kersten, Mamassian, & Yuille, 2004; Ker-

sten & Yuille, 2003; Murray et al., 2004). Response sharpening accounts

assume that predictive feedback from higher-tier areas sharpens diffuse re-

sponses in lower-tier areas (due to noise or ambiguity) by increasing activity

matching the global interpretation of the bottom-up input and decreasing

non-matching activity. Accordingly, when contrasting global to local ob-

ject perception, activity should increase in stimulated and decrease in non-

stimulated sites – a pattern we did not observe.

Critically, due to the complex nature of the BOLD signal and its rela-

tion to neuronal activity as well as its limited spatio-temporal resolution

(e.g., Goense et al., 2012; Logothetis, 2003, 2008; Shmuel et al., 2006), the

interpretability of increases and decreases in brain activity is limited. For

instance, a study applying optical imaging coupled with electrode recordings

in macaque V1 showed that decreases in metabolic activity can be accompa-

nied by local increases in spiking (Kinoshita, Gilbert, & Das, 2009). Such a

mismatch could be explained by a net decrease of inhibitory activity, result-

ing in facilitated spiking of some stimulus-responsive cells, but an overall

decrease in metabolic activity, manifesting itself in reduced optical signal

strength. The population responses we assessed in our study therefore do not

rule out that the signatures hypothesized by predictive coding (e.g., Mum-

ford, 1992; Murray et al., 2004; Rao & Ballard, 1999) or response sharpening

accounts (e.g., Kersten et al., 2004; Kersten & Yuille, 2003; Murray et al.,

2004) manifest at the single neuron level. Similarly, our study considers the

visual cortex as a 2D sheet and consequently ignores the possibility of local

behavior as well as entanglement of such signatures across laminae (Kuehn
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& Sereno, 2018).

3.8.2 Similarities and differences between higher and

lower visual cortex

Whereas our findings for the VLOC in the dots and dots quadrant experi-

ment largely paralleled those in lower visual cortex for global vs local per-

ception, we observed a large-scale response enhancement in the diamond

experiment that was antagonistic to responses in lower visual cortex. The

absence of this antagonism when shape information did not change suggests

that it does not represent a generic grouping mechanism.

It could be argued that our failure to find evidence for such an oppo-

site pattern is due to the fact that non-ambiguous stimuli strongly favor

a single perceptual interpretation and thus involve less predictive feedback

(M. Wang, Arteaga, & He, 2013). This explanation seems unlikely because

an inverse V1-LOC relationship has also been established for non-ambiguous

shape-like stimuli vs unstructured displays (Murray et al., 2002). Moreover,

at least broadly in line with our results, recent studies (Grassi, Zaretskaya,

& Bartels, 2016; Grassi et al., 2017, 2018) found no evidence for increased

activity in the LOC (or subregions thereof) when a dynamic, bistable global-

local stimulus constantly triggered shape-based interpretations (i.e., moving

disks forming large squares or small circles).

The absence of a (stimulus-related) increase in VLOC activity in the

dots and dots quadrant experiment seems incompatible with a study report-

ing enhanced LOC activity for intact compared to scattered objects with

disturbed inter-part relations (Margalit et al., 2017). Yet, in this study,

inter-part relations were abolished by disturbing the contiguity of different

shape parts. In our experiments, however, the position of the apertures did

not change during the local state nor did shape information, which might

explain the discrepant results.

Importantly, however, the fact that we observed comparable response

patterns for the VLOC and lower visual cortex in the dots and dots quad-

rant experiment makes the VLOC no less likely as a potential feedback hub.

Similarly, in the context of predictive coding models (e.g., Mumford, 1992;

Murray et al., 2004; Rao & Ballard, 1999), where higher-level areas are as-

sumed to show distinct response profiles, it could be argued that VLOC
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activity is (partially) mediated by pathways bypassing V1 (potentially via

MT), effectively rendering it a lower-level area. Evidence for direct genic-

ulate inputs to monkey MT (Sincich, Park, Wohlgemuth, & Horton, 2004)

has, for instance, been used to explain suppressive effects in human MT+ for

coherent vs incoherent motion perception (Harrison et al., 2007). However,

even when considering alternative pathways, predictive coding accounts can-

not easily explain the background enhancement we observed.

3.8.3 Inter-individual variability

The wealth of evidence presented here is based on data pooled across a

small number of participants. As such, it is important to find ways of

flagging an overly large influence of a single participant. Although the re-

sults of our representational similarity analyses did not indicate such a bias,

they collectively highlighted the highly idiosyncratic nature of the individ-

ual back-projection profiles. Some of these idiosyncrasies are likely due to

a lower signal-to-noise ratio at the individual level triggered by a generally

lower number of available data points. They might also be related to inter-

individual variability in pRF estimates and processing of the global-local

stimuli, such as gaps in visual field maps (see Figure A.4, Figure A.8, and

Figure A.12), processing differences in subareas of the VLOC, or differences

in switch rates, perceptual durations (see A.1.1.2.1 Perceptual durations,

and Figure A.2), perceptual vividness, and attention allocation.

3.8.4 Eye movements

Our results might be confounded by (excessive) eye movements. Yet, all

participants for whom we were able to acquire eye tracking data showed a

relatively high degree of fixation stability. Moreover, we found little evi-

dence for systematic eye position biases related to the perceived movement

direction of our stimuli (see all A.1.1.1.2, A.1.2.1.1, A.1.3.1.1 Eye position,

A.1.1.2.2, A.1.2.2.1, A.1.3.2.1 Eye position, and Figure A.3, Figure A.7,

Figure A.11). Consequently, differences in eye position variability cannot

easily explain our results, although we cannot preclude the involvement of

eye-related dynamics including blinks, pupil dilatation, visually-guided sac-

cades and/or microsaccades (e.g., Hupé, Lamirel, & Lorenceau, 2009; Tse,

Baumgartner, & Greenlee, 2010).
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3.8.5 Descriptive statistics

The present study presents a description of brain activity patterns underly-

ing global object perception. It remains to be seen whether the signatures

identified here replicate and generalize beyond the specific conditions tested,

such as stimulus type, sample, field strength, scanner type, experimental de-

sign, and analysis type.

3.9 Conclusions

We found evidence for a suppression of activity in lower visual cortex ac-

companied by an increase of activity in the VLOC for global relative to local

object perception. While the suppressive effects in lower visual cortex man-

ifested themselves irrespective of shape grouping, this was not the case for

the enhanced responses in the VLOC. Instead, once shape information was

held constant during both global and local object perception, the VLOC

also showed a decrease of activity. As such, the antagonistic patterns be-

tween lower visual cortex and the VLOC we initially quantified cannot be

regarded as a generic grouping mechanism. We furthermore observed that

grouping-related suppressive effects can be diffusely confined to stimulated

visual field portions (once stimulus size is reduced) and surrounded by en-

hancement effects, potentially pointing to a response amplitude mechanism

mediating the perception of figure and ground.
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Chapter 4

Investigating flaws in quantifying

topographic signatures in human visual

cortex

4.1 Highlights

• Regression to the mean can make an artifactual change look like a real

phenomenon

• Various pRF analyses use the same noisy data for binning and con-

trasting

• This creates circularity, producing artifactual changes between pRFs

in the form of regression to the mean

• This flaw might have led to erroneous claims about the plasticity of

pRFs in previous work

• When binning on independent data, these artifactual changes disap-

pear

4.2 Abstract

Data binning can cope with overplotting and noise, making it a versatile

tool for comparing many observations. However, it goes awry if the same

observations are used for binning and contrasting. This creates an inherent

circularity, leaving noise and regression to the mean insufficiently controlled.
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Here, we use pRF analyses – where data binning is commonplace – as an

example to expose this flaw through simulations and empirical repeat data.

4.3 Introduction

Data binning refers to grouping data points into intervals and calculating

interval-wise summary statistics, such as the arithmetic mean. It is of-

ten applied to large data sets in order to prevent overplotting and control

noise. As such, data binning has become commonplace in pRF modeling

(Dumoulin & Knapen, 2018; Dumoulin & Wandell, 2008), where researchers

are commonly interested in comparing topographic maps with thousands

of observations between different (experimental) conditions (2.2 PRF mod-

eling). However, pRF modeling is only one out of several research areas

where some form of differential data binning has been adopted, such as psy-

chology (Gignac & Zajenkowski, 2020; Holmes, 2009; Preacher, MacCallum,

Rucker, & Nicewander, 2005; Shanks, 2017), systems neuroscience (Holmes,

2009; Kriegeskorte et al., 2009), and epidemiology (Barnett, van der Pols, &

Dobson, 2005).

Although data binning can help us see an overall pattern in the face of

an abundance of details, it goes awry if the same noisy observations are used

for binning (selection) and contrasting (selective analysis). This is because

dipping into noisy data more than once violates assumptions of indepen-

dence, favoring some noise components over others and eventually biasing

descriptive and inferential statistics (Kriegeskorte et al., 2009). As such,

double-dipping in data binning prevents us from – amongst other things

– controlling for regression to the mean (e.g., Galton, 1886; Gignac & Za-

jenkowski, 2020; Holmes, 2009; Makin & De Xivry, 2019; Shanks, 2017;

Stigler, 1997).

Regression to the mean is a statistical artifact occurring when two vari-

ables are imperfectly correlated (e.g., due to random noise). In this case,

extreme observations for one variable will on average be less extreme for the

other (e.g., Campbell & Kenny, 1999; Cohen, Cohen, West, & Aiken, 2003;

Galton, 1886; Shanks, 2017; Stigler, 1997)1. The magnitude of regression to

the mean tends to be higher the lower the correlation between the variables

1To be precise, regression to the mean refers to standard scores (z-scores; Campbell &
Kenny, 1999; Kenny, 2005).
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(e.g., Campbell & Kenny, 1999, for systematic simulations see Holmes 2009).

An intuitive way to think about the link between double-dipping and

regression to the mean are repeat data. Assume we measure body weight in

a population of adults twice – today and tomorrow. Further assume that any

weight we measure involves a permanent and a transient component (true

score + random noise). When determining today’s and tomorrow’s average

weight, all things being equal, the permanent component persists and the

transient component cancels out. However, this is not the case when we

select adults with extremely high measurements for today (relative to the

overall mean) and compare these measurements to tomorrow’s in the same

adults. This is because we used today’s measurements twice: for selection

and selective analysis. We therefore favored today’s noise components over

tomorrow’s. Why is this? The answer is simple: the noise components

of our selection criterion are not independent of the noise components of

today’s measurements. This renders the individuals we selected today on

average heavier than they really are. This is not the case for tomorrow’s

measurements. As a result, tomorrow’s measurements regress on average to

the overall mean (for a similar example see Stigler, 1997). This artifactual

change might look like a real phenomenon, although – of course – it is not.

Regression to the mean and/or double-dipping are of particular concern

in what is known as post hoc subgrouping (Preacher et al., 2005), post hoc

data selection (Shanks, 2017), and extreme groups approach (Preacher et al.,

2005), all of which can be considered as subtypes of data binning. Post hoc

subgrouping refers to collecting two measures, defining extreme subgroups

post hoc using one measure (e.g., the lower and upper quantile), and then

performing statistics on these measures for the extreme subgroups (Preacher

et al., 2005). Post hoc data selection is similar but involves only one extreme

subgroup (Shanks, 2017). Both of these practices are different from the

extreme groups approach, where extreme subgroups are selected a priori

based on one measure; that is, without collecting the whole range of the

other measure (Preacher et al., 2005). Here, we focus on a post hoc scenario

where essentially all subgroups are considered, not just the extreme ones (see

also Gignac & Zajenkowski, 2020; Holmes, 2009). We label this procedure

post hoc binning analysis.

Imagine we conduct a retinotopic mapping experiment (Dumoulin &

Wandell, 2008), where we estimate pRF position and size for each voxel
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Figure 4.1. Population receptive field estimates. The large black square represents a cutout of the
visual field and the black dashed arrows a Cartesian coordinate system. The two circles represent a
pRF that changes its position (gray solid line) in an Interest (magenta) compared to a Baseline (gray)
condition. The pRF was modeled as a 2D Gaussian function. The center of the 2D Gaussian (tiny
gray dot and small magenta dot) represents the position of the pRF. PRF position can be expressed in
terms of x0 and y0 coordinates (green arrow heads) or eccentricity (blue dashed line) and polar angles
(orange solid line). Eccentricity corresponds to the Euclidean distance between the center of gaze
(origin) and the center of the 2D Gaussian. Polar angle corresponds to the counter-clockwise angle
running from the positive x-axis to the eccentricity vector. The standard deviation of the Gaussian
(1σ; black solid line) represents pRF size. Both pRF position and size are typically expressed in
degrees of visual angle. Polar angles are typically expressed in degrees. Ecc = eccentricity. pRF =
population receptive field.

in the visual brain under a Baseline condition as well as a condition of In-

terest (see Figure 4.1 for a single pRF). We can think of the Interest and

Baseline conditions as repeat data (e.g., Benson et al., 2018; Senden et al.,

2014; van Dijk et al., 2016), different attention conditions (e.g, de Haas et al.,

2014, 2020; Klein et al., 2014; van Es et al., 2018; Vo et al., 2017), mapping

sequences (e.g., Binda et al., 2013; Infanti & Schwarzkopf, 2020), mapping

stimuli (e.g., Alvarez et al., 2015; Binda et al., 2013; Le et al., 2017; Yildirim

et al., 2018), magnetic field strengths (e.g., Morgan & Schwarzkopf, 2020),

scotoma conditions (e.g., Barton & Brewer, 2015; Binda et al., 2013; Haak

et al., 2012; Prabhakaran et al., 2020), pRF modeling techniques (e.g., Car-

valho et al., 2020), but also adaptation conditions (e.g., Tsouli et al., 2021),

different finger movements (e.g., Schellekens, Petridou, & Ramsey, 2018),

or uni- and multisensory conditions (see Holmes, 2009, for a discussion on

non-pRF work) – to name but a few examples. As a pRF model, we adopt
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a 2D Gaussian, where pRF position represents the center of a pRF in visual

space (the center of the Gaussian, i.e., x0 and y0) and pRF size its spatial

extent (the standard deviation of the Gaussian, i.e., σ; see Figure 4.1). We

then fit this model to the voxel-wise brain responses we measured in the

retinotopic mapping experiment (Dumoulin & Wandell, 2008). To compare

pRF positions in the Interest and Baseline condition voxel-by-voxel, we bin

the pRF positions from both conditions according to the pRF positions from

the Baseline condition. Subsequently, we quantify for each voxel the posi-

tion shift from the Baseline to the Interest condition (see Figure 4.1 for a

single pRF). Finally, we calculate the bin-wise mean shift. This is equivalent

to calculating the bin-wise simple means for each condition and comparing

them subsequently.

Either way, by adopting such a post hoc binning analysis, we essentially

assume that the mean pRF position we quantify for each bin in the Baseline

condition approximates the true mean pRF position. In particular, we pre-

suppose that binning voxels according to pRF positions from the Baseline

condition and aggregating them subsequently for this condition ensures that

bin-wise noise components cancel out on average (see also Shanks, 2017).

This, however, is not the case. The underlying reason is the same as for our

body weight analysis further above: we dipped into the Baseline condition

twice, namely to define bins (selection) and to estimate the bin-wise means

for further comparison (selective analysis). This biases the bin-wise means

in the Baseline condition, resulting in regression to the mean for the bin-wise

means of the Interest condition.

Here, we expose and explore this flaw in the scope of pRF analyses using

simulations and empirical repeat data from the Human Connectome Project

(HCP; Benson et al., 2018, 2020). Unlike empirical data, simulations allowed

us to separate true scores from noise components and thus check whether

bin-wise noise components cancel out. They also provided an excellent test

bed for determining factors influencing the artifact’s appearance. Unlike em-

pirical data from different experimental conditions, repeat data permitted us

to assume a null effect between conditions, allowing for more straightforward

conclusions about any systematic differences we might observe.
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4.4 Methods

4.4.1 Post hoc binning using simulated data

For the post hoc binning analysis involving simulations, we used an empirical

V1 visual field map of a single human participant as a basic data distribution.

This map originated from a previous fMRI study aimed at mapping pRFs

under different attention conditions using a drifting bar stimulus (2 sessions

à 4 runs per condition). The details of this study are outlined in a later

chapter (5.4 Methods). The condition used for simulation purposes was the

Center condition, where participants performed a task at central fixation,

resembling a standard pRF mapping experiment (e.g., Alvarez et al., 2015;

Amano et al., 2009; Benson et al., 2018). The maximal eccentricity of the

mapping area subtended 8.5 dva.

We fit a 2D Gaussian function to preprocessed fMRI responses. For

each vertex, we obtained 6 estimates: pRF position (x0 and y0 coordinates),

pRF size (σ), pRF baseline (β0), pRF amplitude (β1), and goodness-of-fit

(R2). Preprocessing and pRF estimation were performed as in the fMRI

study on attention (5.4.6 Preprocessing and 5.4.7.1 pRF estimation) with

the following exceptions. We used our in-house toolbox for pRF estimation

to project the preprocessed fMRI data onto an anatomical surface model.

We used an earlier version of our in-house toolbox for pRF estimation. Only

initial parameter estimates with an R2 ≥ .01 were retained for optimization

as part of pRF estimation. We did not split the data set into odd and even

runs, but used the full data set. We did not smooth the fMRI data prior to

pRF estimation, but thereafter using a Gaussian kernel (FWHM = 3 mm)

in spherical surface space. To this end, we removed vertices with a very poor

R2 (< .01) or artifacts (σ ≤ 0, β1 ≤ 0 or β1 > 3) prior to smoothing.

We delineated V1 hemifield maps manually based on smooth polar angle

maps using polar angle reversals (Engel et al., 1997; Sereno et al., 1995;

Wandell et al., 2007). These delineations were used as a mask to extract

V1 vertices. We then pooled the x0 and y0 coordinates across V1 hemifield

maps and removed empty data points. Software and toolboxes used in the

present study including those that differed from the study on attention can

be found in Table B.1.
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4.4.1.1 1D post hoc binning analysis on eccentricity

To uncover the regression artifact, we first simulated a simplified contrast

scenario with a null effect. To this end, we disturbed the x0 and y0 coor-

dinates (Figure 4.1) 200 times with random Gaussian noise (sd = 2 dva).

We repeated this to generate a Baseline, Interest, and Independent condi-

tion. We then converted the x0 and y0 coordinates to eccentricity values

(Figure 4.1), as is often done in the pRF literature (see Figure B.1 for in-

terpretational difficulties with eccentricity when it comes to position shifts).

This resulted in a gamma-like eccentricity distribution. Lastly, we binned

the eccentricity values in the Baseline and Interest condition according to the

eccentricity values of any of the 3 conditions using deciles and calculated the

bin-wise means2. To check whether the bin-wise noise components cancel out

on average, we calculated the bin-wise means of the corresponding x0 and

y0 errors. The errors were obtained by subtracting the unperturbed x0 and

y0 coordinates from the perturbed ones. Bin-wise eccentricity means were

visualized as a color-coded scatter plot along with individual observations

per bin and marginal histograms (bin width = 0.5 dva) reflecting the simu-

lated distributions. Mean x0 and y0 errors were displayed as a color-coded

scatter plot.

Building upon the simulated null effect, we performed this 1D post hoc

binning analysis on 4 more simulation cases: a null effect with condition

cross-thresholding based on the Baseline condition, a null effect with condi-

tion cross-thresholding based on both the Baseline and Interest condition, a

null effect with eccentricity-scaled noise, and a true effect. We use the term

’condition cross-thresholding’ to refer to the pair-wise or list-wise deletion

of data points across experimental conditions (see below). These simulation

cases reflect analysis practices and data properties we consider character-

istic of pRF studies. For all simulation cases, the Independent condition

consisted of a second draw (resample) of the Baseline condition.

For the simulation cases involving condition cross-thresholding, we re-

2Note that when evaluating data distributions with unequal means, variances, or non-
linearity, z-standardization might be necessary to detect regression to or away from the
mean (Campbell & Kenny, 1999; Shanks, 2017). In particular, z-standardization makes
data distributions directly comparable. As such, bin-wise means should regress to wher-
ever they intersect the identity line. Here, we always display data in native space, as
this is typically done in the pRF literature. However, we use crosshairs to indicate the
location of the mean and thus provide a visual guideline.
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moved simulated observations falling outside a certain eccentricity range (≥
0 and ≤ 6 dva) in the Baseline or Baseline and Interest condition from all

conditions (i.e., Baseline, Interest, and Independent). For the simulation

case involving eccentricity-scaled noise, we used a small standard deviation

(sd = 0.25 dva) of random Gaussian noise to disturb empirical observations

with smaller eccentricities (≥ 0 and < 3 dva) and a larger standard deviation

(sd = 2 dva) to disturb empirical observations with larger eccentricities (≥
3 dva). For the simulation case involving a true effect, we induced a radial

increase in eccentricity of 2 dva in the Interest condition.

Apart from simple bin-wise means, we performed the 1D post hoc bin-

ning analysis also on change scores. The change scores were obtained by

subtracting individual simulated observations or means in the Baseline con-

dition from those in the Interest condition. Both simple means and mean

change scores have been used for post hoc binning in previous pRF studies

(e.g, Barton & Brewer, 2015; Binda et al., 2013; Carvalho et al., 2020; de

Haas et al., 2014, 2020; Haak et al., 2012; Prabhakaran et al., 2020; Tsouli et

al., 2021; Yildirim et al., 2018). Similarly, we repeated the binning analysis

using equidistant instead of decile binning. To this end, we used a con-

stant bin width of 1.75 dva and an overall binning range of 0 to 19.25 dva

eccentricity. Unlike equidistant binning, decile binning ensures a roughly

equal amount of data points in each bin, which facilitates the interpretation

of results. However, we consider equidistant binning as the most common

binning type in the pRF literature. For both the change score analysis and

equidistant binning, we used the simulation case involving a null effect as a

data basis.

4.4.1.2 2D post hoc binning analysis on x0 and y0

Apart from the 1D binning analysis on eccentricity, we also conducted a 2D

binning analysis on the simulated x0 and y0 values. To this end, we converted

the x0 and y0 values to polar coordinates, that is, polar angle and eccentricity

(Figure 4.1). We then binned the x0 and y0 values in the Baseline or Interest

condition according to their polar coordinates in the Baseline, Interest, or

Independent condition using equidistant bins and calculated the bin-wise x0

and y0 means for each condition. The condition-wise means were visualized

as vector graphs along with marginal histograms (bin width = 0.5 dva)

illustrating the simulated distributions. Vector graphs have been used in
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prior pRF work (e.g., Klein et al., 2014; van Es et al., 2018; Vo et al., 2017).

The 2D binning analysis was performed for all aforementioned simulation

cases. The polar angle bins ranged from 0° to 360° with a constant bin width

of 45°. The eccentricity bins ranged from 0 to 22 dva (for the simulation

case involving a true effect) or from 0 to 20 dva (for all other simulation

cases) with a constant bin width of 2 dva.

4.4.2 Post hoc binning using empirical repeat data

For the post hoc binning analysis on repeat data, we used publicly available

pRF estimates from the HCP 7 T Retinotopy Dataset (Benson et al., 2018,

2020). These estimates stem from a split-half analysis where a 2D isotropic

Gaussian with a subadditive exponent was fit to fMRI time series from the

first and second half of 6 pRF mapping runs. For each half, 6 estimates

were obtained for each grayordinate (vertex), that is, pRF polar angle, pRF

eccentricity, pRF size, pRF gain, percentage of R2, and mean signal intensity.

The maximal eccentricity of the mapping area subtended 8 dva. For further

details, see Benson et al. (2018).

Following Benson et al. (2018), we analyzed complexes of visual areas

across hemispheres for the 25th and 75th percentile participants of the R2

distribution using delineations from Wang et al.’s (2015) atlas. Benson et

al. (2018) generated the R2 distribution by calculating the median R2 for

each participant across grayordinates from both cortical hemispheres within

all areas of Wang et al.’s (2015) atlas. For our purposes, we focused on

the posterior complex (V1-V3) and the dorsal complex (V3A/B and intra-

parietal sulcus 0-5), as those came with a larger number of available data

points (which was particularly necessary to perform the 2D post hoc binning

analysis and generate vector graphs).

To obtain x0 and y0 values, polar angle and eccentricity estimates were

converted to Cartesian coordinates. The eccentricity, x0, and y0 values of

the first half were used as a Baseline condition and those of the second half

as an Interest condition. Similar to the simulation-based analyses, binning

was either based on the Interest or Baseline condition and bin-wise means

were calculated. Moreover, binning was either performed without or with

condition cross-thresholding. As for the latter case, we removed observations

outside a certain eccentricity range (≥ 0 and ≤ 8 dva) or below a certain

R2 cut-off (≤ 2.2%) in the Baseline or Baseline and Interest condition from
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both conditions. The R2 cut-off was adopted from Benson et al. (2018).

We then performed a 1D binning analysis on eccentricity and a 2D bin-

ning analysis on x0 and y0 as we did for the simulated data. However, here,

the eccentricity bins for the 2D analysis ranged from 0 to 18 dva with a

constant bin width of 2 dva.

4.5 Results and discussion

4.5.1 The many faces of regression to the mean and

other problems

To expose the regression artifact, we repeatedly perturbed the x0 and y0 val-

ues of an empirical visual field map with random Gaussian noise to generate

a Baseline and Interest condition. We then converted the x0 and y0 values to

eccentricity. Subsequently, we binned the eccentricity values of either condi-

tion according to eccentricity values in the Baseline condition using deciles

and calculated bin-wise means. The bin-wise means from both conditions

were plotted against one another along with individual observations per bin

and marginal histograms reflecting the simulated distributions3 (Figure 4.2,

A., 1st column). Since there was no true difference between conditions, the

bin-wise means should lie on the identity line. Contrary to this prediction,

they systematically diverged from the identity line. Strikingly, when using

the Interest instead of the Baseline condition for binning, the systematic

pattern of divergence flipped (Figure 4.2, A., 2nd column). This bidirection-

ality is a typical sign of regression to the mean (Campbell & Kenny, 1999;

Shanks, 2017) and due to circularity. This leads to asymmetric bins (see

bin-wise ranges of observations for Baseline and Interest, Figure 4.2, A., 1st

and 2nd columns) and biases bin-wise noise components, so that they do not

always cancel out on average.

To illustrate this bias, we plotted the bin-wise mean x0 and y0 errors

in the Interest and Baseline condition against one another (Figure 4.2, B.,

1st and 2nd columns). If noise components nullify on average, the bin-wise

mean errors should tightly cluster around 0. Unlike this prediction, for the

3Note that apart from the visualizations provided here, it might be beneficial to addi-
tionally look at Galton squeeze diagrams to detect regression to or away from the mean
(Campbell & Kenny, 1999; Shanks, 2017).
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A. Simulated null effect

B. Errors
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Figure 4.2. Simulated 1D post hoc binning analysis on eccentricity | Null effect. A. Bin-wise
eccentricity values and means in the Interest and Baseline condition for a simulated null effect and
different data binning scenarios. Eccentricity values in the Baseline and Interest condition were either
binned according to eccentricity values in the Baseline (1st column), Interest (2nd column), or an
Independent condition (equivalent to repeat data of the Baseline condition; 3rd column). The gray
marginal histograms (bin width = 0.5 dva; y-axis: relative frequency) show the simulated eccentricity
distributions for each condition, obtained by repeatedly disturbing the x0 and y0 values of an empirical
visual field map with random Gaussian noise (sd = 2 dva) and subsequently converting them to
eccentricity values. Note that the range of the marginal y-axis is the same for all histograms. The red
crosshair indicates the location of the overall mean for the Interest and Baseline condition. The red
dashed line corresponds to the identity line. B. Bin-wise mean errors for the x0 and y0 values in the
Interest and Baseline condition for the same binning scenarios as in A. The errors were calculated by
subtracting the unperturbed x0 and y0 values from the perturbed ones. The dashed red lines reflect
zero error. Dark brown colors correspond to lower and dark blue-green colors to higher decile bins.
The maximal eccentricity of the stimulated visual field area subtended 8.5 dva. Dva = Degrees of
visual angle. Ecc = Eccentricity.

condition that was used for contrasting and binning (henceforth circular

condition), the bin-wise noise components were skewed on average. On the

contrary, for the other condition (henceforth non-circular condition), they

indeed cancelled out.

The skew in average noise renders the bin-wise eccentricity means of the

circular condition more extreme, especially for lower and higher decile bins.
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As a result, the bin-wise eccentricity means for the non-circular condition

regress – by statistical necessity – to the overall mean4 for this condition

(red crosshair); that is, they are less extreme. This becomes clear when

looking at the different ranges of bin-wise means for the circular and non-

circular conditions (Figure 4.2, A., 1st and 2nd columns). If the Interest

condition is then contrasted to the Baseline condition, a mean increase in

eccentricity for lower deciles and a mean decrease for higher deciles or vice

versa occurs, depending on whether the data are binned on the Baseline

or Interest condition (Figure 4.2, A., 1st and 2nd columns). This artifact

arises because we did not always use independent conditions for binning and

contrasting; that is, conditions with independent noise components.

Apart from simple means (e.g., Binda et al., 2013; Carvalho et al., 2020;

Haak et al., 2012; Yildirim et al., 2018), post hoc binning analyses have also

been performed on change scores in previous pRF studies (e.g., Barton &

Brewer, 2015; de Haas et al., 2014, 2020; Prabhakaran et al., 2020; Tsouli et

al., 2021). Here, the difference between the Interest and Baseline condition

is typically plotted against the binning (i.e., circular) condition (Figure 4.3,

A., 1st and 2nd columns). Consequently, the bin-wise means now regress

to the overall mean of the change score distribution (see also Gignac &

Zajenkowski, 2020; Holmes, 2009). Importantly, since both the x- and y-

axis feature the Baseline or Interest condition, the act of double-dipping

becomes much more obvious. In fact, individual change score observations

are now sorted in a way that suggests an effect although there is none. This

means, visualizing the data this way – even without binning – is misleading.

Importantly, for change score scatters, bin-wise noise components neither

cancel out for the change scores nor the binning conditions (Figure B.2, B.,

1st and 2nd columns). This is because the noise components of the changes

scores are not independent of those in either binning condition. What is

more, change score scatters disguise important aspects readily available with

simple scatters. Specifically, they prevent us from directly appreciating the

larger bin-wise range of eccentricity means for the circular as compared to

the non-circular condition (Figure 4.2, A., 1st and 2nd columns). This makes

4Note that for skewed distributions (such as the gamma-like distribution here), the
regression effect might be actually towards the mode and away from the mean of the
overall distribution (Schwarz & Reike, 2018). If the location of the overall mode and
mean are sufficiently close, our visualizations would be unable to distinguish these two
cases.
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A. Simulated null effect - Change score

B. Simulated null effect - Cross-thresholding (Baseline)

C. Simulated null effect - Cross-thresholding (Baseline and Interest)

Figure 4.3. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Change score
and condition cross-thresholding. A. The same as in Figure 4.2, A., although here, the change score
(Interest vs Baseline) is plotted against the respective binning condition. B. The same as in Figure 4.2,
A., although here, simulated observations falling outside a certain eccentricity range (≥ 0 and ≤ 6
dva) in the Baseline condition were removed from all conditions. C. The same as in B., although here,
condition cross-thresholding was based on both the Baseline and Interest condition. For visualizations
that include the corresponding mean errors, see Figure B.2-B.4. Cross-thresholding = the pair-wise
or list-wise deletion of observations across conditions.

it difficult to spot the source of the problem graphically when only looking

at a single plot. The same is true when visualizing noise components.

Importantly, how the artifact manifests can change when data are thresh-

olded across conditions, that is, deleted in a pair- or list-wise fashion (Fig-

ure 4.3, B. and C., and Figure B.3-B.4, B., 1st and 2nd columns). The same

applies when noise scales with eccentricity – a property better known as

heteroskedasticity (Figure 4.4, A., and Figure B.5, B., 1st and 2nd columns;

see also Holmes, 2009). In fact, in the event of cross-thresholding, noise

components are modified and might not necessarily cancel out for the non-
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A. Simulated null effect - Eccentricity-scaled noise

B. Simulated true effect - Radial shift

C. Simulated null effect - Equidistant binning

Figure 4.4. Simulated 1D post hoc binning analysis on eccentricity | Null or true effect —
Eccentricity-scaled noise, radial shift, and equidistant binning. A. The same as in Figure 4.2, A.,
although here, original observations having smaller eccentricities (≥ 0 and < 3 dva) were disturbed
by random Gaussian noise with a smaller standard deviation (sd = 0.25 dva) and those having larger
eccentricities (≥ 3 dva) by random Gaussian noise with a larger standard deviation (sd = 2 dva). B.
The same as in Figure 4.2, A., although here, we simulated a true effect, that is, a radial increase
in eccentricity of 2 dva in the Interest as compared to the Baseline condition. C. The same as in
Figure 4.2, A., although here, equidistant binning was used. The equidistant bins ranged from an
eccentricity of 0 dva to an eccentricity of 19.25 dva with a constant bin-width of 1.75 dva. Please
note the different number of bins here relative to the other figure panels (11 vs 10, respectively). For
visualizations that include the corresponding mean errors, see Figure B.5-B.7.

circular condition (Figure B.3-B.4, B., 1st and 2nd columns). The case of

eccentricity-scaled noise furthermore shows that the artifact can include

some clear regression away from the mean – a phenomenon referred to as

egression5 (Figure 4.4, A., 1st and 2nd columns; see e.g., Campbell & Kenny,

1999; Schwarz & Reike, 2018).

5Note that the regression was presumably towards the nearest modes of the simulated
bimodal distribution (see marginal histograms in Figure 4.4, A., 1st and 2nd columns;
Schwarz & Reike, 2018).
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Condition cross-thresholding is common practice in the pRF literature

where data are cleaned across conditions according to eccentricity, goodness-

of-fit, pRF size, missing data or other criteria from one or multiple condi-

tions. Eccentricity-scaled noise is an equally likely scenario that might arise

from fitting errors that differ across visual space. This could be due to par-

tial stimulation of pRFs (especially near the edge of the stimulated mapping

area), higher variability in pRF position estimates for wider pRFs as well

as fluctuations in the signal-to-noise ratio of brain responses due to central

fixation and/or manipulating attention.

The artifact also manifested when simulating a true effect (Figure 4.4,

B., and Figure B.6, B., 1st and 2nd columns). The same was true for equidis-

tant binning (Figure 4.4, C., and Figure B.7, B., 1st and 2nd columns), which

is frequently applied in the pRF literature. However, unlike decile binning

(which we used further above), equidistant binning resulted in a lower num-

ber of observations for higher equidistant bins (due to the gamma-like ec-

centricity distribution; Figure 4.4, C., 1st and 2nd columns). Consequently,

for higher equidistant bins, the skew in average noise for the circular condi-

tion was generally larger here. Similarly, for higher equidistant bins, noise

components did not always cancel out for the non-circular condition (see all

Figure B.7, B., 1st and 2nd columns). This is because for random noise to

cancel out on average, the number of observations needs to be sufficiently

large.

Critically, both true effects and equidistant binning can substantially

modify the artifact’s appearance. Along with condition cross-thresholding

and eccentricity-scaled noise, this teaches us an important lesson: the re-

gression artifact can take pretty much any form6.

For all presented simulation cases (null effect, null effect with cross-

thresholding or eccentricity-scaled noise, and true effect), the artifact like-

wise manifested for another kind of binning analysis, namely, when binning

the x0 and y0 values according to both eccentricity and polar angle (i.e., 2D

segments) and computing shift vectors (Figure 4.1 as well as Figure 4.5 and

Figure B.8-B.11, 1st row). Here, the bin-wise means regressed towards and

away from the overall means of the x0 and y0 distribution. The calculation

6Note that floor/ceiling effects (due to physiological and methodological constraints on
the minimum and maximum observable value) and/or the calculation of absolute (raw)
vs proportional (%) differences are further factors influencing the artifact’s appearance
(de Haas et al., 2014, 2020; Holmes, 2009).
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Simulated null effect
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Figure 4.5. Simulated 2D post hoc binning analysis on x0 and y0 | Null effect. Bin-wise x0 and
y0 means in the Interest and Baseline condition for a simulated null effect and different data binning
scenarios. X0 and y0 values in the Baseline and Interest condition were either binned according to
eccentricity and polar angle values in the Baseline (1st column, 1st row), Interest (2nd column, 1st

row), or an Independent condition (equivalent to repeat data of the Baseline condition; 2nd row).
The marginal histograms (bin width = 0.5 dva; y-axis: relative frequency) show the simulated x0
and y0 distributions for each condition, obtained by repeatedly disturbing the x0 and y0 values of an
empirical visual field map with random Gaussian noise (sd = 2 dva). Magenta histograms correspond
to the Interest condition and gray histograms to the Baseline condition. Note that the range of the
marginal y-axis is the same for all histograms. The large magenta dots (arrow tip) correspond to the
means in the Interest condition and the tiny gray dots (arrow nock) to the means in the Baseline
condition. The gray line (arrow shaft) depicts the shift from the Baseline to the Interest condition.
The magenta crosshair indicates the location of the overall x0 and y0 means for the Interest condition
and the gray crosshair the location of the overall means for the Baseline condition. Note that if there
is no systematic difference between the Baseline and Interest condition, the histograms and crosshairs
coincide (as is the case here). The light gray radar grid demarks the bin segments. Polar angle bins
ranged from 0° to 360° with a constant bin width of 45° and eccentricity bins from 0 to 20 dva with
a constant bin width of 2 dva. The maximal eccentricity of the stimulated visual field area subtended
8.5 dva. Dva = Degrees of visual angle.

of shift vectors is not uncommon in pRF studies (e.g., Klein et al., 2014; van

Es et al., 2018; Vo et al., 2017).

Notably, for empirical repeat data from the HCP (Benson et al., 2018,

2020), both kinds of binning analyses produced patterns consistent with the

artifact (Figure B.12-B.19). This establishes its practical relevance. More-

over, recently, our laboratory retracted an article on attention-induced dif-
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ferences in pRF position and size in V1-V3 (de Haas et al., 2014) because

an in-house reanalysis suggested that post hoc binning along with condition

cross-thresholding and heteroskedasticity yielded artifactual (or artifactu-

ally inflated) results in the form of egression from the mean (de Haas et

al., 2020). In this case, the apparent significant effect was an increase in

eccentricity and pRF size in the Interest vs Baseline condition (expressed as

change scores) for eccentricity bins (based on the Baseline condition) in the

middle of the tested range.

Taken together, the heterogeneity in manifestation we exposed here makes

it hard to spot the artifact by visual inspection alone and highlight its depen-

dency on exact distributional properties of the data at hand (see Campbell

& Kenny, 1999; Holmes, 2009; Schwarz & Reike, 2018, for similar points).

4.5.2 Potential mitigation strategies

How can we omit double-dipping and control for regression to the mean?

We could, for instance, use an Independent condition for binning (such as

repeat data or odd or even runs for the Baseline condition; Figure 4.2, A.,

and Figure 4.3-4.4, A.-C., 3rd column as well as Figure 4.5 and Figure B.8-

B.11, 2nd row) or an anatomical criterion (Kriegeskorte et al., 2009), such as

cortical distance or anatomical atlases (Benson, Butt, Brainard, & Aguirre,

2014; Benson et al., 2012). This way, noise components should nullify on

average in both the Baseline and Interest condition (Figure 4.2, B., and

Figure B.2-B.7, B., 3rd column).

Noise cancelling is of course less likely for sparsely populated bins (Fig-

ure B.7, B., 3rd column as well as Figure 4.5 and Figure B.8-B.11, 2nd row),

which can be captured by quantifying uncertainty. Critically, however, for

change score scatters, noise components do not cancel out for the Indepen-

dent binning condition (Figure B.2, B., 3rd column). The reason for this

is the same as before: non-independence of noise components. Thus, only

the bin-wise change scores can be readily interpreted here. Moreover, given

that cross-thresholding reshapes noise components, they might not average

out with an Independent condition (Figure B.3-B.4, B., 3rd column as well

as Figure B.8-B.9, 2nd row). The same can evidently also happen with an

anatomical criterion if the Baseline and Interest condition are subjected to

cross-thresholding. Consequently, unless cross-thresholding can be omitted

or demonstrated to be unbiased (see 4.5.4. Limitations for further consider-
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ations), an Independent condition might not be a safe option.

Alternatively, we could use analyses without binning that control for

circularity and regression artifacts or effects could be evaluated against ap-

propriate null distributions that take into account all statistical dependen-

cies (e.g., Holmes, 2009; Kriegeskorte et al., 2009). For instance, errors-in-

variables models (e.g., Deming regression) might be an option. Such models

account for the noise in both the Baseline and Interest condition as well

as for the fact that we often have no clear separation between independent

and dependent variables in pRF analyses. However, as with any statistical

approach, the underlying assumptions need to be checked carefully.

A combination of the discussed approaches might prove most fruitful.

Regardless of the specific mitigation strategy, we believe that in light of

the many layers of complexity in our analysis pipelines, we need to make

it common practice to perform sanity checks using (null) simulations and

empirical repeat data.

4.5.3 The bigger picture

Uncontrolled post hoc binning analyses come in many flavors (e.g., centroids,

shift vectors, eccentricity differences, x0 and y0 differences, and 1D or 2D

bins) and are not restricted to pRF position estimates. For instance, partial

stimulation of pRFs likely results in heteroskedasticity and positively corre-

lated errors for pRF size and position. This would, for instance, bias bin-wise

pRF size vs pRF position or pRF size vs pRF size comparisons where bin-

ning is based on non-independent eccentricity values. Likewise, fitting errors

due to partial stimulation should be more pronounced whenever pRF size

is larger, leading to stronger artifactual effects (for simulations using differ-

ent levels of noise, see Holmes, 2009). The same is to be expected based

on a higher variability in pRF position estimates for wider pRFs. These

factors might potentially explain why pRF position and/or size differences

have been reported to be larger in higher-level areas where pRFs are wider

(e.g., Barton & Brewer, 2015; de Haas et al., 2014, 2020; Klein et al., 2014;

van Es et al., 2018).

Moreover, the distribution of errors likely depends on the toolbox that

was used for fitting (Lerma-Usabiaga, Benson, Winawer, & Wandell, 2020),

making it hard to generalize across studies. Importantly, uncontrolled sin-

gle bin (i.e., region of interest) analyses are equally affected by circularity
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(Kriegeskorte et al., 2009). And of course, delineations of visual areas in

post hoc binning analyses should ideally also be based upon independent

criteria as this is where selection starts.

The application of uncontrolled post hoc binning analyses in the pRF

literature might have led to spurious claims about the plasticity of pRFs

(see de Haas et al., 2014, 2020, for an example). Consequently, we encourage

researchers who used post hoc binning to check for the severity of biases in

their analyses by running adequate simulations and reanalyzing the original

data wherever possible. Likewise, we urge them to take into account the

issues discussed here when conducting future studies, reviewing manuscripts,

and when teaching and mentoring.

4.5.4 Limitations

Our simulations were designed to encapsulate a given issue succinctly and

cannot be interpreted as reflecting the exact properties of empirical pRF

data. For this, we would need to have a good understanding of the un-

derlying noise components. Similarly, the level of random Gaussian noise

we adopted for most simulations (sd = 2 dva) might be more reminiscent

of higher than lower visual areas (although this depends on many factors,

such as mapping stimulus and magnetic field strength). For the present

purposes, it appeared important to settle on a level allowing for clear ex-

position. Moreover, as mentioned above (4.3 Introduction), unless there

is a perfect correlation between two variables (and thus no random noise),

double-dipping and regression to or away from the mean likely pose issues

to post hoc binning analyses.

To fully parallel our simulations, the analyses of the HCP data would

have benefited from binning on an Independent condition, that is, a second

set of repeat data. Such an Independent condition is currently not available

(Benson et al., 2018, 2020), leaving this sanity check for future research.

Moreover, unlike our simulations, the condition cross-thresholding applied

to the HCP data not only involved pRF position, but also goodness-of-fit

(4.4.1. Post hoc binning using simulated data and 4.4.2. Post hoc binning

using empirical repeat data). This is because such multivariate data cleaning

is frequently applied in pRF studies. It is challenging to simulate these more

complex scenarios and thus best addressed in a separate article.

Importantly, our simulations flagged that cross-thresholding based on
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the Baseline or Baseline and Interest condition can be of issue even with an

Independent binning condition (Figure B.3-B.4, B., third column). One way

to deal with this might be to cross-threshold all data according to an Inde-

pendent condition/the Independent binning condition. However, condition-

specific systematic errors, such as artifacs and outliers, might survive such

independent data cleaning. As such, the usage of robust estimators might

be advisable. Future research is necessary to evaluate this point more com-

prehensively.

Some post hoc binning analyses in the pRF literature are conducted in

a hemifield-specific fashion, whereas others mirror observations across hemi-

fields or quadrants. Our analyses do not capture these specificities. However,

there is no reason to believe that they would alleviate the expression of the

regression artifact. The primary component that might change when apply-

ing such procedures is the location of the overall mean and the shape of the

data distribution and thus how exactly the artifact manifests (for prelimi-

nary analyses, see Stoll, Infanti, & Schwarzkopf, 2022). Of course, if data

points are not mirrored based on an Independent condition but, for instance,

the Baseline condition, data mirroring in combination with post hoc binning

might favor noise components in multiple ways.

Although we do not touch upon it directly here, even the most com-

mon binning analysis in the pRF literature – the simple pRF size vs eccen-

tricity plot (e.g., Dumoulin & Knapen, 2018; Dumoulin & Wandell, 2008;

Schwarzkopf et al., 2014) – is not exempt from the regression artifact. In this

analysis, pRF size and eccentricity from the same experimental condition

are plotted against one another by binning both pRF size and eccentricity

according to eccentricity. The idea here is to characterize the relationship be-

tween pRF size and eccentricity. Assuming correlated random noise between

pRF size and eccentricity (as touched upon in 4.5.3. The bigger picture),

both the bin-wise pRF size and eccentricity means would be biased. It is im-

portant to bear in mind, however, that such visualizations typically do not

show the bin-wise eccentricity means, but the midpoint of the corresponding

bin interval. No matter whether this is the case or not, they are unlikely to

approximate the true relationship between pRF size and eccentricity. The

practical relevance of this specific issue for derived claims and conclusions

warrants further investigation.
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4.6 Conclusions

Without doubt, circularity and/or regression to the mean are thorny and

omnipresent problems that can manifest subtly and diversely (e.g., Ball,

Squeglia, Tapert, & Paulus, 2020; Barnett et al., 2005; Campbell & Kenny,

1999; Eriksson & Häggström, 2014; Gignac & Zajenkowski, 2020; Holmes,

2009; Kilner, 2013; Kriegeskorte et al., 2009; Preacher et al., 2005; Shanks,

2017; Stigler, 1997; Vul, Harris, Winkielman, & Pashler, 2009). As such, we

need to ensure that the validation of analysis procedures becomes part and

parcel of the scientific process.
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Chapter 5

Investigating topographic signatures of

multifocal attention in human visual cortex

5.1 Highlights

• PRFs shift from test to retest

• PRF shifts under uni- and multifocal attention conditions cannot be

reliably distinguished from test-retest shifts

• This is inconsistent with previous pRF work on unifocal attention

• Null models are necessary to evaluate the practical significance of

changes in pRFs

5.2 Abstract

Previous work on unifocal attention showed that pRFs shift in the direction

of an attended stimulus – an effect that was present across the whole vi-

sual field as well as in lower visual cortex. How pRFs are modulated under

conditions of multifocal attention, however, remains unknown. To address

this question, we used fMRI to map pRFs under uni- and multifocal at-

tention conditions in lower visual cortex. Using pRFs from an independent

experiment, we back-projected changes in pRF position under uni- and mul-

tifocal attention conditions into visual space. This permitted us to inspect

the topographic profile of position shifts with great spatial detail. We fur-

thermore split the data for each attention condition into two folds. This
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allowed us not only to generate null models of position shifts for test-retest

data, but also to evaluate how well our results generalized across folds. We

found that pRF shifts under uni- or multifocal attention conditions could

not be distinguished from test-retest shifts or did not generalize across folds.

Our results are incompatible with previous work on unifocal attention and

highlight the importance of null models and cross-validation to evaluate the

practical significance of changes in pRFs.

5.3 Introduction

Spatial attention allows us to prioritize information processing at particular

locations in the visual field (Anton-Erxleben & Carrasco, 2013). As such, it

helps the brain filter the abundance of information it is typically confronted

with once we open our eyes. This permits us, for instance, to monitor our

daughter in a busy playground area whilst ignoring other children. Such

monitoring can manifest in various ways. When attending to our daughter

overtly, we direct both our attention and gaze to her (Anton-Erxleben &

Carrasco, 2013). When attending to her covertly, however, we direct our

attention to her whilst our gaze is somewhere else, such as when we stare

– for reasons of politeness – at our chatty friend’s face whilst monitoring

her (Anton-Erxleben & Carrasco, 2013). Interestingly, many daily activities

go well beyond such unifocal attention scenarios, requiring us to monitor

multiple objects in concert, such as when our daughter and her siblings romp

together in the busy playground area. What are the neural mechanisms

underlying uni- and multifocal attention processes?

Research on unifocal attention suggests that spatial attention operates

by modulating the RFs of neurons in visual cortex. In particular, single-

neuron recordings in monkeys showed that RFs of neurons in V4 and MT

shift towards an attended stimulus (Anton-Erxleben et al., 2009; Connor et

al., 1996, 1997; Womelsdorf et al., 2006, 2008), even when located far away

from the RF (Womelsdorf et al., 2006). This indicates that spatial atten-

tion acts fairly globally and concentrates processing resources around the

attended stimulus. As a result, a larger number of neurons might end up

encoding the attended stimulus, leading to a boost in local cortical magni-

fication and thus enhanced spatial resolution (Anton-Erxleben & Carrasco,

2013; Womelsdorf et al., 2006). This increased sensitivity might explain the
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enhanced behavioral performance at attended locations as well as changes

in the appearance of spatial stimulus features in human observers (Anton-

Erxleben & Carrasco, 2013).

Regardless of the exact functional role of attention-induced RF shifts,

linking physiology and behavior ultimately requires an understanding of the

topographic profile of RF shifts within or across visual areas. As insightful

as single-neuron recordings can be, they are ill-suited to this purpose. They

also can only rarely be conducted in humans. To overcome these limitations,

recent research capitalized on fMRI and pRF modeling (Dumoulin & Wan-

dell, 2008). Unlike the RF of a single neuron, a pRF refers to the aggregate

RF of a population of neurons within a voxel (and most likely beyond).

Adopting pRF modeling to investigate unifocal attention, it has been

found that pRFs shift in the direction of an attended stimulus along a radial

path when the attended stimulus is located within a visual field quadrant

slightly offset from fixation (Vo et al., 2017) and along a horizontal path

when the attended stimulus is placed along the horizontal meridian (Klein

et al., 2014). Such shifts were present across the entire visual field and large

portions of the visual hierarchy, including V1-V3, although here, shift mag-

nitudes tended to be smaller than in higher visual cortex (Klein et al., 2014;

Vo et al., 2017). Moreover, in V1-V3, shift magnitudes were tendentially

smaller for pRFs closer to the attention locus, although this effect was less

clear in V1 (Vo et al., 2017). There is also evidence that pRFs around the

attention locus show a slight repulsion effect in V1-V3 (Vo et al., 2017).

Collectively, these findings match single-neuron work (Anton-Erxleben et

al., 2009; Connor et al., 1996, 1997; Womelsdorf et al., 2006, 2008) and un-

derscore the global nature of spatial attention (Womelsdorf et al., 2006),

effectively affecting the entire visual field and hierarchy.

However, this line of evidence fails to address how RFs or pRFs are

modulated under conditions of multifocal attention. This is surprising given

that multifocal attention appears to be integral to many basic day-to-day

activities, such as monitoring children, driving a car, watching television, or

playing football. Classically, spatial attention has been described as a limited

resource that takes the form of a spotlight (e.g., Kahneman, 1973; Posner

et al., 1980; Shaw & Shaw, 1977). In order to account for multifocal atten-

tion, it has been proposed that this resource splits into multiple spotlights

(Castiello & Umiltà, 1992). To investigate this hypothesis, previous fMRI
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studies presented observers with five stimulus streams displayed in rapid

serial visual presentation (RSVP). One stream was placed in each visual

field quadrant and one at central fixation. Observers were either required

to covertly attend to two streams located in opposite-hemifield quadrants

(multifocal) or a single stream located in a separate visual field quadrant

(unifocal) whilst ignoring the remaining streams. When contrasting the

multifocal to the unifocal condition, brain activity increased in cortical sites

corresponding to the multifocal streams and decreased in cortical sites cor-

responding to the unifocal stream. This pattern emerged in V1 and V2 as

well as a larger area complex also involving V3 (McMains & Somers, 2004,

2005; Morawetz et al., 2007) and supports the idea that spatial attention

splits into multiple spotlights. Recent single-neuron work in monkey MT

corroborates this notion (Niebergall et al., 2011b). As such, the flexibility of

spatial attention seems to go well beyond what can be discovered by research

on unifocal attention alone.

Here, we put this flexibility to the test by investigating the topographic

profile of pRF shifts under uni- and multifocal attention conditions in V1-

V3. To this end, we integrated a modified version of the RSVP paradigm

used in previous fMRI work (McMains & Somers, 2004, 2005; Morawetz et

al., 2007) into a pRF mapping experiment. In the unifocal conditions, ob-

servers were either required to overtly attend to a single stimulus stream

at central fixation (Center) or to covertly attend to a stimulus stream in

the top-right visual field quadrant (Top). In the multifocal conditions, they

were either required to overtly attend to the stream at central fixation and

covertly attend to the stream in the top-right quadrant (Top&Center) or to

covertly attend to both the stream in the bottom-left and top-right quadrant

(Bottom&Top; see all Figure 5.1). The unifocal conditions served to con-

ceptually replicate previous pRF work (Klein et al., 2014; Vo et al., 2017),

whereas the multifocal conditions aimed at extending it. As in previous

work (Vo et al., 2017), we used the Center condition as a Baseline condition

and evaluated potential shifts in all remaining conditions of Interest relative

to it.

To summarize the topographic profile of pRF shifts, we back-projected

measures of shift direction and magnitude into visual space using a search-

light algorithm involving fine-grained data binning (see 3.5.1.7.1 Searchlight

back-projections). This allowed us to inspect topographic signatures with
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Figure 5.1. Example frames of the stimulus configuration and attention conditions. Participants
performed an RSVP task on oval streams whilst a task-irrelevant bar stimulus traversed the visual
field along cardinal and oblique axes. The ovals underwent rapid changes in orientation and color.
In the unifocal conditions (Center and Top), the RSVP task was performed on a single oval stream.
In the multifocal conditions (Top&Center and Bottom&Top), the RSVP task was performed on two
oval streams. The white circles indicate the oval streams that had to be attended. They were not
presented during the experiment. The ovals on the right-hand side illustrate the targets requiring a
button press. RSVP = Rapid serial visual presentation. Baseline = Baseline condition.

unprecedented spatial detail as compared to previous research (e.g., Klein et

al., 2014; Vo et al., 2017). Importantly, unlike previous studies on unifocal

attention (Klein et al., 2014; Vo et al., 2017), we used independent pRF es-

timates for binning as well as back-projection purposes. This allowed us to

control for double-dipping and regression to the mean (see 4.3 Introduction

and 4.5 Results and discussion; Galton, 1886; Holmes, 2009; Kriegeskorte et

al., 2009; Shanks, 2017).

Based on previous research on unifocal attention (Vo et al., 2017), we

expected that when comparing the Top to the Center condition, pRFs should
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A. Shift magnitude

B. Shift direction

Figure 5.2. Hypothetical searchlight back-projections as a function of contrast of interest |
Shift magnitude and direction. A. Shift magnitudes surpassing a value of 0.43 were set to that
value. B. The arrows superimposed onto the color wheel illustrate the shift direction. Red/green
corresponds to a rightwards/leftwards shift and yellow/blue to an upwards/downwards shift. Note
that if shift magnitude amounts to 0 (A., middle panel, black area), shift direction defaults to 0◦ (B.,
middle panel, red area). This scenario is unlikely for empirical data. White small circles represent
the attended oval stream in the Baseline condition (Center) and white large circles the attended oval
stream(s) in the Interest condition (Top, Top&Center, or Bottom&Top). The saturation of colors
reflects the number of vertices with a pRF inside a given searchlight plus the inverse distance of these
pRFs from the searchlight center. Note that searchlight-wise shift magnitudes and directions are
displayed at the searchlight midpoint. LVC = Lower visual cortex including V1-V3. Pooled = Data
pooled across all 5 participants. pRF = Population receptive field.

shift radially towards the top-right stimulus stream1. Based on research

on multifocal attention (McMains & Somers, 2004, 2005; Morawetz et al.,

2007; Niebergall et al., 2011b), we expected that spatial attention splits into

multiple spotlights. Extrapolating from research on unifocal attention (Vo

et al., 2017), we therefore hypothesized that comparing the Bottom&Top to

the Center condition should also result in radial attraction, although pRFs

should be attracted to whichever stimulus stream is closest (top-right or

bottom-left). Assuming this distance-based winner-takes-all model is valid,

1Note that the predominant pattern reported by Vo et al. (2017) was radial attraction
of pRFs towards the attended stimulus. Our hypotheses are therefore geared towards
this effect and not the additional finding of a slight repulsion effect around the attended
stimulus.
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we further hypothesized that when comparing the Top&Center to the Center

condition, only pRFs closest to the top-right stimulus stream should be

attracted. Attending to the central stimulus stream in both the Interest and

Baseline condition should result in no systematic shifts for the remaining

pRFs. And lastly, we expected that pRFs farther away from the attended

stimulus streams show larger shifts (Vo et al., 2017, see all Figure 5.2, A.

and B.).

5.4 Methods

5.4.1 Participants

All participants (N = 5 including the author; 3 females; age range: 29-36

years; all right-handed) were healthy, had corrected-to-normal visual acu-

ity (obtained through corrective contact lenses), and gave written informed

consent. We refer to these participants as P1-P5. All participants took part

in a previous independent retinotopic mapping experiment in our laboratory

using the same anatomical and functional sequence and MRI scanner as in

the present study. This either happened in the scope of a previous study

(3.4 Retinotopic mapping experiment) or on a separate occasion. We reused

the anatomical images and pRF estimates from the independent retinotopic

mapping experiment here (5.4.6 Preprocessing and 5.4.7 Data analysis). All

experimental procedures were approved by the University College London

Research Ethics Committee.

5.4.2 Apparatus

Functional and anatomical images were acquired at a field strength of 1.5 T

on a Siemens Avanto MRI scanner. All stimuli were projected onto a screen

(resolution: 1920 × 1080 pixels; refresh rate: 60 Hz; background color: gray)

at the back of the MRI scanner. Participants viewed the experiment through

a head-mounted mirror and wore MRI compatible in-ear headphones. The

viewing distance was approximately 67 cm. To ensure unobstructed view,

we used a custom-made 32-channel head coil, where the front visor was

demounted, leaving 30 effective channels. Eye movements of participant’s

left eye were recorded via an EyeLink 1000 MRI compatible eye tracker.

Key presses were registered using an MRI-button box for right-handers. All
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software and toolboxes used in the present study are listed in Table C.1.

5.4.3 Stimuli

The mapping stimulus comprised a square field (size: 17.15 × 17.15 dva)

with a horizontal bar aperture (length of major axis: 17.15 dva; length

of minor axis: 1.27 dva). The square field’s color was background gray.

The bar aperture was presented within the boundaries of a circular mapping

area (diameter: 17.15 dva). It moved discretely and consecutively across the

mapping area along cardinal (0/180° and 90/270°) and oblique axes (45/225°

and 135/315°) and was superimposed onto a RDK. The RDK comprised

moving black dots (diameter: 0.13 dva) positioned within a square field

(size: 17.03 × 17.03 dva). If a dot left the square field, it was moved back

by 1 field width. The dots had a density of 6.89 dots/dva2, a lifetime of

36 frames, were repositioned randomly once they had died, and oscillated

coherently along the major axis of the bar aperture according to a sine wave

(A = 1.29 dva, f = 1 Hz, ω = 6.28 rad/s, φ = 0 rad). The mapping stimulus

and RDK were centered at the screen’s midpoint.

A semi-transparent (α = 50%) array of 5 vertical ovals was superimposed

onto the mapping stimulus. One of the ovals was centered at the screen’s

mid-point (length of major axis: 0.43 dva; length of minor axis: 0.28 dva)

and the remaining ovals at an eccentricity of 4.29 dva (length of major axis:

0.86 dva; length of minor axis: 0.57 dva) and different polar angles (45°,

135°, 225°, and 315°). The ovals were presented in different colors (red,

yellow, cyan, orange, brown, white, black, green, and blue) and orientations

(45° left- or rightwards from vertical).

To facilitate fixation compliance, a black radar grid (line width: 0.02

dva) at low opacity (α = 20%) with 12 radial lines (polar angles: 0 to 330°

with a step size of 30°) and 18 circles (diameters: 0.95 to 51.42 dva with a

step size of 2.97 dva) was superimposed onto the screen. The radial lines ran

from the midpoint of the screen to the outermost circle. Figure 5.1 shows

the whole stimulus configuration.

5.4.4 Procedure

The ovals were presented as an RSVP task (similar to McMains & Somers,

2004, 2005; Morawetz et al., 2007), where each trial started with 200 ms
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of oval presentation, followed by an interval of 600 ms without any ovals.

Each oval’s orientation and color changed randomly in every trial with the

exception that ovals of the same color were never presented simultaneously.

Participants had to press a button assigned to their index finger whenever

a rightwards oriented oval was presented in blue or green color.

The experiment comprised 4 attention conditions, in which participants

were required to perform the RSVP task on different oval streams whilst

ignoring other streams and the bar aperture. In the Center condition, par-

ticipants performed the task on the central oval stream and in the Top

condition, on the top-right oval stream. In the Top&Center condition, they

performed the task on the top-right and the central oval streams and in the

Bottom&Top condition, on the bottom-left and top-right oval streams. As

such, the experiment contained 2 unifocal (Center and Top) and 2 multifocal

(Top&Center and Bottom&Top) attention conditions, which are illustrated

in Figure 5.1. Participants were instructed to constantly fixate the center of

the screen (where the radial lines of the radar grid intersected).

Participants performed 2 sessions à 4 runs per condition on consecutive

days. The order of conditions was pseudorandomized. Participants’ eye po-

sition and pupil size were recorded at 60 Hz (downsampled) throughout each

run. One day prior to the first session, participants underwent 1 mock run

per condition inside the scanner to familiarize themselves with the task and

ensure that they could perform it over the course of several runs. Here, only

behavioral data (and no functional or anatomical images) were collected.

Within each run, the bar aperture moved along each axis twice, so that

the starting point covered all chosen polar angles. Specifically, the sequence

of starting points in each run was: 90°, 225°, 180°, 315°, 270°, 45°, 0°, and

135°. One bar sweep lasted 28 s (1 step/s). Consecutive bar apertures

overlapped by 50%. After 4 bar sweeps, a blank interval of 28 s (without

the bar apertures and RDK) was presented, during which participants had

to refrain from doing the RSVP task. A brief tone cued the beginning and

end of this interval. The position and lifetime of each dot in the RDK at

the start of every 28s-interval was randomized.

At the end of any given run, participants were asked to what extent they

had refrained from doing the task during the blank interval. They had to

press the key assigned to their index finger when they did not engage in the

task at all, a key assigned to their middle finger when they engaged a little
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bit in the task, and a key assigned to their ring finger when they engaged

continuously in the task. This allowed us to identify runs where the blank

interval was heavily contaminated by uni- or multifocal attention processes.

Since none of the participants indicated that they had continuously engaged

in the task, we did not exclude any runs.

Prior to the start of each run, participants were furthermore asked to

press the response key assigned to their index finger. This ensured they did

not accidentally place their index finger onto a different key between runs

and thus a valid finger-to-key mapping during the RSVP task.

5.4.5 MRI acquisition

High-resolution anatomical images were collected using a T1-weighted MP-

RAGE sequence (TR = 2.73 s; TE = 3.57 ms; voxel size = 1 mm isotropic;

flip angle = 7◦; FoV = 256 mm × 224 mm; matrix size = 256 × 224; 176

sagittal slices) and functional images using a T2*-weighted multiband 2D

echo-planar imaging sequence (TR = 1 s, TE = 55 ms, voxel size = 2.3

mm isotropic, flip angle = 75°, FoV = 224 mm × 224 mm, no gap, matrix

size: 96 × 96, acceleration = 4, 36 transverse slices; Breuer et al., 2005).

Low-resolution anatomical images were collected using a rapid MPRAGE

(TR = 1.150 s, TE = 3.6 ms, voxel size = 2 mm isotropic, flip angle = 7◦,

FoV = 256 mm × 208 mm, matrix size = 128 × 104, 80 sagittal slices) to

aid coregistration of the functional to the high-resolution structural images

if need be (5.4.6 Preprocessing). The slice tab for the functional images was

aligned to be roughly parallel to the calcarine sulcus so that the posterior

third of the cortex was well covered.

5.4.6 Preprocessing

We discarded the initial 10 volumes of each run to allow for magnetization

to reach equilibrium. Functional images were then bias-corrected, realigned,

unwarped, and coregistered to the high-resolution anatomical image. How-

ever, if automated coregistration failed, we registered the functional and

anatomical images manually and ran the automated coregistration again.

If this failed again, we performed a 2-pass-procedure where the functional

images were first coregistered to the low- and then to the high-resolution

anatomical images.
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We used the high-resolution anatomical images to generate an anatomical

surface model, onto which the functional images of each run were projected

after modest smoothing (FWHM = 3 mm). Vertex-wise fMRI time series per

run were generated by determining the functional voxel at half the distance

between corresponding vertices in the pial surface and gray-white matter

mesh. We then applied linear detrending to the time series of each run and

z-standardized them.

5.4.7 Data analysis

5.4.7.1 pRF estimation

We estimated pRFs for each participant using the full data set, odd runs, or

even runs. For the full data set, we averaged the vertex-wise preprocessed

time series of each condition across all runs of the 2 sessions. For the odd

and even data sets, we applied a similar averaging procedure, although here,

the odd and even runs for a given condition in each session were averaged

separately across both sessions.

For the full data set, the estimation procedure was restricted to the

posterior third of the cortex. Once pRF estimation for the full data set was

completed, we narrowed this posterior region. This was done by manually

delineating a region spanning clearly mapped visual areas and their vicinity

based on polar angle reversals. The narrow posterior region was then used

to estimate pRFs for the odd and even data sets. This procedure allowed us

to reduce the overall estimation time per participant considerably.

We fit a 2D isotropic Gaussian pRF model with 5 free parameters to

the vertex-wise average time series, that is, pRF center position (x0, y0),

pRF size (σ), pRF baseline (β0), and pRF amplitude (β1). PRF center

position and size were expressed in dva. We first predicted pRF responses by

calculating the overlap between the pRF model and an indicator function of

the bar aperture for each volume using a 100× 100 pixel matrix. Specifically,

we used a 3D search space of possible values for σ (8.5 dva × 2-5.6:0.2:1)2,

x0, and y0, and generated pRF responses for each combination of these

values. Values for x0 and y0 were first sampled from the polar coordinate

system (polar angles: 0:10:350°; eccentricities: 8.5 dva × 2-5:0.2:0.6) and then

2Note that j:i:k stands for a regularly-spaced vector where i reflects the increment
between j and k.
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transformed to Cartesian coordinates. The pRF response per volume was

expressed as mean percent overlap with the pRF model.

To obtain a predicted fMRI time series, we then convolved these pRF re-

sponses with a canonical HRF obtained based on data from a previous study

(de Haas et al., 2014, 2020). Next, we calculated the Pearson correlation

between the predicted and the observed fMRI time series and retained the

combination of parameter values showing the largest goodness-of-fit (R2).

These initial parameter estimates were then used as seeds for an optimiza-

tion procedure aimed at further maximizing the Pearson correlation between

the observed and predicted fMRI time series using a Nelder-Mead algorithm

(Lagarias, Reeds, Wright, & Wright, 1998; Nelder & Mead, 1965). Lastly, we

estimated β0 and β1 by performing linear regression between the observed

and predicted time series. The obtained x0 and y0 maps were then used to

calculate polar angle maps.

For the purpose of the present study, we only analyzed the pRF estimates

for the odd and even data sets. To distinguish these data sets, we added

the prefix ’e’ (even) or ’o’ (odd) to the condition labels (e.g., eTop or oTop).

However, we continue to use the condition labels without prefixes when

referring to the different conditions irrespective of the data set.

5.4.7.2 Analysis rationale

5.4.7.2.1 Circularity and regression to the mean In order to back-

project pRF position shifts into visual space, we adopted a searchlight algo-

rithm relying on data binning (see also 3.5.1.7.1 Searchlight back-projections).

Data binning is biased when using the same noisy pRF estimates for bin-

ning (selection) and contrasting (selective analysis; see 4.3 Introduction and

4.5 Results and discussion; Holmes, 2009; Shanks, 2017). This renders the

binning analysis circular and qualifies as double-dipping (Kriegeskorte et

al., 2009). More precisely, it favors the noise components of pRF estimates

used for binning and contrasting, eventually resulting in regression to the

mean (Galton, 1886). This happens, for instance, when pRF position esti-

mates from an Interest (e.g., Top) and a Baseline condition (e.g., Center)

are binned according to pRF position estimates from the Baseline condition

and bin-wise average position shifts calculated afterwards.

Similarly, selection biases are introduced when pRF position estimates

are deleted in a list-wise fashion based on pRF position estimates from either
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of these conditions or both – a practice termed condition cross-thresholding

(see 4.5 Results and discussion). Such data cleaning procedures are common

in the pRF literature, and, for instance, needed to restrict the analysis of

pRF parameters to the extent of the mapping area. Extrapolating from

this, selection biases might also arise when extracting pRF estimates for a

given visual area based on delineations in the Baseline or Interest condition

(Kriegeskorte et al., 2009). Just like circular data binning, both of these

issues qualify as double-dipping. When combined, these practices result in

a multifold double-dip.

This multifold double-dip can be omitted when selection (binning, condi-

tion cross-thresholding, area delineation) and selective analysis (contrasting)

are based on independent data, that is, data with independent noise com-

ponents (see 4.5 Results and discussion; Kriegeskorte et al., 2009). To this

end, we capitalized on independently acquired retinotopic mapping data for

each participant. Compared to the present mapping experiment, this in-

dependent experiment adopted a different mapping stimulus, experimental

design, carrier pattern, post-fitting (instead of pre-fitting) smoothing, and

was fit with an earlier version of our in-house toolbox (see Table A.1 and

Table C.1). The width of the smoothing kernel, the maximal extent of the

mapping area (radius: 8.5◦ dva), magnetic field strength, and MRI sequences

were identical to the present study (for further details, see 5.4.1 Participants

as well as 3.4 Retinotopic mapping experiment). Albeit not free of potential

selection biases, previous research suggests that different stimulus config-

urations and experimental designs can influence pRF parameter estimates

(Alvarez et al., 2015). Yet, given that we are interested in contrasting pRF

position estimates between different attention conditions obtained with the

same mapping stimulus and design, any position shift we quantify cannot

be attributed to such differences.

5.4.7.2.2 Null model The goal of the present study was to investigate

the topographic profile of pRF center position shifts between a condition

of Interest (Top or Top&Center or Bottom&Top) and a Baseline condition

(Center). This requires the quantification of shift vectors with a certain shift

magnitude and direction. Given that pRF position estimates are affected by

(random) noise, pRFs will shift even from test to retest, where we expect

a null effect. Moreover, the level of noise associated with pRF parameters
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cannot be assumed to be homogeneous across visual space. Specifically, fit-

ting errors are likely to be more pronounced in the peripheral visual field

and higher visual cortex, where pRF size is larger (e.g., Alvarez et al., 2015;

Amano et al., 2009; Kay et al., 2013). This might be due to partial stim-

ulation of larger pRFs, a higher variability in position estimates for larger

pRFs, and/or a lower signal-to-noise ratio in the peripheral visual field due

to central fixation (see also 4.5 Results and discussion). As such, shift mag-

nitudes are likely to be tendentially larger in the periphery of the visual field

and higher visual cortex.

It is therefore crucial to evaluate shift magnitudes against an appropriate

null model. Null models are often approximated by shuffling the labels of

observations belonging to an Interest as well as Baseline condition. However,

such permutation procedures presuppose that there is no inherent structure

across these observations that would be lost when shuffling. PRF posi-

tion estimates do not fulfill this assumption because the BOLD responses

of neighboring vertices are highly correlated due to various reasons, such

as the point-spread function of the BOLD signal (Engel et al., 1997), the

topographic representation of the retina in retinotopic maps, and spatial

smoothing. Apart from such short-range correlations, other factors such

as head motion, respiration, or cardiac rhythm might introduce long-range

correlations amongst vertices (Kriegeskorte, Bodurka, & Bandettini, 2008).

Shuffling observations would break these dependencies. As such, even shift

magnitudes for test-retest data might differ from a null model based on

shuffling.

To preserve these spatial dependencies, we generated a null model by

quantifying shift magnitudes for test-retest data and comparing the resulting

shift magnitudes to those for a given contrast of interest. This allowed us

to evaluate the degree of departure from this null model. Given that we

adopted the Center condition as a Baseline condition, we used the contrast

oCenter vs eCenter as a null model for shift magnitude, where oCenter can

be thought of as the Interest condition and eCenter as the Baseline condition.

We then performed a 2-fold cross-validation involving the following contrasts

of interest: oTop vs eCenter, oTop&Center vs eCenter, and oBottom&Top

vs eCenter (1st fold) as well as eTop vs oCenter, eTop&Center vs oCenter,

eBottom&Top vs oCenter (2nd fold). By adopting either the odd or even data

set as an Interest or Baseline condition for tour contrasts of interest, we were

140



able to evaluate how well the results in the first fold generalized over the

second fold, or put differently, how consistent the results were across folds.

Of course, what applies to shift magnitude is also true for shift direction.

In particular, when estimating pRFs at test and retest, due to random noise,

pRFs will always shift in some direction. As such, we extended the null

model comparison and cross-validation analysis for shift magnitude to shift

direction. Since shift direction (but not magnitude) differs depending on

whether the oCenter or eCenter condition is used as a Baseline or Interest

condition, we used both oCenter vs eCenter and eCenter vs oCenter as a

null contrast.

It is important to note that shift magnitude and direction need to be

interpreted in concert. This is because a change in shift magnitude does not

necessarily imply a change in shift direction and vice versa. However, as for

the purpose of the present study, changes in shift direction without changes

in shift magnitude cannot be readily interpreted, as they are of no practical

relevance.

5.4.7.3 Delineations of visual areas

We used delineations from the independent retinotopic mapping experiment

to extract vertices for V1-V3 for all attention conditions in the odd and

even data set as well as in the independent data set. These independent

delineations were obtained by manually tracing polar angle reversals (for

further details, see 3.4.1.7.2 Delineation of visual areas). We then removed

vertices with an eccentricity above 8.5◦ dva in the independent data set from

all data sets. Lastly, to make all data sets comparable, we removed vertices

with empty data points in either of the data sets from all data sets.

It is important to highlight that independent data cleaning does not

necessarily take care of outliers (i.e., fitting artifacts) that are present in the

odd and even data set. To deal with this, all our analyses exclusively rely

on the median as a robust estimator. The median has a breakdown point of

50%. This breakdown point refers to the proportion of extreme values (e.g.,

infinite values) the median can tolerate without producing a biased result

(e.g., infinity). As such, the median will only break down if at least 50% of

the data are extreme (e.g., P. J. Huber & Ronchetti, 2009; Leys, Ley, Klein,

Bernard, & Licata, 2013; Rousseeuw & Hubert, 2011).
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5.4.7.4 Empirical searchlight back-projections

To back-project pRF center position shifts into visual space (see also 3.5.1.7.1

Searchlight back-projections), we first calculated vertex-wise change scores

for x0 and y0 for the null contrast(s) as well as all contrasts of interest. Sub-

sequently, we defined a meshgrid encapsulating the mapping area (size: 17

× 17 dva). The spacing between grid points amounted to 0.25 dva. Next, we

passed a circular searchlight (radius = 1 dva) from one grid point to the next

by aligning the searchlight center with the current grid point location (lim-

ited to a maximal eccentricity of 8.5 dva + 0.25 dva to prevent missing data

points). In doing so, we determined all vertices whose pRF center position

in the independent data set was located within a given searchlight. We then

calculated the median over the differential x0 and y0 values corresponding

to each subset of vertices. The searchlight-wise median for the differential

x0 and y0 values was subsequently used to determine the shift magnitude

and direction per searchlight.

To calculate effect sizes for shift magnitude per searchlight, we divided

the searchlight-wise shift magnitudes for each contrast of interest by the

searchlight-wise shift magnitudes for the null contrast. The resulting search-

light-wise ratios were log-transformed using the binary logarithm. Log-

transformation linearizes the ratio, so that it is equally affected by changes

in the numerator and denominator. Accordingly, every 1-point increase or

decrease represents a doubling or halving of the ratio. For instance, a log

ratio of 0 means that the searchlight-wise shift magnitude for the contrast of

interest and the null contrast are the same. A log ratio of 1/-1 or 2/-2 means

that the searchlight-wise shift magnitude for the contrast of interest is 2/0.5

or 4/0.25 times the searchlight-wise shift magnitude for the null contrast,

and so forth.

To evaluate effect sizes for shift magnitude across searchlights, we deter-

mined a range of global effect size measures. First, we calculated the median

over the distribution of searchlight-wise log ratios. Second, to facilitate in-

terpretation, we standardized the median log ratio via dividing it by the

robust scale parameter Sn (Rousseeuw & Croux, 1993) of the distribution of

searchlight-wise log ratios. Third, we calculated the proportion of positive

log ratios across the distribution of searchlight-wise log ratios. Lastly, we

calculated a robust equivalent of Cohen’s d (Cohen, 1988). To this end, we
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first subtracted the searchlight-wise shift magnitudes for the null contrast

from the searchlight-wise shift magnitudes for a given contrast of interest

and determined the median over the searchlight-wise differences scores. We

then standardized the differential median via dividing it by the robust scale

parameter Sn of the distribution of searchlight-wise difference scores. All

effect size measures index the degree of departure from the null contrast.

As suggested by Cohen (1988) for Cohen’s d, we regard a standardized log

ratio or robust equivalent of Cohen’s d amounting to around |0.2|, |0.5|, and

|0.8| as small, medium, and large effects, respectively. Moreover, we regard a

proportion of positive log ratios approaching 75% or above as a global effect

of attention.

We furthermore calculated the inverse Euclidean distance between the

pRF center position in the independent data set and the searchlight center

for all vertices within a given searchlight. We then normalized these vertex-

wise distances via dividing them by the searchlight radius and summed

the resulting normalized weights up for each searchlight. Higher summary

weights therefore imply a larger number of vertices per searchlight as well

as vertices whose pRF centers are nearer to the searchlight center. The dis-

tribution of searchlight-wise summary weights is typically positively skewed,

covering a substantial range of values, with very large summary weights be-

ing located at central and intermediate eccentricities, where the density of

pRFs tends to be highest (Amano et al., 2009). We therefore normalized

the searchlight-wise summary weights via dividing them by the 25th per-

centile of the summary weight distribution across searchlights. We then set

all normalized summary weights surpassing 1 to 1.

Using the grid point coordinates, we visualized the searchlight profiles for

shift magnitude, shift direction, and the log ratios as a color-coded surface

plot. We used the normalized summary weights to calibrate the saturation

of colors in the surface plot, so that a higher normalized summary weight

is displayed at a higher saturation. This allowed us to visually downweight

searchlights containing a low number of vertices and/or vertices with a pRF

far away from the searchlight center. This is important because the shift

magnitudes, directions, and log ratios for such searchlights come with a

higher level of uncertainty. Moreover, due to short-range spatial dependen-

cies amongst neighboring vertices, outlier values (e.g., fitting artifacts) might

assemble in small clusters. Sparsely populated searchlights are more likely
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to be dominated by outliers, resulting in biased shift magnitudes, directions,

or log ratios.

Importantly, due to outliers, the range of the shift magnitudes in a back-

projection profile can be considerable, which has the potential to visually

obscure topographic signatures. We therefore clipped this range, so that the

heavy tail of the positively-skewed magnitude distribution was cut off. To

determine a sensible clipping value, we calculated the 75th percentile of the

shift magnitude distribution across searchlights for the null contrast. Shift

magnitudes for the null contrast or any contrast of interest surpassing this

percentile were then set to the clipping value. Since shift directions range

from 0-360◦, no clipping was necessary here. The log ratio distributions

for all back-projection profiles were highly symmetric. We therefore clipped

these back-projections symmetrically at a level that incorporated a large

range of the log ratio distribution. In addition to surface plots, we also

visualized the log ratio profiles as a histogram without clipping any values.

The log ratio bins ranged from -17.5 to 17.5 with a constant bin width of

0.5. One extreme data point was located outside this range and was thus

not displayed.

Searchlight back-projections were generated for V1-V3 by pooling the

data across participants. This boosts visual field coverage and thus the

precision of the back-projections. Since we expected similar effects of atten-

tion in V1-V3, we furthermore generated back-projections for a combined

lower visual cortex complex by additionally pooling the data across these

visual areas. This further maximizes precision and visual field coverage. As

such, we based the presentation, interpretation, and discussion of our re-

sults on the combined lower visual cortex complex. Results for each visual

area individually can be found in Figure C.2-C.13, Figure C.15-C.23, and

Table C.2-C.4.

To make our results more comparable to previous visualizations (Klein et

al., 2014; Vo et al., 2017) and to validate them beyond searchlight binning,

we also generated vector graphs. To this end, we transformed the x0 and

y0 values from the independent data set into polar coordinates, that is,

polar angle and eccentricity. We then binned the x0 and y0 values for each

attention condition according to their polar coordinates in the independent

data set and determined bin-wise medians for x0 and y0. For both the null

contrast and each contrast of interest, changes in the median x0 and y0 values
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were then depicted as an arrow. The polar angle bins ranged from 0◦ to 360◦

with a constant bin width of 22.5◦. The eccentricity bins ranged from 0 to

8.5 dva with a constant bin width of 2.125◦ dva. To ensure comparability

with the back-projection profiles, each arrow’s nock was displayed at the bin

midpoint. This type of visualization is very similar to previous work (Klein

et al., 2014; Vo et al., 2017).

5.4.7.5 Hypothetical searchlight back-projections

Apart from empirical back-projections, we simulated hypothetical back-

projections for shift magnitude and direction reflecting our hypotheses. To

this end, we used the empirical x0 and y0 values from the eCenter condition

as a basic data distribution. To simulate pRF center positions in the Center

condition, we left these values unchanged. To simulate radial shifts in all

other conditions, we first determined the Euclidean distance of each pRF

center position from the midpoint of the attended oval stream(s). We then

induced radial shifts amounting to 5% of the calculated Euclidean distance.

This way, shift magnitudes for pRFs farther away from the attention locus

were always larger. Note that 5% is an arbitrary value because we have no

good model for predicting shift magnitude.

For the Top condition, we induced a radial shift towards the top-right

oval stream. For the Bottom&Top conditions, we induced radial shift to-

wards the top-right or bottom-left oval stream, depending on whether the

Euclidean distance from the pRF center position to the top-right or bottom-

left oval stream was shorter. For the Top&Center condition, we only induced

a radial shift for pRFs that were closer to the top-right oval stream. If pRFs

were closer to the central oval stream, we left the pRF center positions un-

changed. We then performed the searchlight back-projection analysis as for

the empirical data. This permitted us to inspect the similarity between the

empirical and hypothetical back-projection profiles for each contrast of in-

terest. Importantly, in doing so, we were solely interested in comparing the

progression of shift magnitudes and directions and not absolute shift magni-

tudes. As such, the arbitrarily scaled shift magnitudes for the hypothetical

back-projections bear no interpretational issues.
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5.4.7.6 Circular searchlight back-projections

Besides empirical back-projections obtained with a non-circular analysis, we

also generated empirical back-projections based on a circular analysis. This

allowed us to illustrate the potential impact a circular analysis could have

had on our results. To this end, we capitalized on the null contrast (oCenter

vs eCenter). The circular analysis was performed like the non-circular anal-

ysis with the following exceptions. We performed the searchlight binning

either based on the oCenter or eCenter condition (and not the independent

data set). We implemented a dependent cross-thresholding procedure, where

vertices with an eccentricity above 8.5◦ dva in the eCenter or oCenter con-

dition were removed from these conditions. As such, there were no outliers

present anymore in the eCenter and oCenter condition. We therefore not

only used the median but also the mean to summarize x0 and y0 values

per searchlight. As for the non-circular analysis, we also generated vector

graphs.

5.5 Results

5.5.1 Cortical maps

Figure C.1 shows a comparison between polar angle maps for the indepen-

dent data set as well as all attention conditions of the odd and even data

sets with superimposed delineations for P2. As can be deduced, the compa-

rability between these maps is high and the independent delineations match

the area boundaries of all maps very well (Figure C.1, A.). This becomes

particularly evident after data cleaning (Figure C.1, B.).

5.5.2 Searchlight back-projections

5.5.2.1 Comparison with null model back-projections

5.5.2.1.1 Lower visual cortex. Figure 5.3 (A.) displays the searchlight

back-projections for shift magnitude and Figure 5.4 the searchlight back-

projections for shift direction for both the null contrast(s) and all contrasts

of interest in each fold. The corresponding vector graphs can be found in

Figure 5.5. Searchlight back-projections for the log ratios for all contrasts

of interest in each fold are listed in Figure 5.3 (B.). Figure C.14 shows
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A. Shift magnitude

B. Log ratios

riwe/Pooled_Srl_Log_Ratio_oCenter-eCenter.png

Figure 5.3. Empirical searchlight back-projections as a function of null contrast and contrast
of interest | Shift magnitude and log ratios. A. The top-left panel shows shift magnitudes for the
null contrast and the remaining panels shift magnitudes for the contrasts of interest for both data
folds. Shift magnitudes surpassing a value of 0.43 were set to that value. B. The panels show the
log ratios for shift magnitude between each contrast of interest and the null contrast for both data
folds. Log ratios surpassing a value of ± 4 were set to that value. White small circles represent the
attended oval stream in the Baseline condition and white large circles the attended oval stream(s)
in the Interest condition. The saturation of colors reflects the number of vertices with a pRF inside
a given searchlight plus the inverse distance of these pRFs from the searchlight center. Note that
searchlight-wise shift magnitudes and log ratios are displayed at the searchlight midpoint. o (prefix) =
Odd runs. e (prefix) = Even runs. LVC = Lower visual cortex including V1-V3. Pooled = Data pooled
across all 5 participants. pRF = Population receptive field.

histograms of the distribution of log ratios across a given back-projection

profile. Global effect size measures for shift magnitude per contrast of inter-

est in each fold are listed in Table 5.1.

The back-projections for shift magnitude revealed substantial shifts for

the null contrast (oCenter vs eCenter), which were tendentially larger in
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Shift direction

Figure 5.4. Empirical searchlight back-projections as a function of null contrast and contrast
of interest | Shift direction. The top-left and bottom-left panels show shift directions for the null
contrasts and the remaining panels shift directions for the contrasts of interest for both data folds.
The arrows superimposed onto the color wheel illustrate the shift direction. Red/green corresponds
to a rightwards/leftwards shift and yellow/blue to an upwards/downwards shift. White small circles
represent the attended oval stream in the Baseline condition and white large circles the attended oval
stream(s) in the Interest condition. The saturation of colors reflects the number of vertices with a
pRF inside a given searchlight plus the inverse distance of these pRFs from the searchlight center.
Note that searchlight-wise shift directions are displayed at the searchlight midpoint. o (prefix) = Odd
runs. e (prefix) = Even runs. LVC = Lower visual cortex including V1-V3. Pooled = Data pooled
across all 5 participants. pRF = Population receptive field.

the peripheral as compared to the central visual field. This was also the

case for all contrasts of interest in both folds, indicating a high degree of

generalization (Figure 5.3, A.). The vector graphs echoed these observa-

tions (Figure 5.5). However, given that this central-peripheral tendency

also emerged for the null contrast, it is unlikely to be related to the effect of

spatial attention.

Indeed, the saturation weighting applied to our back-projections indi-

cated that the density of pRFs was lower in the peripheral visual field,

rendering the back-projections less precise here and more sensitive to po-

tential outliers (i.e., fitting artifacts; Figure 5.3, A.). In line with this,

when inspecting the back-projections for log ratios, the central-peripheral

tendency disappeared for all contrasts of interest in both folds, indicating

a high degree of generalization (Figure 5.3, B.). Put differently, there was

no central-peripheral gradient of positive log ratios. Instead, both the cen-

tral and peripheral visual field were characterized by focal patches showing

positive and negative log ratios. Importantly, there was also no indication
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Shift magnitude and direction

Figure 5.5. Empirical shift vectors as a function of null contrast and contrast of interest. The
top-left and bottom-left panel show shift vectors for the null contrasts and the remaining panels shift
vectors for the contrasts of interest for both data folds. The large magenta dots (arrow tip) reflect the
Interest condition and the tiny gray dots (arrow nock) the Baseline condition. The gray line (arrow
shaft) depicts the shift from the Baseline to the Interest condition. Note that the arrow nock is
centered at the bin midpoint. The light gray radar grid demarks the bin segments. Black small circles
represent the attended oval stream in the Baseline condition and black large circles the attended oval
stream(s) in the Interest condition. o (prefix) = Odd runs. e (prefix) = Even runs. LVC = Lower
visual cortex including V1-V3. Pooled = Data pooled across all 5 participants.

for generally larger absolute log ratios in the peripheral as compared to the

central visual field. Across folds, patches of positive and negative log ratios

showed some spatial overlap, but also inconsistencies. The spatial overlap

appeared most pronounced for the folds involving the contrast Top&Center

vs Center and Bottom&Top vs Center, suggesting at least a moderate de-

gree of generalization. For the contrast Top vs Center, the degree of spatial

overlap appeared rather low, indicating a low degree of generalization (see

all Figure 5.3, B.).

The extent of visual space occupied by negative and positive log ratios

appeared to be fairly balanced for each contrast of interest across both folds,

speaking against a global effect of spatial attention (Figure 5.3, B.). Indeed,

histograms of the log ratio distributions suggested a high degree of symmetry

for all contrasts of interest across both folds (Figure C.14), with the majority

of median log ratios close to 0 (Table 5.1). A median log ratio close to 0

indicates that the median shift magnitude for the contrast of interest and

the null contrast are essentially the same.

For the contrasts eTop vs oCenter and eTop&Center vs oCenter, the

median log ratio amounted to 0.24 or 0.31, respectively (Table 5.1). A me-

149



Table 5.1
Global Effect Size Measures for Shift Magnitude in Lower Visual Cortex

Contrasts LR LR (% positive) Stand. LR Robust d

eTop vs oCenter 0.24 57.11 0.21 0.20

oTop vs eCenter 0.12 54.25 0.11 0.09

eTop&Center vs oCenter 0.31 60.67 0.27 0.19

oTop&Center vs eCenter 0.09 52.90 0.08 0.08

eBottom&Top vs oCenter 0.16 54.48 0.12 0.10

oBottom&Top vs eCenter 0.08 52.97 0.07 0.07

Note. LR = log ratio. Stand. = Standardized. Robust d = Robust equivalent of Cohen’s d. e (prefix) =
Even runs. o (prefix) = Odd runs.

dian log ratio close to 0.32 suggests that the median shift magnitude for

the contrast of interest was no more than 25% larger than the median shift

magnitude of the null contrast, suggesting a rather small effect. The stan-

dardized median log ratio and robust equivalent of Cohen’s d – both of which

taking into account dispersion as well – mirrored this observation, whilst be-

ing numerically lower due to the large spread of the log ratio distributions.

Similarly, the proportion of positive log ratios for these contrasts was well

below 75%, indicating a small, but no global effect. Most importantly, how-

ever, these results were inconsistent across folds, with effect sizes for oTop

vs eCenter and oTop&Center vs eCenter reaching a negligible level (see all

Table 5.1). Overall, this pattern of results indicates that the shift magni-

tudes for any given contrast of interest did not reliably differ from the null

contrast and there was no global effect for shift magnitude.

For shift direction, back-projection profiles for the contrasts oTop vs

eCenter and oTop&Center vs eCenter closely resembled the back-projection

profiles for one of the null contrasts (oCenter vs eCenter), providing no evi-

dence for an effect of attention. The back-projection profiles for the remain-

ing contrasts of interest seemed to differ from both null contrasts (oCenter

vs eCenter and eCenter vs oCenter), potentially indicating a true effect of

attention. However, no clear pattern was discernible. Moreover, across folds,

the back-projection profiles for shift direction appeared inconsistent, indi-

cating a low degree of generalization (see all Figure 5.4). The vector graphs

mirrored these observations (Figure 5.5). Most importantly, in the absence

of systematic increases in shift magnitude for the contrasts of interest rela-
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tive to the null contrast (Figure 5.3 and Table 5.1), the shift direction profiles

cannot be readily interpreted.

5.5.2.1.2 V1, V2, V3. The searchlight back-projections, vector graphs,

and histograms for V1-V3 can be found in Figure C.5-C.13 and Figure C.15-

C.17. The global effect size measures for these areas are listed in Table C.2-

C.4.

5.5.2.2 Comparison with hypothetical back-projections

5.5.2.2.1 Lower visual cortex. Figure 5.2 displays hypothetical back-

projection profiles for shift magnitude (A.) and shift direction (B.) for each

contrast of interest. The corresponding empirical back-projections can be

found in Figure 5.3 (A.) and Figure 5.4. When comparing the empirical

back-projections for shift magnitude in both folds to the hypothetical ones,

it became evident that there was no obvious correspondence between them

(Figure 5.2, A., and Figure 5.3, A.). The same was true for shift direction

(Figure 5.2, B., and Figure 5.4).

5.5.2.2.2 V1, V2, V3. The hypothetical searchlight back-projection

for V1-V3 are listed in Figure C.2-C.4. The empirical searchlight back-

projections for these areas can be found in Figure C.5-C.10.

5.5.2.3 Comparison with circular back-projections

5.5.2.3.1 Lower visual cortex. Figure 5.6 shows back-projections for

shift magnitude and direction as well as shift vectors for the null contrast

(oCenter vs eCenter), separately for a non-circular (A.) and a circular anal-

ysis when binning was based on the Baseline (B.) or Interest condition (C.).

Here, for both the circular and non-circular analysis, the median was used

as a bin-wise summary statistic. Figure 5.7 shows the same as Figure 5.6,

although here, the circular analysis was based on the mean as a bin-wise

summary statistic.

When using the median as a summary statistic, the back-projections for

shift magnitude revealed no clear tendency for substantially larger shifts

with a circular compared to a non-circular analysis. The vector graphs cor-

roborated these observations (see all Figure 5.6, A.-C.). The corresponding

back-projections for shift direction, however, showed a clear tendency for a
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure 5.6. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median. A. Here, a
non-circular analysis was performed where data binning and condition cross-thresholding was based
on an independent data set. B. Here, a circular analysis was performed where data binning was
performed based on the Baseline condition (eCenter). Moreover, in addition to the independent
cross-thresholding from A., data were cross-thresholded based on both the Baseline and Interest
(oCenter) condition. C. Same as in B., although here, data binning was performed based on the
Interest condition. Note that for both the non-circular and circular analyses, the median was used
as a bin-wise summary statistic. Black/white small circles represent the attended oval stream in
the Baseline condition and black/white large circles the attended oval stream in the Interest con-
dition. Back-projections: Shift magnitudes surpassing a value of 0.43 were set to that value. The
arrows superimposed onto the color wheel illustrate the shift direction. Red/green corresponds to a
rightwards/leftwards shift and yellow/blue to an upwards/downwards shift. The saturation of colors
reflects the number of vertices with a pRF inside a given searchlight plus the inverse distance of these
pRFs from the searchlight center. Note that searchlight-wise shift magnitudes and shift directions are
displayed at the searchlight midpoint. Vector graphs: The large magenta dots (arrow tip) reflect the
Interest condition and the tiny gray dots (arrow nock) the Baseline condition. The gray line (arrow
shaft) depicts the shift from the Baseline to the Interest condition. Note that the arrow nock is
centered at the bin midpoint. The light gray radar grid demarks the bin segments. o (prefix) = Odd
runs. e (prefix) = Even runs. LVC = Lower visual cortex including V1-V3. Pooled = Data pooled
across all 5 participants. Cross-thresholding = The pair-wise or list-wise deletion of observations
across conditions.

radial inwards shift with a circular analysis when binning was based on the

Baseline condition (Figure 5.6, B.). This pattern flipped when binning was

based on the Interest condition instead (Figure 5.6., C.). This is a typi-

cal sign of regression to the mean (4.5 Results and discussion; Campbell &
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure 5.7. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median and mean.
Same as in Figure 5.6, although here, in B. and C., the mean (instead of the median) was used as a
bin-wise summary statistic.

Kenny, 1999; Shanks, 2017). With a non-circular analysis, however, shift

direction appeared rather random (Figure 5.6, A.). These observations were

also evident in the vector graphs (Figure 5.6., A.-C.).

When using the mean as a summary statistic for the circular analysis,

the back-projections for shift magnitude revealed a tendency for larger shifts

with a circular compared to a non-circular analysis, especially in the more

peripheral visual field. This was also reflected in the vector graphs (see all

Figure 5.7, A.-C.). Moreover, the bidirectional pattern for shift magnitude

we observed for a circular analysis using the median as a summary static

became even more pronounced when using the mean instead. The vector

graphs echoed this observation (see all Figure 5.6 and Figure 5.7, B. and

C.).
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5.5.2.3.2 V1, V2, V3. Empirical back-projections and vector graphs

comparing a non-circular and circular analysis for V1-V3 can be found in

Figure C.18-C.23.

5.6 Discussion

In the present study, we investigated the topographic profile of pRF position

shifts under uni- and multifocal attention conditions in lower visual cortex.

To this end, we mapped pRFs whilst observers performed a spatial attention

task involving five stimulus streams, one located at central fixation and one

in each visual field quadrant. In the unifocal conditions, observers either

attended overtly to the central stream (Center) or covertly to the top-right

stream (Top). In the multifocal conditions, they either attended overtly to

the central stream and covertly to the top-right stream (Top&Center) or

covertly to both the top-right and bottom-left stream (Bottom&Top). The

remaining streams had to be ignored. We adopted the Center condition

as a Baseline condition and evaluated pRF position shifts in the remaining

conditions of Interest relative to it.

Using pRFs from an independent experiment, we back-projected shift

magnitudes and directions for each contrast of interest into visual space via

a searchlight procedure. To this end, we partitioned the pRF position es-

timates for each attention condition into two folds, allowing us to evaluate

how well our results generalize across folds. We furthermore used the folds

of the Center condition to generate null contrasts reflecting pRF position

shifts for test-retest data. We then compared the back-projections for each

contrast of interest against this null model and calculated effect sizes for

shift magnitude, permitting us to judge the practical significance of posi-

tion shifts. In addition, we generated hypothetical back-projection profiles

for shift magnitude and direction reflecting our hypotheses, allowing us to

explore how well our empirical results match our predictions.

The empirical back-projections for shift magnitude showed substantial

shifts for each contrast of interest across both folds, which tended to be larger

in the peripheral compared to the central visual field. However, this central-

peripheral tendency was also present for our null contrast, indicating it was

not meaningfully related to the effect of spatial attention. In line with this,

the back-projection profiles displaying effect sizes for shift magnitude failed
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to show a central-peripheral gradient of positive effect sizes for each contrast

of interest in both folds. Instead, the number of positive and negative effect

sizes was comparable or there was a small effect in favor of positive effect

sizes, which, however, did not generalize across folds. There was also no

indication of generally larger absolute effect sizes in the peripheral visual

field.

The empirical back-projections for shift direction for our contrasts of

interest either appeared highly similar to those for our null models or seemed

to diverge from it, speaking both against and in favor of an effect of spatial

attention. In either case, however, there was no obvious consistency across

folds, indicating that these results did not generalize. Most importantly, in

the absence of systematic increases in shift magnitude for a given contrast of

interest compared to the null contrast, the back-projection profiles for shift

direction cannot be readily interpreted. Compatible with these findings, we

observed no obvious correspondence between the hypothetical and empirical

back-projections for each contrast of interest, neither for shift magnitude

nor direction. This was the case for both folds.

Taken together, we found no evidence for pRF position shifts under uni-

or multifocal attention conditions in lower visual cortex that could be distin-

guished from our null models and generalized across folds or resembled our

predictions. As such, we failed to observe reliable and practically relevant

effects of spatial attention on pRF position. We furthermore failed to con-

ceptually replicate and extend previous fMRI work on uni- and multifocal

attention (Klein et al., 2014; McMains & Somers, 2004, 2005; Morawetz et

al., 2007; Vo et al., 2017).

It is worth highlighting, however, that for the contrast Top&Center vs

Center, we only expected to find a small effect for shift magnitude confined

to pRFs closest to the top-right stimulus stream. We indeed observed a

small effect for one fold. However, this effect did not generalize across the

other fold nor did it seem to be confined to pRFs closest to the top-right

stimulus stream. As such, our empirical results for shift magnitude did not

match our predictions. The same was true for shift direction.

Our findings are at odds with prior pRF work showing attention-induced

shifts in pRF position under unifocal attention conditions in lower visual

cortex (Klein et al., 2014; Vo et al., 2017). One potential reason for this dis-

crepancy might be that unlike our study, both of these studies adopted cir-
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cular analysis procedures known to result in regression artifacts (4.5 Results

and discussion; Holmes, 2009; Shanks, 2017). Indeed, when we performed a

circular analysis (i.e., dependent data cleaning and binning) for our null con-

trast, we found a tendency for radial inwards or outwards shifts, depending

on whether the test or retest data were used for binning purposes. This is a

typical sign of regression to the mean (4.5 Results and discussion; Campbell

& Kenny, 1999; Shanks, 2017). Interestingly, when we adopted the mean

instead of the median as a bin-wise summary statistic in this analysis, the

radial patterns were more pronounced. In this case, shift magnitudes also

tended to be larger as compared to a non-circular analysis based on the

median, especially in the more peripheral visual field.

Whereas the finding of more pronounced regression artifacts in the pe-

ripheral visual field is fully consistent with our simulation work (4.5 Results

and discussion), the discrepancies between the median and mean suggest

that the median is less prone to reflect the skew in bin-wise noise components

introduced by a circular analysis (4.5 Results and discussion; Kriegeskorte

et al., 2009). This is unsurprising given that the median but not the mean

is a robust estimator of central tendency (e.g., P. J. Huber & Ronchetti,

2009; Leys et al., 2013; Rousseeuw & Hubert, 2011). Most importantly, pre-

vious pRF work using circular analysis procedures relied upon the mean as

a bin-wise summary statistic (Klein et al., 2014; Vo et al., 2017).

However, there are numerous differences between this simple demon-

stration and previously adopted analysis procedures. For instance, apart

from circular data binning based on the Baseline condition, Vo et al. (2017)

selected/cleaned their data in various ways, some of which qualify as inde-

pendent (e.g., independent localizer), whereas others do not (e.g., outlier

removal based on difference scores). Similarly, although Klein et al. (2014)

used the same data for binning and contrasting, their binning procedure was

based on data averaged across the two attention conditions that were com-

pared. This likely favors the noise components in both conditions equally,

resulting in biased simple scores but unbiased difference scores. Yet, this

only holds if the level of noise was equivalent in both conditions. The same

applies to the data cleaning based on averaged eccentricity values performed

in this study (Klein et al., 2014).

Inconsistent with this, however, the data cleaning procedure for goodness-

of-fit adopted by Klein et al. (2014) was not based on average data, but on
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the goodness-of-fit value for each condition. This procedure would only qual-

ify as unbiased if the noise components for goodness-of-fit were independent

of the noise components for pRF position. This seems unlikely. For instance,

it is conceivable that partial stimulation of pRFs (especially at the edge of

the mapping area) results in correlated errors for pRF position, pRF size,

and goodness-of-fit. Extensive ground truth validation is necessary to shed

light on this issue (for an example, see Lerma-Usabiaga et al., 2021). In

any case, the subset of intricacies discussed here illustrates that without a

rigorous reanalysis of the data used in previous work (Klein et al., 2014; Vo

et al., 2017), it is impossible to evaluate the extent of selection biases, let

alone their practical significance.

When it comes to averaging visual field maps, it is crucial to appreciate

that averaging changes the shape and dispersion of the distribution of pRF

parameters (for a similar point see, Amano et al., 2009). In particular, the

more visual field maps are averaged – be it across conditions or participants

after registration to a common template – the narrower and more symmet-

ric the average distribution should become. As such, if averaged visual field

maps are used for data cleaning, binning, and/or back-projection purposes,

the topographic profile of differences in pRF parameters might be some-

what distorted (for a further discussion of potential distortions, see 5.6.1

Limitations).

It might be argued that to further underscore the problem of regression

artifacts, we should have generated back-projections displaying effect sizes

for shift magnitude by directly comparing the circular back-projection pro-

files for our null contrast to the non-circular ones. Yet, this is far from

trivial. In contrast to independent data cleaning and binning, dependent

data cleaning removes additional data points and dependent binning results

in a different assignment of data points to searchlights. Consequently, back-

projection profiles are not directly comparable anymore and any effect size

measure needs to take these discrepancies into account.

A further factor contributing to the discrepant results between our and

previous pRF studies (Klein et al., 2014; Vo et al., 2017) might be related to

the fact that we compared shift magnitudes for a given contrast of interest

against a null model for test-retest data. We therefore focused on deter-

mining practical significance instead of statistical significance. Given the

substantial shifts we observed for our null model, we believe this constitutes
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a more sensible way of determining changes in pRF parameters. Such null

models are powerful because they account not only for spatial dependencies

amongst observations, but also inhomogeneities in the distribution of pRF

parameters across visual space as well as biases introduced by the mapping

design or pRF fitting procedure. And most importantly, they capture any

biases we might have introduced to our analysis without knowing.

The tendentially more pronounced shifts in the peripheral visual field

we observed for both our null contrast and all contrasts of interest in both

folds are likely due to a lower density of pRFs in the peripheral visual field,

as indicated by the saturation weighting, and larger fitting errors in the

peripheral visual field, where pRFs are larger (e.g., Alvarez et al., 2015;

Amano et al., 2009; Kay et al., 2013). The latter is likely related to partial

stimulation of larger pRFs, a higher variability in pRF position estimates

for larger pRFs (for which the fMRI times series is much shallower), and

a potentially lower signal-to-noise ratio in the peripheral visual field. All

these factors would provide a parsimonious alternative explanation for why

the magnitude of pRF position shifts has been found to be tendentially larger

in higher visual cortex and farther away from the attention locus (i.e., in the

more peripheral visual field) in V1-V3 (Klein et al., 2014; Vo et al., 2017)

without invoking spatial attention as the underlying factor.

It might be argued that our failure to find evidence for topographic sig-

natures related to uni- and multifocal attention is due to inadequate hypo-

thetical models. For instance, as an alternative to the split spotlight model

(Castiello & Umiltà, 1992), which we adopted here, it has been proposed

that spatial attention takes the form of a zoom lens, zooming out to include

all target stimuli, but also irrelevant distractors located between them (Erik-

sen & St. James, 1986). Combining this model with previous pRF work (Vo

et al., 2017) would change our predictions as follows. As for the contrast

Bottom&Top vs Center, pRFs should shift radially towards central fixation,

that is, the midpoint between the top-right and bottom-left stream. More-

over, pRFs farther away from central fixation should show greater shifts.

A similar effect should occur for the contrast Top&Center vs Center, al-

though here, pRFs should shift radially towards the midpoint between the

central and top-right stream. Although aspects of these predictions, such

as the central-peripheral gradient in shift magnitude for the contrast Bot-

tom&Top vs Center, are compatible with our empirical back-projections,
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our null model comparison and cross-validation results do not allow us to

attribute this effect to spatial attention. Similar arguments hold if we had

predicted a horizontal instead of a radial attraction, as found in the study

by Klein et al. (2014).

5.6.1 Limitations

Although the back-projection profiles presented here tackle the problem of

circularity, they cannot be considered to be bias-free. In particular, since

we displayed searchlight-wise summary measures at a given searchlight’s

midpoint, we introduced a spatial distortion. This is because the search-

light midpoint does not reflect the searchlight-wise pRF center position in

the Baseline condition, which is likely offset from the midpoint. In fact,

given that searchlight binning was based on an independent data set, the

searchlight-wise pRF center position in the Baseline condition might even lie

outside the searchlight. This point also applies to the type of vector graph

we and others generated (Klein et al., 2014; Vo et al., 2017)3. To illustrate

this issue, Figure C.24 compares shift vectors where the arrow nock is ei-

ther centered on the bin midpoint (A.) or on the pRF center position in the

Baseline condition (B.). It is desirable to compare these two approaches to

see whether they would produce vastly different topographic profiles. How-

ever, it is important to bear in mind that this issue does not invalidate any

contrasts or effect size measure we calculated.

The present study evaluated the practical significance of pRF position

shifts by comparing shift magnitudes for a given contrast of interest against a

null model for test-retest data. It is desirable to extend this approach to shift

direction, especially if practically relevant shifts magnitudes are observed.

Yet, establishing effect sizes for shift direction is much more challenging.

This is not only because it requires the use of directional and thus non-

standard statistics, but also because there are two plausible null models for

shift direction. Future research is necessary to address this point.

Now that we established a framework for cross-validation and effect size

calculation, it is desirable to extend it to other pRF parameters, such as

pRF size. This would allow us to address a range of further hypotheses that

3Note, however, that circular data binning ensures that bin-wise summary measures
for the binning condition lie within a given bin.
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remained untested in the present study. It is furthermore of importance

to apply our analysis framework to pRF amplitude and goodness-of-fit as

differences for these parameters could be associated with the low degree of

generalization in our cross-validation analysis. Similarly, it is vital to extend

our framework to higher visual cortex, as previous research indicated that

attention-induced pRF position shifts are more pronounced here (Klein et

al., 2014; Vo et al., 2017). Yet, this is not without challenges. Visual field

maps in higher visual cortex are smaller and thus have fewer data points

(Amano et al., 2009), reducing the precision of back-projection profiles.

The way we interpreted effect size measures for shift magnitude was based

on pragmatic criteria suggested by Cohen (1988) or a percentage cut-off.

Although we consider these criteria reasonable given that no previous pRF

study established effect sizes through comparison to a null model for test-

rested data, a potentially more insightful way would be to have multiple sets

of repeat data for the Baseline condition. This would allow us to calculate

effect sizes between different null models. A first step towards achieving

this goal might be to also generate null models for the remaining conditions.

This way, a reference range of null effect sizes could be established.

Due to the presence of outliers (i.e., fitting artifacts) in our data sets, we

exclusively relied on robust statistics. It is nonetheless desirable to repeat

all analyses using a robust multivariate outlier correction to determine the

potential impact of outliers (Leys, Klein, Dominicy, & Ley, 2018; Rousseeuw

& Hubert, 2011). Robust outlier detection is necessary because non-robust

procedures are influenced by outliers and thus potentially biased. A mul-

tivariate procedure is necessary because any outlier detection needs to be

applied across two folds and four attention conditions to ensure that the

same data points are used in all back-projections. However, what qualifies

as an outlier in one attention condition does not necessarily do so in another.

As such, some outliers will inevitably remain. Moreover, outlier detection

using the data at hand, and, thus, non-independent criteria might result in

a selection bias. Consequently, careful validation is required to implement

such a procedure.

5.6.2 Conclusions

In conclusion, we found that pRF shifts under uni- and multifocal attention

conditions in lower visual cortex could not be distinguished from pRF shifts
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for test-retest data or did not generalize across data folds. This highlights the

importance of null models and cross-validation for evaluating the practical

significance of changes in pRF estimates.
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Chapter 6

General discussion

Research on global object perception and spatial attention has shown that

RF properties are not hard-wired but depend on the cognitive-perceptual

state of the observer. Specifically, there is evidence that RFs shift towards

attended locations and that neurons show an increased response when their

RF falls onto stimulus elements perceived as a figure as compared to a back-

ground (e.g., Connor et al., 1996; Lamme, 1995; Womelsdorf et al., 2006;

Zipser et al., 1996). The present thesis used fMRI and pRF modeling to in-

vestigate this state-dependency at the level of topographic maps and pRFs

in human visual cortex. The thesis’s general aim consisted of designing an

approach that permits brain measures from lower and higher visual cortex

to be back-projected into visual space to generate fine-grained topographic

profiles that can be read out easily. Building upon this general aim, the

first and second specific aims consisted of using this approach to investigate

topographic signatures related to global object perception (changes in brain

activity) and multifocal attention (changes in pRFs). The third specific aim

involved the investigation of flaws in how topographic signatures have been

summarized and compared in prior research (changes in pRFs). Whereas

the first two specific aims were addressed based on empirical data, the third

specific aim was approached through both simulated and empirical data.

6.1 Searchlight back-projection

Prior back-projection methods relied on 2D Gaussian summation and thus

pRF position and size (Ekman et al., 2017; Kok et al., 2016; Kok & de Lange,
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2014; Shen et al., 2020; Zipser, 2017). This can produce blurry visualiza-

tions, especially in higher visual areas where pRFs are larger (e.g., Alvarez

et al., 2015; Amano et al., 2009; Kay et al., 2013), potentially obscuring

topographic signatures. PRF size is also known to be more susceptible to

changes in stimulus design (Alvarez et al., 2015) and less reliable than pRF

position (Benson et al., 2018; Lage-Castellanos et al., 2020; van Dijk et al.,

2016; Zeidman et al., 2018), limiting inter-session comparability. In light of

this, we developed a novel back-projection approach relying on pRF position

but not size. This approach uses each voxel’s pRF position to back-project

voxel-wise brain measures into visual space. It then passes a circular search-

light with a fixed radius through visual space and statistically summarizes

brain measures for voxels whose pRF position falls within its spatial extent,

thus applying fine-grained data binning. The resulting summary profile is

then visualized as a colored surface plot where the color-coding reflects the

summarized brain measure. To visually distinguish highly reliable from less

reliable data points, our approach implements a weighting procedure cali-

brating color saturation.

By adopting searchlight back-projection to study changes in brain ac-

tivity and pRF parameters, we demonstrated that it permits fine-grained

read-outs of topographic signatures across large portions of the visual hier-

archy. We also highlighted ways to check the validity of back-projection pro-

files. We did so either by replicating well-established spatial profiles of brain

activity (stimulus vs fixation contrast) or comparing our back-projections

to alternative visualization approaches (vector graphs). The former is not

only useful for probing spatial sensitivity, but also for precluding a lack or

misplacement of expected topographic signatures. Such distortions can be

the result of ineffective cortical stimulation, coregistration issues, substantial

head movement, and/or biased pRF estimates – to give but a few examples.

We furthermore established ways to compare back-projection profiles, such

as representational similarity, null model comparison, or cross-validation.

Collectively, our efforts go well beyond previous work employing similar

back-projection techniques (Ekman et al., 2017, 2020; Kok et al., 2016; Kok

& de Lange, 2014; Poltoratski & Tong, 2020; Shen et al., 2020; Zipser, 2017).

The overall framework we designed should be easily applicable to other

brain measures, such as functional connectivity, decoding accuracy, measures

of structural integrity, or brain-behavior relationships. It might also prove
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useful for studying other sensory systems. In the somatosensory domain,

for instance, it might be beneficial to back-project brain measures into body

space. Similarly, our framework might be useful for the study of multisensory

integration. Lastly, it might be expandable to other recording techniques

with higher temporal resolution, such as VSDI or magnetoencephalography.

This way, back-projection profiles could be thoroughly studied across both

space and time.

Importantly, searchlight back-projection is not the only alternative to 2D

Gaussian summation. Other options include but are not limited to Delaunay

tessellation, square tessellation, N-nearest neighbor sampling, or regularized

multivariate regression (Ekman et al., 2020; Poltoratski & Tong, 2020). The

idea behind Delaunay tessellation is to create a mesh of contiguous and non-

overlapping triangles based on each voxel’s pRF position. Similar to search-

light back-projection, the resulting triangulation can then be displayed as a

colored surface plot. Importantly though, unlike searchlight back-projection,

Delaunay tessellation omits data binning, thus reflecting the input data more

closely. Yet, without data binning, there is no noise control, which can make

it hard to read out Delaunay back-projections. The rationale behind square

tessellation is to substitute the circular searchlight by a square. Whereas

searchlight tessellation requires that consecutive searchlights overlap to not

miss any data points, this is not true for square tessellation. Accordingly,

square tessellation can be performed so that each data point is only used

once. Although this renders back-projection profiles less smooth, it might

facilitate bin-wise inferential statistics by eliminating the need to account

for multiple usages of the same data point.

Unlike searchlight back-projection, N -nearest neighbor sampling involves

a flexible searchlight radius as well as a fixed number of data points that are

summarized per searchlight (the N -nearest neighbors from the searchlight

midpoint). Just like square tessellation, this approach might facilitate in-

ferential statistics. However, if unconstrained, it might exclude data points

or lead to distortions in places where topographic maps contain substantial

gaps. The goal of regularized multivariate regression approaches is to esti-

mate a spatial profile of weights by regressing the voxel-wise brain measure

of interest onto the voxel-wise pRF profile, thus including pRF size as well

(Ekman et al., 2020; Poltoratski & Tong, 2020). The estimated weight profile

is then visualized. Such regression approaches account for a higher number

164



of predictors (pixels representing the pRF profile in visual space) than ob-

servations (voxels) and multicollinearity (correlated pixels) by imposing a

penalty on the magnitude of the weights. This way, the impact of correlated

predictors and predictors with minor contribution to the regression model

are downweighted. Importantly, however, to prevent over- or underfitting,

the amount of regularization needs to be carefully calibrated (Ekman et al.,

2020; Poltoratski & Tong, 2020).

To determine which back-projection technique comes with higher spatial

sensitivity, it is desirable to compare them. However, this is challenging

because these approaches produce back-projection profiles with a vastly dif-

ferent number of data points. As such, they need to be warped into a com-

mon reference frame. Moreover, any such comparison ultimately requires

a ground truth profile against which different back-projection profiles can

be compared. It is unclear how such a ground truth profile could be estab-

lished. These two factors likely constitute the primary reason why different

back-projection techniques have not been systematically compared thus far.

6.2 Investigating topographic signatures of

global object perception in human

visual cortex

Recent fMRI studies reported a reduction of brain activity in lower visual

cortex and an enhancement in higher-object sensitive cortex when a bistable

dynamic stimulus was perceived globally (as a grouped shape) compared

to locally (as ungrouped elements; Fang et al., 2008; Grassi et al., 2018;

Murray et al., 2002). At the same time, there is evidence that activity in

lower visual cortex is increased instead (Caclin et al., 2012). However, the

analysis techniques in these studies lacked the spatial sensitivity to reveal

fine-grained topographic signatures, which might explain the discrepancy in

results. To address this gap, we used fMRI to measure brain activity whilst

observers viewed this bistable stimulus. We furthermore estimated pRFs

and used these to visualize brain activity across visual space via searchlight

back-projection.

Our results showed that global compared to local perception was asso-

ciated with a large-scale suppression of activity in lower visual cortex and
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wide-spread enhancement in higher object-sensitive cortex. However, a first

follow-up experiment using non-ambiguous stimuli with similar motion fea-

tures showed that once global perception lacks shape grouping, activity in

both lower and higher object-sensitive cortex is suppressed. This speaks

to a non-generic role of higher-object sensitive cortex in global object per-

ception. A second follow-up experiment using these non-ambiguous stimuli

additionally revealed that once stimulus size is reduced, suppressive effects

during global perception can be diffusely related to stimulated visual field

portions and surrounded by background enhancement, which was the case in

both lower and higher object-sensitive cortex. This pattern of enhancement

and suppression might represent a response amplitude code mediating the

perception of figure and ground, as suggested in a range of previous studies

in humans and monkeys (e.g., Chen et al., 2014; Gilad et al., 2013; Grassi

et al., 2017; Lamme, 1995; Likova & Tyler, 2008).

However, our study comes with several fundamental shortcomings. The

first shortcoming is that the follow-up experiment with a reduced stimulus

size only involved non-ambiguous stimuli. As such, it is an open question

whether the diffuse figure-related suppression and background enhancement

in lower visual cortex generalizes to the dynamic bistable stimulus. More-

over, it is unclear what the impact of reduced stimulus size on activity

modulations in higher-object sensitive cortex would be. This is because for

the bistable stimulus, we observed large-scale enhancement in higher object-

sensitive cortex. Consequently, it is desirable to conduct a further follow-up

experiment addressing these issues.

Yet, this comes not without challenges. In particular, to be able to study

background responses thoroughly, we not only used smaller stimuli, but also

moved them to the top-right visual field quadrant. This manipulation might

change the perception of the bistable stimulus considerably because of larger

pRFs in the peripheral visual field (e.g., Alvarez et al., 2015; Amano et al.,

2009; Kay et al., 2013). In particular, larger pRFs and thus lower spatial

selectivity should greatly facilitate spatial integration and with that global

perception. As such, the perception of the dynamic bistable stimulus might

be heavily biased towards the global state. Similarly, presenting a smaller

bistable stimulus in the central visual field might bias perception towards

the local state.

Although these considerations limit the feasibility of the suggested follow-
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up experiment, they lead to exciting novel predictions that can be ap-

proached via searchlight back-projection. Specifically, in the scope of a be-

havioral study, the bistable stimulus could be repeatedly presented at the

searchlight midpoints over a certain time internal. Across trials, the pro-

portion of global onset precepts or time spent in the global state could be

quantified, resulting in a topographic profile of behavioral performance. It

could then be probed whether searchlight-back-projection profiles for pRF

size predict the behavioral profile. This allows light to be shed on how

the functional organization of the visual cortex relates to behavioral mea-

sures of global object perception. On a methodological level, thinking about

how we can relate behavioral to brain topographies illustrates the general-

ity of searchlight back-projection. For instance, neither 2D Gaussian sum-

mation nor Delaunay triangulation or regularized multivariate regression

would allow us to do this in a manner as straightforward as searchlight

back-projection.

Another shortcoming of our study is that although we found evidence

for a non-generic involvement of higher object-sensitive cortex in global ob-

ject perception in terms of brain activity, this is only one way of addressing

this question. For instance, unlike brain activity, the functional coupling

between lower and higher object-sensitive cortex might operate in a generic

and retinotopically-specific manner. Specifically, it might be that functional

connectivity related to stimulated visual field portions is generally higher

during global as compared to local perception, whereas functional connectiv-

ity corresponding to the background is generally lower. This question can be

addressed by determining the seed-to-voxel functional connectivity between

higher object-sensitive and lower visual cortex for all our experiments. The

resulting connectivity map can then be subjected to the searchlight back-

projection procedure, which should permit a straightforward read-out of

fine-grained connectivity patterns.

More generally, in order to shed light on the role of feedforward and

feedback processing when studying topographic signatures of global object

perception with fMRI, patterns of brain activity and functional connectivity

could be quantified across laminae. Recent investigations demonstrated the

feasibility of this approach (L. Huber et al., 2021; Kok et al., 2016). When

it comes to our study, given that visual stimulation remained unchanged

during the global and local perception of the dynamic bistable stimulus, the
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suppressive effects we observed in lower visual cortex cannot be due to dif-

fering stimulus properties (Dumoulin & Hess, 2006). As such, they likely

involve feedback processing. Whether feedback was involved in the process-

ing of our non-ambiguous stimuli is unclear. As such, studying topographic

signatures across laminae might be particularly worthwhile when it comes

to disentangling whether different stimuli tap into the same process.

Critically, however, our findings conflict with models of brain function

postulating a dynamic interplay of feedforward and feedback processing be-

tween lower and higher visual areas. Specifically, our results are incompatible

with models of predictive coding (e.g., Mumford, 1992; Murray et al., 2004;

Rao & Ballard, 1999) according to which the deactivation in lower visual

cortex should be confined to stimulated visual field portions and accom-

panied by unchanged activity in the background region. Along with other

converging evidence (De-Wit et al., 2012), our findings therefore challenge

how brain signatures related to the perception of the dynamic bistable stim-

ulus have been interpreted previously (Fang et al., 2008; Murray et al., 2002,

2004). Similarly, our findings conflict with models of response sharpening

(Kersten et al., 2004; Kersten & Yuille, 2003; Murray et al., 2004) according

to which the deactivation in lower visual cortex should be confined to the

background region and accompanied by enhancement in stimulated visual

field portions. Alongside other back-projection work (e.g., Kok et al., 2016;

Kok & de Lange, 2014; Poltoratski & Tong, 2020), our study therefore high-

lights the usefulness of back-projection techniques when it comes to relating

topographic signatures to theories of brain function.

Whilst our results were distinct enough to determine an incompatibility

with theoretical predictions by eye, this might not always be the case. As

such, it seems vital to establish procedures facilitating this process. One

such procedure could consist of directly comparing a range of predicted

back-projection profiles to observed ones. This might be achievable by using

the observed difference in brain activity between global and local percep-

tion as a proxy for the magnitude of modulation per voxel. The visual

field could then be partitioned into subregions, such as figure and ground.

Next, the set of pRFs falling into each subregion could be identified and

polarity assigned according to the theoretical models at hand. In particular,

for a positive/negative effect, we could assign a positive/negative sign, and

for a null effect, we could randomly assign a positive and a negative sign.
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We could then subject these predicted responses to the searchlight back-

projection procedure and perform a representational similarity analysis by

correlating predicted to observed back-projection profiles. This way, we can

quantify which theoretical model is most compatible with the observed ac-

tivity patterns.

On a broader level, the specific pattern of enhancement and suppres-

sion we observed is incompatible with a plethora of studies investigating

response amplitude codes related to global object perception in both hu-

mans and monkeys (e.g., Chen et al., 2014; Gilad et al., 2013, 2017; Gilad

& Slovin, 2015; Grassi et al., 2017; Lamme, 1995; Likova & Tyler, 2008;

Poort et al., 2012, 2016). This is likely due to stimulus differences, such

as the presence or absence of background elements (Qiu et al., 2016), as

well as the specific stimulus conditions that are contrasted. Other poten-

tial factors involve processing differences between monkeys and humans as

well as differences in recording or analysis techniques. To reconcile these

discrepant findings, it might be worthwhile to design a battery involving

various stimulus displays. This way, the topographic signatures they evoke

can be systematically studied across some of the aforementioned factors. In

this context, it also seems important to examine whether the identified re-

sponse amplitude codes transfer to more naturalistic stimuli (Zipser, 2017).

Moreover, especially with fMRI, where we can study the whole brain, it is

vital to quantify topographic signatures across multiple retinotopically or-

ganized areas to better understand how they relate. Our study is a first step

in that direction.

6.3 Investigating flaws in quantifying

topographic signatures in human visual

cortex

Data binning can be used to deal with overplotting and noise. As such,

it has become integral to pRF analyses aimed at contrasting topographic

maps with many observations (Dumoulin & Knapen, 2018; Dumoulin &

Wandell, 2008). However, such differential data binning is flawed if the

same noisy observations are used for binning (selection) and contrasting

(selective analysis). This creates circularity, biasing noise components and
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resulting in regression to the mean (Galton, 1886; Kriegeskorte et al., 2009).

To demonstrate this flaw, we repeatedly perturbed pRF position estimates of

an empirical visual field map with random Gaussian noise. We repeated this

to simulate an Interest, Baseline, and Independent condition. The Interest

and Baseline condition can be regarded as different attention conditions (e.g.,

de Haas et al., 2014, 2020; Klein et al., 2014; van Es et al., 2018; Vo et al.,

2017) and the Independent condition as a retest of the Baseline condition –

to give but one example. We then binned pRF positions from the Interest

and Baseline condition and calculated bin-wise means. The binning was

based on pRF positions from any of the three conditions.

Since we did not simulate any systematic differences between conditions,

the bin-wise means for the Interest and Baseline condition should always

coincide. Although this was true when using the Independent condition for

binning, artifactual differences occurred when using the Baseline condition

instead. Strikingly, these differences flipped when using the Interest condi-

tion for binning. This bidirectionality is characteristic of regression to the

mean (Campbell & Kenny, 1999; Shanks, 2017) and occurred because the

same condition (e.g., Baseline) was used for contrasting and binning. This

circularity skewed the bin-wise noise components for this condition on av-

erage, rendering the bin-wise means more extreme. As a consequence, the

bin-wise means in the other condition (e.g., Interest) regressed – by statis-

tical necessity – to the overall mean. Importantly, this regression artifact

does not hinge upon pRF position, but will occur for any two variables that

are imperfectly correlated (e.g., Campbell & Kenny, 1999).

Unsurprisingly, the regression artifact also occurred for change scores.

It was furthermore substantially modulated by non-independent data clean-

ing, heteroskedasticity, the presence of a true effect, and different binning

analyses (decile binning, equidistant binning, and 2D segment binning as

typically used for vector graphs), indicating it can manifest in various ways

including regression away from the mean. This heterogeneity makes it easy

to mistake the artifact for a real effect. Lastly, the regression artifact also

occurred with empirical repeat data where we expect a null effect, establish-

ing its practical relevance. Consequently, flawed binning analyses and/or

associated issues may have led to erroneous claims about the plasticity of

pRFs in previous research. Indeed, this is what a reanalysis of previous work

from our laboratory indicated (de Haas et al., 2014), leading to a retraction
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(de Haas et al., 2020). This underscores the potential severity of the flaws

we exposed.

Collectively, our results imply that any form of selection – be it data

binning, data cleaning, or the demarcation of topographic maps – and se-

lective analysis needs to be based on independent data, that is data with

independent noise components (Kriegeskorte et al., 2009). Depending on

the exact application, such independent data can consist of repeat data for

the Baseline condition or anatomical criteria (Benson et al., 2014, 2012;

Kriegeskorte et al., 2009). Other mitigation strategies might involve analy-

ses without data binning that control for circularity and regression to mean

or null model comparisons that account for all potential dependencies (e.g.,

Holmes, 2009; Kriegeskorte et al., 2009). Combining multiple approaches

might prove most fruitful in distinguishing true from artifactual changes.

Importantly, the flaws we revealed cannot be assumed to be restricted

to single pRF parameters. For example, partial stimulation of pRFs pre-

sumably leads not only to heteroskedasticity but also correlated errors for

pRF position and size. Such a correlation would (amongst other things)

bias bin-wise pRF size comparisons when binning involves non-independent

pRF position estimates – a hypothesis testable via ground truth validation

(Lerma-Usabiaga et al., 2020). The idea here is to reverse-engineer the pRF

modeling pipeline by specifying a priori values for pRF position and size.

Along with the pRF mapping stimulus and an HRF, these ground truth

values are used to simulate an fMRI time series. This fMRI time series is

then repeatedly perturbed with random Gaussian noise and subjected to the

pRF fitting procedure. To determine the magnitude of error, the recovered

parameter estimates for each round of perturbation are compared to the a

priori ones. Errors in pRF position and size can then be correlated across

different rounds of perturbation. Given that the magnitude of correlation

might differ across the visual field, this procedure needs to be repeated for

many combinations of a priori values. Error correlations can also be deter-

mined across the whole set of a priori values and averaged across several

rounds of perturbation, providing a global estimate of correlated noise. It

might even be possible to determine such global estimates empirically by

correlating differences in pRF position and size estimates between different

sets of repeat data.

Investigations into correlated errors will represent an important step in
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further delineating the scope of regression artifacts within the field of pRF

modeling. However, it is important to appreciate that any comprehensive

delineation is ultimately also a community effort. In a first instance, this

effort requires researchers who used flawed analyses in published articles

to check for the severity of biases by performing (null) simulations and re-

analyzing the original data wherever possible. This is necessary because

no single researcher or research group can possibly check or reanalyze all

potential pRF studies that have adopted flawed procedures. For that, the

issues we exposed are too fundamental and the applied analyses pipelines

too complex. In a second instance, it requires flagging up flawed analyses.

Depending on the degree of severity, this can happen in the form of a brief

notice, corrigenda, or retractions. It might also be worthwhile to publish a

follow-up article outlining the reanalysis in greater depth so that others can

learn from it.

This suggestion is – in essence – similar to the Pottery Barn Rule for

scientific journals that has been proposed recently (Srivastava, 2011, 2012,

2018) and since been adopted by several journals (Association for Psycho-

logical Science, 2017; Chambers, 2018). The idea behind this rule is that

when scientific journals decide to publish a study, it becomes their duty to

publish any close replication of it even if this replication contradicts the orig-

inal finding. As such, the Pottery Barn Rule is about accountability as well

as constantly updating the scientific record. Extending this rule to method-

ological flaws in previous publications would entail that once we decide to

publish a study, we become responsible for correcting the scientific record

if need be. In turn, the scientific journal is responsible for publishing the

correction, but as mentioned, such procedures are in place. Consequently, a

much broader understanding of the Pottery Barn Rule involves a dynamic

interplay in terms of accountability between both journals and researchers.

What appears even more vital though is that we start checking the as-

sumptions we base our analyses on in a principled way. This is especially

important in research fields such as neuroimaging, where we are often con-

fronted with a large number of data points, multi-layered, complex, and

flexible analyses pipelines as well as customization (Carp, 2012; Kriegesko-

rte et al., 2009). These factors make it hard for us to detect potential flaws.

Our results are a testament to this. As such, we have to make it common

practice to validate our analyses using procedures where the ground truth is
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known or can be assumed to be known (Lerma-Usabiaga et al., 2020, 2021;

Welvaert & Rosseel, 2014). As demonstrated, this is the case for simulated

data as well as empirical repeat data, but for instance, also for stimulation

vs fixation contrasts. Repeat data are particularly valuable because simu-

lating data can be complex and challenging (Welvaert & Rosseel, 2014). At

the same time, they come with little flexibility. For instance, they do not

allow us to up- or downscale the level of noise or investigate the interaction

between a true and an artifactual effect. Besides systematic validation, we

have to make it common practice to publish our validation efforts as well as

to demand validation when reviewing manuscripts. Moreover, as mentors

and lecturers, we have to make it common practice to teach about the prin-

ciples and importance of validation. And lastly, policy and funding debates

need to factor in the importance of validation.

Much has been written in recent years about the replication crisis (e.g.,

Baker & Penny, 2016; Munafò et al., 2017). In light of the flaws we char-

acterized, we have to ask ourselves whether we are not also in the middle

of a validation crisis. As far as circularity and regression to the mean are

concerned, these flaws will robustly replicate, flagging effects where there are

none. As such, replication is certainly not enough to make scientific inquiry

more robust (for a similar argument, see Munafò & Davey Smith, 2018). In

fact, in the absence of rigorous ground truth validation, any direct replica-

tion attempt seems to lose much of its appeal. However, we have to keep

in mind that validation efforts will contain errors too – not least because

failure is an integral feature rather than a bug of science (Guttinger & Love,

2019; Redish, Kummerfeld, Morris, & Love, 2018).

6.4 Investigating topographic signatures of

multifocal attention in human visual

cortex

Previous pRF studies on unifocal attention found that pRFs shift towards

an attended stimulus (Klein et al., 2014; Vo et al., 2017). Such shifts have

been observed across the entire visual field and hierarchy with shift magni-

tudes being more pronounced in higher visual cortex (Klein et al., 2014; Vo

et al., 2017). However, it remains unknown how pRFs are modulated un-
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der conditions of multifocal attention. To address this question, we mapped

pRFs in lower visual cortex whilst observers performed a task involving uni-

and multifocal attention conditions. By adopting pRFs from an indepen-

dent experiment, we visualized changes in pRF position across visual space

using searchlight back-projection. Similarly, we used these independent pRF

estimates for data cleaning and delineating visual areas. This allowed us to

counteract circularity and regression to the mean. In addition, we divided

pRF position estimates for each attention condition into two folds. This per-

mitted us not only to create null models of position shifts for test-retest data

and calculate effect sizes, but also to evaluate how well patterns of observed

position shifts generalize across folds. Our results showed that pRF position

shifts under uni- or multifocal attention conditions cannot be differentiated

from test-rest shifts or do not generalize across folds. We therefore found no

reliable evidence for attention-induced position shifts in lower visual cortex.

Our findings are incompatible with prior pRF work on unifocal attention

(Klein et al., 2014; Vo et al., 2017). This incompatibility might be related

to the fact that we compared position shifts under conditions of uni- and

multifocal attention against a null model of position shifts for test-retest

data. Consequently, unlike previous investigations (Klein et al., 2014; Vo et

al., 2017), we focused on practical rather than statistical significance. As

such, it will not only be important for future research to determine whether

position shifts for test-retest data produce statistically significant results,

but also to directly pit statistical against practical significance.

Alternatively, the discrepancy in results might be related to the fact that

unlike our study, previous work adopted circular analyses procedures (Klein

et al., 2014; Vo et al., 2017). Indeed, when performing a circular analysis on

test-retest data, we observed clear evidence for regression artifacts. These

artifacts tended to be more pronounced when using the mean as compared

to the median as a searchlight-wise summary statistic. As such, the choice

of summary statistic constitutes yet another factor modulating the appear-

ance of regression artifacts. Along with our previous investigations into the

workings of regression artifacts, this illustrates that seemingly trivial anal-

ysis choices might matter more than we might think they do. Critically

though, previous analyses capitalized on the mean as a bin-wise summary

statistic (Klein et al., 2014; Vo et al., 2017).

However, the analysis pipelines adopted in previous work (Klein et al.,
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2014; Vo et al., 2017) were much more complex than the basic sanity checks

we performed. This makes it hard to generalize across studies. For instance,

for data binning purposes, Klein et al. (2014) averaged position estimates

across the attention conditions that were compared. This likely skews the

noise components in each condition equally, resulting in biased simple scores

but valid change scores. Yet, this is only true if the level of noise in both con-

ditions was equivalent – an assumption we can only safely make for repeat

data. Different levels of noise might be particularly problematic for stud-

ies comparing patients and healthy controls, where patient data are often

much noisier. For instance, assuming positively correlated errors between

pRF size and position, binning pRF size according to pRF position for each

group would lead to more pronounced regression artifacts for patients. Yet,

even without assuming correlated errors, a higher level of noise leads to

a flattening of the regression line, which will be reflected in both binned

or unbinned data. Either way, such thought experiments further highlight

the importance of shedding light on whether the errors for different pRF

parameters are correlated.

On a much broader level, our results add to a recent debate about the

functional meaning of changes in pRF properties (e.g., Binda et al., 2013;

Dumoulin & Knapen, 2018; Hughes, Greenwood, Finlayson, & Schwarzkopf,

2019; Infanti & Schwarzkopf, 2020; Lerma-Usabiaga et al., 2020; Senden et

al., 2014). For instance, in a recent review article on the modulation of pRF

properties in health and disease, Dumoulin and Knapen (2018) noted that

instead of cortical reorganization, changes in pRF parameters might reflect

changes in the cognitive state of the observer, such as attention. In this

context, the authors furthermore highlighted the importance of proposing

mechanistic explanations for why such changes occur. In line with this,

Binda et al. (2013) demonstrated that inadequate modeling of visual field

scotomas can lead to biases in pRF estimates that masquerade as cortical

reorganization.

Similarly, Infanti and Schwarzkopf (2020) established that altering the

spatio-temporal sequence of the pRF mapping stimulus changes pRF pa-

rameters. Accordingly, such changes cannot be interpreted as an effect of

expectation. Several other studies corroborated this notion (Binda et al.,

2013; Lerma-Usabiaga et al., 2020; Senden et al., 2014). Likewise, Hughes

et al. (2019) provided evidence that changes in pRF properties in different vi-
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sual areas under various stimulus conditions are best explained by differences

in brain activity between mapping stimulus and background. Consequently,

unless this factor is controlled for, changes in pRFs cannot be attributed to

a visual area’s sensitivity to specific stimulus properties. And lastly, using

ground truth validation, Lerma-Usabiaga et al. (2020, 2021) reported that

implementation differences between toolboxes used for pRF modeling can

result in different pRF parameters for the same data set.

Our findings extend this debate in two important ways. First, they

suggest that we have to consider whether changes in pRF properties arose

because of the way we analyzed our data. This seems particularly important

because regression artifacts can manifest in various ways and our analyses

pipelines are complex. Similarly, regression artifacts can be assumed to ro-

bustly replicate. Accordingly, they might be well predicted by a mechanistic

model, but for the wrong reasons. Second, our findings prompt a discussion

about the most sensible way of determining the significance of changes in

pRF properties. As we have seen, pRF estimates change for various rea-

sons. Such changes can be statistically significant without being practically

relevant for questions surrounding the plasticity of pRFs in both health and

disease.

6.5 Conclusions

RFs represent the building blocks of topographic maps in visual cortex.

With the advent of pRF modeling, it became possible to measure the ag-

gregate RF of neuronal populations non-invasively in humans. The present

thesis developed a novel approach that uses such pRFs to back-project brain

signatures into visual space and applied it to study global object perception

and multifocal attention. In doing so, this thesis demonstrated that this

approach permits a fine-grained inspection of topographic signatures from

both lower and higher visual cortex. This thesis furthermore revealed flaws

in how topographic signatures have been quantified previously. This discov-

ery underscores the urgency for us researchers to make the validation of our

analysis methods common practice.
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Chapter A

Appendix for investigating topographic

signatures of global object perception in

human visual cortex

A.1 Supplementary methods and results

A.1.1 Diamond experiment

A.1.1.1 Data analysis

A.1.1.1.1 Perceptual durations Participants’ key presses were used

to calculate the durations of the diamond and no-diamond percept. If the

same key was pressed multiple times in succession, the resulting subdurations

were summed up. The period from the onset of the diamond display until

participants’ first key press was discarded. For each participant and the

data pooled across participants, we then fit the durations for the diamond

and no-diamond percept with a two-parameter (α: shape, β: rate) gamma

probability density function using the maximum likelihood method. The

resulting fits were superimposed onto a density histogram of the perceptual

durations (bin width: 2 s).

A.1.1.1.2 Eye position To examine eye position stability, we analyzed

the vertical and horizontal position samples corresponding to the durations

of all perceptual intervals (i.e., diamond, no-diamond, and fixation). As for

the analysis of perceptual durations (see A.1.1.1.1 Perceptual durations),

the interval from the onset of the diamond display until the first key press
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was discarded. Moreover, horizontal and vertical position samples with un-

available position information (e.g., when participants blinked or the signal

dropped) were removed. This procedure resulted in substantial data loss

for P4 (> 20 % of all samples in any perceptual interval in > 20 % of all

runs rounded up to the next integer). We therefore excluded P4 from all

subsequent analyses.

Slow drifts in the eye tracking signal were counteracted by detrending

the time series of horizontal and vertical positions in each run using a robust

time-windowed filter. To this end, we passed a sliding window (length: 10 s)

through each time series by translating its midpoint from one time point to

the next (range: 5-430 s; step size: 5 s) and calculating the median over all

position samples within the current window. Note that all sliding windows

were right-bounded except for the last one which was right-open to account

for slight measurement imprecision. The resulting window-wise medians

were then subtracted from the corresponding eye position samples and very

extreme values (> |8.5 dva| in both the horizontal and vertical direction;

cut-off determined based on screen height) eliminated afterwards.

To explore percept-specific differences in the bivariate distribution of po-

sition samples, we generated bagplots (Rousseeuw, Ruts, & Tukey, 1999)

across all runs for each perceptual interval and participant. Bagplots rep-

resent a (model-free) 2D generalization of univariate boxplots and typically

include a center point corresponding to the depth median, a bag demarking

a region containing 50% of the data, a fence (usually not visualized) gener-

ated via inflating the bag by a factor of 3, and a loop circumscribing data

points between the bag and the fence. Data points beyond the fence are

considered outliers.

To further asses fixation variability, we determined the run-wise robust

scale parameter Sn (Rousseeuw & Croux, 1993) for the horizontal and ver-

tical position samples of each perceptual interval. Moreover, to check for

systematic biases towards the (perceived) movement direction of the dia-

mond stimulus more directly, we subtracted the Sn of the vertical samples

from the Sn of the horizontal samples for each interval type (fixation served

as a benchmark here). If participants’ gaze was indeed biased towards the

horizontal direction during the diamond precept and the vertical direction

during the no-diamond precept, we should observe a positive difference for

the diamond intervals and a negative difference for the no-diamond intervals.
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Such dispersion differences should be likewise evident in the bagplots.

A.1.1.2 Results

A.1.1.2.1 Perceptual durations The probability density histograms

of the durations per perceptual state for each participant and the pooled data

with superimposed gamma fit can be found in Figure A.2. Despite inter-

individual variability in the shape and rate parameters, both the pooled and

individual diamond and no-diamond durations seemed to be well fit with

a gamma distribution, suggesting they follow similar temporal dynamics.

However, all participants except P2 showed a tendentially higher probabil-

ity density of longer durations for the no-diamond relative to the diamond

percept. Likewise, these participants showed a higher median duration for

the no-diamond percept and spent a higher proportion of time in this percep-

tual state, which was also reflected in the pooled results. Consequently, the

perception of most participants was slightly biased towards the no-diamond

state.

A.1.1.2.2 Eye position Figure A.3 shows bagplots of the eye position

samples across runs (A.) as well as simple (B.) and differential (C.) run-wise

dispersion estimates for each participant and perceptual interval. For most

participants, the size of the bag was fairly small and similar across percep-

tual intervals, suggesting a small degree of position variability unrelated to

the perceptual interval at hand. Moreover, for most participants, the shape

of the bag and loop was largely symmetric (circular or elliptical) and com-

parable across perceptual intervals, speaking against a systematic skew. For

P3, however, the size of the bag tended to be generally larger compared to

other participants and stretched out horizontally in the no-diamond relative

to the diamond interval, highlighting greater position variability and a mod-

est horizontal bias (see all Figure A.3, A.). Importantly, however, this bias

ran counter to the perceived vertical movement during the no-diamond per-

cept. The run-wise dispersion estimates (Figure A.3, B. and C.) confirmed

all these observations whilst additionally revealing that the horizontal bias

for P3 was predominantly present in the last run.
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A.1.2 Dots experiment

A.1.2.1 Data analysis

A.1.2.1.1 Eye position The eye position analysis was conducted as in

the diamond experiment. However, due to different design parameters, the

range of the sliding window midpoints was 5-355 s here. Moreover, as a

result of signal drop due to technical issues, the data for P3 and P4 were

removed from all analyses.

A.1.2.2 Results

A.1.2.2.1 Eye position Figure A.7 lists the bagplots of the eye posi-

tion samples across runs per participant and perceptual interval (A.) along

with the corresponding run-wise simple (B.) and differential (C.) dispersion

estimates. For all participants and perceptual intervals, the shape of the

bag and loop was reasonably symmetric and the size of the bag fairly small.

Importantly, these characteristics were comparable across perceptual inter-

vals (see all Figure A.7, A.). The run-wise dispersion estimates corroborated

these observations (Figure A.7, B. and C.). Collectively, these results sug-

gest little position variability and no systematic skew related to the motion

direction of the dots stimulus.

A.1.3 Dots quadrant experiment

A.1.3.1 Data analysis

A.1.3.1.1 Eye position The eye position analysis was conducted as

in the diamond and dots experiment except that the range of the sliding

window midpoints amounted to 5-370 s here (since we also collected eye

tracking data during the final blank, see 3.7.1.4 Procedure).

A.1.3.2 Results

A.1.3.2.1 Eye position Figure A.11 depicts bagplots for the eye posi-

tion samples of all runs (A.) along with run-wise simple (B.) and differential

(C.) dispersion estimates per participant and perceptual state. For all par-

ticipants, we observed relatively small-sized bags as well as symmetrically-

shaped loops and bags that were highly similar across perceptual intervals
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(see all Figure A.11, A.). The run-wise dispersion estimates confirmed this

pattern (Figure A.11, B. and C.). These outcomes suggest an overall low

position variability that seems unrelated to the motion direction in the hor-

izontal or vertical condition.
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A.2 Supplementary figures and tables

A. B.

C.

P5

D.

P5

E.

P5

V1

V2d
V3d

V3A
V3B

LO-1

LO-2

V2v
V3v

VO-2
VO-1

V4

Polar Angle Eccentricity Intact vs Scrambled

Figure A.1. Retinotopic mapping experiment | Example frames of the wedge-and-ring stimulus and
smooth cortical maps of P5’s left hemisphere projected onto a spherical surface model. A. Intact,
colorful carrier pattern. B. Phase-scrambled version of the carrier pattern in A. The white arrows
indicate the movement direction of the wedge-and-ring aperture, which was either clockwise and ex-
panding (A.), counterclockwise and contracting (B.), clockwise and contracting, or counterclockwise
and expanding (not shown, respectively). C. Polar angle map. D. Eccentricity map. Vertices with a
pRF surpassing an eccentricity of 15 dva were discarded (no other post-smoothing thresholding was
applied). Note that these pRF maps were subjected to the experiment-specific smoothing procedure
in the diamond experiment (see 3.5.1.7.1 Searchlight back-projections). The color disks represent the
color schemes used to label different visual field portions. E. Differential brain activity resulting from
contrasting periods of intact to periods of phase-scrambled images. Differential betas surpassing a
value of ± 2 were set to that value. Cold colors reflect negative and warm colors positive differential
beta values as indicated by the color bar. White or black lines denote the boundaries between visual
areas. The gray scale pattern of the surface model reflects the cortical curvature. Darker regions
depict sulci and lighter regions gyri. P5 = Participant 5. VO = Ventral-occipital area. LO = Lateral-
occipital area. pRF = Population receptive field. v (suffix) = Ventral. d (suffix) = Dorsal. Dva =
Degrees of visual angle.
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Mdn = 10.1 s a = 2.78  ß = 0.26

Proportion of time = 44.18 %

Mdn = 6.91 s a = 2.04  ß = 0.25

Proportion of time = 54 %

Mdn = 7.44 s a = 3.48  ß = 0.42

Proportion of time = 36.35 %

Mdn = 4.88 s a = 3.44  ß = 0.63

Proportion of time = 40.78 %

Mdn = 4.62 s a = 5.98  ß = 1.23

Proportion of time = 40.78 %

Mdn = 5.63 s a = 2.6  ß = 0.37

Proportion of time = 43.22 %

Mdn = 13.13 s a = 3.36  ß = 0.24

Proportion of time = 55.82 %

Mdn = 5.09 s a = 1.49  ß = 0.21

Proportion of time = 46 %

Mdn = 10.81 s a = 1.41  ß = 0.1

Proportion of time = 63.65 %

Mdn = 7.14 s a = 2.04  ß = 0.25

Proportion of time = 59.22 %

Mdn = 6.55 s a = 5.76  ß = 0.81

Proportion of time = 59.22 %

Mdn = 7.1 s a = 1.88  ß = 0.2

Proportion of time = 56.78 %
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Figure A.2. Diamond experiment | Probability density histograms of the durations corresponding to
the diamond and no-diamond percept with superimposed gamma functions. The red line depicts the
fitted gamma curve and the blue line the median duration. α, β = Shape and rate parameter of the
gamma distribution, respectively. Proportion of time = Proportion of time spent in the respective
perceptual state. D = Global, diamond percept. ND = Local, no-diamond percept. P1-P5 =
Participant 1-5. Pooled = Data pooled across all 5 participants. Mdn = Median.
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Figure A.3. Diamond experiment | Eye position distribution and variability during the diamond and
no-diamond percept and fixation intervals. A. Bagplots of the vertical and horizontal eye position
samples across runs. Note that for reasons of visibility, only a portion of the visual field of interest
is shown and outliers are dropped. B. Run-wise dispersion estimates for the horizontal and vertical
eye position samples. C. Run-wise difference in dispersion estimates for the horizontal vs vertical
eye position samples. Note that the location of the symbols was jittered to counteract overplotting.
Sn = Robust measure of dispersion. X = Horizontal eye position samples. Y = Vertical eye position
samples. Horizontal bias = Larger dispersion estimates for the horizontal vs vertical eye position
samples. Vertical bias = Larger dispersion estimates for the vertical vs horizontal eye samples. D =
Global, diamond percept. ND = Local, no-diamond percept. Fix = Fixation baseline. P1-P3 and
P5 = Participant 1-3 and 5. Dva = Degrees of visual angle.
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C. D.

E.

Figure A.4. Diamond experiment | Searchlight back-projections of differential brain activity as a
function of contrast of interest and visual area. A.-E. P1-P5. T -statistics surpassing a value of ± 25
(first and second row) or ± 15 (third row) were set to that value. The saturation of colors reflects
the number of vertices with a pRF inside a given searchlight plus the inverse distance of these pRFs
from the searchlight center. White lines represent the extreme positions of the diamond stimulus.
White solid lines denote the visible ungrouped diamond segments. White dashed lines additionally
illustrate the inferred but invisible diamond shape when the segments were grouped together. D =
Global, diamond percept. ND = Local, no-diamond percept. Fix = Fixation baseline. VLOC =
Ventral-and-lateral occipital complex. P1-P5 = Participant 1-5. pRF = Population receptive field.
Dva = Degrees of visual angle.
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Figure A.5. Diamond experiment | Searchlight back-projections of differential brain activity as a
function of contrast of interest and visual area. Please note that the visual field coverage for these
visual areas was suboptimal for some participants. T -statistics surpassing a value of ± 25 (first and
second row) or ± 15 (third row) were set to that value. The saturation of colors reflects the number
of vertices with a pRF inside a given searchlight plus the inverse distance of these pRFs from the
searchlight center. White lines represent the extreme positions of the diamond stimulus. White solid
lines denote the visible ungrouped diamond segments. White dashed lines additionally illustrate the
inferred but invisible diamond shape when the segments were grouped together. D = Global, diamond
percept. ND = Local, no-diamond percept. Fix = Fixation baseline. LO = Lateral-occipital area.
LOV3B = Areas LO-1, LO-2, and V3B. VO = Ventral-occipital area. Pooled = Data pooled across
all 5 participants. pRF = Population receptive field. Dva = Degrees of visual angle.

186



V1 V2 V3 VLOC

D
 vs F

ix
N

D
 vs F

ix
D

 vs N
D

P
1

P
2

P
3

P
4

P
5

P
oo

le
d

P
oo

le
d−

P
1

P
oo

le
d−

P
2

P
oo

le
d−

P
3

P
oo

le
d−

P
4

P
oo

le
d−

P
5

P
1

P
2

P
3

P
4

P
5

P
oo

le
d

P
oo

le
d−

P
1

P
oo

le
d−

P
2

P
oo

le
d−

P
3

P
oo

le
d−

P
4

P
oo

le
d−

P
5

P
1

P
2

P
3

P
4

P
5

P
oo

le
d

P
oo

le
d−

P
1

P
oo

le
d−

P
2

P
oo

le
d−

P
3

P
oo

le
d−

P
4

P
oo

le
d−

P
5

P
1

P
2

P
3

P
4

P
5

P
oo

le
d

P
oo

le
d−

P
1

P
oo

le
d−

P
2

P
oo

le
d−

P
3

P
oo

le
d−

P
4

P
oo

le
d−

P
5

P1
P2
P3
P4
P5

Pooled
Pooled−P1
Pooled−P2
Pooled−P3
Pooled−P4
Pooled−P5

P1
P2
P3
P4
P5

Pooled
Pooled−P1
Pooled−P2
Pooled−P3
Pooled−P4
Pooled−P5

P1
P2
P3
P4
P5

Pooled
Pooled−P1
Pooled−P2
Pooled−P3
Pooled−P4
Pooled−P5

0.0 0.5 1.0 1.5 2.0

Dissimilarity

Figure A.6. Diamond experiment | Representational dissimilarity matrices for the individual, pooled,
and LOSO searchlight back-projections as a function of contrast of interest and visual area. Dis-
similarities were defined as 1-Spearman correlation. D = Global, diamond percept. ND = Local,
no-diamond percept. Fix = Fixation baseline. VLOC = Ventral-and-lateral occipital complex. P1-
P5 = Participant 1-5. Pooled = Data pooled across all 5 participants. Pooled-P1-Pooled-P5 =
Data pooled across 4 participants with 1 participant left out (as indicated by the suffix). LOSO =
Leave-one-subject-out.
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Figure A.7. Dots experiment | Eye position distribution and variability during the horizontal and
vertical condition and fixation intervals. A. Bagplots of the vertical and horizontal eye position
samples across runs. Note that for reasons of visibility, only a portion of the visual field of interest
is shown and outliers are dropped. B. Run-wise dispersion estimates for the horizontal and vertical
eye position samples. C. Run-wise difference in dispersion estimates for the horizontal vs vertical
eye position samples. Note that the location of the symbols was jittered to counteract overplotting.
Sn = Robust measure of dispersion. X = Horizontal eye position samples. Y = Vertical eye position
samples. Horizontal bias = Larger dispersion estimates for the horizontal vs vertical eye position
samples. Vertical bias = Larger dispersion estimates for the vertical vs horizontal eye samples. H =
Global, horizontal condition. V = Local, vertical condition. Fix = Fixation baseline. P1-P2 and P6 =
Participant 1-2 and 6. Dva = Degrees of visual angle.
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C. D.

E.

Figure A.8. Dots experiment | Searchlight back-projections of differential brain activity as a function
of contrast of interest and visual area. A.-E. P1-P2 and P6-P8. T -statistics surpassing a value of
± 35 (first and second row) or ± 25 (third row) were set to that value. The saturation of colors
reflects the number of vertices with a pRF inside a given searchlight plus the inverse distance of these
pRFs from the searchlight center. White lines represent the spatial extent of the circular apertures
carrying the RDK. H = Global, horizontal condition. V = Local, vertical condition. Fix = Fixation
baseline. VLOC = Ventral-and-lateral occipital complex. P1-P2 and P6-P8 = Participant 1-2 and
6-8. RDK = Random dot kinematogram. pRF = Population receptive field. Dva = Degrees of visual
angle.
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Figure A.9. Dots experiment | Searchlight back-projections of differential brain activity as a function
of contrast of interest and visual area. Please note that the visual field coverage for these visual areas
was suboptimal for some participants. T -statistics surpassing a value of ± 35 (first and second row)
or ± 25 (third row) were set to that value. The saturation of colors reflects the number of vertices
with a pRF inside a given searchlight plus the inverse distance of these pRFs from the searchlight
center. White lines represent the spatial extent of the circular apertures carrying the RDK. H =
Global, horizontal condition. V = Local, vertical condition. Fix = Fixation baseline. LO = Lateral-
occipital area. LOV3B = Areas LO-1, LO-2, and V3B. VO = Ventral-occipital area. Pooled = Data
pooled across all 5 participants. RDK = Random dot kinematogram. pRF = Population receptive
field. Dva = Degrees of visual angle.
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Figure A.10. Dots experiment | Representational dissimilarity matrices for the individual, pooled, and
LOSO searchlight back-projections as a function of contrast of interest and visual area. Dissimilarities
were defined as 1-Spearman correlation. H = Global, horizontal condition. V = Local, vertical
condition. Fix = Fixation baseline. VLOC = Ventral-and-lateral occipital complex. P1-P2 and P6-
P8 = Participant 1-2 and 6-8. Pooled = Data pooled across all 5 participants. Pooled-P1-Pooled-P2
and Pooled-P6-Pooled-P8 = Data pooled across 4 participants with 1 participant left out (as indicated
by the suffix). LOSO = Leave-one-subject-out.
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Figure A.11. Dots quadrant experiment | Eye position distribution and variability during the hor-
izontal and vertical condition and fixation intervals. A. Bagplots of the vertical and horizontal eye
position samples across runs. Note that for reasons of visibility, only a portion of the visual field
of interest is shown and outliers are dropped. B. Run-wise dispersion estimates for the horizontal
and vertical eye position samples. C. Run-wise difference in dispersion estimates for the horizontal
vs vertical eye position samples. Note that the location of the symbols was jittered to counteract
overplotting. Sn = Robust measure of dispersion. X = Horizontal eye position samples. Y = Vertical
eye position samples. Horizontal bias = Larger dispersion estimates for the horizontal vs vertical
eye position samples. Vertical bias = Larger dispersion estimates for the vertical vs horizontal eye
samples. H = Global, horizontal condition. V = Local, vertical condition. Fix = Fixation baseline.
P1, P6, and P9-11 = Participant 1, 6, and 9-11. Dva = Degrees of visual angle.
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E.

Figure A.12. Dots quadrant experiment | Searchlight back-projections of differential brain activity
as a function of contrast of interest and visual area. A.-E. P1, P6, P9-P11. T -statistics surpassing
a value of ± 25 (first and second row) or ± 15 (third row) were set to that value. The saturation of
colors reflects the number of vertices with a pRF inside a given searchlight plus the inverse distance
of these pRFs from the searchlight center. White lines represent the spatial extent of the circular
apertures carrying the RDK. H = Global, horizontal condition. V = Local, vertical condition. Fix =
Fixation baseline. VLOC = Ventral-and-lateral occipital complex. P1, P6, and P9-P11 = Participant
1, 6, and 9-11. RDK = Random dot kinematogram. pRF = Population receptive field. Dva =
Degrees of visual angle.

193



Figure A.13. Dots quadrant experiment | Searchlight back-projections of differential brain activity
as a function of contrast of interest and visual area. Please note that the visual field coverage for
these visual areas was suboptimal for some participants. T -statistics surpassing a value of ± 25
(first and second row) or ± 15 (third row) were set to that value. The saturation of colors reflects
the number of vertices with a pRF inside a given searchlight plus the inverse distance of these
pRFs from the searchlight center. White lines represent the spatial extent of the circular apertures
carrying the RDK. H = Global, horizontal condition. V = Local, vertical condition. Fix = Fixation
baseline. LO = Lateral-occipital area. LOV3B = Areas LO-1, LO-2, and V3B. VO = Ventral-occipital
area. Pooled = Data pooled across all 5 participants. RDK = Random dot kinematogram. pRF =
Population receptive field. Dva = Degrees of visual angle.
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Figure A.14. Dots quadrant experiment | Representational dissimilarity matrices for the individual,
pooled, and LOSO searchlight back-projections as a function of contrast of interest and visual area.
Dissimilarities were defined as 1-Spearman correlation. H = Global, horizontal condition. V = Local,
vertical condition. Fix = Fixation baseline. VLOC = Ventral-and-lateral occipital complex. P1, P6,
and P9-P11 = Participant 1, 6, and 9-11. Pooled = Data pooled across all 5 participants. Pooled-P1,
Pooled-P6, and Pooled-P9-Pooled-P11 = Data pooled across 4 participants with 1 participant left
out (as indicated by the suffix). LOSO = Leave-one-subject-out.
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Table A.1
Software Environments and Toolboxes

Implemented procedures Software environment (version) Toolbox (version)

Experiments Matlab R2014a (8.3)1 PTB (3.0.11)4

Preprocessing

Realignment/unwarping/coregistration Matlab R2016b (9.1)1 SPM8 (6313; default parameters)5

Surface reconstruction FreeSurfer (5.3.0)2

Surface projection/detrending/standardization Matlab R2016b (9.1)1 SamSrf (5.84)6

SPM8 (6313)5

pRF estimation Matlab R2016b (9.1)1 SamSrf (5.84)6

SPM8 (6313)5

Delineations Matlab R2016b (9.1)1

GLM SPM8 (6313)5

Surface projection/manual demarcation SamSrf (5.84)6

SPM8 (6313)5

Smoothing/visualizations SamSrf (6.20)7

Searchlight back-projections Matlab R2016b (9.1)1

GLM SPM8 (6313)5

Surface projection SamSrf (5.84)6

SPM8 (6313)5

Smoothing SamSrf (6.20)7

Searchlight algorithm/visualization SamSrf (6.31)8

Representational similarity

Dissimilarity calculation Matlab R2016b (9.1)1

cMDS/visualizations R (3.5.3)3 vegan (2.5-6)9

ggplot2(3.2.1)10

reshape2(1.4.3)11

plyr (1.8.4)12

rmatio (0.14.0)13

egg (0.4.5)14

Perceptual durations

Duration calculation Matlab R2016b (9.1)1

Gamma fitting/visualizations R (3.5.3)3 MASS (7.3-51.4)15

ggplot2 (3.2.1)10

rmatio (0.14.0)13

egg (0.4.5)14

Eye position R (3.5.3)3

Detrending/distribution/variability/visualizations ggplot2 (3.2.1)10

reshape2 (1.4.3)11

plyr (1.8.4) 12

rmatio (0.14.0) 13

egg (0.4.5)14

MASS (7.3-51.4)15

aplpack (1.3.3)16

robustbase (0.93-5)17

Note. 1https://uk.mathworks.com/. 2Dale, Fischl, and Sereno (1999) and Fischl, Sereno, and Dale
(1999). 3R Core Team (2018). 4Brainard (1997), Kleiner et al. (2007), and Pelli (1997). 5https://

www.fil.ion.ucl.ac.uk/spm/software/spm8/. 6https://doi.org/10.6084/m9.figshare.1344765.v24.
7https://osf.io/w6dtz/. 8https://osf.io/7jdgt/. 9Oksanen et al. (2019). 10Wickham (2016).
11Wickham (2007). 12Wickham (2011). 13Widgren and Hulbert (2019). 14Auguie (2019). 15Venables and
Ripley (2002). 16Wolf (2019). 17Maechler et al. (2019). pRF = Population receptive field. GLM = General
linear model. cMDS = Classical (metric) multidimensional scaling. PTB = Psychtoolbox.
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Chapter B

Appendix for investigating flaws in

quantifying topographic signatures in human

visual cortex

B.1 Supplementary figures and tables

Table B.1
Software Environments and Toolboxes

Implemented procedures Software environment (version) Toolbox (version)

Preprocessing Matlab R2016b (9.1)1

Surface projection/detrending/standardization SamSrf (7.05)3

SPM8 (6313)4

pRF estimation Matlab R2016b (9.1)1 SamSrf (7.05)3

Smoothing Matlab R2016b (9.1)1 SamSrf (7.05)3

Delineations Matlab R2016b (9.1)1

Manual demarcation SamSrf (7.05)3

Simulations Matlab R2016b (9.1)1

Post hoc binning

Binning analysis Matlab R2016b (9.1)1

Visualizations Matlab R2016b (9.1)1

R (3.5.3)2 RColorBrewer (1.1-2)5

BrBG palette from ColorBrewer (2.0)6

Note. 1https://uk.mathworks.com/. 2R Core Team (2018). 3https://github.com/samsrf/samsrf/tree/

3c7a0e25090e9097d5e2fd95696c00774acd26d6. 4https://www.fil.ion.ucl.ac.uk/spm/software/spm8/.
5Neuwirth (2014). 6C. A. Brewer, Harrower, and the Pennsylvania State University (2021). Note that the
BrBG palette was retrieved via R and then implemented in Matlab and adapted. pRF = Population receptive
field.
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Figure B.1. Interpretation of changes in eccentricity. The same as Figure 4.1, although here,
the pRF shifts from one visual field quadrant to another in the Interest compared to the Baseline
condition. This can happen due to noise or when visual field maps partially cover the ipsilateral
hemifield. In such cases, an increase or decrease in eccentricity does not necessarily correspond to an
outwards or inwards shift in the traditional sense. For instance, imagine that a pRF sits at x0 = -0.18
dva and y0 = -0.18 dva in the Baseline condition (ecc = 0.25 dva) but at x0 = 0.36 dva and y0 =
0.36 dva in the Interest condition (ecc = 0.51 dva). This would result in an increase in eccentricity,
which might be interpreted as an outward shift, although the pRF shifts effectively radially inwards
until it reaches the origin and then outwards. We can likewise imagine that the pRF shifts horizontally
to x0 = 0.36 dva and y0 = -0.36 dva in the Interest condition. Importantly, removing such shifts
would again bias noise components (see condition cross-thresholding in 4.5 Results and discussion
and Figure B.3-B.4) and therefore, does not seem a valid option. Dva = Degrees of visual angle.
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B. Errors
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Figure B.2. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Change score.
The same as in Figure 4.2, although here, the change score (Interest vs Baseline) is plotted against
the respective binning condition.
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A. Simulated null effect - Cross-thresholding (Baseline)

B. Errors
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Figure B.3. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Cross-
thresholding (Baseline). The same as in Figure 4.2, although here, simulated observations falling
outside a certain eccentricity range (≥ 0 and ≤ 6 dva) in the Baseline condition were removed
from all conditions. Cross-thresholding = The pair-wise or list-wise deletion of observations across
conditions.
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A. Simulated null effect - Cross-thresholding (Baseline and Interest)

B. Errors
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Figure B.4. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Cross-
thresholding (Baseline and Interest). The same as in Figure B.3, although here, condition cross-
thresholding was based on both the Baseline and Interest condition.
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A. Simulated null effect - Eccentricity-scaled noise

B. Errors
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Figure B.5. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Eccentricity-
scaled noise. The same as in Figure 4.2, although here, original observations having smaller eccentric-
ities (≥ 0 and < 3 dva) were disturbed by random Gaussian noise with a smaller standard deviation
(sd = 0.25 dva) and those having larger eccentricities (≥ 3 dva) by random Gaussian noise with a
larger standard deviation (sd = 2 dva).
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A. Simulated true effect - Radial shift

B. Errors
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Figure B.6. Simulated 1D post hoc binning analysis on eccentricity | True effect — Radial shift.
The same as in Figure 4.2, although here, we simulated a true effect, that is, a radial increase in
eccentricity of 2 dva in the Interest as compared to the Baseline condition.
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A. Simulated null effect - Equidistant binning

B. Errors
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Figure B.7. Simulated 1D post hoc binning analysis on eccentricity | Null effect — Equidistant
binning. The same as in Figure 4.2, although here, equidistant binning was used. The equidistant
bins ranged from an eccentricity of 0 dva to an eccentricity of 19.25 dva with a constant bin-width of
1.75 dva. Please note the different x- and y-axis ranges in B. relative to Figure 4.2 and Figure B.2-
B.6 (-4.5 to -4.5 vs -0.4 to 0.4, respectively) as well as the different number of bins (11 vs 10,
respectively).
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Simulated null effect - Cross-thresholding (Baseline)
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Figure B.8. Simulated 2D post hoc binning analysis on x0 and y0 | Null effect — Cross-thresholding
(Baseline). The same as in Figure 4.5, although here, simulated observations falling outside a certain
eccentricity range (≥ 0 and ≤ 6 dva) in the Baseline condition were removed from all conditions.
Cross-thresholding = The pair-wise or list-wise deletion of observations across conditions.
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Simulated null effect - Cross-thresholding (Baseline and Interest)
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Figure B.9. Simulated 2D post hoc binning analysis on x0 and y0 | Null effect — Cross-thresholding
(Baseline and Interest). The same as in Figure B.8, although here, condition cross-thresholding was
based on both the Baseline and Interest condition.
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Simulated null effect - Eccentricity-scaled noise
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Figure B.10. Simulated 2D post hoc binning analysis on x0 and y0 | Null effect — Eccentricity-
scaled noise. The same as in Figure 4.5, although here, original observations having smaller eccentric-
ities (≥ 0 and < 3 dva) were disturbed by random Gaussian noise with a smaller standard deviation
(sd = 0.25 dva) and those having larger eccentricities (≥ 3 dva) by random Gaussian noise with a
larger standard deviation (sd = 2 dva).
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Simulated true effect - Radial shift
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Figure B.11. Simulated 2D post hoc binning analysis on x0 and y0 | True effect — Radial shift.
The same as in Figure 4.5, although here, we simulated a true effect, that is, a radial increase in
eccentricity of 2 dva in the Interest as compared to the Baseline condition. Note that the eccentricity
bins ranged from 0 to 22 dva (instead of 0 to 20 dva) here.
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A. Empirical repeat data | 25th %ile | Dorsal
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B. Empirical repeat data | 25th %ile | Dorsal – Cross-thresholding (Baseline)
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C. Empirical repeat data | 25th %ile | Dorsal – Cross-thresholding (Baseline and Interest)
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Figure B.12. Caption on next page.
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Figure B.12. Empirical 1D post hoc binning analysis on eccentricity | Repeat data | 25th %ile
participant | Dorsal. Bin-wise eccentricity values and means in the Interest and Baseline condition
for repeat data from the HCP belonging to the 25th %ile participant of the median R2 distribution
and different data binning scenarios. A. Data from the dorsal complex (V3A/B and IPS0–5) without
condition cross-thresholding. B. Same as A., but with condition cross-thresholding. To this end,
eccentricity values falling outside a certain eccentricity range (≥ 0 and ≤ 8 dva) and below a certain
R2 cut-off (≤ 2.2%) in the Baseline condition were removed from both conditions. C. Same as B.,
although here, condition cross-thresholding was based on both the Baseline and Interest condition.
Eccentricity values in the Baseline and Interest condition were either binned according to eccentricity
values in the Baseline (1st column in A.-C.) or Interest (2nd column in A.-C.) condition. The gray
marginal histograms (bin width = 0.5 dva; y-axis: relative frequency) show the eccentricity distribu-
tions for each condition. Note that the range of the marginal y-axis is the same for all histograms.
The red crosshair indicates the location of the overall mean for the Interest and Baseline condition.
The red dashed line corresponds to the identity line. Dark brown colors correspond to lower and dark
blue-green colors to higher decile bins. The maximal eccentricity of the stimulated visual field area
subtended 8 dva. HCP = Human connectome project. Dva = Degrees of visual angle. Ecc = Ec-
centricity. %ile = percentile. Cross-thresholding = The pair-wise or list-wise deletion of observations
across conditions. IPS = Intraparietal sulcus.
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A. Empirical repeat data | 25th %ile | Posterior
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B. Empirical repeat data | 25th %ile | Posterior – Cross-thresholding (Baseline)
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C. Empirical repeat data | 25th %ile | Posterior – Cross-thresholding (Baseline and Interest)
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Figure B.13. Empirical 1D post hoc binning analysis on eccentricity | Repeat data | 25th %ile
participant | Posterior. The same as in Figure B.12, although here, we used data from the posterior
complex (V1-V3).
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A. Empirical repeat data | 75th %ile | Dorsal
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B. Empirical repeat data | 75th %ile | Dorsal – Cross-thresholding (Baseline)
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C. Empirical repeat data | 75th %ile | Dorsal – Cross-thresholding (Baseline and Interest)
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Figure B.14. Empirical 1D post hoc binning analysis on eccentricity | Repeat data | 75th %ile
participant | Dorsal. The same as in Figure B.12, although here, we used the 75th %ile participant of
the median R2 distribution.
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A. Empirical repeat data | 75th %ile | Posterior
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B. Empirical repeat data | 75th %ile | Posterior – Cross-thresholding (Baseline)
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C. Empirical repeat data | 75th %ile | Posterior – Cross-thresholding (Baseline and Interest)
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Figure B.15. Empirical 1D post hoc binning analysis on eccentricity | Repeat data | 75th %ile
participant | Posterior. The same as in Figure B.13, although here, we used the 75th %ile participant
of the median R2 distribution.
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A. Empirical repeat data | 25th %ile | Dorsal
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B. Empirical repeat data | 25th %ile | Dorsal – Cross-thresholding (Baseline)
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C. Empirical repeat data | 25th %ile | Dorsal – Cross-thresholding (Baseline and Interest)
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Figure B.16. Caption on next page.
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Figure B.16. Empirical 2D post hoc binning analysis on x0 and y0 | Repeat data | 25th %ile
participant | Dorsal. Bin-wise x0 and y0 means in the Interest and Baseline condition for repeat data
from the HCP belonging to the 25th percentile participant of the median R2 distribution and different
data binning scenarios. A. Data from the dorsal complex (V3A/B and IPS0–5) without condition
cross-thresholding. B. Same as A., but with condition cross-thresholding. To this end, eccentricity
values falling outside a certain eccentricity range (≥ 0 and ≤ 8 dva) and below a certain R2 cut-off
(≤ 2.2%) in the Baseline condition were removed from both conditions. C. Same as B., although
here, condition cross-thresholding was based on both the Baseline and Interest condition. X0 and y0
values in the Baseline and Interest condition were either binned according to eccentricity and polar
angle values in the Baseline (1st column in A.-C.) or Interest (2nd column in A.-C.) condition. The
marginal histograms (bin width = 0.5 dva; y-axis: relative frequency) show the x0 and y0 distributions
for each condition. Magenta histograms correspond to the Interest condition and gray histograms to
the Baseline condition. Note that the range of the marginal y-axis is the same for all histograms.
The large magenta dots (arrow tip) correspond to the means in the Interest condition and the tiny
gray dots (arrow nock) to the mean in the Baseline condition. The gray line (arrow shaft) depicts
the shift from the Baseline to the Interest condition. The magenta crosshair indicates the location
of the overall x0 and y0 means for the Interest condition and the gray crosshair the location of the
overall means for the Baseline condition. Note that for subtle differences between the Baseline and
Interest condition, the histograms and crosshairs almost coincide (see Figure B.17 and Figure B.19).
The light gray radar grid demarks the bin segments. Polar angle bins ranged from 0° to 360° with
a constant bin width of 45° and eccentricity bins from 0 to 18 dva with a constant bin width of 2
dva. The maximal eccentricity of the stimulated visual field area subtended 8 dva. HCP = Human
connectome project. Dva = Degrees of visual angle. Cross-thresholding = The pair-wise or list-wise
deletion of observations across conditions. IPS = Intraparietal sulcus.
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A. Empirical repeat data | 25th %ile | Posterior
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B. Empirical repeat data | 25th %ile | Posterior – Cross-thresholding (Baseline)
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C. Empirical repeat data | 25th %ile | Posterior – Cross-thresholding (Baseline and Interest)
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Figure B.17. Empirical 2D post hoc binning analysis on x0 and y0 | Repeat data | 25th %ile
participant | Posterior. The same as in Figure B.16, although here, we used data from the posterior
complex (V1-V3).
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A. Empirical repeat data | 75th %ile | Dorsal
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B. Empirical repeat data | 75th %ile | Dorsal – Cross-thresholding (Baseline)
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C. Empirical repeat data | 75th %ile | Dorsal – Cross-thresholding (Baseline and Interest)
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Figure B.18. Empirical 2D post hoc binning analysis on x0 and y0 | Repeat data | 75th %ile
participant | Dorsal. The same as in Figure B.16, although here, we used the 75th %ile participant of
the median R2 distribution.
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A. Empirical repeat data | 75th %ile | Posterior
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B. Empirical repeat data | 75th %ile | Posterior – Cross-thresholding (Baseline)
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C. Empirical repeat data | 75th %ile | Posterior – Cross-thresholding (Baseline and Interest)
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Figure B.19. Empirical 2D post hoc binning analysis on x0 and y0 | Repeat data | 75th %ile
participant | Posterior. The same as in Figure B.17, although here, we used the 75th %ile participant
of the median R2 distribution.
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Chapter C

Appendix for investigating topographic

signatures of multifocal attention in human

visual cortex

C.1 Supplementary figures and tables

Table C.1
Software Environments and Toolboxes

Implemented procedures Software environment (version) Toolbox (version)

Experiments Matlab R2014a (8.3)1 PTB (3.0.11)3

Preprocessing

Realignment/unwarping/coregistration Matlab R2016b (9.1)1 SPM8 (6313; default parameters)4

Surface reconstruction and projection/smoothing FreeSurfer (5.3.0)2

Detrending/standardization Matlab R2016b (9.1)1 SamSrf (7.072)5

pRF estimation Matlab R2016b (9.1)1 SamSrf (7.072)5

Delineations Matlab R2016b (9.1)1

Manual demarcation SamSrf (7.072)5

Visualizations SamSrf (7.09)6

Searchlight back-projections Matlab R2016b (9.1)1

Searchlight algorithm SamSrf (7.09)6

Visualizations SamSrf (7.09)6

batlowK and berlin from

Scientific Colour Maps (7.00)7

Effect size measures Matlab R2016b (9.1)1

Vector graphs Matlab R2016b (9.1)1

Histograms Matlab R2016b (9.1)1

Note. 1https://uk.mathworks.com/. 2Dale et al. (1999) and Fischl et al. (1999). 3Brainard (1997),
Kleiner et al. (2007), and Pelli (1997). 4https://www.fil.ion.ucl.ac.uk/spm/software/spm8/.
5https://github.com/samsrf/samsrf/tree/f2320370b58ba81c0896b5687c6cf91d8e8a5605. 6https://

github.com/samsrf/samsrf/tree/6772eaeca5e77959285fd0af26668201aec0c29f. 7Crameri (2018).
pRF = Population receptive field. PTB = Psychtoolbox.

219

https://uk.mathworks.com/
https://www.fil.ion.ucl.ac.uk/spm/software/spm8/
https://github.com/samsrf/samsrf/tree/f2320370b58ba81c0896b5687c6cf91d8e8a5605
https://github.com/samsrf/samsrf/tree/6772eaeca5e77959285fd0af26668201aec0c29f
https://github.com/samsrf/samsrf/tree/6772eaeca5e77959285fd0af26668201aec0c29f


A. Uncleaned

P1

V1

V2d
V3d

V2v
V3v
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Independent oCenter oTop oTop&Center oBottom&Top
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B. Cleaned

P1

V1
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V3d

V2v
V3v

P1 P1 P1 P1
Independent oCenter oTop oTop&Center oBottom&Top

P1 P1 P1 P1
Independent eCenter eTop eTop&Center eBottom&Top

Figure C.1. Smooth polar angle maps of P1’s left hemisphere projected onto a spherical surface
model for the independent, odd, and even data sets | Uncleaned and cleaned. A. Polar angle
maps not subjected to data cleaning. B. Polar angle maps after condition cross-thresholding based
on the independent data set. The color disks represent the color schemes used to label different
visual field portions. White lines denote the boundaries between visual areas. These were determined
based on the independent data set and then superimposed onto the polar angle maps for the odd
and even data set. The grayscale pattern of the surface model reflects the cortical curvature. Darker
regions depict sulci and lighter regions gyri. P1 = Participant 1. d (suffix) = Dorsal. v (suffix) =
Ventral. o (prefix) = Odd runs. e (prefix) = Even runs. Cross-thresholding = The pair-wise or
list-wise deletion of observations across conditions.
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A. Shift magnitude

B. Shift direction

Figure C.2. Hypothetical searchlight back-projections as a function of contrast of interest | Shift
magnitude and direction. The same as in Figure 5.2, but for V1.
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A. Shift magnitude

B. Shift direction

Figure C.3. Hypothetical searchlight back-projections as a function of contrast of interest | Shift
magnitude and direction. The same as in Figure 5.2, but for V2.
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A. Shift magnitude

B. Shift direction

Figure C.4. Hypothetical searchlight back-projections as a function of contrast of interest | Shift
magnitude and direction. The same as in Figure 5.2, but for V3.
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A. Shift magnitude

B. Log ratios

riwe/Pooled_Srl_Log_Ratio_oCenter-eCenter.png

Figure C.5. Empirical searchlight back-projections as a function of null contrast and contrast of
interest | Shift magnitude and log ratios. The same as in Figure 5.3, but for V1.
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Shift direction

Figure C.6. Empirical searchlight back-projections as a function of null contrast and contrast of
interest | Shift direction. The same as in Figure 5.4, but for V1.
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A. Shift magnitude

B. Log ratios

riwe/Pooled_Srl_Log_Ratio_oCenter-eCenter.png

Figure C.7. Empirical searchlight back-projections as a function of null contrast and contrast of
interest | Shift magnitude and log ratios. The same as in Figure 5.3, but for V2.
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Shift direction

Figure C.8. Empirical searchlight back-projections as a function of null contrast and contrast of
interest | Shift direction. The same as in Figure 5.4, but for V2.
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A. Shift magnitude

B. Log ratios

riwe/Pooled_Srl_Log_Ratio_oCenter-eCenter.png

Figure C.9. Empirical searchlight back-projections as a function of null contrast and contrast of
interest | Shift magnitude and log ratios. The same as in Figure 5.3, but for V3.
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Shift direction

Figure C.10. Empirical searchlight back-projections as a function of null contrast and contrast
of interest | Shift direction. The same as in Figure 5.4, but for V3.

Shift magnitude and direction

Figure C.11. Empirical shift vectors as a function of null contrast and contrast of interest. The
same as Figure 5.5, but for V1.
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Shift magnitude and direction

Figure C.12. Empirical shift vectors as a function of null contrast and contrast of interest. The
same as Figure 5.5, but for V2.

Shift magnitude and direction

Figure C.13. Empirical shift vectors as a function of null contrast and contrast of interest. The
same as Figure 5.5, but for V3.
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Log ratios

Figure C.14. Histograms of the searchlight-wise log ratio distributions from Figure 5.3 (B.).
o (prefix) = Odd runs. e (prefix) = Even runs. LVC = Lower visual cortex including V1-V3. Pooled =
Data pooled across all 5 participants. pRF = Population receptive field. Mdn = Median.

Log ratios

Figure C.15. Histograms of the searchlight-wise log ratio distributions from Figure C.5 (B.).
o (prefix) = Odd runs. e (prefix) = Even runs. Pooled = Data pooled across all 5 participants.
pRF = Population receptive field. Mdn = Median.
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Log ratios

Figure C.16. Histograms of the searchlight-wise log ratio distributions from Figure C.7 (B.).
o (prefix) = Odd runs. e (prefix) = Even runs. Pooled = Data pooled across all 5 participants.
pRF = Population receptive field. Mdn = Median.

Log ratios

Figure C.17. Histograms of the searchlight-wise log ratio distributions from Figure C.9 (B.).
o (prefix) = Odd runs. e (prefix) = Even runs. Pooled = Data pooled across all 5 participants.
pRF = Population receptive field. Mdn = Median.
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.18. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median. The same
as in Figure 5.6, but for V1.
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.19. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median and mean.
The same as in Figure 5.7, but for V1.
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.20. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median. The same
as in Figure 5.6, but for V2.
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.21. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median and mean.
The same as in Figure 5.7, but for V2.

236



A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.22. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median. The same
as in Figure 5.6, but for V3.
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A. Shift magnitude and direction – Non-circular

B. Shift magnitude and direction – Circular (binning on Baseline condition)

C. Shift magnitude and direction – Circular (binning on Interest condition)

Figure C.23. Empirical searchlight back-projections for shift magnitude and direction and shift
vectors for (one of) the null contrast(s) | Non-circular and circular analysis – Median and mean.
The same as in Figure 5.7, but for V3.
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A. Shift magnitude and direction – Arrow nock centerd on bin midpoint

B. Shift magnitude and direction – Arrow nock centered on Baseline position

Figure C.24. Empirical shift vectors for one of the null contrasts | Different visualization methods.
A. Here, the arrow nock is centered at the bin-midpoint. B. Here, the arrow nock is centered at
the Baseline position. The large magenta dots (arrow tip) reflect the Interest condition and the tiny
gray dots (arrow nock) the Baseline condition. The gray line (arrow shaft) depicts the shift from
the Baseline to the Interest condition. The light gray radar grid demarks the bin segments. Black
small circles represent the attended oval stream in the Baseline condition and black large circles the
attended oval stream(s) in the Interest condition. o (prefix) = Odd runs. e (prefix) = Even runs.
LVC = Lower visual cortex including V1-V3. Pooled = Data pooled across all 5 participants.
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Table C.2
Global Effect Size Measures for Shift Magnitude in V1

Contrasts LR LR (% positive) Stand. LR Robust d

eTop vs oCenter 0.33 60.09 0.28 0.23

oTop vs eCenter 0.09 52.48 0.08 0.07

eTop&Center vs oCenter 0.22 58.77 0.21 0.17

oTop&Center vs eCenter 0.22 55.62 0.18 0.15

eBottom&Top vs oCenter 0.17 53.91 0.13 0.12

oBottom&Top vs eCenter 0.13 53.73 0.12 0.09

Note. LR = log ratio. Stand. = Standardized. Robust d = Robust equivalent of Cohen’s d. e (prefix) =
Even runs. o (prefix) = Odd runs.

Table C.3
Global Effect Size Measures for Shift Magnitude in V2

Contrasts LR LR (% positive) Stand. LR Robust d

eTop vs oCenter 0.13 54.27 0.12 0.10

oTop vs eCenter 0.03 50.82 0.02 0.02

eTop&Center vs oCenter 0.25 57.63 0.19 0.14

oTop&Center vs eCenter 0.08 52.59 0.07 0.07

eBottom&Top vs oCenter 0.35 58.46 0.27 0.21

oBottom&Top vs eCenter 0.14 55.08 0.12 0.10

Note. LR = log ratio. Stand. = Standardized. Robust d = Robust equivalent of Cohen’s d. e (prefix) =
Even runs. o (prefix) = Odd runs.
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Table C.4
Global Effect Size Measures for Shift Magnitude in V3

Contrasts LR LR (% positive) Stand. LR Robust d

eTop vs oCenter 0.31 58.88 0.23 0.15

oTop vs eCenter 0.27 56.41 0.19 0.10

eTop&Center vs oCenter 0.37 61.90 0.27 0.15

oTop&Center vs eCenter 0.09 52.43 0.06 0.03

eBottom&Top vs oCenter 0.31 60.00 0.26 0.17

oBottom&Top vs eCenter 0.25 57.27 0.17 0.11

Note. LR = log ratio. Stand. = Standardized. Robust d = Robust equivalent of Cohen’s d. e (prefix) =
Even runs. o (prefix) = Odd runs.

241



References

1256076. (2017). Retrieved from https://pxhere.com/en/photo/

1256076

1283860. (2017). Retrieved from https://pxhere.com/en/photo/

1283860

#3518784. (2021). 1638073. Retrieved from https://pxhere.com/en/

photo/1638073

886311. (2017). Retrieved from https://pxhere.com/en/photo/886311

Albright, T. D., & Stoner, G. R. (2002). Contextual influences on visual

processing. Annu. Rev. Neurosci., 25 , 339–379. doi: 10.1146/annurev

.neuro.25.112701.142900

Altmann, C. F., Bülthoff, H. H., & Kourtzi, Z. (2003). Perceptual organi-

zation of local elements into global shapes in the human visual cortex.

Curr. Biol., 13 (4), 342–349. doi: 10.1016/S0960-9822(03)00052-6

Alvarez, I., de Haas, B., Clark, C. A., Rees, G., & Schwarzkopf, D. S. (2015).

Comparing different stimulus configurations for population receptive

field mapping in human fMRI. Front. Hum. Neurosci., 9 , 96. doi:

10.3389/fnhum.2015.00096

Amano, K., Wandell, B. A., & Dumoulin, S. O. (2009). Visual field maps,

population receptive field sizes, and visual field coverage in the human

MT+ complex. J. Neurophysiol., 102 (5), 2704–2718. doi: 10.1152/

jn.00102.2009

Anderson, B. L., & Sinha, P. (1997). Reciprocal interactions between occlu-

sion and motion computations. Proc. Natl. Acad. Sci. U. S. A., 94 (7),

3477–3480. doi: 10.1073/pnas.94.7.3477

Anstis, S., & Kim, J. (2011). Local versus global perception of ambiguous

motion displays. J. Vis., 11 (3), 13–13. doi: 10.1167/11.3.13

242

https://pxhere.com/en/photo/1256076
https://pxhere.com/en/photo/1256076
https://pxhere.com/en/photo/1283860
https://pxhere.com/en/photo/1283860
https://pxhere.com/en/photo/1638073
https://pxhere.com/en/photo/1638073
https://pxhere.com/en/photo/886311


Anton-Erxleben, K., & Carrasco, M. (2013). Attentional enhancement

of spatial resolution: Linking behavioural and neurophysiological evi-

dence. Nat. Rev. Neurosci., 14 (3), 188–200. doi: 10.1038/nrn3443

Anton-Erxleben, K., Henrich, C., & Treue, S. (2007). Attention changes

perceived size of moving visual patterns. J. Vis., 7 (11), 5–5. doi:

10.1167/7.11.5

Anton-Erxleben, K., Stephan, V. M., & Treue, S. (2009). Attention reshapes

center-surround receptive field structure in macaque cortical area MT.

Cereb. Cortex Oct., 19 , 2466–2478. doi: 10.1093/cercor/bhp002

Association for Psychological Science. (2017). Preregistered direct

replications: A new article type in psychological science. Re-

trieved from https://www.psychologicalscience.org/observer/

preregistered-direct-replications-a-new-article-type-in

-psychological-science

Auguie, B. (2019). egg: Extensions for ’ggplot2’: Custom geom, cus-

tom themes, plot alignment, labelled panels, symmetric scales, and

fixed panel size [Computer software]. Retrieved from https://cran

.r-project.org/package=egg

Baker, M., & Penny, D. (2016). Is there a reproducibility crisis? Nature,

533 (7604), 452–454. doi: 10.1038/533452A

Ball, T. M., Squeglia, L. M., Tapert, S. F., & Paulus, M. P. (2020). Double

dipping in machine learning: Problems and solutions. Biol. Psychiatry

Cogn. Neurosci. Neuroimaging , 5 (3), 261–263. doi: 10.1016/j.bpsc

.2019.09.003

Barnett, A. G., van der Pols, J. C., & Dobson, A. J. (2005). Regression

to the mean: What it is and how to deal with it. Int. J. Epidemiol.,

34 (1), 215–220. doi: 10.1093/ije/dyh299

Bartels, A. (2014). Visual perception: Early visual cortex fills in the gaps.

Curr. Biol., 24 (13), R600–R602. doi: 10.1016/j.cub.2014.05.055

Barton, B., & Brewer, A. A. (2015). FMRI of the rod scotoma elucidates

cortical rod pathways and implications for lesion measurements. Proc.

Natl. Acad. Sci. U. S. A., 112 (16), 5201–5206. doi: 10.1073/pnas

.1423673112

Benson, N. C., Butt, O. H., Brainard, D. H., & Aguirre, G. K. (2014).

Correction of distortion in flattened representations of the cortical sur-

face allows prediction of V1-V3 functional organization from anatomy.

243

https://www.psychologicalscience.org/observer/preregistered-direct-replications-a-new-article-type-in-psychological-science
https://www.psychologicalscience.org/observer/preregistered-direct-replications-a-new-article-type-in-psychological-science
https://www.psychologicalscience.org/observer/preregistered-direct-replications-a-new-article-type-in-psychological-science
https://cran.r-project.org/package=egg
https://cran.r-project.org/package=egg


PLoS Comput. Biol., 10 (3), e1003538. doi: 10.1371/journal.pcbi

.1003538

Benson, N. C., Butt, O. H., Datta, R., Radoeva, P. D., Brainard, D. H., &

Aguirre, G. K. (2012). The retinotopic organization of striate cortex

is well predicted by surface topology. Curr. Biol., 22 (21), 2081–2085.

doi: 10.1016/j.cub.2012.09.014

Benson, N. C., Jamison, K. W., Arcaro, M. J., Vu, A. T., Glasser, M. F.,

Coalson, T. S., . . . Kay, K. (2018). The Human Connectome Project 7

Tesla Retinotopy Dataset: Description and population receptive field

analysis. J. Vis., 18 (13), 23–23. doi: 10.1167/18.13.23

Benson, N. C., Jamison, K. W., Arcaro, M. J., Vu, A. T., Glasser, M. F.,

Coalson, T. S., . . . Kay, K. (2020). The HCP 7T Retinotopy

Dataset. Retrieved from https://osf.io/bw9ec/ doi: https://

doi.org/10.17605/OSF.IO/BW9EC

Binda, P., Thomas, J. M., Boynton, G. M., & Fine, I. (2013). Minimizing

biases in estimating the reorganization of human visual areas with bold

retinotopic mapping. J. Vis., 13 (7), 13–13. doi: 10.1167/13.7.14

Braddick, O. J., O’Brien, J. M., Wattam-Bell, J., Atkinson, J., Hartley, T.,

& Turner, R. (2001). Brain areas sensitive to coherent visual motion.

Perception, 30 (1), 61–72. doi: 10.1068/p3048

Brainard, D. H. (1997). The Psychophysics Toolbox. Spat. Vis., 10 , 433–

436. doi: 10.1163/156856897X00357

Brascamp, J., Sterzer, P., Blake, R., & Knapen, T. (2018). Multi-

stable perception and the role of the frontoparietal cortex in per-

ceptual inference. Annu. Rev. Psychol., 69 , 77–103. doi: 10.1146/

annurev-psych-010417-085944

Breuer, F. A., Blaimer, M., Heidemann, R. M., Mueller, M. F., Griswold,

M. A., & Jakob, P. M. (2005). Controlled aliasing in parallel imaging

results in higher acceleration (CAIPIRINHA) for multi-slice imaging.

Magn. Reson. Med., 53 (3), 684–691. doi: 10.1002/mrm.20401

Brewer, A. A., & Barton, B. (2012). Visual field map organization in human

visual cortex. In S. Molotchnikoff & J. Rouat (Eds.), Vis. cortex - curr.

status perspect. (pp. 29–60). InTech.

Brewer, C. A., Harrower, M., & the Pennsylvania State University. (2021).

ColorBrewer [Web tool]. Retrieved from https://colorbrewer2.org

Bullier, J., & Nowak, L. G. (1995). Parallel versus serial processing: New

244

https://osf.io/bw9ec/
https://colorbrewer2.org


vistas on the distributed organization of the visual system. Curr. Opin.

Neurobiol., 5 (4), 497–503. doi: 10.1016/0959-4388(95)80011-5

Caclin, A., Paradis, A. L., Lamirel, C., Thirion, B., Artiges, E., Poline, J. B.,

& Lorenceau, J. (2012). Perceptual alternations between unbound

moving contours and bound shape motion engage a ventral/dorsal in-

terplay. J. Vis., 12 (7), 11–11. doi: 10.1167/12.7.11

Campbell, D. T., & Kenny, D. A. (1999). A primer on regression artifacts.

Guilford Press.

Carp, J. (2012). The secret lives of experiments: Methods reporting in

the fMRI literature. Neuroimage, 63 (1), 289–300. doi: 10.1016/j

.neuroimage.2012.07.004

Carvalho, J., Invernizzi, A., Ahmadi, K., Hoffmann, M. B., Renken, R. J.,

& Cornelissen, F. W. (2020). Micro-probing enables fine-grained map-

ping of neuronal populations using fMRI. Neuroimage, 209 , 116423.

doi: 10.1016/j.neuroimage.2019.116423
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Poser, B. A. (2021). Layer-dependent functional connectivity methods.

Prog. Neurobiol., 207 , 101835. doi: 10.1016/j.pneurobio.2020.101835

Huber, P. J., & Ronchetti, E. M. (2009). Robust statistics. John Wiley &

Sons, Inc.

Hughes, A. E., Greenwood, J. A., Finlayson, N. J., & Schwarzkopf, D. S.

(2019). Population receptive field estimates for motion-defined stimuli.

Neuroimage, 199 , 245–260. doi: 10.1016/j.neuroimage.2019.05.068
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