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CHAPTER 1
Introduction

A key feature of the visual cortex is its topographic organization, whereby neighboring
neurons respond to stimulation in nearby regions of the visual �eld. The portion of the
visual �eld to which a neuron responds is known as its receptive �eld (RF). When RFs
form a representation of the observed image (visual space), this results in a visual �eld
map. The visual system comprises not a single, but many maps of the visual �eld. These
maps are spatially and hierarchically organized.

The development of non-invasive imaging techniques, such as functional magnetic res-
onance imaging (fMRI), together with biologically inspired neural models, has enabled
RFs properties, i.e location and size, to be estimated directly in humans, although at the
population level - a level somewhat intermediate between single neurons and that of
entire brain areas. In visual neuroscience, these techniques used to delineate the visual
�eld maps in cortex are referred to as visual �eld mapping or topographic/retinotopic
mapping. Ophthalmic or neurological disorders may result in changes in the measured
population RFs, for example alterations in their position and/or size. Such changes, also
referred to as RF dynamics, have been used to infer the neuroplastic capacity of the
adult visual brain. However, there is an ongoing debate whether such population-level
changes can be straightforwardly interpreted as an indication of neuroplasticity. This
debate has resulted from two recent �ndings. First, RF dynamics similar to those in pa-
tients with visual �eld defects can be evoked in the neural circuitry of individuals with
intact vision, and second, visual �eld maps of healthy subjects vary substantially, e.g. in
response to speci�c stimuli or under the in�uence of cognitive factors such as attention.

My primary aim with the research presented in this thesis was to enhance our under-
standing of how the visual neurons and connecting cortical circuits change, in particular
when normal vision is compromised due to a visual �eld defect or a developmental dis-
order. My secondary aim was to develop advanced techniques and paradigms to char-
acterize RFs and their connections using neurocomputational models. Accurate tech-
niques to do so are required to assess or infer changes in RFs, and thus to increase our
understanding of the neuroplastic properties of visual cortex.
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Chapter 1

1.1 Thesis Outline

My thesis consists of four chapters based on experimental evidence and one review chap-
ter. The experiments in Chapters 2, 3 and 5 are focused on the development of new
methods and stimuli that result in more accurate measurements of RFs and visual �eld
maps, while those in Chapter 4 are focused on the plasticity and stability of the visual
cortex associated with predictive masking (PM) - the process underlying the ability of
the visual system to �ll-in gaps in perception with the features of nearby regions. Fi-
nally, based on these �ndings and those of others, Chapter 6 presents my view on how
to assess visual cortical reorganization.

In chapter 2, we examine to what degree the di�erences in stimulation may cause changes
in measured RFs properties. In the visual cortex, RFs process di�erent spatial and tem-
poral features such as orientation, color, luminance, and temporal and spatial frequency.
A subpopulation of RFs corresponds to the aggregate of RFs that respond to a speci�c
property. Population receptive �eld (pRF) mapping captures the cumulative response
across all neuronal subpopulations within a voxel (an MRI volume element analogous
to a pixel but in 3D space). The conventional stimulus used during retinotopic mapping
is a moving high luminance contrast visual pattern (checkerboard like), which drives a
response from a wide range of neural subpopulations. While this results in a very strong
signal, it also limits the cortical characterization of speci�c neuronal subpopulations. In
Chapter 2 we used a second-order stimulus - in which the foreground pattern is delin-
eated from the background by di�erences of contrast or texture, rather than a di�erence
in luminance - to selectively stimulate the orientation sensitive subset of neurons. Our
approach resulted in signi�cant di�erences in position and size relative to the pRF es-
timates obtained with the conventional stimulus. This indicates that the recruitment of
neural resources depends on the task and/or stimulus.

In chapter 3, we present a new method to assess receptive �eld properties with great
detail. The current approaches to estimate receptive �elds (RFs) in humans require a
priori assumptions about a voxel’s RFs properties, including its shape and the number
of neuronal subpopulations. To overcome this limitation, in Chapter 3, we established
and validated a versatile brain mapping technique that captures the activity of neuronal
subpopulations with minimal prior assumptions and high resolution, which we called
Micro Probing (MP). We used MP to map the bilaterally fragmented receptive �elds that
are characteristic of congenital visual pathway disorders. Importantly, we did this with-
out using speci�c stimuli or speci�cally adapted models. In addition, our new technique
revealed – also in healthy observers – that voxels can capture the activity of multiple
subpopulations of neurons sampling spatially distinct regions of the visual �eld.

In Chapter 4 we unravel the neuronal recon�guration and cortical circuitry underlying
PM. PM plays a very important role in the masking of cortical and retinal lesions. Be-
sides being a fundamental attribute of healthy vision, PM has important implications for
the early detection of ophthalmologic pathologies. PM hinders the early self-detection
of visual �eld defects, which prevents timely diagnosis and leads to delayed treatment
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and increased risk of blindness. A marked example of this relates to the ophthalmic
pathology glaucoma, in which patients only notice their peripheral visual �eld defect
at an advanced stage. We investigated the neural mechanisms underlying PM. We used
fMRI and neural modeling to track changes in cortical population receptive �elds (pRFs)
and connectivity. We found that in response to the introduction of an arti�cial scotoma
(mimicking a lesion to the visual system), there is a system-wide recon�guration of cor-
tical connectivity and RFs. Based on these �ndings, we concluded that these changes
originate in the lateral occipital cortex (LO), are most likely guided by extrastriate sig-
nals, and that they underlie the PM of scotomas.

In Chapter 5 we present a novel method to access visual �eld loss based on MP using
only fMRI. We evaluated the accuracy and reliability of our fMRI-based techniques in
healthy participants with simulated scotomas (SS) across di�erent cortical areas (e.g.,
V1, V2 and V3). In participants with glaucoma, we compared the visual �elds obtained
with standard automated perimetry (SAP) and fMRI-based techniques. We showed that
fMRI-based reconstruction of the visual �eld enables the evaluation of vision loss and
provides important information about the function of the visual cortex. This information
may either complement standard techniques to assess the visual �eld, i.e SAP, or could
provide visual �eld information in patients unable to perform SAP.

Finally, Chapter 6, presents our view on how to study cortical neuroplasticity in oph-
thalmic and neurological disorders. We discuss recent advances to improve the reliabil-
ity and suitability of visual �eld mapping approaches for studying neuroplasticity. At
the same time, we argue that the inherent reliance of current visual �eld mapping ap-
proaches on visual input remains a major challenge for interpreting results in terms of
neuroplasticity. Therefore, to assess visual cortical reorganization, we suggest the use of
methods that do not require visual stimulation at all, such as cortico-cortical modeling.
Such approaches avoid many of the complications associated with the stimulus-driven
pRF methods. We also reviewed methods that can be used to do this, including several
recent studies that have used such techniques to study plasticity.

1.2 Background

In the following sections, I will brie�y describe the organization of a healthy visual sys-
tem and how glaucoma a�ects the visual system; I also outline some of the biologically-
inspired computational neural models used to detail the structure and connectivity of
the visual cortex.

1.2.1 Visual pathways

Light enters the eye through the cornea, and after passing through the pupil it reaches
the lens. The optics of the eye (cornea and lens together) projects an inverted image
of the outside world onto the retina (layer of photoreceptors: cones and rods), where
the light is converted into an electric (neuronal) signal (Dowling and Dowling, 2016).
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Chapter 1

This signal is transmitted via bipolar cells to ganglion cells. The axons of the ganglion
cells exit the eye through the optic disc and form the optic nerve. At the optic chiasm,
the nasal �bers from each eye decussate so that the left visual �eld is processed in the
right hemisphere and vice versa (Cotter, 1990). From the optic chiasm, the optic �bers
enter the lateral geniculate nucleus (LGN). Postsynaptic �bers leave the LGN as the optic
radiations, which terminate in the primary visual cortex (Figure 1.1).

Figure 1.1 Schematic diagram of healthy visual pathways and visual �eld maps in hu-
mans. The upper row shows the left and right visual �elds, which are processed in the contralat-
eral hemisphere after the decussation in the optic chiasm. The bottom row depicts the visual �eld
maps for left and right V1. The image is based on Ho�mann, M. B., Dumoulin, S. O. (2015).

1.2.2 Organization of the Visual cortex

The visual cortex is located in the occipital lobe and consists of a multitude of visual ar-
eas. Each visual area is retinotopically organized and processes an entire representation
of the contralateral visual space (Wandell et al., 2009). More than 16 visual areas have
been identi�ed in the human brain (Wandell et al., 2007). These areas are hierarchically
organized. V1 corresponds to the primary visual cortex, as it receives direct input from
the LGN and is the �rst location in the visual pathway where information from the two
eyes is combined. V1 is located on the calcarine sulcus and it is bounded by the areas
V2 and V3, which consists of a dorsal and a ventral area.

12



Introduction

C
ha

pt
er

1

Two important characteristics of the visual �eld maps are the following: 1) the size
of the receptive �elds increases with distance from the center of the visual �eld, i.e.,
neurons with relatively small receptive �eld sizes respond to the central visual �eld,
while neurons with larger receptive �eld sizes respond to the periphery; and 2) the size
of the receptive �eld increases with visual hierarchy, i.e. neurons in higher-order cortical
areas generally have larger receptive �eld sizes and are therefore less sensitive to spatial
location (Dumoulin and Wandell, 2008). The increase of the RF size with visual hierarchy
results from the pooling of visual information from V1 towards the temporal and parietal
lobes.

Low level features, including spatial frequency, orientation, color, and motion, are pro-
cessed by the early visual cortices (such as V1), while increasingly complex features,
such as object shape and face, are processed sequentially by extrastriate visual cortices
(Grill-Spector et al., 2001; Kanwisher and Yovel, 2006; Malach et al., 1995). The pooling
of information from V1 to higher order areas corresponds to the feedforward process-
ing of information, which is further complemented with recurrent feedback from higher
order areas to early visual areas. It is commonly assumed that the integration of feed-
forward and feedback interactions along the visual hierarchy modulates the perception
of the visual input (Morgan et al., 2018; Muckli et al., 2015).

1.2.3 Visual �eld defects

The visual �eld (VF) corresponds to the complete representation of the visual space, and
is usually measured in degrees of visual angle from �xation. The visual �eld consists of
the following components: 1) the fovea, which comprises the central 2.5 degrees from
�xation; 2) the central vision, which corresponds approximately to the central 18 degrees
diameter of the VF; and 3) the periphery, which is the area of vision outside the central
vision.

When a retinal or cortical lesion impairs processing of the complete visual scene, this
results in gaps in perception. These are known as visual �eld defects or scotomas. An
example of a natural scotoma is the blind spot, a photoreceptor-less area in the retina
where the optic nerve exits the eye (Figure 1.2). In binocular viewing conditions, the
blind spot is unnoticed because the corresponding portion of the brain still receives vi-
sual input via the other eye. However, the blind spot also remains unnoticed in monoc-
ular viewing, because the visual brain �lls in the gap. When visual �eld defects in both
eyes a�ect the same location in the visual �eld, the corresponding portion of the brain no
longer receives stimulation. Also here, the gap may remain perceptually unnoticed due
to �lling-in. The standard technique to measure the visual �eld is Standard Automated
Perimetry (SAP); a common device for SAP is the Humphrey’s Field Analyzer (HFA).
SAP probes the visual �eld in a systematic way (using a 6x6 degree grid) with a light
stimulus and measures the contrast sensitivity in comparison to that of aged-matched
controls.
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Figure 1.2 HFA printout of a participant with glaucoma (upper row) and a healthy par-
ticipant (lower row). Darker regions correspond to lower contrast sensitivity. Typical contrast
sensitivities are 35 dB for the fovea and 30 dB for the central visual �eld; black areas correspond
to a sensitivity of 0 dB or less. Every -3dB means that the contrast sensitivity is reduced by half.
Note the presence of the blind spot in the healthy subject.

1.2.4 Glaucoma

Glaucoma results from a progressive loss of retinal ganglion cells (RGCs) and a thinning
of the retinal nerve �ber layer. An increase in intraocular pressure (IOP) is the most
important risk factor in glaucoma. Glaucoma is characterized by a gradual increase in
visual �eld defects that typically start in the periphery (Weinreb et al., 2014, A. and H.,
1970). Although no cure is known, the management of glaucoma is based on lowering
the IOP using drugs (i.e eye drops), or laser therapy and various surgical procedures
intended to improve the drainage of �uid from the eye (Beidoe and Mousa, 2012). If left
untreated, glaucoma may result in irreversible blindness, so early detection is crucial.
However, the disease frequently goes unnoticed as individuals with a scotoma often do
not realize that such damage exists until an ophthalmic test is performed. Due to these
factors, glaucoma is the leading cause of irreversible vision loss worldwide (Kapetanakis
et al., 2016; Tham et al., 2014).

The delay between the onset and the diagnosis of glaucoma results from three factors:
1) the inability of patients to physically perceive high IOP, 2) visual �eld loss in one
eye can be compensated for by information from the other eye, and 3) the brain has the
capability to mask the visual �eld defect, once binocular, by predicting and interpolating
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the missing information with the visual features (color, brightness, texture, and motion)
of the surroundings. The latter is considered the main factor that is responsible for the
delay in the early detection of glaucoma.

Damage to the RGC axons, resulting from a pressure di�erence at the lamina cribrosa,
causes the death of the RCG cell bodies and a�ects the optic nerve (Burgoyne, 2011).
This suggests that changes at the level of the brain could also occur. Indeed, mounting
evidence indicates that neurodegeneration in glaucoma is not restricted to the retina and
optic nerve, but spreads along the entire visual pathway (Chen et al., 2013; Li et al., 2012;
Prins et al., 2016; Yu et al., 2013). However, the degree to which these changes a�ect the
visual cortex is highly controversial, especially the notion of functional reorganization
resulting from a prolonged lack of visual input.

1.2.5 Predictive Masking (Perceptual �lling-in)

When the information extracted from a visual scene is incomplete, the visual system at-
tempts to compensate for the gaps in perception by predicting and interpolating based
on information from nearby regions of the visual �eld. This process, known as percep-
tual �lling-in or predictive masking (PM), is essential for the stability of perception, and
it takes place regularly in various forms when people observe their surrounding envi-
ronment. For example, PM occurs when objects fall on the blind-spot, when one object
is occluded by another, or when people stare steadily for a long time at an image with
missing patches of texture (Haak et al., 2015; Weil and Rees, 2011). However, PM is also
clinically relevant. Similar to how we are unaware of the blind-spot in our eye when we
close the other eye, patients with retinal damage can remain unaware of their defects,
especially when the visual �eld defect does not a�ect foveal vision and visual acuity is
preserved. As a result, PM delays the early detection of lesions and thereby increases the
risk of blindness in progressive eye diseases. Despite its scienti�c and clinical relevance,
the neuronal origins of PM are still poorly understood.

According to the most widely supported theory, PM relies on an active neuronal pro-
cess rather than on simply ignoring the incomplete portion of the visual �eld (Komatsu,
2006; Meng et al., 2007; Weil and Rees, 2011). The neuronal activity in the lesion projec-
tion zone may result from: 1) lateral propagation of neural signals, with the spread of
activation across the retinotopic map of the visual cortex from the border to the interior
of the masked surface (De Weerd et al., 1995), and 2) cortical remapping so that the RFs
from the lesion projection zone are displaced towards the spared portion of the visual
�eld (Chino et al., 2001). This means that a set of neurons is activated in such a way that
a visual stimulus is perceived at a location in the visual �eld at which no visual input is
actually present. But how does this actually happen? Chapter 4 describes our research
to understand and model the neuronal processes underlying PM.
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1.2.6 Computational Neuroimaging

1.2.6.1 Functional Magnetic Resonance Imaging (fMRI)

Currently, it is not possible to measure the activity of single neurons with non-invasive
procedures. However, the development of non-invasive neuroimaging techniques, such
as fMRI, has enabled researchers to estimate the neuronal population activity. This
approach is possible due to the coupling between blood supply and neuronal activity.
Brie�y, fMRI uses a magnetic �eld to detect changes in blood oxygenation, which is used
as a proxy for neural activity. Increased neuronal activity elicits a need for oxygen and
glucose consumption, which is accompanied by an increase in local blood �ow (Logo-
thetis and Wandell, 2004). Changes in the ratio between oxyhemoglobin (hemoglobin
bound to oxygen) and deoxyhemoglobin (hemoglobin without bound oxygen) can be
detected due to their di�erential magnetic susceptibility and resulting e�ect on the mea-
sured magnetic resonance (MR) signal. The signal intensity will be di�erent depending
on whether neurons in a speci�c part of the cortex were active or not. Areas with high
concentrations of oxyhemoglobin (active region) produce a stronger signal than areas
with lower oxyhemoglobin levels (inactive region) (Amaro and Barker, 2006). The re-
sulting di�erences between fMRI images enable researchers to distinguish active brain
regions (with high oxygen consumption and, consequently, a high in�ux of oxygen-rich
blood) from inactive ones. The dependence of the recorded signal on blood oxygena-
tion is the basis of the technique and why it is often referred to as blood-oxygen-level-
dependent (BOLD) imaging (Ogawa et al., 1990; Ogawa and Lee, 1990).

1.2.6.2 Non-invasive measurement of receptive �elds

The combination of fMRI with biologically-inspired computational neural models has
enabled characterization of RF properties at a larger scale. For this purpose, the no-
tion of the RF has been extended to the collective RF of a population of neurons within
a voxel, which is called the population Receptive Field (pRF). The technique takes ad-
vantage of the retinotopic organization of the visual cortex. A temporally and spatially
well-de�ned stimulus systematically samples every position of the visual �eld while si-
multaneously recording the stimulus-evoked brain activity. This makes it possible to
map the topographical and neuroanatomical organization of the human visual cortex.
Biologically plausible models such as pRF mapping are now widely used for the detailed
characterization of visual cortical maps at the level of neuronal populations (Dumoulin
and Wandell, 2008). In essence, this method models the pRF as a two dimensional Gaus-
sian, where the center corresponds to the pRF’s position and the width to its size. The
model pipeline and description are presented in Figure 1.3.

In the research presented in chapters 4 and 5 we used the pRF model as a means to quan-
tify changes in the structure and function of the visual cortex in response to incomplete
visual input. We also addressed some of the limitations of this method, and in chapter 3
we proposed a model that enables the characterization of the pRF at a more �ne-grained
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level of detail.

Figure 1.3 The pRFmodeling procedure. The model describes, per voxel, how the pRF proper-
ties position (x,y) and size (σ ) are estimated. The response of a voxel to the stimulus is calculated
as the overlap between the stimulus mask (binary image of the stimulus aperture: moving bar)
at each time point and the neural model. Subsequently, the delay in hemodynamic response is
accounted for by convolving predicted time courses with the hemodynamic response function
(HRF). Finally, the pRF model parameters are adjusted for each cortical location to minimize the
di�erence between the prediction and the measured BOLD data. The best �tting parameters are
the output of the analysis. Adapted from Dumoulin and Wandell, 2008 (Dumoulin and Wandell,
2008).

1.2.6.3 Cortico-cortical models: Connective Field modeling

To fully understand the plasticity of the visual cortex, it is fundamental to complement
the characterization of the RFs with their connectivity. Cortico-cortical models may
capture the e�ects of structural reorganization and can identify which neural circuits
have the potential to reorganize and which are stable. An example of this type of model
is the connective �eld (CF) model, which applies the notion of a receptive �eld to cortico-
cortical connections (Haak et al., 2013). In our study, the neuronal response in a target
region is predicted based on the response in a source region.

The CF model, as originally proposed by Haak and colleagues (2013), assumes a circu-
larly symmetric 2D Gaussian model on the surface of the source region as the integration
�eld from source to target (Haak et al., 2013). This 2D Gaussian is de�ned by its position
(v0) and size (σ ); where d(v,v0) is the shortest distance between voxel v and the con-
nective �eld center v0, and (σ ) is the Gaussian spread (mm). Distances are calculated
across the cortical surface, using Dijkstra’s algorithm (Dijkstra, 1959; Haak et al., 2013).
The connective �eld pipeline is illustrated in Figure 1.4.
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B

V1

1
Weight

V2d

A

V2 pRF model prediction
V1>V2 CF model prediction
Measured V2 signal

Figure 1.4 A: CF pipeline as described by Haak and colleagues, 2013 (27). The model com-
prises 2 steps: 1) predict the fMRI response, p(t), by multiplying the CF model д(v0,σ ) with the
measured source fMRI signal a(v, t) and 2) estimate the CF position (v) and size (σ ) by varying
parameters and selecting the best �t between the predicted time series and the measured BOLD
signal y(t). This procedure is then repeated for every voxel in the target region. B: The V2 re-
sponse is predicted based on the pRF (stimulus driven, in blue) and the connective �eld model
(cortical driven, in red). The color map on the brain shows the V1>V2 CF model weights for a
speci�c voxel.
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Abstract

Visual �eld or retinotopic mapping is one of the most frequently used paradigms in fMRI.
It uses activity evoked by position-varying high luminance contrast visual patterns pre-
sented throughout the visual �eld for determining the spatial organization of cortical vi-
sual areas. While the advantage of using high luminance contrast is that it tends to drive a
wide range of neural populations - thus resulting in high signal-to-noise BOLD responses
- this may also be a limitation, especially for approaches that attempt to squeeze more
information out of the BOLD response, such as population receptive �eld (pRF) mapping.
In that case, more selective stimulation of a subset of neurons - despite reduced signals
- could result in better characterization of pRF properties. Here, we used a second-order
stimulus based on local di�erences in orientation texture - to which we refer as orienta-
tion contrast - to perform retinotopic mapping. Participants in our experiment viewed
arrays of Gabor patches composed of a foreground (a bar) and a background. These could
only be distinguished on the basis of a di�erence in patch orientation. In our analyses, we
compare the pRF properties obtained using this new orientation contrast-based retino-
topy (OCR) to those obtained using classic luminance contrast-based retinotopy (LCR).
Speci�cally, in higher order cortical visual areas such as LO, our novel approach resulted
in non-trivial reductions in estimated population receptive �eld size of around 30%. A
set of control experiments con�rms that the most plausible cause for this reduction is
that OCR mainly drives neurons sensitive to orientation contrast. We discuss how OCR -
by limiting receptive �eld scatter and reducing BOLD displacement - may result in more
accurate pRF localization as well. Estimation of neuronal properties is crucial for inter-
preting cortical function. Therefore, we conclude that using our approach, it is possible
to selectively target particular neuronal populations, opening the way to use pRF mod-
eling to dissect the response properties of more clearly-de�ned neuronal populations in
di�erent visual areas.
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2.1 Introduction

Retinotopic mapping uses the time-varying position of the patterns in the visual �eld
to localize the borders and determine the spatial organization of visual areas. Recent
approaches in fMRI analysis and retinotopic mapping have turned to using biologically
plausible model-based analyses to reveal more detailed properties of visual areas and
neuronal populations (Brewer, Barton, Dumoulin, 2014; de Haas, Schwarzkopf, Ander-
son, Rees, 2014; Dumoulin, Hess, May, Harvey, 2014; Dumoulin Wandell, 2008; Haak,
Cornelissen, Morland, 2012; Harvey Dumoulin, 2011; Papanikolaou, Keliris, Papageor-
giou, Shao, Krapp, 2014; Schwarzkopf, Anderson, Haas, White, Rees, 2014; Verghese,
Kolbe, Anderson, Egan, Vidyasagar, 2014; Zuiderbaan, Harvey, Dumoulin, 2012). The
most commonly used stimuli in this approach – also referred to as population recep-
tive �eld (pRF) mapping – are bar-aperture stimuli containing high-luminance contrast
reversing patterns (the carrier) presented on a blank background. However, other aper-
tures and carriers can be used for characterizing pRF properties as well (Alvarez et al.
2014, Dumoulin et al., 2014). One of the reasons for the popularity of high luminance
contrast patterns is that they tend to drive a wide range of neural populations – thus
resulting in high signal-to-noise BOLD responses. However, this ability may also be
a disadvantage for estimating detailed pRF information, as pRFs estimated using non-
selective stimuli will activate a range of cell types – with a large range of properties –
which will all contribute to the average response. Therefore, targeting a more selective
population may potentially result in more precise pRF property estimation.

Here, we test this notion and turn to using local di�erences in orientation texture (to
which we will refer as orientation-contrast). The abundance of orientation selective neu-
rons throughout early visual cortex is by now well established. However, although pre-
vious studies have shown that orientation processing can be studied using fMRI (Yacoub
et al. 2008, Freeman, Brouwer, Heeger, Merriam, 2011; Haynes Rees, 2005; Kamitani
Tong, 2005; Swisher et al., 2010) the use of orientation information for characterizing
the retinotopic speci�city of BOLD signals is still uncommon.

We reasoned that we could use orientation-contrast as a carrier to de�ne a bar-like aper-
ture by placing similar small elements throughout the visual �eld albeit with elements
having di�erent orientations in the bar and the background, Figure 2.1. As a conse-
quence, both aperture and background will be continuously stimulated. However, the
bar is visible only because of the orientation-contrast creating virtual edges. Therefore,
we expect that our stimulus selectively target only orientation-contrast selective neu-
rons. To our knowledge, our study is the �rst to use a second-order orientation-contrast
stimulus in combination with population receptive �eld (pRF) modeling to characterize
the retinotopic speci�city of BOLD signals in the human visual cortex.
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2.2 Materials and Methods

2.2.1 Participants

Prior to scanning, participants signed an informed consent form. The �ve participants
(3 female, 2 male; average age: 24; age-range: 22-27) had normal vision. Our study was
approved by the UMCG medical ethical review board.

2.2.2 Stimulus presentation

Visual stimuli were created using MATLAB and the Psychtoolbox (Brainard, 1997; Pelli,
1997). Stimuli were presented on an MR compatible display screen (BOLDscreen 24 LCD;
Cambridge Research Systems, Cambridge, UK). The screen was located at the head-end
of the MRI scanner. Participants viewed the screen through a tilted mirror attached to the
16-channel SENSE head mounted coil. Distance from the eyes to the screen (measured
through the mirror) was 80 cm. Screen size was 36 x 23 degrees of visual angle.

2.2.3 Stimulus Design

2.2.3.1 Luminance-contrast de�ned retinotopy (LCR)

For the retinotopy scan, we presented a drifting bar aperture de�ned by high-contrast
�ickering texture (Dumoulin Wandell, 2008; Harvey Dumoulin, 2011; Zuiderbaan et al.,
2012). The bar aperture moved in 8 di�erent directions (four bar orientations: horizontal,
vertical and the two diagonal orientations), with for each orientation two opposite drift
directions). The bar consisted of alternating rows of high-contrast luminance checks
drifting in opposite directions. The bar moved across the screen in 16 equally spaced
steps each lasting 1 TR. The bar contrast, width and spatial frequency were respectively
10%, 2.5 degrees and 0.5 cycles per degree. After each pass and a half, 12 seconds of a
blank stimulus at mean luminance was presented full screen.

2.2.3.2 Orientation contrast de�ned retinotopy (OCR)

The orientation-contrast de�ned retinotopy stimulus (OCR) was designed in such a way
that the aperture size and shape and movement of the aperture approximately corre-
sponded to that of the conventional LCR stimulus. By doing so, we preserved the spatial
attributes of the visible larger-scale object (the bar aperture). However, instead of a
blank grey background and a luminance contrast-de�ned bar, both the background and
the aperture bar consisted of small oriented Gabor patches. Bar and background could
be distinguished from each other on the basis of their di�erent base orientations, Figure
2.1. The OCR stimulus consisted of a �eld of small Gabor patches (GB) that �lled the
entire screen. Gabors were positioned in a [90 x 56] grid covering the entire screen.
The width and spatial frequency of the gabor patches were respectively 0.33 deg and 3
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cycle per degree. Gabor center-to-center distance was 0.4 deg and sigma of the Gaus-
sian envelope was 0.21 deg. Absolute orientation of the Gabors varied randomly and
was refreshed every 125 ms. A relative di�erence in base-orientations between fore-
and background of 45° revealed the bar aperture from the background. The bar moved
across the screen in 20 equally spaced steps each lasting 1 TR. The bar width was iden-
tical to the LCR. The contrast of the individual Gabor elements was 30%. The position
of each Gabor’s center varied randomly between 0-0.06 deg to reduce adaptation. In the
edge model (Figure 2.1d) the width of the edge was 0.73 deg (the size of a Gabor plus the
center-to-center distance).

2.2.4 Stimulus Design

2.2.4.1 Image acquisition

Scanning was carried out on a 3 Tesla Philips Intera MR-scanner using an 8-channel
receiving SENSE head coil. A T1-weighted scan covering the whole-brain was recorded
to chart each participant’s cortical anatomy. The functional scans were collected using
T2*-weighted echo-planar imaging sequences, with a �ip angle of 80°, a TR of 1.5 second
and a TE of 30 ms, and a voxel size of 2.3 mm isotropic. Each functional scan consisted
of 24 slices aligned parallel to the calcarine sulcus.

2.2.4.2 Experimental Procedure

Participants were scanned using both the standard luminance-contrast de�ned retino-
topy (LCR) and our new orientation contrast-de�ned retinotopy (OCR) in two di�erent
sessions of approximately 1 hour. For LCR (OCR) a single run consisted of 136 (188) func-
tional images (duration of 204 s and 282 s respectively). Eight prescan images (duration
of 12 s) were discarded.

In the �rst session, the anatomical scan and the LCR experiment (8 runs) were performed.
In the second session, the OCR experiment (10 runs for four and 11 runs for one subject)
was performed. During scanning, participants were required to perform a �xation task
in which they had to press a button each time the �xation point turned from green to
red. The average (std. err) performance on this task was 82% (±5%) for the LCR and 84%
(± 4%) for the OCR.

2.2.4.3 Prepossessing

The functional imaging data were pre-processed and analyzed using the mrVista soft-
ware package from Stanford University (http://white.stanford.edu). The T1-weighted
whole-brain anatomical images were re-sampled to a 1 mm isotropic resolution. Auto-
matic gray and white matter segmentation was carried out with FSL software (Smith
et al., 2004) and subsequently edited manually. The cortical surface was reconstructed
at the white/gray matter boundary and rendered as a smoothed 3D mesh (Wandell et
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al., 2007). The functional scans were within and between scans motion corrected and
aligned to the �rst scan of every session. The anatomical and functional scans were
coregistered.

Figure 2.1 Example of the stimuli andmodels used to obtain pRF parameter estimates. A:
Example bar aperture stimuli for Luminance-Contrast (LCR) and B: Orientation-Contrast (OCR)
de�ned Retinotopy. C: Stimulus model matrix used in the LCR and OCR-�eld (OCRf) population
receptive �eld (pRF) analyses. D: OCR-edge (OCRe) matrix used in an additional pRF analysis of
the OCR data.
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2.2.4.4 Population Receptive Field (pRF) modeling

For both stimulus types (LCR and OCR), population receptive �eld analysis was per-
formed on the functional MRI data (Dumoulin and Wandell, 2008). For each voxel, a
2D-Gaussian model was �tted with parameters x0, y0, and σ where x0 and y0 are the re-
ceptive �eld center coordinates and σ is the spread (width) of the Gaussian signal, which
is also the pRF size. We used SPM’s canonicaldi�erence of gammas for the HRF model.
All the parameter units are in degrees of visual angles and stimulus-referred.

We analyzed the responses to the OCR stimuli also using a second (edge) model, that
assumes that only neurons in a region near the (virtual) border between the fore- and
background of Gabor patches are activated by the stimulus, Figure 2.1D.

2.2.5 Statistical analysis

Data was thresholded by retaining the pRF models that explained at least 20% (10% for
the maps shown in Figure 2.3) of the variance in the BOLD response and that had an
eccentricity in the LCR analysis in the range of 2-9 degrees. Unless mentioned otherwise,
for the analyses, results (i.e. pRF model parameters) were binned over eccentricity, in
1-degree bins, separately for each hemisphere. Statistical analysis was performed using
repeated measures ANOVA, with ROI, pRF model (LCR, OCR), hemisphere (LH, RH) and
eccentricity-bin as within subject parameters. Due to the modest study population size,
participant was not treated as random e�ect. A p-value of 0.05 or less was taken to
indicate signi�cant results.

2.3 Results

In this study, we use second order orientation-contrast de�ned stimuli to perform retino-
topic mapping (Orientation Contrast Retinotopy, abbreviated as OCR) and use popula-
tion receptive �eld (pRF) modeling to analyze the data. We compare results to Luminance
Contrast Retinotopy (LCR). To preview our main results, we �nd that in general, pRF
sizes obtained with OCR are smaller than those obtained with LCR. This is most notable
in ventral cortical areas (LO1 and LO2). Moreover, while there are small shifts in the pRF
locations in early visual cortex (V1-V4), in the higher order ventral areas (LO1 and LO2)
we �nd substantially lower pRF eccentricities. EV as a function of eccentricity tended
to be lower but more stable for OCR than for LCR. OCR and LCR derived maps of visual
cortex are highly comparable.

2.3.1 Comparison of BOLD signals evoked by LCR and OCR stimuli.

Figure 2.2b shows representative time-series for OCR and LCR stimuli. Figure 2.2c shows
the average standard deviation of the signal in various ROIs (V1, V2, V3, hV4, LO1 and
LO2). It is clear that the signal modulation evoked by OCR stimuli is smaller than that
evoked by LCR stimuli. Remarkably, for LCR, the signal variation (standard deviation)
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is markedly smaller for higher (LO1, LO2) than for lower order (V1-4) areas. The low
response modulation to the LCR type stimulus in these areas is a common �nding (Du-
moulin and Wandell, 2008, Brewer et al., 2005; Larsson and Heeger, 2006; Wandell et al.,
2005). For OCR, signal variation is comparatively lower but stable over areas.

Figure 2.2 a) Coverage maps showing the location and size of the pRF for a single representative
V1 voxel as determined for the LCR (left) and OCR (right) condition. The coverage map shows the
region in visual space to which the voxel responded, as determined by pRF modeling. b): BOLD
time-series and pRF model predictions for the same V1 voxel during the presentation of LCR (data:
blue; �t: cyan) and OCR (data: red; �t: pink) stimuli, c): Mean of the standard deviation of the
BOLD time series (in arbitrary units) for di�erent ROIs for LCR (blue) and OCR (red) stimuli.
Average results for 5 participants, 2 hemispheres each. Error bars indicate the standard error of
the mean over hemispheres.

2.3.2 Comparison of LCR and OCR derived retinotopic maps

Figure 2.3 shows polar angle, eccentricity and pRF size maps obtained for LCR and OCR
stimuli projected onto the in�ated hemisphere of a representative participant. This vi-
sualization shows that overall, the maps and ROI borders obtained with OCR and LCR
are very comparable. For OCR, it can be appreciated that in the extrastriate regions, pRF
sizes are generally smaller (less red).
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Figure 2.3 Polar angle, eccentricity and pRF size maps for the right hemisphere of par-
ticipant S04 obtained with luminance- and orientation-contrast (�eld) de�ned stimuli.
In all cases, the explained variance threshold was set to 0.1. Dark blue lines indicate ROI borders.
The maps for the �eld and edge model analysis of the orientation-contrast de�ned stimuli were
nearly identical and are therefore not shown separately.

2.3.3 Comparison of voxel-wise pRF eccentricities for LCR and OCR

Figure 2.4 compares the eccentricities assigned to each voxel based on the results of
the pRF analysis in the OCR and LCR model conditions. In early visual cortex (V1-
V4) the eccentricities assigned are quite comparable, evident from the relatively small
deviation from oblique. For LO1 and LO2, the eccentricities assigned di�er much more
substantially, with most eccentricities being smaller for OCR.

There was a signi�cant three-way interaction between ROI, condition and eccentricity
(F(35, 140)=3.99, p<0.01) indicating that the di�erences on the estimated eccentricity
assigned by OCR and LCR are larger for higher order compared to the early visual areas.
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Figure 2.4 Eccentricity assigned to each voxel based onOCRand LCR for 6 di�erent ROIs.
LCR-assigned pRF eccentricity is shown on the x-axis. while eccentricity assigned based on the
OCR model analysis is shown on the y-axis. Average results for 5 participants, 2 hemispheres
each. Error bars indicate the standard error of the mean over hemispheres.

2.3.4 Comparison of voxel-wise pRF sizes for LCR and OCR

Figure 2.5 shows pRF sizes estimated based on the pRF modeling in the LCR and OCR
condition, as a function of the eccentricity assigned by each of the respective model anal-
yses. As is commonly observed, pRF size increases with eccentricity. This was compara-
ble for all conditions and ROIs. In general, the pRF sizes determined based on the OCR
analyses were somewhat smaller than those determined based on the LCR analysis. The
di�erence in pRF size between conditions was most prominent for V4, LO1 and LO2. The
three-way interactions between condition, ROI and eccentricity (F(35, 140)=4.23, p<0.01)
was signi�cant, indicating that the di�erence in estimated size is larger for higher order
areas.

2.3.5 Comparison of voxel-wise pRF sizes for LCR and OCR

Figure 2.6 shows pRF size as a function of EV. For the early visual areas, pRF size does
not appear to depend on EV. However, for the extrastriate areas hV4, LO1 and LO2, there
is a di�erence between LCR and OCR. For LCR, pRF size does depend on EV, with lower
EV models resulting in larger pRFs in particular for high order areas. This dependence
of pRF size on EV is not observed for the OCR stimulus.

30



A second-order orientation-contrast stimulus for population-receptive-�eld-based
retinotopic mapping

C
ha

pt
er

2

Figure 2.5 Average pRF size plotted as a function of pRF eccentricity (as assigned by each
respective model analysis) for six di�erent ROIs. Eccentricity was binned in bins of 1 deg.
Average results for 5 participants, 2 hemispheres each. Error bars indicate the standard error of
the mean over hemispheres.

Figure 2.6 pRF size as a function of explained variance (EV) for six di�erent ROIs. EV was
binned in bins of size 0.1. Each bin shows the average results for 5 participants, 2 hemispheres
each. Note: OCR misses data points in some ROIs, as there were no models with this level of EV.
Error bars indicate the standard error of the mean over hemispheres.

Figure 2.7 summarizes several of our results over ROIs. For the OCR data, the results for
an additional analysis using a di�erent stimulus model (OCR edge) were added. The pRF
size determined for OCR and LCR di�ered for the various ROIs (F(5, 20)=16.2 p<0.01).
While pRF size increases monotonically from lower to higher order visual areas for both
LCR and OCR, this e�ect was most pronounced for LCR, Figure 2.7 A.
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The edge model estimated the smallest pRF sizes, on average. Figure 2.7 B plots the
same data, but in terms of an average reduction in pRF size. It shows that the use of
OCR resulted in average pRF size reductions of up to 38%. Finally, Figure 2.7 C shows
the average EV in each ROI. The average EV determined for the di�erent conditions
di�ered for the various ROIs. Using di�erent models for the OCR data did not a�ect EV.
For LCR, EV decreased for higher order areas compared to V1-V3. For OCR, EV increased
slightly from V1 to V3, and peaked in LO1.

Figure 2.7 Summary of average results for the di�erent ROIs. Also the results of an addi-
tional analysis for the OCR data using a di�erent model (OCR edge, Figure 2.1D) are shown. A:
Comparison of pRF sizes. For each observer and ROI, pRF size was averaged over the eccentric-
ity bins as shown in Figure 2.5. B: Same data but plotted in terms of pRF size reduction ((LCR-
OCR)/LCR*100%). C: Average explained variance for each ROI. For each ROI, explained variance
was averaged over eccentricity bins. Error bars show standard error of the mean over hemisphere.

2.4 Conclusion

Our results thus far suggest that using the OCR stimulus results in pRF estimates that are
distinctive from those obtained using the standard LCR, in particular for higher order
areas LO1 and LO2. However, before being able to attribute this to more selective stimu-
lation, a number of control conditions are required. The OCR stimulus di�ered from the
LCR stimulus not only in the application of orientation contrast, but also in a number
of low-level stimulus aspects. Therefore, we performed a control experiment aimed at
verifying the possible in�uence of these low-level stimulus factors on the estimation of
pRF properties. We examine the potential in�uence of: 1) a reduction in contrast energy
of the stimulus, 2) the presence of a continuous background, and 3) an increase in the
stimulus’ main spatial frequency.

2.4.1 Methods (Control Experiment)

Unless indicated otherwise, the methods were similar to those described previously.
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2.4.1.1 Participants

The control experiments were performed by 2 of the original participants that were also
included in the main experiment (1 female, 1 male, ages 24 and 26).

2.4.1.2 Stimulus Design

We created three variants of the LCR bar stimulus, depicted in Figure 2.8. A) The stan-
dard LCR stimulus, but rendered at a much lower luminance contrast (2%). B) A standard
high-contrast LCR with smaller checks with a main spatial frequency more comparable
to that of the OCR stimulus (4 cycles per deg). C) The standard LCR stimulus bar super-
imposed on a continuous dynamic high-contrast (100%) white noise background.

Figure 2.8 Stimuli used in the control experiment. A: Low contrast LCR (2% contrast) B: High
spatial frequency LCR (100% contrast, 4 cycles per degree). C: LCR with continuous dynamic high
contrast (100%) white noise background present.

2.4.1.3 Experimental procedure

The participants were scanned using the standard and the various new LCR stimuli in 2
di�erent sessions of approximately 1.5 hours each. In each session, the di�erent stimuli
were presented in a pseudo-random order.

2.4.1.4 Results and Conclusion (Control Experiment)

Figure 2.9 summarizes the results for the control experiment. The average standard de-
viation of the BOLD signal for the various LCR paradigms varied substantially. Despite
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this, the average estimated pRF sizes did not di�er substantially for most of the LCR
stimulus variants. However, as in the main experiment, in LO1 – and LO2 in particular
– the average pRF size was substantially lower for the OCR than for most LCR variants.
In V1- LO1, but not LO2, adding a noise background to the LCR stimulus also resulted
in smaller pRF sizes. The di�erence in EV between stimulus paradigms was substantial.
Again, we also see that EV is more stable over ROIs for OCR than for most LCR vari-
ants. Importantly, however, there is no obvious relationship between the average signal
standard deviation, the model EV and the pRF size estimated for the various ROIs. We
conclude that OCR results in smaller pRF sizes in area LO1 and LO2, which cannot be
accounted for by any single low-level stimulus factor or signal-to-noise of the BOLD
signal.

Figure 2.9 Summary of results for the control experiment using 5 di�erent stimulus
paradigms.A: Mean of the standard deviation of the BOLD time series (in arbitrary units) for
di�erent ROIs. B: Comparison of average pRF size in the di�erent ROIs. C: Comparison of aver-
age EV in the di�erent ROIs. Average results for 2 participants, 2 hemispheres each. Error bars
indicate the standard error of the mean over hemispheres.

2.5 Discussion

Visual �eld maps derived from OCR and LCR were qualitatively similar. Only small and
non-systematic di�erences in border locations were present. Hence, for determining the
general layout of visual cortical maps, OCR holds no clear advantage over LCR. How-
ever, in general, the estimated pRF sizes were meaningfully smaller for OCR compared
to LCR. In addition, for LO1 and LO2, the voxel-wise estimated pRF eccentricities were
generally lower for OCR than for LCR. Below, we will discuss the origin of these di�er-
ences in pRF estimates and argue they are desirable and – despite the lower EV for OCR
– most likely more accurate. Our conclusion is that for pRF characterization, the use of
a second-order orientation-contrast de�ned stimulus holds advantages over a standard
luminance-contrast based stimulus – in particular for higher order areas. Below, we dis-
cuss this in more detail, as well as the implications for understanding pRF modeling and
cortical organization and function.
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2.5.1 OCR selectively targets orientation-contrast sensitive neurons

The pRF modeling based on OCR generally assigned smaller pRF sizes to voxels. One
reason for this might be that the estimated pRF size depends on the signal modulation
(signal-to-noise ratio) of the BOLD signal. Can di�erences in signal modulation also
explain di�erences in estimated pRF size?

First, in our control experiment a number of LCR variants were used that also resulted
in a substantially reduced BOLD signal modulation, Figure 2.9a. However, overall, this
did not obviously a�ect pRF size estimation, Figure 2.9b. So, this general observation
argues against a direct link. The supplementary information (Figure S2.1) contains a
further analysis that also argues against this link.

To further answer this, we will assess the possible causes of the reduced signal mod-
ulation. Unlike in LCR, in OCR the entire stimulus was continuously stimulated in an
identical manner for bar and background – except for Gabor orientation. Three mecha-
nisms might explain the reduced BOLD signal modulation in OCR, as we observed. The
�rst mechanism is a hemodynamic one. The stimulation will evoke a BOLD response
in a large cortical region, i.e. the representation of the entire stimulus, thereby limit-
ing the amount of blood available to the cortical region stimulated by the bar aperture
only. Therefore, background stimulation will lead to a decrease in BOLD amplitude. This
process is known as “hemodynamic stealing” (Shulman et al, 1997; Allison et al, 2000;
Shmuel et al 2002; Olman et al., 2007).

In the control experiments, the addition of a background to the LCR stimulus had a
substantial e�ect on signal modulation in areas V1-V4, but little to no in�uence in LO1
and LO2, Figure 2.9a. In areas V1-L01, the reduced signal modulation is accompanied by
a reduction in estimated pRF size, Figure 2.9b. However, in particular for LO2, despite
a comparable signal modulation for the OCR and LCR-with-background conditions, the
di�erence in estimated pRF size is very large. This suggests that the reduced signal
modulation by itself is not the cause of the smaller estimated pRF size.

The second mechanism is a neural one, and is generally referred to as surround suppres-
sion, also referred to as lateral inhibition. Surround suppression in�uences the activity
of a neuron due to the activity of neighboring neurons and also a�ects the magnitude of
the BOLD response (Zenger-Landolt and Heeger, 2003, Chen 2014, Williams et al, 2003
and Pihlaja et al, 2008). Depending on the similarity of stimulus and background, e.g. in
terms of orientation, surround suppression can either enhance or reduce responses. For
OCR, given the di�erence in orientation between the bar and the background, it would
be expected to increase the amplitude and sharpness of the neural response to the tex-
ture boundaries. In accordance, the edge model did indeed result in slightly smaller
pRFs than the �eld model. However, if surround suppression were an important cause
of the reduced pRF size observed for OCR, we would have expected that the edge model
would also have provided a signi�cantly better �t to the data. This is not the case, Figure
7c. This suggests that surround suppression is not a likely explanation for the observed
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e�ect.

A third and �nal mechanism is based on the population characteristics of the pRF and the
selectivity of the OCR stimulus. The pRF measures the collective RF of all active neurons
in a voxel. Our second-order stimulus only drives a subset of those neurons – namely
the ones that are sensitive to orientation contrast. First, driving a subset of neurons
will result in a lower signal modulation. This is expected, given the correlation between
the size of the estimated receptive �eld and the volume of integrated activity (Land et
al. 2013). Second, it is quite conceivable that this subpopulation has a smaller and less
scattered collective RF than that of all neurons that are driven by the LCR stimulus –
which would include orientation-selective and non-selective neurons, luminance- and
luminance-contrast sensitive neurons as well as e.g. motion sensitive neurons. Given
that the other explanations fall short, we deem this latter explanation the most likely
one.

2.5.2 Desirable features of OCR

However, a feature of OCR was that the signal modulation and the EV of the pRF models
– while lower than for LCR – remained relatively stable over ROIs. In contrast, the LCR
pRF models tended to show a decrease in EV when moving up the visual hierarchy.
Hence, although the EV of OCR models is lower – amongst others related to the lower
signal modulation – the models tended to have very comparable explanatory value for
all cortical ROIs. We consider this an advantage when comparing functional properties
over di�erent cortical areas.

For early visual areas, pRF size did not depend on model EV for either OCR or LCR.
However, for LCR in higher order areas, we found that pRF size does depend on EV,
with models with a lower EV resulting in substantially larger pRFs, Figure 2.6. Given
that on average EV tended to be lower for higher order areas (Figure 2.7c), potentially,
this could result in overestimating pRF sizes in these areas when using LCR. For OCR –
also in the LOs – pRF size was largely independent of EV, which we consider another
desirable feature of this paradigm.

The work of Olman, Inati Heeger, 2007 suggests why using a second order stimulus
may result in spatially more accurate pRFs. They found that large pial veins can result
in a displacement of the BOLD signal in the stimulated cortical region. They also found
that displacement was reduced when the stimulus was alternated with its complement.
During pRF mapping BOLD displacement may lead to mislocalization and incorrect es-
timation of pRF properties. In a similar fashion, continuous stimulation of both the bar
and the background – which can be regarded as the simultaneous presentation of the
bar stimulus and its complement– may also reduce this BOLD displacement and im-
prove the retinotopic spatial accuracy. Reduced BOLD displacement may at least partly
explain why also the LCR with a continuous background resulted in a reduction in pRF
size in various areas (albeit not LO2). Therefore, part of the e�ect of using a second order
stimulus may be due to the addition of a continuous background, yet it cannot explain

36



A second-order orientation-contrast stimulus for population-receptive-�eld-based
retinotopic mapping

C
ha

pt
er

2

the full range of our present �ndings in higher order areas. Irrespective, even though
the exact mechanisms remain a bit elusive, it means that using a second order type of
stimulus will improve accuracy of the pRF estimates.

Estimating smaller pRF sizes may also improve spatial accuracy. As we argue in the
supplementary information (Figure S2.2), it may reduce the in�uence of cortical magni-
�cation on pRF mapping. We conclude that – in particular for studying the pRF proper-
ties of higher order visual areas and for inter-area comparison of pRF properties – the
second order OCR paradigm holds advantages over the standard LCR paradigm.

2.5.3 Relevance for understanding cortical function

Estimating more accurate pRF sizes and locations for a particular cortical area has im-
plications for understanding its function. Based on the OCR data, the group of voxels
included in our present LO ROIs turn out to process much smaller sections of the visual
�eld, lower eccentricity estimates, and with much higher resolution, smaller pRF sizes.
In other words, whereas on the basis of LCR activity these ROIs would be described as
areas that coarsely analyze a fairly substantial section of the visual �eld, the OCR based
analysis suggests that these ROIs actually scrutinize the fovea and parafovea. This makes
sense in the context of their presumed role in object recognition (Grill-spector, Kourtzi,
Kanwisher, 2001).

A di�erent way to probe cortical function is by using di�erent models to analyze the
same functional data. OCR stimuli may potentially inform about the early stages of
object-related processing. For this goal, we tested two models. In the OCR edge analy-
sis, the assumption was that the primary signals are evoked by the local di�erences in
orientation at the edges. In the OCR �eld analysis, the assumption was that fore- and
background signals are based on stronger grouping for similarly oriented Gabors (e.g.
Parkes, Lund, Angelucci, Solomon, Morgan, 2001). For this reason, we also included the
aperture’s surface in the de�nition of the stimulus. EV was highly similar between the
two OCR models as were the maps obtained with the two OCR models. PRF eccentric-
ity estimates were highly comparable between models, while only pRF size estimates
were somewhat smaller for the edge model, in particular in areas V1-V3. Consequently,
although results were slightly di�erent, neither model provided a superior explanation
for the signals evoked by the orientation-contrast stimuli. Perhaps using stimuli with
wider bars may enable a better distinction between these models.

The EV for the LCR-based pRF models, as well as the standard deviation of the raw BOLD
signal, dropped for V4 and the LOs compared to that for V1-V3. In contrast, for OCR,
the EV remained relatively stable over areas and even peaked in LO1. This suggests
a more equivalent sensitivity of early and later regions to second order stimuli, such
as those based on orientation contrast. This �nding corroborates a patient study that
indicated that V1 is su�cient to process simple orientation discrimination tasks but that
ventral extra-striate regions are required to properly detect texture boundaries (Allen,
Humphreys, Colin, Neumann, 2009).
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2.5.3.1 Limitations

The Gabor patches in the current experiment were all of similar size. In a recent study,
eccentricity scaling had a signi�cant e�ect on goodness of �t and pRF size estimates
(Alvarez, de Haas, Clark, Rees, Schwarzkopf, 2015). Future experiments could consider
scaling the Gabor patches with eccentricity. It also remains to be determined conclu-
sively whether the eccentricity di�erences for OCR and LCR are a consequence of sig-
nal leakage. More accurate pRF models that take BOLD leakage into account could also
prove useful in this realm.

For logistic reasons, the LCR and OCR paradigms presently used were very similar, but
not identical in terms of scan and run duration. Future experiments could consider us-
ing identical spatio-temporal pro�les for both stimulus types. The signals evoked by
LCR and OCR di�ered in BOLD amplitude. The lower amplitude signal for OCR was
somewhat o�set by a longer overall sampling duration for OCR than for LCR. Neverthe-
less, even though there were a few more and somewhat longer OCR sessions, this still
resulted in models with lower explained variance. Future experiments could consider
using lower contrast LCR stimuli to equalize this aspect and evaluate the consequences
thereof on EV and pRF property estimates.

2.5.3.2 Future studies

Our current pRF analyses were based on the assumption that the orientation contrast of
the Gabors in the OCR stimulus forms illusory edges and that the Gabors are grouped
into objects based on the orientation di�erences. More detailed – and therefore poten-
tially more informative – models could be created that take the actual orientation of each
Gabor in each frame into account when modeling the BOLD responses. Such detailed
models could also be used to explicitly predict both excitatory and inhibitory responses
e.g. based on saliency models (Zhaoping 2008). Moreover, also periods of blank back-
grounds, i.e. Gabors only present in or outside the bar aperture or no Gabors present at
all, could be included. This could result in a stimulus that integrates the properties of
the current OCR and LCR stimuli.

Our �nding that adding a dynamic background to a conventional retinotopic mapping
stimulus does reduce pRF size in early visual areas is an interesting secondary �nding
that warrants further study. As this in�uence was completely absent in LO2, the reduc-
tion appears to be caused for di�erent reasons than the reduction in size observed for the
OCR. Irrespective, researchers interested in improving the resolution of pRF estimation
in early areas – yet preferring to continue using a more conventional stimulus – could
consider making this relatively straightforward change to their paradigm.

The here presented second-order stimulus is very versatile. Other visual aspects could
be tested for by using Gabor patches at various levels of orientation-contrast, various
spatial or temporal frequencies, chromatic di�erences or other aspects that could result
in �gure-ground segmentation. By varying Gabor similarity and inter-Gabor distance,
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the Gabor �elds could also be used to study feature integration and crowding. Finally, at
higher fMRI �eld strengths, the laminar layers that evoke OCR related BOLD responses
could be studied, and whether this di�ers from the classical LCR (De Martino et al., 2013;
Muckli et al., 2015).

2.6 Conclusion

Population receptive �eld properties estimated based on a second-order orientation-
contrast de�ned stimulus di�er from those obtained using a classic luminance contrast
de�ned stimuli. For retinotopic mapping and understanding cortical function, this can
have important implications. For this reason, we conclude that OCR –because of its
smaller pRFs, more accurate eccentricity mapping and relatively stable EV behavior over
eccentricity and ROI, and despite evoking somewhat lower amplitude signals – would
be the method of choice for characterizing higher order visual areas and for comparing
pRF estimates between higher and lower order areas. Note that we are not advocating
that our new stimulus should replace the traditional high-contrast stimulus in all cases.
In our view, our work points out that one should carefully consider what aspect(s) of
visual processing one wants to study and use (or design) a mapping stimulus that best
characterizes that aspect. This may be the traditional luminance-contrast stimulus, our
new orientation-contrast stimulus, or a di�erent stimulus altogether. Finally, our control
experiments demonstrate that the standard retinotopy paradigm appears rather robust
to changes in contrast and spatial frequency of the stimulus. Depending on the goal of
one’s study, this can be considered an advantage or a limitation.
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2.9 Supplementary Information

2.9.1 Relationship between signal modulation and estimated pRF size

We have looked into the e�ect of signal modulation on estimated pRF size. We binned all
voxels of all observers and ROIs according to the standard deviation of the time series,
and determined the average pRF size for the binned voxels in both the OCR and LCR
conditions. This analysis indicates that lower signal modulation does not necessarily
result in smaller pRFs (if anything, the opposite trend can be observed). We conclude
that lower signal-to-noise does not necessarily result in smaller pRF sizes.
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Figure S2.1 Estimated pRF size in function of the standard deviation. All the voxels of the
6 ROIs and for the 2 conditions were binned in bins of 0.2 Stdev of the time series. The average
pRF size was calculated for the binned voxels. Error bars show standard error.

2.9.2 How smaller pRF sizes may also result in more accurate pRF
estimates

In higher level visual cortex in particular, we observed systematic di�erences in the
voxel-wise assigned eccentricities between LCR and OCR models. In those areas, the
eccentricity estimated on the basis of OCR was reduced compared to that for LCR. Figure
S2.2 suggests how smaller pRFs may also result in less eccentric – and more accurately
located – pRFs. The pRF method estimates pRF size and location based on the time-
varying BOLD signal of a voxel. This signal is the combination of BOLD evoked locally
and signal “invaded” from neighboring voxels – due to BOLD spreading. The in�uence
of spreading will be symmetric at the level of the visual cortex. However, due to cortical
magni�cation it will exert an asymmetric e�ect on the pRF at the level of the visual
�eld (see the lower part of Figure S2.2; the current method assumes symmetric receptive
�elds). As a consequence, BOLD spreading will increase both the estimated size of a pRF
and force its modeled location towards an – inappropriately – higher eccentricity. Put
di�erently, the location of smaller pRFs will be estimated more accurately than that of
larger pRFs. For this reason, the e�ect may be most prominent in higher order areas as
those areas contain neurons with larger receptive �elds.
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Figure S2.2 Sketch to explain how a reduction in pRF size may result in more accurate
estimation of eccentricity based on BOLD spreading and cortical magni�cation. Shown
is a row of voxels that encode consecutive sections of the visual �eld (due to cortical magni�ca-
tion the section of visual �eld represented by each voxel expands with eccentricity). Bold activity
evoked in neighboring voxels (green and blue) will spread to the target voxel (red) and – for the
pRF modeling – be indistinguishable from BOLD activity evoked locally in the target voxel. Based
on modeling of the activity evoked in the voxel itself, the red circle indicates the pRF size and
its eccentricity. However, due to BOLD spreading, signal from immediately neighboring (green)
voxels will invade the target voxel, thereby slightly increasing the estimated pRF size and eccen-
tricity. If BOLD spreading is more pronounced, also signal from more remote (blue) voxels will
invade the target voxel and an even larger pRF size and more eccentric location will be estimated.
Note how with increasing BOLD spreading, the dots indicating the position of the pRF’s center
shift towards higher eccentricity. This is because while spreading is symmetrical at the level of the
cortex – due to cortical magni�cation – its e�ect on the pRF will be asymmetrical when projected
onto the visual �eld, thus shifting the pRF location towards higher eccentricity.
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Abstract

The characterization of receptive �eld (RF) properties is fundamental to understanding
the neural basis of sensory and cognitive behaviour. The combination of non-invasive
imaging, such as fMRI, with biologically inspired neural modeling has enabled the estima-
tion of population RFs directly in humans. However, current approaches require making
numerous a priori assumptions, so these cannot reveal unpredicted properties, such as
fragmented RFs or subpopulations. This is a critical limitation in studies on adaptation,
pathology or reorganization. Here, we introduce micro-probing (MP), a technique for �ne-
grained and largely assumption free characterisation of multiple pRFs within a voxel. It
overcomes many limitations of current approaches by enabling detection of unexpected
RF shapes, properties and subpopulations, by enhancing the spatial detail with which we
analyze the data. MP is based on tiny, �xed-size, Gaussian models that e�ciently sam-
ple the entire visual space and create �ne-grained probe maps. Subsequently, we derived
population receptive �elds (pRFs) from these maps. We demonstrate the scope of our
method through simulations and by mapping the visual �elds of healthy participants and
of a patient group with highly abnormal RFs due to a congenital pathway disorder. With-
out using speci�c stimuli or adapted models, MP mapped the bilateral pRFs characteristic
of observers with albinism. In healthy observers, MP revealed that voxels may capture
the activity of multiple subpopulation RFs that sample distinct regions of the visual �eld.
Thus, MP provides a versatile framework to visualize, analyze and model, without restric-
tions, the diverse RFs of cortical subpopulations in health and disease.
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3.1 Introduction

Over the past decade, our understanding of human brain function, organization and plas-
ticity has increased tremendously. An essential contribution to this success has come
from the ability to characterize the receptive �eld (RF) properties of neurons. The �rst
electrophysiological measurements of those receptive �eld properties (in monkeys and
cats) showed that the visual cortex is retinotopically organized and contains multiple
maps representing the visual �eld (Hubel et al., 1977; Hubel and Wiesel, 1974a, 1974b).
The development of non-invasive neuroimaging techniques, such as fMRI, opened a
window to study brain activity directly in humans, albeit at a somewhat coarser scale.
A subsequent boost to the �eld of visual neuroscience came from the development of bi-
ologically plausible computational models, which enable detailed characterization, also
in humans, of the collective stimulus-referred RF of a population of neurons (Dumoulin
and Wandell, 2008). Such detailed characterization is essential for linking brain func-
tion and behavior and understanding brain plasticity (for reviews, see e.g. (Dumoulin
and Knapen, 2018; Haak et al., 2012; Wandell and Smirnakis, 2009)). In recent years, the
approach has been extended towards neural-referred pRFs (Haak et al., 2013) and other
perceptual domains, such as audition and numerosity (Harvey et al., 2015; Thomas et
al., 2015).

Brie�y, conventional population RF (pRF) mapping employs biologically inspired mod-
els to predict the neural tuning pro�les per voxel, by systematically stimulating well
de�ned portions of the visual �eld while recording the stimulus evoked activity using
fMRI. Given that a standard voxel of (3mm3) captures the cumulative activity of 1 million
of neurons, a pRF assesses the aggregate response across all neuronal subpopulations
present within a voxel and thus primarily represents the most vigorously responding
subpopulation. The standard approach requires making a priori assumptions about the
spatial, temporal and feature-selective properties of the pRF. For example, the number
of pRFs per voxel is often assumed to be one and the pRF is assumed to be circular sym-
metric. However, such assumptions limit the ability to reveal unexpected pRF shapes,
properties and subpopulations. To advance our understanding of visual processing and
cortical organization, approaches that can capture more �ne-grained properties of dis-
tinctive subpopulations would be required. In particular, characterization of the shape
of RFs may reveal its selectivity and speci�city (Chapin, 1986; DeValois, 1982; Finlay et
al., 1976; Merkel et al., 2018; Ringach, 2002; Silson et al., 2018a). An example of a model
that results in a detailed characterization of the RF structure is the single unit recep-
tive �eld (suRF). By modelling the neuronal activity with Gabor functions, suRF enables
estimation of the size of an average single-neuron RF (Keliris et al., 2019).

An analytical model that makes minimal a priori assumptions – enabling advanced pRF-
mapping techniques – could be used to study visual pathologies, which are often charac-
terized by highly atypical cortical pRF shapes. In such conditions, asymmetrical or even
fragmented pRFs can arise that severely challenge both conventional retinotopic and
contemporary pRF mapping techniques (Baseler et al., 2011; Papanikolaou et al., 2014).
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Such conditions could be an important application of advanced mapping techniques.
While atypical and even unexpected pRFs may arise in dea�erented visual cortex due to
retinal or cortical lesions, very systematic deviations have been found in congenital vi-
sual pathway abnormalities (Ho�mann and Dumoulin, 2015). In albinism, for example,
the visual cortex receives input from both hemi�elds, resulting in voxels with bilateral
pRFs in opposing visual hemi�elds (Ho�mann et al., 2003; Kaule et al., 2014). These
pRFs are associated with an erroneous projection of the axons from the temporal retina
to the contralateral hemisphere, which a�ects the central vertical portion of the visual
�eld. Due to the predictability of the resulting pRF-abnormalities, i.e. their bilaterally
split shape, albinism is ideal for validating the performance of new pRF-mapping tech-
niques that have been optimised – with minimal a priori assumptions – to reveal highly
atypical pRFs.

We therefore developed a technique for capturing the activity and properties of neu-
ronal populations and subpopulations, which we present here. This approach e�ciently
samples the entire stimulus space, such as the visual �eld, with a “micro-probe”: a 2D
Gaussian with a small standard deviation. Regions of stimulus space that exhibit bet-
ter model �ts will be more heavily sampled. Like the conventional pRF approach, these
micro-probes sample the aggregate response of neuronal populations, but they do so at a
much higher level of detail. Consequently, for each voxel, the MP generates a probe map
representing the density and variance explained (VE) for all the probes. The probe maps
are visual �eld coverage maps that can be used for visual inspection and for directly
deriving neural properties such as symmetry. Moreover, following probe thresholding
and clustering, they can also be used for identifying multiple clusters within a voxel. We
de�ne a cluster as an aggregate of probes, that together have a distinct position (shape
and size). Such cluster properties can be characterized by �tting shape models, if de-
sired. Biologically, a cluster can be interpreted as a (sub-) population of RFs. When it
is necessary to distinguish a population RF identi�ed using MP, we will refer to it as a
pRFmp .

A primary advantage of our new approach is that it makes minimal a priori assumptions
about the pRF properties or the number of constituent clusters. For example, there is no
need to specify up front the expected number of spatial locations that a recording site
(voxel) may respond to. We validated and tested the limits and capabilities of our new
method using both in-vivo visual �eld mapping data and simulations. Without using
speci�c stimuli or models, we recovered bilateral receptive �elds in primary visual areas
that are typical for the abnormal visual �eld representations in albinism (Ho�mann et al.,
2012, 2003). Moreover, to demonstrate its versatility, we empirically estimated multiple
clusters properties in healthy participants within a pRFmp .

3.2 Materials and Methods

The methods are presented in the following order. First, we will go through the steps of
the MP framework. Second, we will describe the acquisition procedure. Third, we will
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describe how the MP analysis is applied to simulations, empirically acquired fMRI data
from healthy observers, and to the fMRI data of a cohort of observers with albinism and
age-matched controls.

3.2.1 Micro-probing framework

To describe the MP framework, we �rst recapitulate the conventional pRF approach on
which MP is based. Second, we describe the application of a Bayesian Markov Chain
Monte Carlo (MCMC) sampling approach (see (Adaszewski et al., 2018)) which results
in a probe map. Note that the MCMC approach is not crucial for MP, but signi�cantly re-
duces the computational requirements by e�ciently sampling the entire stimulus space.
Finally, we describe how we derive the pRFmp characteristics. The framework is shown
in Figure 3.1.

Figure 3.1 Overview of the micro-probing framework. Panel A: MP-MCMC procedure from
the latent variables to the probes, including the �tting procedure partly based on the conventional
pRF approach (Dumoulin and Wandell, 2008). Note that a probe map is composed by every probe
(ρi , θi ) weighted by its respective VE. L denotes the likelihood and Lp and Lc the likelihood of the
proposal and current probe respectively. i runs over all the probes. Panel B: pRFmp estimation
based on the probe map: this step includes thresholding the probes such that only the most ex-
planatory ones are retained followed by cluster analysis. The output parameters are: the number
of clusters within a pRFmp (n); the position of the pRFmp (clusters), eccentricity (ρ) and polar an-
gle (θ ); the size of the pRFmp (clusters) which is de�ned based on the major and minor axes of the
ellipse M and m, respectively and the orientation of the pRFmp (ϕ).
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3.2.1.1 Probe de�nition and conventional pRF �tting procedure

The core of MP is based on the conventional pRF method (Dumoulin and Wandell, 2008).
Similar to the conventional pRF, a probe is de�ned as a 2D Gaussian in Cartesian coordi-
nates (in deg) in visual space, centered at x̂ and ŷ. However, in our MP we force a narrow
�xed width (σ ). The results shown in this study were obtained with (σ ) = 0.01deд.

probe(x,y) = e(
(x − x̂)2 + (y − ŷ)2

−2σ 2 ) (3.1)

As in the conventional pRF approach, we predicted the voxel’s response to the stimulus
p(t) by calculating the overlap between the stimulus s(x,y,t) and the probe at each time
point(t):

p(t) =
∑
x ,y

s(x,y, t) ∗ probe(x,y) (3.2)

Second, we accounted for the delay in the hemodynamic response by convolving p(t)
with the hemodynamic response function (Boynton et al., 1996; Friston, 1998). Finally,
assuming a linear relation between the predictor and the fMRI response, we minimized
the error per time point, et using ordinary least squares. In order to facilitate the MCMC
procedure, a likelihood (l ) is calculated, based on this et as follows:

lt = loд(N (−|et |, µ̂, σ̂ )ρ, θ ) (3.3)

Here, we assumed that et is normally distributed (N denotes normal distribution), en-
abling the estimation of its mean and standard deviation ( µ̂ and σ̂ , respectively). Given
µ̂ and σ̂ , we calculated the total likelihood, L, accounting for the contribution of the
priors of eccentricity, (ρ), and polar angle, (θ ).

L =
∑
t

(lt + loд(priorθ ) + loд(priorρ )) (3.4)

3.2.1.2 Bayesian MCMC

In order to obtain (per voxel) a projection in stimulus space of all the probes weighted by
their VE (probe map), probes were �tted at di�erent locations. To this end, the MCMC
approach was implemented to e�ciently sample the entire visual �eld. The center of the
probe was de�ned using two latent variables. We used the nomenclature of Zeidman and
colleagues (2016). Let lρ , lθ be the latent variables corresponding to the radius and angle
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of the pRF center, respectively. The probe position of a RF in polar coordinates is given
by:

ρ = r ∗ NCDF (lρ ,0,1) (3.5)

θ = 2π ∗ NCDF (lθ ,0,1) − π (3.6)

Here r is the radius of the stimulated visual �eld, in degrees. NCDF is the normal cu-
mulative density function. Note that the centre of the probe was constrained to fall
within the stimulated visual �eld. As the MP �tting procedure was done in Cartesian
coordinates, the polar coordinates were converted as follows:

x = ρ ∗ cos(θ ) (3.7)

y = ρ ∗ sin(θ ) (3.8)

To incorporate biological prior knowledge about the expected distribution of the probes
within the visual �eld, a prior was assigned to each of the latent variables, lρ and lθ .
Based on (Zeidman et al., 2018), these priors were de�ned as normal distributions, N (0, 1)
which, after conversion into polar coordinates (ρ and θ , equations 3.5 and 3.6), express
the assumption that the density of neurons is higher in the fovea than in the periphery
(Azzopardi and Cowey, 1993). In this study, we initialized lρ , lθ with 0.5 and 1, respec-
tively.

In the Bayesian MCMC procedure two probe locations are compared, the current probe
and the proposal (new probe), these are indicated by a c and p in Figure 3.1. The position
of the proposal probe is based on the current one and on the step size (d), controlled by
dproposal . In this study we de�ned µd and σd as 0.5 and 2, respectively.

dproposal = |N (µd ,σd )| (3.9)

lρ_proposal = N (lρ_current ,dproposal ) (3.10)

lθ_proposal = N (lθ_current ,dproposal ) (3.11)

To evaluate whether the current position will be updated by the proposal position, the
following steps were used in a MCMC approach. The likelihood of the proposal probe
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was compared to that of the current probe. Therefore, an acceptance ratio, Ar , was
computed based on the di�erence of the likelihood between the proposal and current
probe.

Ar = e(Lp − Lc ) (3.12)

This was used as follows. If Ar is bigger than one, the proposed probe results is more
likely than the current one, and the current position is updated. If Ar is smaller than one,
there is still a chance to update the current position. For this, accept- a probability of
random acceptance, was de�ned as normal function N (0, 1). If Ar is bigger than accept,
the latent variables, lρ , lθ are updated nevertheless.

To ensure that the entire visual �eld is probed, 12 di�erent starting positions (equally
distributed over the search grid) were de�ned. Per voxel, a total of 10000 iterations
(∼833 per starting position) took place. This minimized the risk of local minima, i.e
oversampling a speci�cpRFmp . The combined results of all 10000 current probe locations
(position, variance explained) comprise the basis for the probe map of a particular voxel.

3.2.1.3 Estimation of pRFs using MP

Following the iterations, we generated a probe map consisting of the projection in the
stimulus space of all the probes weighted by their VE. Note that a visual inspection of this
probe map already informs about the properties of the neural (sub-) population(s) that
are present in the voxel. In addition, based on this probe map, we can estimate various
pRFs properties, such as the number of clusters, position, size, elongation, orientation,
and irregularity of the shape and VE (Figure 3.1B).

The pRFmp estimation comprises three steps: �rst, we select the k% probes with the
strongest VE (k-threshold). Additionally, these probes need to have a VE above VEmax

- VEr. Where VEmax is VE of the best �tting probe and VEr de�nes the VE range. We
found this additional selection improves any subsequent clustering and shape estima-
tion. Unless speci�ed otherwise, in the present study we used a value of 15% and 0.1 for
k and VEr, respectively.

Second, the number of clusters in the pRFmp was determined by applying a weighted
cluster analysis. Gap statistics were used to evaluate whether a single or multiple clus-
ters were present (Tibshirani et al, 2000). In the latter case, to estimate the number of
clusters, the Davies-Bouldin index clustering (DB) algorithm was applied (Davies and
Bouldin, 1979). Note that the particular choice of the clustering algorithm does not crit-
ically a�ect the number of estimated clusters (Figure S3.3). The maximum number of
clusters that can be estimated needs to be de�ned a priori. In this study, we de�ned a
maximum of four clusters for simulations and healthy observers and eight in case of
observers with albinism and their aged-matched controls.
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Third, the properties of the individual clusters in the pRFmp were determined using a
Gaussian mixture model. This probabilistic model assumes that all data points were
generated from a mixture of a �nite number of Gaussians distributions with unknown
parameters. The number of Gaussians to �t corresponds to the number of clusters cal-
culated in step 2. Furthermore, this model enables detection of the presence of a sub-
population within an overall population without requiring a priori identi�cation of the
subpopulation to which an individual probe belongs.

To determine how strongly the estimated pRFmp characteristics depend on the choice
of clustering algorithm, we applied two additional clustering algorithms: the Silhouette
(S) and CalinskiHarabasz (CH), to the simulated and empirical data.

The code for MP is available via: https://www.visualneuroscience.nl/tools/.

3.2.1.4 Simulations

To verify the precision of our model, we simulated multiple pRFs within a voxel using
the conventional pRF model. These were centered at multiple locations and had dif-
ferent sizes and shapes (elongation and orientation). The simulation of elongated pRF
shapes according to di�erent orientations was done using an ellipsoidal Gaussian model,
de�ned as follows:

a =
cos(ϕ)2

2(σM )2
+
sin(ϕ)2

2(σm)2
(3.13)

b =
−sin(2ϕ)
4(σM )2

+
sin(2ϕ)
4(σm)2

(3.14)

c =
sin(ϕ)2

2(σM )2
+
cos(ϕ)2

2(σm)2
(3.15)

pRFell ipsoidal (x,y) = e−a(x−x̂ )
2−2b(x−x̂ )(y−ŷ)+c(y−ŷ)2 (3.16)

Where x̂ and ŷ are the center of the elipse and σM and σm are the major and minor
axes of the ellipse, respectively. ϕ represents the angle between the major axis and the
horizontal meridian. Note that equations 3.13 to 3.15 de�ne the coe�cients a, b and c

used in formula 16.

The total pro�le was given by the sum of the simulated individual pRFs. Next, the simu-
lated time series were calculated based on a 2D Gaussian with a pre-de�ned center and
width convolved with the stimulus, equation 3.2, using a. We used the standard moving
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bar stimuli, described in the stimulus section. White Gaussian noise was added to the
simulated time series.

pn(t) = p(t) + n (3.17)

var = 10
−SNR

10 (3.18)

n =
√
var ∗ N (3.19)

Wherepn(t) is the predicted time series with added noise,p(t) is the predicted time series
and n is the white Gaussian noise, while var is the variance of the noise and N is the
initial noise signal with the same number of data point as p(t), mean zero and variance
of one.

Additional simulations used to test the e�ect of the k-threshold and the reliability of
the estimated pRFmp are described in the supplementary material (Figures S3.1, S3.2 and
S3.3).

3.2.1.5 Empirical studies

Participants and ethics statement

We recruited 7 participants (3 females; mean age: 28; age-range: 26–32 years-old) with
normal or corrected to normal vision. Prior to scanning, participants signed an informed
consent form. Our study was approved by the University Medical Center of Gronin-
gen, Medical Ethical Committee and conducted in accordance with the Declaration of
Helsinki.

Data acquisition

Stimuli were presented on an MR compatible display screen (BOLDscreen 24 LCD; Cam-
bridge Research Systems, Cambridge, UK). The screen was located at the head end of the
MRI scanner. Participants viewed the screen through a tilted mirror attached to the head
coil. Distance from the observer’s eyes to the display (measured through the mirror) was
120 cm. Screen size was 22x14 degrees. The maximum stimulus radius was 7° of visual
angle. Visual stimuli were created using MATLAB and the Psychtoolbox (Brainard, 1997;
Pelli, 1997).

Experimental procedure

Each participant participated in one fMRI session. Retinotopic mapping was done using
a standard drifting bar aperture de�ned by high contrast-inverting checkerboard texture
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(Dumoulin and Wandell, 2008). The contrast inverted at a frequency of 8 Hz and the size
of the inner bar was 0.55 deg. The bar aperture moved in 8 di�erent directions (four bar
orientations: horizontal, vertical and the two diagonal orientations, with two opposite
drift directions for each orientation). The bar moved across the screen in 16 equally
spaced steps each lasting 1 TR. The bar contrast, width and spatial frequency were 100%,
1.75 and 0.5 cycles per degree, respectively. After 24 steps (one pass and a half), 12 s of
a blank full screen stimulus at mean luminance was presented.

A single retinotopic mapping run consisted of 136 functional images (duration of 204 s).
Eight prescan images (duration of 12 s) were discarded. During scanning, participants
were required to perform a �xation task in which they had to press a button each time
the �xation point turned from green to red. The average (std. err) performance on this
task was 90.9% (±6.8%).

MRI scanning and fMRI data processing

Scanning was carried out on a 3 Tesla Siemens Prisma MR-scanner using a 64-channel
receiving head coil. A T1-weighted scan (voxel size, 1mm3; matrix size, 256 x 256 x 256)
covering the whole-brain was recorded to chart each participant’s cortical anatomy. The
functional scans were collected using standard EPI sequence (TR: 1500 ms; TE: 30 ms;
voxel size of 3 mm isotropic, �ip angle of 80 and a matrix size of 84 x 84 x 24). The T1-
weighted whole-brain anatomical images were re-sampled to a 1mm3 resolution. The
resulting anatomical image was automatically segmented using Freesurfer (Dale et al.,
1999). The cortical surface was reconstructed at the gray/white matter boundary and
rendered on an in�ated and smoothed 3D mesh (Wandell et al., 2000).

The functional scans were analysed in the mrVista software package for MATLAB (avail-
able at http://white.stanford.edu/software). Head movement artifacts between and within
functional scans were corrected (Nestares and Heeger, 2000). The functional scans were
then averaged and coregistered to the anatomical scan (Nestares and Heeger, 2000) and
interpolated to the anatomical segmentation. For comparison, the data was also anal-
ysed with conventional pRF modeling (Dumoulin and Wandell 2008).

A 2D-Gaussian model was �tted with parameters x̂ , ŷ, and σ where x̂ and ŷ are the
receptive �eld center coordinates and σ is the spread (width) of the Gaussian signal,
which is also the pRF size. We used SPM’s canonical di�erence of gammas for the HRF
model. All parameter units are in degrees of visual angle and stimulus-referred. The
borders of visual areas were determined on the basis of phase reversal (phase as obtained
with the conventional pRF model). For each observer, six visual areas (V1, V2, V3, V4,
LO1 and LO2) were manually delineated on the in�ated cortical surface.

Test-retest analysis

The accuracy and robustness to noise were investigated by a test-retest analysis. For
this, the data was divided in two test sets (three odd runs and three even runs). MP
was performed on each set. Subsequently, each probe map was converted into a heat
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map for each voxel by calculating the average VE per bin with a resolution of 40 x 40.
Following this the correlation coe�cient between the two heat maps was computed.
The reproducibility for a given region was evaluated by inspecting the histogram across
all voxels.

Participants with albinism

Analysis was performed using both conventional pRF modelling and our new MP ap-
proach. In the case of conventional pRF modelling, three models were used: a standard
single Gaussian model and two bilateral Gaussian models, the latter two with positions
that were symmetric in either the vertical or the horizontal axis. Three visual areas (V1
and V2 and V3) were de�ned in the left and right hemisphere of each observer. In ob-
servers A01 and A02, we could de�ne V1 only in the right hemisphere due to too much
noise in the phase maps.

The data of the healthy and albinism observers is available at XNAT central under the
project ID: f MRI_micro_probinд.

Symmetry analysis of probe maps

For analysing the data of the observers with albinism, an additional symmetry analy-
sis was developed based on the probe maps to quantify the degree of symmetry in the
pRFmp estimated for a voxel. This provides an indication of the degree to which visual
information is misrouted. This analysis comprised three steps: 1) convert the probe map
(Figure 3.2A) into a heat map with a resolution of 40 x 40 bins (Figure 3.2B); 2) �ip this
“image” across the eight axes from 0 to 180 degrees in steps of 22.5 degrees, and 3) com-
pute the correlation coe�cient between the original and transformed (�ipped) images.
This resulted in correlation coe�cients that indicate the extent to which the images are
completely asymmetrical (0) or identical (1).

Figure 3.2 depicts the symmetry estimation procedure for a typical voxel of an albinism
observer. The degree of similarity between the original and mirrored image was ex-
pressed in a correlation coe�cient. By computing the symmetry coe�cient in each
probe map over the early visual cortex we identi�ed regions that received input from
both the contralateral and ipsilateral visual �eld.

Figure 3.2 Calculation of a symmetry coe�cient based on a probe map. A: Probe map of
a typical V1-voxel of observer with albinism A01. B: Original and mirror images to the vertical
meridian reconstructed. C: VE per bin of the mirrored image as a function of the original image,
for one representative voxel in V1. The symmetry coe�cient of this particular voxel is 0.8.
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3.3 Results

3.3.1 MP validation using simulations.

Detection of di�erent shapes and robustness to noise

Figure 3.3 shows the result of MP for a single simulated bilateral pRF mirrored to the
vertical meridian. The probes were positioned at [3.5,3.5; -3.5,-3.5] and the probes had
di�erent shapes. The one positioned in the positive quadrant was ellipsoidal (major
axis, σM = 1.7deд, and minor axis, σm = 1.2deд, with an orientation of 45 deg) and
other was circular symmetric (σ = 1). Note that probes with the simulated pRFs present
a higher variance explained than the remaining visual �eld. After thresholding the probe
maps, the two simulated pRFs were recovered (panel B). Panel C compares time series as
predicted by MP (red) and the conventional ellipsoidal pRF (blue). Despite the arti�cial
noise added, MP well-captured the dynamics of the simulated time series, and �tted the
simulated data better than the conventional pRF. Moreover, MP could accurately detect
the number of clusters in the pRFs as well as their shape.

Additionally in SI we showed: 1) how the pRFmp characteristics were a�ected by the k-
threshold. A stringent k-threshold minimized the eccentricity error, while more lenient
ones minimize the size error (Figure S3.1). Note that the eccentricity and size error cor-
responded to absolute di�erence between eccentricity and size estimated using MP and
the eccentricity and size of the simulated pRF (ground truth). Polar angle estimates were
not in�uenced by the k-threshold. 2) MP is highly robust to noise and accurately deter-
mines the number of simulated pRFs (or clusters) per voxel as well as their position and
shape (Figure S3.2). 3) The choice of the algorithm did not signi�cantly in�uence the
number of clusters detected within a voxel. On average 80% and 75% of the times the
three algorithms tested (including DB) detected the same number of clusters in the sim-
ulated and empirical data (Figure S3.3). 4) MP better detected the shape of the pRF than
the conventional method (using an ellipsoidal model), resulting in lower elongation and
orientation error (Figure S3.4), importantly these simulations were obtained for single
pRFs. 5) We showed which parameters may a�ect the pRFmp performance. The main
factors a�ecting the accuracy of MP were the actual number of simulated pRFs (or clus-
ters) within a voxel and their proximity (Figure S3.5). Notably the closer the clusters, the
more di�cult it is to distinguish them. Hence, their activity will be aggregated resulting
in an underestimation of the number of clusters. The larger the number of clusters, the
higher the probability of errors in the estimation of their number and size.
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Figure 3.3 Micro-probing simulated bilateral pRFs with di�erent shapes. Panel A: probe
map obtained from the simulated time series. The colour bar represents the variance explained.
Panel B: Thresholded probe map, using a k threshold of 15% and the results of the clustering and
Gaussian mixture model analysis. The estimated pRFmp and pRF are indicated by the shaded gray
Gaussians, outlined in red and blue respectively. Panel C: Simulated time series of bilateral pRFs
(black) and the predicted time series estimated with conventional pRF (blue) and with MP (red),
using a SNR of 1. The predicted time series estimated on the basis of MP was calculated using the
estimated pRFmp clusters.

3.3.2 Retinotopic mapping using MP

We applied MP to the retinotopic mapping data of healthy observers. Figure 3.4 shows
two examples of probe maps for two representative V1 voxels and the derived pRFmp

properties. It shows the estimated pRFmp at various k-thresholds (which sets the per-
centage of probes with the strongest VE included in thepRFmp estimation) and compares
these to the conventional pRF estimates.

Figure 3.4 indicates various features of the MP approach. First, it shows that the esti-
mated size of thepRFmp depends on the chosen k-threshold. Please note that the location
of the pRFmp does not depend on the chosen threshold. A more stringent threshold also
enables identi�cation of multiple clusters (Figure 3.4B). More liberal thresholds result
in pRFmp that are approximately similar in size to conventional pRFs, whereas more
stringent thresholds result in smaller pRFmp (Figure 3.4A).
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Figure 3.4 Examples of MP probe maps. Also shown are comparison of MP derived pRFs
and conventional pRF estimations for V1 voxels. Shown are results obtained for three V1 voxels
and with probe maps thresholded at a k-threshold of 100%, 50%, 30% and 15% (this k-threshold
determines the percentage of probes with best VE included in the pRFmp estimation). It is clear
that the conventional pRF (blue circles) and MP-based pRF estimates (dashed red outlines) can
di�er in various ways: A) estimated pRFmp size and shape depend on k-threshold. B) At lenient
k-thresholds (100%, 50%, 30%), MP revealed a single cluster, while at a more stringent threshold
it detected multiple clusters. Data was obtained during retinotopic mapping. The V1 voxels were
extracted from the right hemisphere of observer S07.

Figure 3.5A depicts the similarity of the eccentricity maps obtained with the conven-
tional pRF and MP approaches. Figure 3.5D shows that the pRFmp and conventional pRF
eccentricity are highly correlated. In the periphery, however, the estimated pRFmp have
somewhat lower eccentricity (i.e. they are situated more foveally) than the accompany-
ing pRFs. This is particularly noticeable for higher-order areas.

Figure 3.5B shows the projections of pRF and pRFmp size on an in�ated brain mesh. Due
to our choice of k-threshold (15%) and a VEr (maximum di�erence in VE between the
most and least explanatory probe) of 0.1, the pRFsmp sizes shown here are signi�cantly
smaller than those of the conventional pRFs (note the di�erent scales). Nevertheless,
Figure 3.5E shows that both pRF and pRFmp size increase with eccentricity, irrespective
of the k-threshold used. Note how the choice of k-threshold in�uences the estimated
pRFmp size. The less stringent the k and/or VEr threshold, the higher the number of
probes, with lower explanatory value, taken into consideration. As expected, the higher
the number of probes taken into account the larger the pRFmp size. These thresholds
de�ne the restrictiveness of the pRFmp de�nitions. In other words, these thresholds re-
strict the susceptibility of the method to noisy data. Nonetheless, the size of the pRFsmp

can be compared across ,e.g. eccentricity, visual areas or observers, given a choice for k
and VEr.

Figure 3.5C shows (projected on an in�ated brain mesh) the close similarity of the VE
for pRF and pRFsmp model estimates. Figure 3.5F shows that voxels for which the classic
pRF method yielded low VE (VE<0.1) were better described by MP (higher VE), whereas
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voxels with high VE in conventional pRF modeling (VE>0.8) were actually characterized
worse by MP. This is partly because the conventional pRF method tends to estimate
larger pRFs, which also results in a higher VE. Figure S3.9 shows that increasing the
k-threshold for MP also increases the estimated pRFsmp size, resulting in a higher VE.

Figure 3.5 Comparison of MP-derived pRF and conventional pRF estimates. Panel A: pRF
and pRFsmp eccentricity maps projected on an in�ated brain mesh. If MP identi�ed multiple
clusters for a voxel, the eccentricity map shows the eccentricity of only one (arbitrarily chosen)
cluster. Panel B. Left: pRF and pRFsmp area maps projected on an in�ated brain mesh. Panel
C. Left: Comparison of MP-derived pRF and conventional pRF estimates VE. Panel D: Median
eccentricity of the clusters of pRFsmp as a function of the eccentricity of the conventional pRF
(the dashed line represents a perfect correlation). The pRF eccentricity was binned in 1 degree
bins of eccentricity (data from 7 healthy observers: 14 hemispheres). Error bars represent 5%
and 95% con�dence intervals. For the visual areas tested, pRFsmp eccentricity correlated highly
with that of the corresponding conventional pRF (correlation coe�cients vary between 0.98 and
1, depending on the visual areas, with p-values <0.05; see Table S1 for the correlation values
and corresponding p-values). Figure S3.6 shows the relationship between the eccentricity of all
clusters and the conventional pRF. Panel E: pRFsmp (at di�erent k-thresholds and VEr (VE-range))
and pRF size as a function of eccentricity. The pRFsmp size of an arbitrarily chosen cluster was
binned in 1 degree bins of eccentricity (data from 7 healthy observers: 14 hemispheres). Error
bars represent 5% and 95% con�dence intervals. The dashed lines represent the linear �t. Figure
S3.7 shows the relation between the size and eccentricity of all clusters and the 6 visual areas
tested. Panel F: Histogram of the VE for pRFsmp (blue) and pRFs (red). The VE was based on the
cumulative activity of the number of clusters. The histogram shows the data accumulated across
6 visual areas and 7 healthy observers (14 hemispheres).
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3.3.3 MP Reliability: Test-retest Analysis

Figure 3.6 shows that the probe maps obtained with the test set were similar to the ones
obtained with the retest set (�gure 3.6A and B). Figure 3.6C shows that for the majority of
the voxels there was a good agreement (high correlation coe�cient) between the results
obtained with the test and retest dataset. Moreover voxels whose correlation between
the probe maps obtained using both datasets was below 70% were associated with very
noise signals. i.e the maximal VE was below 0.2.

Figure 3.6 Test-retest analysis. A and B Probe map of a V1-voxel obtained using the test and
retest data set respectively. B: Histogram of the number of voxels as a function of the correlation
coe�cient between the test and retest probe maps of V1, overlaid with the VE obtained per bin
(orange). The orange line represents the median VE and the shaded area the 25th to 7 th percentile
range. The histogram represents the data of the 14 hemispheres (7 observers).

3.3.4 Application of MP in albinism

To demonstrate the biological relevance of our new technique, we applied MP to data
obtained in observers with albinism. Based on previous work in observers with albinism,
we expected to �nd mirror symmetry in the positions of the estimated pRFmp clusters
with respect to the vertical meridian (Ho�mann et al., 2012, 2003; Kaule et al., 2014).
Figure 3.7A shows the projection of the symmetry coe�cients (calculated based on the
probe maps regarding the vertical midline) onto the reconstructed hemispheres of a rep-
resentative observer with albinism and a control observer. See method section “Symme-
try analysis of probe maps” for more details. In albinism, the probe maps revealed a large
number of voxels with pRFsmp that were mirrored across the vertical meridian. Closer
inspection of the probe map of Figure 3.7C, showed highly symmetrical and spatially
organized pRFmp in an example voxel. The cortical projections showed that most of the
symmetry coe�cients were much higher in albinism than in the control observer, and
that neighbouring voxels had similar symmetry coe�cients. Central regions showed
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higher symmetry coe�cients than peripheral ones. Moreover, we found that a clear
overlap between the cortical region with high symmetry values and the right-left hemi-
�eld overlap cortical region (dashed line) that was determined based on stimulating the
left and right hemi�eld in separate experiments (described in (Ahmadi et al., 2019.)). In
control observers, high symmetry values were found for voxels with a pRFmp near the
border of visual areas (e.g. V1/V2), where the pRFmp is expected to be located on or very
close to the vertical meridian. Figure 3.7B illustrates why such voxels also have high
symmetry coe�cients.

Figure 3.7 Symmetrymaps in albinism and aged-matched control. Panel A: Symmetry map
for the left hemisphere of the observer with albinism A03 and of the aged match control C03. The
black continuous lines outline the visual areas and the black dashed line outlines the misrouted
cortical region calculated based on the overlap of right and left hemi�elds (Ho�man et al, 2003;
2012). Panels B and C: two example probe maps (k-threshold = 100%) for voxels of the control
(panel B) and an observer with albinism (panel C). The thresholded probe maps at 100%, 50%, 30%
and 15% and the estimated pRFmp are shown in Figure S3.9. Figure S3.10 shows that MP tends
to perform better than the conventional bilateral pRF model for voxels with very low VE (<0.1),
which is in accordance with the results for healthy observers.

To demonstrate the versatility of MP, Figure 3.8A shows the symmetry calculated for
a series of symmetry axes for the V1 region of the right hemisphere of every observer
during full �eld stimulation. Controls had slightly increased symmetry coe�cients for
both the horizontal and vertical symmetry axes (0 and 90 degrees). This re�ects the
symmetry of neuronal populations located along the vertical and horizontal meridians
and the distribution of pRFs in the visual �eld. Figure S3.11 shows the high number
of pRFsmp located on the horizontal meridian. For observers with albinism, the inter-
observer variability corresponded with their di�ering levels of misrouting. As expected,
those with severe misrouting (top row) showed a high degree of symmetry for the verti-
cal axis. No systematic di�erences were found for albinism observers with low levels of
misrouting (bottom row). Figure 3.8B shows that patients with a clinically established
high level of misrouting had much higher V1 symmetry coe�cients for the vertical axis.
The symmetry coe�cient to the vertical meridian is thus indicative of misrouting.
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Figure 3.8 Symmetry coe�cients based on probe maps. Coe�cients in healthy controls and
albinism are shown as a function of the angle of the symmetry axis. Symmetry coe�cients for the
V1 of the right hemisphere during full �eld stimulation calculated across 8 symmetry axes (see
right inset). The dashed lines represent the 5%, 50% and 95% con�dence intervals. Albinism distri-
butions are shown in blue and controls in red. Given that the inter- and intra-observer variability
in healthy controls was low (see Figure S3.11 A), their symmetry coe�cients were averaged. The
albinism observers are shown in order of decreasing level of misrouting (see Table S3.2) as assessed
independently (Ahmadi et al., 2019). Panel B: Bar graph representing the di�erence between the
symmetry coe�cient to the vertical meridian calculated for the observers with a low (A04, A05,
A06) and a high (A01, A02, A03) coe�cient. The misrouting extent classi�cation of the observers
with albinism was based on independent stimulation of the left and right hemisphere (Table S3.2).

3.3.5 Using MP to estimate pRF properties

Using MP, it is relatively straightforward to explore a variety of pRFmp properties, such
as the number of clusters per voxel, pRF bilaterality or pRF shape (e.g. elongation). Fig-
ure 3.9A shows a map of the spatial organization of the number of pRFsmp clusters over
the visual cortex, projected on the in�ated right hemisphere of a representative observer.
Neighbouring voxels tend to have a similar number of clusters. Comparable results were
also observed in observers with albinism (Figure S3.12 A). Closer inspection of the probe
map of a single voxel (Figure 3.9B) shows how MP resolves multiple clusters and their
corresponding properties. Figure 3.9C shows how pRFsmp tend to be more elongated
(i.e. less spherical) in the (para-)fovea compared to the periphery. We observed this
trend in all visual areas analysed (Figure 3.13A). Moreover the regularity of the shape
can be assessed by measuring the skewness of the distributions. V1 had predominantly
regular shapes (skewness = 0). The irregularity of the shape tended to increase over the
visual hierarchy (Figures S3.13 B and D). The kurtosis of the probe distribution was pos-
itive. This indicated that there was a high sample density at the pRF center and that the
thresholding was not too severe (Figures S3.13C and E). Figure 3.9D shows how unilat-
eral and bilateral pRFs were distributed over the visual cortex, again for a representative
observer. Closer inspection of the probe map of one voxel (�gure 3.9E), shows how MP
revealed two clusters situated in opposite hemi�elds and quadrants. For the vast ma-
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jority of the voxels, the estimated clusters were located within the same (contralateral)
hemi�eld (dark blue). However, some voxels contained bilateral pRFs. These are pRFsmp

clusters that process information from both the left and right hemi�elds. The bilateral
pRFs appeared to be spatially organized and clustered along the vertical meridian (red
blobs in Panel D). Panel F shows the histograms of the bilateral pRFs, which peak near
the vertical meridians, conforming this observation.

Figure 3.9 Examples of pRFmp properties estimated in the visual cortex of healthy ob-
servers. Panel A: Projection on an in�ated brain mesh of the number of clusters estimated per
voxel (right hemisphere of observer S07). Black lines represent the borders of visual areas. Panel
B, upper part, shows an example of a MP map of a V1 voxel (location indicated by the dashed circle
in Panel A; the lower part shows a zoomed-in view of one quarter �eld of the probe map indicating
the estimated pRFmp clusters (outlined by a red dashed line). Panel C: Projection on an in�ated
brain mesh of the pRFmp elongation (right hemisphere of observer S07). Black lines indicate the
borders of visual areas. Panel D: Projection on an in�ated brain mesh of the unilateral-bilateral
label, estimated per voxel. The intermediate colors between blue and red resulted from interpola-
tion during mesh projection. Panel E: Probe map of a representative voxel with a bilateral RF (this
was not mirrored in the vertical meridian, which di�ers from observers with albinism; location is
indicated by the dashed circle in Panel D). Panel F: Histogram of the number of unilateral (red)
and bilateral (blue) pRFs in V1 (14 hemispheres, 7 healthy observers). The dashed line depicts the
vertical meridian.

3.4 Discussion

In this study we introduced micro-probing (MP), a versatile, model-based fMRI anal-
ysis framework that requires only minimal a priori assumptions about the underlying
biological mechanisms. By repetitively applying micro-probes to the fMRI time series,
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we produced a probe map that reveals the detailed visual �eld coverage of each voxel.
These maps enable the extraction of fundamental pRF properties that were previously
not accessible. We validated our approach using both empirical and simulated data and
demonstrated its biological validity by revealing the highly atypical visual �eld repre-
sentations for observers with albinism, without making any prior assumptions about
this. Finally, we demonstrated how various receptive �eld properties, such as shape and
position, can be determined with relative ease for the entire visual cortex.

3.4.1 MP is reliable, accurate and robust to noise

Our simulations and test-retest analysis were crucial to establish that MP-derived pRFs
are reproducible and do not result from noise artifacts. Speci�cally, the test-retest anal-
ysis demonstrated that MP-derived probe maps are stable, reliable and highly consistent
between the test and retest set. Moreover, the voxels whose agreement between the test
and retest probe maps was low were associated with noisy signals.

The accuracy and robustness to noise was further assessed using a wide range of sim-
ulations. These showed: 1) MP could accurately detect multiple clusters and as well as
their position and shape within a voxel; 2) MP was highly robust to noise and 3) the
choice of clustering algorithm had little to no e�ect on the number of clusters detected.

3.4.2 MP recovers multiple subpopulations of RFs within a single
voxel

Our analysis of empirical data of observers with albinism and simulations both revealed
that MP accurately detects – for each voxel – the number of clusters as well as their po-
sition and shape. Applied to observers with albinism, MP resolved pRFs mirrored in the
vertical meridian, thus revealing the simultaneous processing in one hemisphere of the
signals coming from both the contralateral and ipsilateral hemi�elds. This corroborates
previous studies that took the bilateral representation of the RFs as an a priori starting
point (Ho�mann et al., 2012, 2003; Ho�mann and Dumoulin, 2015). Importantly, MP
does not require making such an assumption. Instead, based on stimulation across the
entire visual �eld, it quanti�es the degree of symmetry in the vertical meridian (or other
directions) in the probe maps.

As the next step, we used the symmetry values to quantify the extent of misrouting and
identify the misrouted cortical region per observer. Remarkably, in controls, we showed
that highly symmetric probe maps delineate the borders of the visual areas. The fact
that MP revealed the atypical visual �eld representations in albinism suggests that the
pRFs with multiple clusters found in controls are also biologically genuine and mean-
ingful. MP therefore enables a straightforward estimation of atypical RF representations
without requiring additional stimuli or assumptions.

In healthy observers, we demonstrated that MP not only resolves multiple clusters within
a voxel, but also their properties. The clusters are spatially organized and the number of
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clusters increases with eccentricity. Note that due to cortical magni�cation, it is likely
that the subpopulations are more widely spread in the periphery than in the fovea, and
thus easier to identify. We found that approximately 10% of the estimated pRFs were
bilateral and located near the vertical meridian. This supports the hypothesis that these
bilateral pRF may derive from visual callosal connections that contribute to the integra-
tion of the cortical representation at the vertical midline (Choudhury et al., 1965; Hubel
and Wiesel, 1967; Makarov et al., 2008; Schmidt et al., 2010). Previous studies focusing on
the medial superior temporal (MST) area also reported bilateral RFs (Raiguel et al., 1997;
Saito et al., 1986; Ungerleider and Desimone, 1986). We also found multiple mirrored
clusters (> 2) in albinism, corroborating the �nding in healthy observers (Figure S3.12).
This suggests two possible explanations that require further study: 1) that single neu-
rons may simultaneously process information from distinct portions of the visual �eld
and 2) subpopulations with spatially distinct properties may be present within a single
voxel. Recent neuroimaging studies suggested that there are multiple subpopulations
within a voxel that process di�erent characteristics of the visual scene and consequently
have di�erent spatial properties. These �ndings together with current knowledge about
the physiology of the visual cortex together support that the latter option is the most
plausible (Le et al., 2017; Yildirim et al., 2018).

3.4.3 MP is robust and recovers biologically meaningful RF properties
with only minimal prior assumptions

The probe maps revealed that the pRFs can be heterogeneous in shape. MP enables pRF
shape estimation without assuming speci�c shape properties a priori, such as circular
symmetry. By assessing the statistical properties of the probe distributions, we showed
how pRF shape can be characterized. Based on such assessments, we found that the
majority of the pRFs tend to be elongated. This is in line with recent studies that found
that the pRFs tend to be elliptical and radially oriented towards the fovea (Merkel et al.,
2018; Silson et al., 2018a). These �ndings support the functional di�erentiation of visual
processing from fovea to periphery and across the ventral and dorsal cortical visual
pathways.

By comparing the characteristics of MP derived pRFs to those of the conventional pRF, in
healthy observers, the following three conclusions can be drawn. Firstly, the eccentric-
ity estimates for pRFsmp and pRFs correlate closely. Our proposition that pRFsmp are
biologically meaningful is supported by the similarity between the eccentricity maps
obtained with the conventional pRF analysis and MP, and the fact that pRFmp size in-
creases with its eccentricity. In the periphery, however, estimated pRFmp eccentricity
tends to be smaller than conventional pRF eccentricity. This could be explained in part
by the fact that pRFmp size also tends to be smaller, which corroborates previous work
showing that the smaller pRFs estimated for an orientation contrast stimulus also result
in lower eccentricity estimates for the same voxels, especially in higher-order areas such
as lateral occipital cortex (Yildirim et al., 2018). It may also re�ect di�erent model spec-
i�cations. By design, the MP estimates are located within the stimulated visual �eld.
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Consequently, the pRFsmp estimates based on the probe maps are also situated within
the stimulated part of the visual �eld. In contrast, the conventional pRF model allows
for partially stimulated pRFs, the centers of which may be located far outside the stimu-
lated visual �eld. Moreover, the di�erences between MP and conventional pRF mapping
can also result from the model speci�cations. While in pRF mapping the optimal solu-
tion is found based on the parameters that result in the highest VE, MP is based on a
VE weighted clustering. As a direct consequence, the pRFmp de�nition depends on the
number of probes taken into account (k-threshold) and on the scatter of these probes
over the map.

Secondly, the level of speci�city with which pRFsmp are estimated is in�uenced by vary-
ing the k-threshold and VE-range for the probe maps. The results can range from retriev-
ing many sub populations (very restrictive k-threshold and VE-range) to more aggregate
responses (more lenient k-threshold and VE-range). At the fairly restrictive k-threshold
of 0.15 and VE-range of 0.1, the MP approach estimated smaller pRFsmp than the con-
ventional pRF. Such relatively small pRFsmp are in agreement with other studies that
also estimated signi�cantly smaller pRF sizes than the conventional approach, for ex-
ample using model-free approaches such as back projection (Greene et al., 2014; Keliris
et al., 2019; Merkel et al., 2018) or second order stimuli (Yildirim et al., 2018). Thirdly,
compared to conventional methods, MP improves the capture of the dynamics of the
measured signal, especially for voxels with signals that have a relatively low explana-
tory power. We also determined that the pRFmp estimations are robust to noise, as MP
could be performed reliably despite the presence of nystagmus in the observers with
albinism.

When is MP a good procedure to use? For simply delineating visual areas, MP does
not represent a signi�cant advantage compared to the conventional pRF method. Yet,
we promote the use of MP when “you can expect the unexpected”, i.e. when study
outcomes are unpredictable or may rely on aggregate RFs characteristics. In particular,
this would apply to studies on: 1) neurodevelopment and neuroplasticity, 2) ophthalmic
and neurological pathologies, and 3) cognitive e�ects. Moreover, MP can be useful for
visualization of the data underlying any pRF estimates and meticulous data cleaning.

3.4.4 Limitations

We identi�ed multiple clusters in voxels in healthy observers, but the functional im-
plications of this �nding are uncertain. We have assumed that clusters have biological
relevance, but some of the units may have resulted from artefacts related to segmen-
tation, from voxels stranded on the cortical sulci, or from partial voluming. There are
several ways in which the e�ect of such artefacts could be reduced: correcting for partial
voluming (Dukart and Bertolino, 2014), identifying and extracting local sulci (Fracasso
et al., 2016; Zhou et al., 1999) and applying MP to higher resolution functional data
(< 1mm isotropic). Using more precisely controlled stimuli will contribute to unravel-
ling the biological signi�cance of the multiple clusters and characterizing the neuronal
subpopulations specialized in the processing of speci�c spatial and temporal properties
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(orientation, spatial frequency, colour etc) (Klein et al., 2014; Le et al., 2017; Yildirim et
al., 2018).

At present, MP is a computationally intensive approach when compared to the conven-
tional pRF model. We expect that software optimization and advances in hardware will
contribute to reducing the computation time. We currently address this issue by us-
ing parallel GPU computing. Furthermore, the use of MCMC sampling is needed only
to speed up the process/ limiting computing resource use, but is not fundamental to
MP. In principle, probe maps could result from systematically probing every position
in stimulus space, creating a densely covered probe map for each voxel. The use of a
Markov-Chain means that the current probe maps contain more probes for regions with
higher VE. Our current estimate of pRFmp shape is based on the clustering of the probes
weighted by their VE. In contrast, pRFs are �tted to explain the VE of the signal. This
explains why the pRFsmp shapes sometimes di�er (e.g. they are more elongated) from
the pRFs. In our view, neither is necessarily correct; they are just di�erent ways to as-
sess shape. Future work will be required to indicate which approach best approximates
biological reality.

3.4.5 Future directions

MP as presented here is a reliable and versatile method to study cortical organization,
but it can still be improved in several ways. First, using more e�cient stimulus designs,
such as a narrower bar or multi-focal stimulation (Binda et al., 2013; Senden et al., 2014),
could improve the performance of MP. Secondly, applying additional advanced data-
driven metrics to extract the shape and number of clusters may result in a more detailed
characterization of the RF. Thirdly, the de�nition of a probe could be extended, for ex-
ample to a di�erence of Gaussians, which may enable MP to also account for negative
blood oxygen level dependent (BOLD) activity (Zuiderbaan et al., 2012).

Previous studies have shown that pRF properties are not stable, and may change in re-
sponse to environmental factors (stimulus, task) and cognitive factors such as attention
(Klein et al., 2014; Le et al., 2017; Yildirim et al., 2018). Given that the probe maps re-
�ect the scatter in the location of the receptive �eld centers, this scatter may reveal the
dynamic properties of the pRFs (changes in position) and could be related to the con-
nections underlying the RFs. Moreover, in principle, MP could be extended to cortico-
cortical models, such as connective �eld modeling (Haak et al., 2013), which would also
enable �ne-grained mapping of the �ow of information between brain areas.

Changes in pRFs have been reported in health and disease (for a summary see (Dumoulin
and Knapen, 2018)). Regarding disease, this concerns di�erentiation following cortical
and retinal lesions, schizophrenia and autism spectrum disorder. We anticipate that the
application of MP to ophthalmologic and neurologic disorders as well as to adaptation
studies will reveal additional characteristics of the RF structure, such as number and
shape.
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The recent development of ultra-high �eld fMRI enables the in-vivo examination of the
human brain at a mesoscale and can reveal previously unmapped columnar organiza-
tions. However, there is a need for methods that can extract more detailed information
on the structure and function of the cortex from this high-resolution data. The applica-
tion of MP to high-resolution functional data has the potential to reveal how the clusters
and their properties are distributed across cortical depth. This will be crucial to study
the functional di�erentiation of the visual processing across laminae. Moreover, it may
complement previous studies of cortical organization across cortical depth, ocular dom-
inance and columnar pinwheel organization for orientation selectivity (Fracasso et al.,
2018; Shmuel et al., 2007; Yacoub et al., 2008).

In this study, we described the application of MP to characterize the spatial organization
of the visual cortex. However, MP could also be applied to visual feature dimensions,
other sensory modalities and non-spatial yet spatially organized features such as nu-
merosity (Harvey et al., 2015; Thomas et al., 2015).

3.5 Conclusion

MP is a versatile, model-based fMRI analysis framework that can reveal multiple, biolog-
ically meaningful subpopulations of RFs within a single voxel. Consequently, it enables a
highly detailed characterization of RF properties (symmetry, skewness and elongation),
which was previously unattainable. The existence of multiple pRFmp clusters indicates
that voxels capture the activity of multiple subpopulations of neurons that may sample
from di�erent regions of the visual �eld. MP thus enables a detailed characterization of
the temporal, spatial and functional properties of the brain in health and disease using
minimal a priori assumptions.
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3.7 Supplementary Material

3.7.1 Simulations

Simulations were used to test the behaviour of MP (and compare it to the conventional
pRF method) in various scenarios. A total of four di�erent simulations test sets were
generated. First, we used simulations to evaluate how the number of probes retained
a�ects the accuracy in position and size estimation of the pRFsmp . Per simulation, we
varied the k-threshold ( percentage of micro probes retained) from 1% (more restrictive)
to 100% in steps of 1%. We simulated one pRF with six di�erent pRF sizes (1, 2, 3, 4, 5
and 6 deg), across 30 di�erent positions. The second set of simulations was aimed at
evaluating the behaviour of MP and its robustness to noise. To do so, per simulation we
de�ned two pRFs (1 deg size) mirrored across di�erent meridians. For each simulation,
white Gaussian noise was added to the simulated time series, such that the SNR levels
varied between 0.2 and 10. A total of 144 simulations (24 di�erent positions x 6 levels of
noise) was generated. The third set of simulations was directed to evaluate the accuracy
of the MP and pRF method to recover the simulated shape. For this purpose, 120 simu-
lations with a single pRF located at the position (x=2.5; y=2.5) with various elongations
varying from (0 (super elongated) to 1(circular)) and various orientations (−π to π ) were
generated. The last set of simulations was aimed at evaluating the method’s ability to
recover the proper number of clusters. Per simulation, the number of pRFs could assume
any random integer value between one and four. Each of these pRFs could be randomly
positioned within the visual �eld. A total of 1000 simulations were performed using a
SNR of 0.5 and a pRF size of 1.

3.7.2 E�ect of k-threshold

Figure S3.1 shows the eccentricity, polar angle and size error as a function of the k-
threshold. In general restrictive k-thresholds minimize the eccentricity error, while more
lenient ones minimize the pRF size error. The polar angle estimation is not in�uenced
by the k-threshold. Figure S3.1 shows the eccentricity, polar angle and size error for the
six di�erent sizes separately. Note that in this case we did not apply any restrictions
regarding the range of probes VE (VEr).
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Figure S3.1 E�ect of the k-threshold in the estimated pRFmp properties. Eccentricity, polar
angle and size error between simulated and estimated pRFs as a function of the k-threshold. The
black continuous line represents the median. Error bars represent the 95 % con�dence interval.

3.7.3 Robustness to noise

Figure S3.2 (panel A) shows the result of MP for a single simulated bilateral pRF mirrored
to the vertical meridian. The probes were positioned at [3,3; 3,-3]. Note that probes with
the simulated pRFs present a higher variance explained than the remaining visual �eld.
After thresholding the probe maps, the two simulated clusters were recovered (panel B).

Figure S3.2 (panel C) compares time series as predicted by MP (red) and conventional
pRF (blue). At all noise levels, MP well-captured the dynamics of the simulated time
series, and �tted the simulated data better than the conventional pRF (panel D). MP
accurately detects the position of the pRFs however it underestimates its size (panel E
and F). While, in the majority of cases the conventional pRF accurately detects only one
of the simulated pRFs, in some cases, the conventional pRF model increases its size in
an attempt to improve the �tting (panel F). Furthermore MP accurately detected the two
pRFs in all simulations, despite the di�erent levels of noise. If pRFsmp resulted from
noise artifacts we would expect that the number of clusters detected varied with the
signal noise level. Given the number of clusters detected corresponds to the simulated
one and the accuracy of MP to recover the position and size of the pRFmp is independent
of the noise level (panel E and F), we conclude that pRFsmp are real and do not result
from noise artifacts.
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Figure S3.2 Micro-probing simulated bilateral pRFs. Panel A: probe map obtained from the
simulated time series. The colour bar represent the variance explained. Panel B: Thresholded
probe map, using a k threshold of 15% and the results of the clustering and Gaussian mixture model
analysis. The estimated pRFsmp clusters and pRF are indicated by the shaded gray Gaussians,
outlined in red and blue respectively. Panel C: simulated time series of bilateral pRFs (black) and
the predicted time series estimated with conventional pRF (blue) and with MP (red), using a SNR
of 0.2. The predicted time series estimated on the basis of MP was calculated using the estimated
pRFsmp . Panels D, E and F represent the VE, pRF/pRFsmp positional error and pRF/pRFsmp size
error as a function of the SNR, respectively. The pRFsmp estimated position and size closely
resemble what was simulated (median VE, positional and size error and VE are pRFsmp :0.69, 0.4
deg and 2.95 deд2; pRF:0.42, 4.63 deg and 0 deд2, respectively at a SNR of 10). The mean position
error was calculated as the Euclidean distance between the simulated and estimated pRFs. Even at
very low SNR (0.2), MP could accurately detect the position of the pRFs. The size error corresponds
to the mean di�erence in area between the simulated and estimated pRFs.
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3.7.4 E�ect of the clustering algorithm

To evaluate the e�ect of clustering algorithms on the number of clusters detected, we
estimated the optimal number of clusters per voxel using three di�erent clustering algo-
rithms (Davies Bauldin (DB), the Calinzky Harabaz (CH) and Silhouette (S)). We applied
it to the fourth set of simulations (1000 simulations where we varied the number of
clusters, see SI simulations section) and to the empirical data (Left V1 of all subjects, 7
hemispheres).

Figure S3.3 shows the histogram of the di�erence in the number of clusters detected
per voxel using the di�erent clustering algorithms for the simulations (panel A) and
empirical data (panel B). In both cases, the number of clusters detected with the di�erent
algorithms was very similar for the vast majority of the voxels. Using simulations 83%
and 82% of the times the S and CH algorithms detected the same number of clusters as
the DB algorithm. Using the empirical data there was more variability in the estimated
number of clusters, but the correspondence was still 75% (CH vs DB) and 71% (S vs DB)
of the voxels.

Figure S3.3 E�ect of the clustering algorithm. Histogram of the di�erence in the number
of clusters detected between DB and CH (blue) and silhouette (red) algorithms obtained using
simulations (panel A) and empirical data (panel B).

3.7.5 MP and pRF performance recovering the simulated shape

In order to test, if MP captures accurately the shape characteristics, we estimated the
pRF characteristics by applying the MP and conventional pRF method to the third set of
simulations ( 120 simulations of unilateral pRFs which di�erent shapes and sizes). Figure
S3.4 shows the size (Panel A), elongation (Panel B) and Orientation error. Note that the
error re�ects the di�erence between the simulated and estimated characteristics of the
pRFs. Using MP, there is an asymmetry in the error distribution for the size and elon-
gation. Regarding the size, this asymmetry relates to the fact that MP underestimates
the size of the simulated pRF. As mentioned before, this can be remediated by using a
less restrictive k-threshold. MP also tends to favour more circular shapes. This is most
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likely also associated with the k-threshold, as a less restrictive k-threshold increases the
probability of including noisy probes into the pRF shape de�nition. The e�ect of in-
cluding noisy probes will mostly a�ect highly elongated shapes. Therefore, selecting
a particular k-threshold also a�ects the tradeo� between size and elongation accuracy.
Despite these asymmetries, on average the position, elongation and orientation absolute
error obtained with MP is smaller than the conventional pRF one (MP |Epos | = 0.52deд
and pRF |Epos | = 0.82deд ;MP |Eelonдation | = 0.16 and pRF |Eelonдation | = 0.2; MP
Eor ientation = 0.88 and pRF Eor ientation = 1.44). Regarding the size MP performed
slightly worse than the pRF ( MP |Esize | = 5.9deд2 and pRF |Esize | = 4.22deд2 ). We
conclude that overall MP captures well the pRFs shape properties.

3.7.6 Factors a�ecting MP performance

We �nd that the main factors a�ecting the accuracy of MP are the number of clusters
and their distance. Figure S3.5 A shows that the positional error of the estimated pRFmp

is approximately constant over eccentricity. However, this positional error does depend
on the number of clusters. Figure S3.5 B shows that while for one pRF the method is
accurate, for multiple pRFs within a voxel the positional error increases. The method’s
ability to determine the actual number of clusters improves with the distance between
simulated pRFs, Figure S3.5 C. When the pRFs are too close and their activity superim-
poses, the clusters individual characteristics cannot be captured.

Figure S3.4 Accuracy in shape detection. Histogram of the MP (blue) and pRF error (red)
(di�erence between the simulated and estimated properties). Panels A,B and C correspond to the
size, elongation and orientation of the pRF. For these �gures, the pRFsmp estimation was done
using a k-threshold of 15% and no VEr threshold was applied.

Figure S3.5 A: Positional error (in Euclidean distance) between simulated and estimated pRF as
a function of eccentricity. Error bars represent the 95% con�dence interval. B: Box plot of the
positional error as a function of the number of simulated pRFs. C:Probability density function of
accurately detecting all the simulated pRFs as a function of their distance (deg).
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3.7.7 Supplementary data on human observers

Figure S3.6 represents pRFmp eccentricity as a function of pRF eccentricity in human
observers. The clusters detected within a voxel were sorted from the most foveal (repre-
sented in blue) to the most peripheral (purple). While in the fovea the pRFsmp eccentric-
ities vary substantially, in the periphery they largely overlap. For voxels with multiple
clusters, in the fovea (<2 degrees) the pRFmp eccentricity estimates are larger, i.e. more
peripheral, than those of the pRF. This can be related to the �nding that the pRFs in the
fovea are more elongated and with statistical biases. Note that not all voxels contained
the same number of clusters- very few voxels got assigned four clusters, hence the data
for these is much noisier and trends are less clear.

Figure S3.6 Median eccentricity of the pRFsmp as a function of the eccentricity of the conven-
tional pRF (the dashed line represents a perfect correlation). ThepRFsmp eccentricities were sorted
per voxel from the most foveal to the most peripheral cluster. ThepRFsmp eccentricities were then
binned in 1 deg bins of eccentricity, representing the data of 7 healthy observers (14 hemispheres).
Error bars represent 95% con�dence interval.

Figure S3.7 shows the pRFmp size as a function of its eccentricity. The clusters were
sorted from the smallest (blue) to the largest (purple). Although with shallow slopes the
pRFmp size increases with eccentricity for all the visual areas. This slope becomes more
steep as we go through the cortical hierarchy.
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Table S3.1 Represent the correlation factor and the corresponding signi�cance value for the most
foveal to the most peripheric clusters, for all the visual areas analysed.

Correlation Coe�cient p-value
1st cluster 2nd cluster 3rd cluster 4th cluster 1st cluster 2nd cluster 3rd cluster 4th cluster

V1 0.99 0.92 0.79 0.56 0.0000 0.0036 0.0341 0.1951
V2 0.99 0.95 0.87 0.56 0.0000 0.0013 0.0109 0.1897
V3 0.99 0.96 0.90 0.71 0.0000 0.0005 0.0061 0.0748
V4 1.00 0.92 0.84 0.46 0.0000 0.0030 0.0168 0.2949

LO1 1.00 0.98 0.94 0.77 0.0000 0.0001 0.0015 0.0434
LO2 0.98 0.96 0.96 0.56 0.0001 0.0008 0.0006 0.1952

Figure S3.7 Median pRFmp size as a function of eccentricity of the conventional pRF. The pRFmp
size was calculated using a k-threshold of 15% and VEr of 0.1. The pRFmp size was binned in 1
deg bins of eccentricity, and it represents the data of 7 healthy observers (14 hemispheres). Error
bars represents 25% and 75% con�dence interval. The dashed lines represent the linear �t and the
corresponding equations and goodness of �t are shown on top of the graph.
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Figure S3.8 shows two probe maps where conventional pRF resulted in a higher VE than
pRFmp . It is noticeable that the pRFs are larger than the pRFmp . Panel B shows that the
increase in size results in a higher variance explained.

Figure S3.8 Panel A: probe maps of V1 voxels extracted from the right hemisphere of observer
S07 (k-threshold: 15%, VEr: 0.1). The pRFmp clusters and pRFs estimated are outlined with a
dashed red and continuous blue line respectively. Data obtained during retinotopic mapping.
Panel B: Histogram of the VE for pRFmp clusters obtained using a k-threshold of 15% (red) and
30% (yellow). The VE is based on the cumulative activity of the pRFmp clusters. Each histogram
represents the data of the six visual areas, of 7 healthy observers(14 hemispheres), distributed over
100 bins.

Figure S3.9 Two V1 voxels probe maps thresholded at 100%, 50%, 30% and 15%, the MP-based pRF
(clusters) estimates have dashed red outlines. Panel A corresponds to a healthy control and panel
B to an observer with albinism.
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Figure S3.10 Histogram of the VE for pRFsmp and pRFs for several visual areas, represented with
blue and red respectively. The VE based on the cumulative activity of the pRFmp clusters. Each
histogram represents the data of 7 healthy observers (14 hemispheres).

Figure S3.11 Panel A: Symmetry coe�cients for every healthy control observer plotted individ-
ually. Symmetry coe�cients for the V1 of the right hemisphere during full �eld stimulation were
calculated across 8 symmetry axes, from 0 to 180 deg in steps of 22.5 deg. The dashed lines rep-
resent the 95% con�dence intervals, for every participant. Panel B: Histogram of the estimated
polar angle of voxels obtained with the conventional pRF method. The histogram represent the
data for three visual areas (V1, V2, V3), of �ve controls (10 hemispheres).

Figure S3.12 A represents a projection of the number of pRFsmp clusters on the visual
cortex. In both controls and Albinism the number of pRFsmp clusters increases with
eccentricity, this e�ect if present in the three conditions and visual areas tested S3.12
B. Moreover the number of pRFsmp clusters is signi�cantly higher for Albinism when
compared to age matched controls for the full �eld condition, in the three visual areas
tested. For LF and RF there is no di�erence in the number of pRFsmp clusters between
the two population groups. As expected the maps of the number pRFsmp clusters follow
the same spatial organization as the symmetry analysis.
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Table S3.2 Misrouting of albinism and controls. The mean misrouting extent (deg) previously
determined by (Ahmadi et al., 2019.), and misrouting coe�cient calculated with MP- average sym-
metry coe�cient to 90 deg across the entire hemisphere - based on the full �eld condition. C refers
to the median of the controls coe�cients.

Observer Mean misrouting extent (deg) Misrouting Coe�cient
V1 V2 V3

A01 >9.0 0.57 0.66 069
A02 >9.0 0.72 0.73 0.73
A03 >9.0 0.65 0.72 0.77
A04 5.2 0.2 0.29 0.29
A05 4.2 0.16 0.03 0.09
A06 3.1 0.34 0.48 0.44
C 0.0 0.27 0.27 0.21

Figure S3.12 A Projection on an in�ated brain mesh of the number of pRFsmp clusters, right
hemispheres of the observer with albinism A03 and S07. B: Median number of pRFsmp clusters
binned in 1 degree bins as a function of the pRFsmp clusters eccentricity estimated, for the 3 visual
areas and the 3 stimuli conditions tested. Albinism and aged matched controls are represented in
red and blue respectively, the error bars represent the 25% and 75% con�dence interval.
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Figure S3.13 Shape characterization of pRFsmp . A Median of the pRFsmp clusters elongation
size as a function of eccentricity. The pRFsmp elongation was calculated as one minus the ra-
tio between the minor and major axis of the pRFsmp . Error bars represent the 95% con�dence
interval.The dashed line represents the linear �t. represent the data of 14 hemispheres of 7 ob-
servers. Projection on an in�ated brain mesh of the skewness (B) and kurtosis of pRFsmp ( right
hemisphere of participant S07). Skewness was calculated across the main axis of one (arbitrar-
ily) chosen pRFsmp cluster. Black lines indicate the borders of visual areas. D and E show the
skewness and kurtosis across the secondary axis of one (arbitrarily) chosen pRFsmp .
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CHAPTER 4
Predictive spatial masking

through system-wide
recon�guration of neural

population properties in the
human visual cortex

The following chapter is based on:

Carvalho J, Renken RJ and Cornelissen FW.2020 Predictive spatial masking through
system-wide recon�guration of neural population properties in the human visual
cortex.Under Review
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Abstract

The human visual system masks the perceptual consequences of retinal or cortical lesion-
induced scotomas by predicting what is missing from nearby regions of the visual �eld.
To reveal the neural mechanisms underlying this remarkable capacity, known as predic-
tive masking, we used fMRI and neural modeling to track changes in cortical population
receptive �elds (pRFs) and connectivity in response to the introduction of an arti�cial
scotoma (AS). We �nd that throughout the visual �eld and hierarchy, pRFs shifted their
preferred position towards the AS border. Moreover, consistent with predictive masking,
extrastriate areas in particular reweighted their sampling of the V1 region towards in-
formation from outside the AS projection zone (ASPZ). This suggests that a system-wide
recon�guration of neural populations in response to a change in visual input is guided by
extrastriate signals and underlies the predictive masking of scotomas.
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4.1 Introduction

When the information extracted from a visual scene is incomplete, the visual system
attempts to predict what is missing based on information from nearby regions of the
visual �eld. A remarkable perceptual consequence is the masking of retinal lesions,
which makes patients remain unaware of their partial loss of vision. Consequently,
such masking often results in delayed diagnosis and treatment (Hoste, 2003; Smith et
al., 2012) of such lesions. The underlying process to which we will refer to as predictive
masking (PM), also plays a prominent role in healthy perception, e.g evident from the
masking of the blind spot, the receptorless area of the retina where the optic nerve leaves
the eye, and from many visual illusions in which color, brightness, or textures spread
into and mask neighbouring regions of the visual �eld (Komatsu, 2006; Pessoa and De
Weerd, 2003). Consequently, the process is sometimes also popularly referred to by this
behavioral manifestation as “�lling-in”.

Despite the scienti�c and clinical relevance of PM, its underlying neuronal mechanisms
are still poorly understood. Human and animal physiology studies into PM and studies
of the neural consequences of retinal lesions have shown receptive �eld (RF) expansion
and shifts in RF preferred position towards spared portions of the visual �eld (Baker
et al., 2005; Dilks et al., 2009; Gilbert and Wiesel, 1992; Pettet and Gilbert, 1992; Schu-
macher et al., 2008). However, such RF changes also occur following simulated scotomas,
thus suggesting that these changes may not result from structural plasticity (Baseler et
al., 2011; Haak et al., 2012; Papanikolaou et al., 2015). Indeed, the observed RF changes
may be an indirect consequence of a modulation in the responses of neurons in the sco-
toma projection zone, possibly caused by gain adjustments that reduce the feedforward
information (Das and Gilbert, 1995; Parks and Corballis, 2012; Tremere et al., 2003; Weil
et al., 2008), a downregulation of inhibition (Smirnakis et al., 2005), or a change in feed-
back from higher order areas with large RFs (De Weerd et al., 2006; Harrison et al., 2019;
Mendola et al., 2006; Weil et al., 2007).

The changes in RF properties have led to the controversial hypothesis that predictive
masking is explained by neurons modifying their receptive �eld properties (Pettet and
Gilbert, 1992). However, the precise neural basis of PM remains unknown. In addition,
previous studies assumed that PM is a local process restricted to the scotoma projection
zone, so they focused on the scotoma projection zone and the early visual cortex. How-
ever, if PM is a consequence of functional changes (changes in gain), we would expect
neurophysiological modi�cations to occur both inside and outside the scotoma projec-
tion zone and throughout the visual hierarchy. In the present study, we therefore tested
the hypothesis that PM involves a global recon�guration of RFs and their connectivity.
Speci�cally, in analogy to the behavioral phenomenon, we expect that in the cortical
region responsible for PM, the neural mechanisms within the scotoma projection zone
should show a decreased reliance on information from within the scotoma projection
zone and an increased reliance on the information from outside of it. If this hypothesis
is con�rmed, we could create more accurate models of visual perception and improve
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diagnostic methods for patients with visual �eld defects.

To test our hypothesis, we used functional MRI in combination with biologically-inspired
neural population modeling to track changes in RF properties and cortical connectivity
following the introduction of an arti�cial scotoma (AS) into the visual �eld of human
participants (thus mimicking a lesion to their visual system). We modeled the observed
changes in pRF preferred position using a gain �eld model and we examined how cor-
tical connections between recording sites (connective �eld size) changed in response to
the AS.

4.2 Materials and Methods

4.2.1 Participants and Ethics statement

Seven participants (3 females; average age: 28; age-range: 26–32) with normal or corrected-
to-normal vision were included in the study. The participants indicated that they under-
stood the instructions. Prior to participation, participants signed an informed consent
form. Our study was approved by the Medical Ethical Review Board of the Univer-
sity Medical Center of Groningen, and conducted in accordance with the Declaration of
Helsinki.

4.2.2 Data acquisition

Stimuli were presented on an MR compatible display screen (BOLDscreen 24 LCD; Cam-
bridge Research Systems, Cambridge, UK). The screen was located at the head-end of the
MRI scanner. Participants viewed the screen through a tilted mirror attached to the head
coil. Distance from the participant’s eyes to the display (measured through the mirror)
was 120 cm. Screen size was 22x14 deg. The maximum stimulus radius was 7 deg of vi-
sual angle. Visual stimuli were created using MATLAB (Mathworks, Natick, MA, USA)
and the Psychtoolbox (Brainard, 1997; Pelli, 1997).

4.2.3 Stimuli

Retinotopic mapping was performed under three di�erent stimulus conditions: a con-
ventional retinotopy stimulus based on luminance contrast (LCR) used for delineating
visual areas, an arti�cial scotoma stimulus (AS+) and a control stimulus identical to
AS+ but without the arti�cial scotoma (AS-), Figure 4.1. The stimuli used in the two
AS conditions were designed to stimulate the low spatial frequency selective neurons
predominantly. The low spatial frequency carries coarse information about the visual
scene and it is presumably encoded mainly by neurons with large RFs (Chen et al., 2009;
Enroth-Cugell and Freeman, 1987). This is expected to facilitate PM. The AS- and AS+
conditions were used to de�ne the pRFs size and preferred position for each voxel.
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LCR AS-

AS+

A B

C
Figure 4.1 Example of the stimuli used to obtain pRF parameter estimates. A: LCR; B: AS-,
C: AS+, for visualization purposes the AS are outlined with a dashed red line. NB: This red dashed
line was not presented to the participants.

4.2.3.1 Luminance-contrast de�ned retinotopy (LCR)

LCR consists of a drifting bar aperture de�ned by high-contrast �ickering texture (Du-
moulin and Wandell, 2008). The bar aperture, i.e. alternating rows of high-contrast lu-
minance checks drifting in opposite directions, moved in 8 di�erent directions (four bar
orientations: horizontal, vertical and the two diagonal orientations), with two opposite
drift directions for each orientation (Figure 4.1A). The bar moved across the screen in
16 equally spaced steps each lasting 1 TR. The bar contrast, width and spatial frequency
were 100%, 1.75 and 0.5 cycles per degree, respectively. After 24 steps (one pass and a
half), 12 s of a blank full screen stimulus at mean luminance was presented.

4.2.3.2 Arti�cial Scotoma (AS) conditions

The stimuli used in the two AS conditions were adapted from the LCR stimulus. More
speci�cally, the bar and background could be distinguished from each other only on the
basis of their spatial frequency (Figure 4.1B). The AS- condition served as the control
condition for the AS+ condition that contained the actual scotoma. The bar’s movement
directions and orientations matched those of the LCR condition. The width of the bar
aperture was 3 degrees. The bar content was dynamic white-noise band passed �ltered
at frequencies from 0 to 2 cycles per degree (cpd). The background consisted of dynamic
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white spatial frequency band passed from 2 to 4 cpd. The long edges of the bar were
smoothed using an exponential mask. The formula for this mask was: = e−

r f
2 , where r

is the distance to the center-line of the bar, and f the mask factor. The value of f was
�xed at 4. The bar moved at a speed of 0.46 deg/sec. The AS- condition was used to de�ne
a baseline preferred position and size of the pRF for each voxel. The AS+ condition was
similar to AS- (with equal bar aperture size, movement and spatial frequency). Four ASs
were superimposed on the dynamic noise background (see Figure 4.1C). The scotomas
were centered at each quarter �eld at 4.5 deg of eccentricity. Each AS consisted of 2.5 deg
radius disc tapered by an exponential mask at the edges, similar to the masking of the bar:
= e−

r f
2 , where, r is the distance from the center of the scotoma and f is �xed at a value of

four, as before. Preceding each run was a one-minute adaptation period during which the
participants viewed only the background with the AS superimposed while performing
the �xation attentional task. In psychophysical experiments, performed prior to the
fMRI scans, we determined that this period was su�cient to induce �lling-in (see Figure
S4.7).

4.2.3.3 Attentional Task

During scanning, participants were required to perform a �xation task in which they
had to press a button each time the �xation point turned from green to red. The average
performance on this task was above 86% for all the conditions. The task performance
per condition is shown in Table S4.1.

4.2.4 MRI scanning and preprocessing

Scanning was carried out on a 3 Tesla Siemens Prisma MR-scanner using a 64-channel
receiving head coil. A T1-weighted scan (voxel size, 1mm3; matrix size, 256 x 256 x 256)
covering the whole brain was recorded to chart each participant’s cortical anatomy. The
functional scans were collected using standard EPI sequence (TR, 1500 ms; TE, 30 ms;
voxel size, 3mm3, �ip angle 80; matrix size, 84 x 84 x 24). Slices were oriented to be
approximately parallel to the calcarine sulcus. For the retinotopic scans LCR and AS- a
single run consisted of 136 functional images (duration of 204 s) and for AS+ a single
run consisted on 168 functional images (252 s).

The T1-weighted whole-brain anatomical images were reoriented in AC-PC space. The
resulting anatomical image was automatically segmented using Freesurfer (Dale et al.,
1999) and subsequently edited manually. The cortical surface was reconstructed at the
gray/white matter boundary and rendered as a smoothed 3D mesh (Wandell et al., 2000).

The functional scans were analyzed in the mrVista software package for MATLAB (avail-
able at http://white. stanford.edu/software). Head movements between and within func-
tional scans were corrected (Nestares and Heeger, 2000). The functional scans were
averaged and co-registered to the anatomical scan (Nestares and Heeger, 2000), and in-
terpolated to a 1mm isotropic resolution. Drift correction was performed by detrending
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the BOLD time series with a discrete cosine transform �lter with a cuto� frequency of
0.001Hz. To avoid possible saturation e�ects, initial images were discarded for the LCR
and AS- (8 TRs). For the AS+ condition the 40 initial conditions were discarded(40 TRs).
Note that the full 60 seconds adaptation period was removed for the AS+.

4.2.5 Experimental procedure

Each participant completed two fMRI sessions of approximately 1.5 h. In the �rst fMRI
session, 5 participants were subjected to the anatomical scan and LCR, and they per-
formed the AS- experiment (6 runs, 3.4 min each). In the second fMRI session, the AS+
experiment (6 runs, 4.2 min each) was performed. To mitigate the possibility that di�er-
ences between conditions (AS + and AS-) would result from the acquisition in di�erent
sessions, these were performed for 2 participants (S06 and S07) in the same session.

4.2.6 Visual �eld mapping: pRF modeling

The pRF analysis was performed using both conventional pRF mapping (Dumoulin and
Wandell, 2008) and a custom implementation of the Monte Carlo Markov Chain (MCMC)
Bayesian pRF approach (Adaszewski et al., 2018; Zeidman et al., 2018). In the conven-
tional method, a 2D-gaussian model was �tted with parameters: center (x0, y0) and size
(σ - width of the Gaussian) for each voxel. All the parameter units are in degrees of
visual angle and are stimulus-referred. We used SPM’s canonical Haemodynamic Re-
sponse Function (HRF) model. The conventional pRF estimation was performed using
the mrVista (VISTASOFT) Matlab toolbox. The Bayesian pRF approach enables the es-
timation of the uncertainty associated with each pRF parameter. The uncertainty was
de�ned by the 25% and 75% quantiles of the estimated distribution.

In both approaches, the data was thresholded by retaining the pRF models that explained
at least 15% of the variance. Furthermore, the functional responses to LCR, AS- and AS+
were analyzed using the FF model. The AS+ condition was also analyzed using the SF
model (Figure 4.2 A).

4.2.7 ROI and Arti�cial Scotoma Projection Zones de�nition

The cortical borders of visual areas were derived based on phase reversal, obtained with
the conventional pRF model using the classical LCR stimulus. Per observer, six visual
areas (V1, V2, V3, V4, LO1 and LO2) were manually delineated on the in�ated cortical
surface.

Based on the pRF estimates obtained with the AS- condition, the ASPZ was de�ned as
the voxels for which the pRF was completely contained within the AS regions of the
visual �eld.
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4.2.8 Gain Field model

The in�uence of the AS on the pRF’s preferred position and size was modeled as a
gain �eld (GF), i.e., the multiplication of two Gaussian components (Klein et al., 2014;
Reynolds and Heeger, 2009; Womelsdorf et al., 2008, 2006). In our study, the �rst Gaus-
sian component corresponded to the pRF estimated in the AS- condition (µAS−,σAS−).
The second Gaussian component corresponded to the GF (µGF ,σGF ) elicited by the AS:
it represented the in�uence of the AS on the pRF’s preferred position. The GF was cen-
tered on the border of the AS at the point nearest to the original pRF location (Figure
4.2). The product of these two components resulted in a third Gaussian (µpAS+,σpAS+),
that represented the predicted pRF in the AS+ condition. Equations 4.1 and 4.2 show
how the properties of the third Gaussian were derived.

µpAS+ = (
µpAS− ∗ σ

2
GF + µGF ∗ σ

2
AS−

σ 2
GF + σ

2
AS−

) (4.1)

σpAS+ = (
σ 2
GF ∗ σ

2
AS−

σ 2
GF + σ

2
AS−
) (4.2)

The GF size was estimated by minimizing the error between the predicted and the mea-
sured position shifts, which is the radial distance between the AS+ and AS-. For veri-
�cation of the model’s accuracy, the data was split into a training set (50% of the data)
and a test set (the remaining 50% of the data).

   
 

   
 

AS

pRF measured 
AS GF

pRF predicted

B

FF model

SF model

A

Figure 4.2 Models of neural responses used in the analysis, FF, SF and AS Gain Field
model. A: The full �eld (FF) and scotoma �eld (SF) models used in the pRF analysis. B: AS GF
model: the AS (shaded grey region) e�ect was modeled as the AS GF (yellow), centered at the edge
of the scotoma closest to the pRF (blue). This results in a predicted pRF (red), shifted towards the
scotoma.
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4.2.9 Connective �eld (CF) modeling

The CF model predicts the neuronal activity of a recording site (voxel) in a target region
(e.g. in V2) given the aggregate activity in a source region (in V1) (Gravel et al., 2014;
Haak et al., 2013). The fMRI response of each voxel is predicted using a 2D circular
Gaussian CF model, folded to follow the cortical surface of the source region. The CF
output parameters are the position and spread (size) across the source surface. Given a
CF position and a size, a time-series prediction is then calculated by weighting the CF
with the BOLD time series. The optimal CF parameters are found by minimizing the
residual sum of squares between the predicted and the measured time-series. In this
study, only CFs with a variance explained above 0.3 were retained. This threshold was
de�ned based on previous studies (Gravel et al., 2014; Haak et al., 2013). The percentage
of voxels removed (mean and std across visual areas) is 51% (±19%).

4.2.10 Statistical analysis

Data was thresholded by retaining the pRF models that explained at least 15% of the
variance in the BOLD response in the three conditions (LCR, AS+, AS-). This threshold
was de�ned based on previous studies (Dumoulin and Wandell, 2008; Yildirim et al.,
2018). The percentage of voxels removed (mean and std across visual areas) is 32% (±7%).

For the analysis of changes in pRF properties in response to the AS, the pRF estimates
of the four quadrants (each containing one AS) were collapsed onto a single quadrant.
Subsequently, voxels were binned into 12 bins, each covering an eccentricity range of
1.75 deg and a polar angle range of 30° (Figure 4.3B). Additionally within the ASPZ,
voxels were binned into 12 bins of 30 deg of polar angle each after shifting the origin to
the center of the ASPZ (Figure 4.3A) .

The preferred position change corresponds to the Euclidean or radial distance between
the AS+ and AS- conditions. The size ratio, σr , was calculated based on the following
equation:

σr = (
σAS+ − σAS−

σAS−
) (4.3)

A positive σr re�ects an enlargement of the pRF size whereas negative σr re�ects a
shrinkage.

The CF coverage maps were obtained by back projecting each CF into the visual space
using the pRFs for V1 obtained with AS-. First, per voxel in the target region, a CF was
calculated, i.e. the target voxel is expressed as the weighted (CF factor) average of the
signals measured in V1 (the source region), see Introduction. As the pRF was known
for each voxel in V1, we calculated the spatial sampling by summing all pRFs of V1
weighted by the CF factor. The total CF coverage map was calculated by summing these
maps across all voxels in the target region. Finally, a group average (n=7) was calculated
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across participants.

Repeated measures ANOVA, with ROI, condition (AS-, AS+SF), hemisphere and posi-
tion bin as within-participant factors, was used to compare the di�erence of the pRF
preferred position and size between conditions. Participants were treated as random
variables. For the AS+ condition, the pRF properties were estimated using two di�erent
models (FF, SF Figure 4.2A). Separate statistical analyses were performed for each of the
resulting parameter sets. Permutation tests (1000 replications) were used to determine
signi�cance level of the di�erences in CF size between conditions (AS+. and AS-), inside
and outside the AS projection zone. For this, data was aggregated over participants and
condition labels were permuted.

All analyses were performed using MATLAB (version 2016b; Mathworks, Natick, MA,
USA) and R (version 2.11.1; R Foundation for Statistical Computing, Vienna, Austria). A
p-value of 0.05 or less was considered signi�cant.

4.3 Results

4.3.1 The scotoma border attracts pRFs

To examine the presence of changes in pRF properties between the AS- and AS+ con-
ditions, the data for the four di�erent quadrants was collapsed onto a single quadrant.
Next, the pRF properties of the voxels were spatially binned based on their preferred
position as estimated in the AS- condition. In visual area V1, following the presenta-
tion of an AS, pRFs with a preferred position originally inside the AS shifted radially
outwards and towards the border of the AS (Figure 4.3A). However, an analysis of the
entire V1 representation showed that pRFs outside of the AS also appear to be attracted
towards the AS (Figure 4.3B). These shifts were observed across the visual hierarchy
(Figure S4.1 and S4.2). We compared the preferred position in both conditions across the
visual hierarchy using a two-way repeated measures ANOVA, which revealed main ef-
fects of condition (AS- versus AS+, F(1,6)=8.4, p=0.004) and ROI ( F(5,6) = 5.09, p= 0.003).
Furthermore the preferred position shifts were more pronounced for extrastriate areas
(the interaction between ROI and condition was signi�cant (F(5,30)=7.87, p=0.0034), see
Figure S4.1). Post hoc tests (FDR corrected) showed signi�cant di�erences in position
between conditions for all the visual areas tested (p<0.001). These observations suggest
that pRFs throughout the visual �eld shifted their preferred position towards the AS
border. When analyzed in more detail, Figure 4.3C shows how the preferred position
shifted as a function of the pRFs’ distance to the center of the AS. Note that the shift is
minimal at the border (at 2.5 deg.). Figure 4.3D plots the radial component of preferred
position shift, again as a function of the pRFs distance to the AS center. This shows a
nearly perfect linear relationship between the radial shift and the pRFs’ initial preferred
position (r< -0.99 and p<1x10-8 for all the visual areas, Figure S4.2). Note that pRFs
situated at the AS border hardly shift radially. Additional analyses excluded that these
patterns are simply the result of statistical or modeling biases (Figures S4.3 and S4.4).
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Figure 4.3 V1 pRF position change in response to AS. A: Shift between the two conditions
AS- (blue) and AS+ (red) of the pRFs with initial preferred positions located inside the ASPZ,
averaged across participants. B: Position change between conditions in various sectors of the
visual �eld, averaged across participants. C: pRF position change (AS+ vs AS-) as a function of
distance between pRF position (based on AS-) and the center of the scotoma (bins of 0.5 deg.,
Euclidean space). Error bars show the standard error of the mean over hemispheres. D: pRF
position change projected onto the radius as a function of the radial distance between pRF position
measured in the AS- and the center of the scotoma. The gray transparent region refers to the AS,
the darker region corresponds to the center of the AS. Figure S4.2 shows the results for the other
visual areas, V2-LO2. Figure S4.3 shows that these results are not simply due to random position
noise. The AS+ results were obtained using the Scotoma Field (SF) model (which minimizes model
biases). The pRF position shifts between AS- and AS+ were present using either model (SF and
FF, Figure S4.4).

4.3.2 A gain �eld model explained the arti�cial scotoma induced pRF
position shifts

The systematic changes in pRF preferred position suggest that these shifts may depend
on their position relative to the AS border. Such shifts can be modeled using a gain �eld
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(GF) (Klein et al., 2014). To determine whether the border plays a critical role in the
pRF recon�guration, we �rst plotted the radial component of the shifts (Figure 4.4A).
This indicates that the shifts are of similar magnitude all around the perimeter of the
AS (although di�erent for pRFs initially inside or outside the AS). Next, we determined
if we could predict the radial component in the AS+ condition based on the preferred
positions in the AS- condition by modulating the AS e�ect using a GF that is centered
on the AS border (Figure 4.4B). The GF model size was computed in two di�erent ways:
one is area-speci�c and another is common to all visual areas tested, Figure S4.9. Figure
4.4 shows the predicted and measured pRF positions shifts (Panel 4.4B) and size ratios
(Panel 4.4C). The area-speci�c GF model performed well and explained 59% and 92% of
the variance in the radial position shifts and size changes, respectively (Figures 4.4B and
C). The common GF across the visual areas performed better than the area-speci�c GF
model for the position prediction. It explained 79% and 91% of the variance in the radial
position shifts and size changes.

Figure 4.4D shows that the position predictions of the GF model are most accurate for the
higher order areas (V1, variance explained of 44% (area speci�c GF) and 62 % (common
GF); LO1, variance explained of 73% (area speci�c GF) and 97% (common GF)). Addi-
tionally, two other GF models were computed: one in which the GF was centered at the
center of the AS and the other in which the GF was centered at �xation. The model cen-
tered at �xation was the least performant model, and it could not explain the position
shifts, VE of 9% and 20% respectively for the area speci�c and common GF model. The
common GF model centered at the center of the AS has similar prediction accuracy as
the GF centered at the edge of the AS, however, the last one performs better for V1, see
Table S4.2. The model comparison results can be found in Figure S4.9 and Table S4.2.
The preferred position shifts tend to increase along the visual hierarchy (Figure S4.1).
Although the pRF sizes increased with eccentricity and visual hierarchy (Pearson’s cor-
relation coe�cient: r>0.8 and p<0.05 for all the visual areas tested), the pRF preferred
position change does not strongly correlate with the pRF size within every visual �eld
map (V1 r=0.06; V2 r=-0.06; V3 r=0.13; V4 r=-0.06; LO1 r=0.1; LO2 r=- 0.2; all p<0.0005).
Regarding changes in the pRF size, a comparison across condition and visual areas re-
vealed that the pRF size does not change signi�cantly between conditions (F(1,6)=0.007,
p=0.93) but it does change with visual area (F(5,6)=6.5, p<0.0001), and the interaction be-
tween condition and visual area is not signi�cant (F(5,30)=0.63, p=0.67). Post hoc tests
(FDR corrected) did not show any signi�cant di�erences in pRF size between all the
conditions tested ( AS-, AS+SF, AS+FF; p>0.09).
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Figure 4.4 A gain �eld model centered at the AS border explains changes in preferred
population RF position. A: Radial position change between the two conditions AS- (blue) and
AS+ (red) in various sectors of the visual �eld inside and outside the AS, averaged across partici-
pants. The region inside the AS corresponds to the ASPZ. B/C: Measured (yellow) and predicted,
using a area-speci�c (blue) and common (green) GF, RF position shifts (B) and size changes (C) in
response to an AS. D: Mean average error between the predicted and measured pRF shifts. The
error bars represent the interquartile ranges across the voxels in the test set. The estimated GF
size did not vary signi�cantly between visual areas (F=0.16; p=0.97)). All the panels depict the
aggregate results for the pRFs located both inside and outside of the arti�cial scotoma projection
zone.

4.3.3 Neural populations in extrastriate cortex increase their V1
sampling region

Visual areas beyond V1 may also respond to the AS by changing their V1 sampling.
Changes in sampling of a source area such as V1 can be quanti�ed by modeling the con-
nective �eld (CF) of the recording site. The CF enables the prediction of the neuronal
activity of a recording site (voxel) in a target region (e.g. V2) given the activity in another
part of the brain (e.g. V1). CFs are stimuli agnostic and are estimated without modeling
the stimulus, so they are not subject to modeling bias and may re�ect other components
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of brain function, such as feedback signals. Changes in the CFs may thus arise inde-
pendently from the V1 pRF changes reported above. Figure 4.5A shows the di�erence
in CF size between the two AS conditions (AS+ - AS-) for the voxels whose preferred
position was initially located either inside or outside the ASPZ. For some visual areas
(voxels initially inside the ASPZ) the CF became larger following the introduction of the
AS. In particular, LO1 recording sites inside the ASPZ sampled from a larger region of
V1, which is evident from the increased CF size. This e�ect was not clearly present for
recording sites outside the ASPZ (LO1: inside ASPZ, p=0.002; outside ASPZ p=0.14). To
show how the accumulation of these changes in�uences the sampling of V1, we pro-
jected the CFs back into visual �eld space by convolving them with the V1 pRFs from
which they sample. To isolate AS-induced changes in the CFs from those in the pRFs
of V1, the CFs of both the AS- and AS+ conditions were back projected using the same
set of pRFs (those from the AS- condition). For areas V2 and LO1, Figure 4.5B shows
the CF sampling density in the conditions AS- and AS+ and their di�erence (AS+ - AS-).
Overall, V2 sampling density is reduced in the AS+ compared to the AS- condition. This
e�ect is most pronounced for recording sites within the ASPZ. The ∆CF image shows
that the introduction of the AS generally resulted in a denser sampling of V1 regions
outside the ASPZ. This e�ect seems particularly pronounced in LO1. Figure S4.6 shows
the CF coverage maps from V1 to V2 up to LO2.
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Figure 4.5 Changes in cortico-cortical connections in response to AS. A: Di�erence in the
cumulative distribution at the 90% point (dashed line Figure S4.5 A and B) of the CF size between
AS+ and AS- in (blue) and outside (red) the ASPZ. The error bars represent the 95% CI. The CF
sizes between the two conditions (AS- and AS+) di�ered signi�cantly inside and outside scotoma
for V2, LO1 and LO2 (p<0.001), represented in the graph by *. The levels of signi�cance were cal-
culated using permutation statistics, explained in detail in the methods under statistical analysis.
B: Coverage map of CFs obtained for AS-, AS+ and the di�erence between the two conditions
(AS+ - AS-). The back projection onto the visual �eld was performed based on the pRF estimates
obtained with AS-. The sparse dotted line depicts the visual stimulation area and the dotted line
the AS location in the visual �eld. Each map represents the combined data from 7 participants.
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4.4 Discussion

Our main �nding is an extensive, system-wide recon�guration of neural population
properties in response to the change in visual input evoked by an AS. The pRFs lo-
cated in- and outside of the ASPZ, and throughout the visual hierarchy, shifted towards
the AS border. We did also observe that extrastriate cortical regions, in particular LO1,
increased their sampling of V1 regions outside of the ASPZ, which would be required
for the predictive masking of the scotoma. While the shifts towards the AS border of
the pRFs initially located inside of the ASPZ are consistent with the idea that the neu-
rons can be partially stimulated by spared visual �eld, this cannot explain why the pRFs
initially located outside of the ASPZ also do so. A gain �eld model, centered at the AS
border, could e�ectively explain the changes in pRFs. This suggests that these primarily
served to focus neural resources on regions of potential interest and constitute a com-
ponent of normal visual perception. Of interest, the model explained the shifts most
e�ectively for extrastriate areas, in particular for area LO1. We therefore postulate that
the signals that drive the population modi�cations originate in extrastriate areas and,
through feedback, also recon�gure the neural populations in earlier visual areas. Below,
we discuss our �ndings and interpretation in detail.

4.4.1 Extrastriate cortex increased its sampling of V1 outside of the
ASPZ

To understand how the cortico-cortical connections between visual areas change in re-
sponse to an AS, we quanti�ed their CFs, which describe how extrastriate target areas
(V2 to LO2) sample from source area V1. Dissociating the changes in the extrastriate CFs
from their pRF shifts revealed an increased sampling density of the V1 region outside of
the ASPZ in response to the AS compared to V1 region inside the ASPZ. This e�ect was
particularly evident for LO1, where the sampling from V1 increased especially for voxels
inside the ASPZ. This indicates that cortico-cortical connections change following the
presentation of the AS, resulting in increased capturing of information from outside the
scotomatic region. This is consistent with PM.

The capacity to dissociate connectivity from the visual input via the back projection of
the CFs is less susceptible to stimulus-related model-�tting biases (due to its indepen-
dence from the stimulus) and informs how the visual information is integrated across
di�erent cortical areas. It also has the potential to capture the neural circuits underlying
pRF dynamics (Carvalho et al., 2019).

4.4.2 Feedback from extrastriate regions drives a system-wide
recon�guration

Previous studies have reported dissociation in the representation of super�cial, middle
and deep layers of V1. In these studies, the super�cial and deep layers represented the
feedback mechanisms that modulate perception, and the middle layers represented the
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visual input. Evidence of predictive feedback in the super�cial layers of V1 was found
when neurons were deprived of information in a partial occlusion paradigm (Morgan et
al., 2018; Muckli et al., 2015). Selective feedback-associated activation of the deep layers
of V1 was also found in a study on the Kanizsa illusion (Kok et al., 2016). Therefore,
the pRF changes measured in the early visual cortex could plausibly be driven by feed-
back connections from extrastriate cortex. Moreover, based on our results and those of
others, extrastriate area LO1 is a potential candidate for the origin of these feedback
signals. It plays a major role in the processing of oriented boundaries or borders (Lars-
son and Heeger, 2006; Silson et al., 2013) and its role can be dissociated from that of
LO2, which preferably processes shape (Silson et al., 2013). In our analysis, the gain
�eld model best explained the observed pRF modulations in this area, which would be
expected for signals originating in this area. Moreover, the increased sampling of V1
was most prominent for LO1 voxels. We therefore propose that the recon�guration of
neural populations in response to an AS is modulated by extrastriate signals and may
underlie predictive masking.

Although PM is linked to perceptual �lling-in (FI), we opted to not quantify percep-
tual FI during our experiments. This is because such a perceptual task could interfere
with the attention task and increase the chance of unintentional small eye-movements
in the direction of the AS, thereby actually decreasing FI. Therefore, we performed psy-
chophysical tests outside the scanner and prior to the present study, which indicated that
participants reach stable FI after about 30 sec (Figure S4.7). Since our actual mapping
experiment started after 60 sec and the design of the retinotopic stimulus was optimized
to yield FI, we assumed that observers were �lling in the AS at the time we performed
the pRF and CF mapping.

4.4.3 An arti�cial scotoma induces a system-wide recon�guration of
neural population receptive �elds

In response to the AS, pRFs shift their preferred spatial position towards the AS bor-
der. While such shifts have been reported previously for pRFs initially located inside
the natural scotoma projection zone (Barton and Brewer, 2015) and AS projection zone
(Baseler et al., 2011; Binda et al., 2013; Haak et al., 2012; Papanikolaou et al., 2015), our
study is the �rst to show that this recon�guration is not restricted to the ASPZ, but is a
system-wide phenomenon. Within the ASPZ, the pRFs shifted their preferred position
towards the AS border, which could be consistent with an extrapolation process. Fol-
lowing the shift, pRFs are more likely to be activated by spared portions of the visual
�eld, and can thus contribute to the spatial masking of the scotoma. However, the pRFs
initially located outside the ASPZ shifted their preferred position towards the AS border
as well. These pRFs are more likely activated by non-stimulated portions of the visual
�eld. Therefore, this behavior cannot easily be reconciled with PM.

Previous studies have suggested that changes in the pRF properties in response to an
AS can result from a model bias driven by partial stimulation of the neuronal popula-
tions (Binda et al., 2013; Haak et al., 2012; Papanikolaou et al., 2015). This e�ect can be
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controlled for either by taking into account the presence of the AS during the pRF mod-
elling (Binda et al., 2013; Papanikolaou et al., 2015) and/or by using multifocal retinotopic
stimuli, which do not involve predictive bar sweeps. To apply the �rst, we used two pRF
modeling approaches: one that assumed the presence of the AS – the Scotoma Field (SF)
model, and one that did not – the Full Field (FF) model. We found similar positional
shifts with both models, thus indicating that our �ndings are unbiased (Figure S4.4). Re-
garding multifocal stimuli, these could not be applied, since the relatively rapid stimulus
changes in this type of stimulation would entirely disrupt the predictive masking e�ect
thus foregoing the purpose of the present study. Importantly, CFs are not a�ected by
such model biases (Carvalho et al., 2019; Gravel et al., 2014).

4.4.4 A gain �eld at the scotoma border explains the shifts in pRF
preferred position

The factor common to all shifts is that these were predominantly directed towards the
AS border. Indeed, the preferred position changes could be explained by a biologically
motivated GF that accounts for the presence of the AS. This suggests that the presence of
an AS results in a reweighting of the spatial response selectivity towards the scotomatic
border. This might result from a combination of feedforward and feedback mechanisms
underlying the pRF attraction (Klein et al., 2018). Given the modelling results, these
feedback mechanisms most likely originate at higher level areas of visual processing,
such as LO1. Gain �elds have also been used to model attention induced shifts in pRFs
(Klein et al., 2014; Womelsdorf et al., 2006). This suggests that the observed pRF shifts
in the presence of the AS could result from a deployment of attention towards the AS
border. Although the AS was designed to induce PM (�lling-in), a reduced visual stim-
ulation may actually be salient to the early visual system (Betz et al., 2013). In this case,
the preferred position shifts indicate that the border was a salient feature. This inter-
pretation is supported by the fact that the GF model described the preferred position
shifts accurately, especially for the extrastriate areas. This interpretation is also in line
with previous studies, which showed that high-level mechanisms (attention) modulate
perception via feedback projections (De Weerd et al., 2006). The recon�guration of neu-
ral population properties may therefore have the more general role of allocating neural
resources to salient features in the visual �eld. This may help to scrutinize these in more
detail, or alternatively, to resolve prediction errors (Haak et al., 2016).

This interpretation links to previous hypotheses about the underlying mechanisms of
PM, in particular the suggestion that the masking of an AS results from (slow - tens of
seconds) adaptation to salient features (such as a border) in combination with a fast ex-
trapolation process (Spillmann and De Weerd, 2003). Although the design of the present
experiment did not allow us to separate these two components, the GF model can shed
some light on these issues. We suggest that during the border adaptation, neural re-
sources are allocated to the borders of the scotoma in response to its saliency, resulting
in a recon�guration of the RFs and consequently in the predictive spatial masking of the
scotoma. These �ndings indicate that the modulation of the pRF structure by cognitive
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factors contributes to the adaptation to the scotoma borders and consequently to the
predictive masking.

In contrast to previous studies using retinal and cortical scotomas (Gilbert and Wiesel,
1992; Pettet and Gilbert, 1992), our observed preferred position shifts were not accom-
panied by increases in pRF size (if anything they tended to shrink). The absence of
size changes in early visual cortex may be related to our use of a low spatial frequency
stimulus. Therefore, the most responsive neurons de�ning the pRF already had large
receptive �elds, leaving little room for further expansion. Importantly, the presence of
the AS did not alter the fundamental structural characteristics of the visual cortex, such
as the increase of the pRF size over eccentricity and visual hierarchy. However, this last
aspect does not explain the increase of the position shifts over the visual hierarchy.

4.4.5 Limitations and future studies

Although an AS is considered a good model of visual �eld defects, there are various fun-
damental di�erences with natural scotoma that may limit the translation of our present
�ndings. First, natural scotomas are present for a long period of time (several years)
and are thus most likely associated with long-term adaptive processes which cannot be
simulated. Second, natural scotomas move with the eyes, whereas the AS in our experi-
ment were locked to a particular location on the screen. Given the requirement to �xate,
this may not have been a major issue. Third, we simulated the scotomas using circular
smoothed edges, yet this is only an approximation as natural scotoma borders may have
irregular shapes and the nature of the transition zone between the blind and seeing �eld
is not known.

Although the participants reported to have experienced a stable �lling-in during the
scanning, it is possible that interaction between the pRF mapping stimulus (moving bar)
and the scotomas drew their attention to the border of the AS. In turn, this could partially
explain the shifts of the pRFs towards the AS border. However, this would require strong
and lasting directed spatial attention towards multiple locations simultaneously, which
is unlikely given that the notion of split attention contrasts with most the current models
of attention (Jans et al., 2010).

The area-speci�c and common GF models predicted 59% and 79% of the position shifts,
respectively. There are multiple factors that might explain the unpredicted parts of the
shifts: 1) only the gain �eld component closest to the pRF was taken into account, while
the best GF model might require a combination of multiple GFs; 2) some of the position
shifts might result from noise in the BOLD signal.

Eye movements may bias pRF estimates and commonly result in increased pRF sizes
(Hummer et al., 2016; Klein et al., 2014; Levin et al., 2010). Eye movements were not
recorded during scanning but were minimized by having observers perform an attention
task that demanded central �xation. Moreover, eye movement artifacts should have
resulted in increased pRF sizes, which we did not �nd.
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For �ve of the seven observers the AS- and AS+ conditions were performed in two dif-
ferent scan sessions raising the possibility that pRF shifts were due to misalignment
between the functional and anatomical scans. However, such shifts should all have been
in the same direction, e.g. fovea to periphery. Moreover, we �nd similar shifts in the two
observers who performed the two conditions within the same scan session. Therefore,
we conclude that the observed pRF shifts are genuine.

We de�ned the pRFs contained by the ASPZ based on the pRF estimates obtained with
the AS- condition. As an alternative method, we also de�ned the ASPZ based on a sco-
toma localizer in which the AS and its background were stimulated separately. The re-
sults obtained using either de�nition of the ASPZ resulted in highly analogous �ndings,
reason why we choose to present the results based on only one method.

Future studies measuring the neuronal mechanisms associated with PM at �ner scale
(e.g. at higher fMRI resolution) could reveal changes that are masked at a coarser scale.
This is not only because one can identify more pRFs in the ASPZ, but also because it en-
ables determining laminar pro�les across cortical depth, which could help to determine
at which level of cortical processing the feedback and feedforward signals modulate
perception.

4.5 Conclusion

In the present study we have shown that partial occlusion of local visual input results
in a system-wide recon�guration of the RF properties of neural populations and their
connectivity. Furthermore, we suggest that this recon�guration is guided by extrastriate
signals, which lies at the basis of predictive masking.
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4.7 Supplementary Information

4.7.1 Contents

- Shifts in preferred position of pRFs occur throughout the visual hierarchy

-Simulations of pRF shifts.

-Comparison between SF and FF model analyses.

-Connective �elds in extrastriate cortex increase their sampling extent.

-Filling-in time.

-Attention task performance.

-Comparison LCR and AS-.

-Gain Model Estimation Properties.

Shifts in preferred position of pRFs occur throughout the visual hierarchy

Figure S4.1 Changes in pRF position in response to the presentation of an AS. The �gures
show position changes between the AS- and AS+ conditions in di�erent sectors of the visual �eld,
averaged across participants. The V1 data is the same as shown in �gure 1.
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Figure S4.2 Change in preferred position of pRFs as a function of their distance to the AS.
A: pRF position change as a function of the Euclidean distance between the pRF position and the
center of the scotoma (bins of 0.5 deg) for all the visual areas analysed. The error bars represent
the standard error. B: Change in radial pRF position as a function of the radial distance between
the pRF position and the center of the scotoma.

Simulations of pRF shifts

To verify that pRF shifts did not result from a statistical bias (regression to the mean,
i.e the probability that a pRF located in the fovea shifts to a more eccentric location
is higher than that pRF shift to a more foveal location), we simulated the Euclidean
and radial pRF position change resulting from arbitrary shifts in position. First, we
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simulated two sets of 10000 pRF positions. The positions were cartesian coordinates
uniformly distributed across the stimulated visual �eld (up to 7 degrees of eccentricity).
Secondly, the pRF’s preferred positions were collapsed onto a single quadrant. Thirdly,
the Euclidean and radial preferred position shifts were binned in 0.5 degree bins as a
function of the distance to the center of the AS. Figure S4.3 shows a comparison between
the simulated and measured pRF preferred position shifts. For both types of shift (radial
and Euclidean) the observed shifts cannot be explained as a result of a statistical bias.
Note that in panel B at the edge of the scotoma (2.5 deg) the measured position shift is
∼ 0 deg whereas the simulated shift is 1.5 deg. Moreover the voxels located near the
center of the scotoma are displaced of 2.2 deg (corresponding to the distance between
the center of the AS to its edge) while the simulated displacement is the double.
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Figure S4.3 Simulated position change as a function of the distance to the AS. A: Simulated
pRF position change as a function of the Euclidean distance between pRF position measured with
AS- and the center of the scotoma, in bins of 0.5 deg. Error bars show the standard error of the
mean over hemispheres. B: pRF position change as a function of the radial distance between pRF
position measured with AS- and the center of the scotoma.

Comparison between SF and FF model analyses

Previous work has suggested that pRF shifts may result from disregarding the AS when
creating a model of the stimulus input that drives the pRF. In the main body of our paper,
we described a model that took the AS into account (scotoma �eld (SF)). Here, we show
the e�ect of using a full �eld (FF) model. The pRF position shifts between AS- and AS+
conditions were present when applying either of the both models. Furthermore, the
presence of the arti�cial scotomas neither reduced the BOLD amplitude nor a�ected the
explained variance of the models.
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Figure S4.4 Changes in V1 pRF position change in response to the presentation of the
AS as calculated when using a full �eld (FF) model. A: Shift between the two conditions AS-
(blue) and AS+ (red) of the pRFs with initial preferred positions located inside the AS projection
zone. B: Position change between conditions in di�erent sectors of the visual �eld, averaged
across participants. C: pRF position change (AS+ vs AS-) as a function of distance between pRF
position (based on AS- ) and the center of the scotoma (bins of 0.5 deg, Euclidean space). Error
bars show the standard error of the mean across hemispheres. D: The change in radially projected
pRF position change as a function of the radial distance between pRF position measured in the
AS- and the center of the scotoma. The gray transparent region refers to the AS, the darker region
corresponds to the center of the AS.

Connective �elds in extrastriate cortex increase their sampling extent.

Figures 4.5 A and B show the cumulative histogram of the CF sampling extent for AS
projection zone of the visual areas tested. Note that the V1 sampling extent increases
(shift to the right) with visual hierarchy. This trend is not present for the voxels located
outside the AS projection zone (Figure 4.5 B). The signi�cance level between the two
conditions (AS+ and AS-) per ROI is shown on the bottom right of the cumulative graphs.
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Figure S4.5 CF changes in response to AS. A: Cumulative percentage of the CF size for the
conditions AS- (blue) and AS+ (red) calculated for the voxels within the AS projection zone in
the target visual areas V2 a LO2. B: Analogous analysis to panel A, but for those voxels outside
the AS projection zone. The shaded area represents the 5% and 95% con�dence intervals. The
p-value on the bottom right of each graph shows the signi�cance of the di�erence between the
two conditions.
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Figure S4.6 CF back projection maps for all the visual areas. Coverage map of CFs obtained
for AS-, AS+ and the di�erence between the two conditions (AS+ - AS- ). The back projection onto
the visual �eld was performed based on the pRF estimates obtained with AS-. The sparse dotted
line depicts the visual stimulation area and the dotted line the AS location in the visual �eld. Each
map represents the combined data from 7 participants.
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Filling-in time

Six of the seven participants included in the MRI study, participated in a psychophysical
experiment to establish the time required for �lling-in to occur. The stimulus consisted
of dynamic white noise band pass �ltered at frequencies of 2 to 4 cpd. Four AS with a
radius of 2.5 deg were superimposed. The participant’s task was to �xate in the center
of the screen (represented by a white dot – 0.15 deg radius) and press a button when the
background was perceived as uniform (the AS had been �lled in). Filling-in time cor-
responded to the time interval since the presentations of the scotomas until the button
press was recorded. The scotomas were centered at 4.5 deg eccentricity, at each quarter
�eld. Per participant four repetitions (trials) were performed. Between two consecutive
trials there was a gap of 15s during which a uniform grey background was shown in
order to prevent carryover. The �lling-in time was always less than one minute (Figure
S4.7). Therefore one minute of �lling-in time was allowed in the fMRI experiment for
all participants.

Note: To design the optimal parameters of the pRF mapping, i.e bar width, speed and
stimuli that would yield stable �lling-in of the AS, psychophysical experiments where
the bar moved across the AS were performed. With the chosen parameters the partic-
ipants reported stable continuous �lling-in of the scotoma and a smooth adaptation to
the bar.

Figure S4.7 Results of the psychophysical tests used to de�ne the optimal stimulus pa-
rameters (adaptation time). Filling-in time measured per trial and per participant.
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Attention task performance

Table S4.1 Performance (average and standard error) of the attention task per condition.
One-way repeated measures ANOVA showed no signi�cant di�erence between the attention task
performance between the conditions AS+ and AS- (p=0.6341).

Task Mean(%) Standard error (%)
LCR 90.9 6.8
AS- 86.0 8.7
AS+ 87.7 3.4

Comparison between Luminance Contrast Retinotopy and Spatial Frequency Retinotopy
(AS-)

First, we compared the pRF estimates obtained using a standard LCR retinotopy bar stim-
ulus with a second order stimulus based on spatial frequency SFR (similar to AS-) to ver-
ify if we could obtain a reliable visual �eld map with SFR and second to see how the stim-
uli change a�ected the estimated pRF properties in various visual cortical areas. Figure
S4.8 depicts the eccentricity, polar angle and size maps estimated with Bayesian and con-
ventional pRF using the LCR and SFR stimuli, projected onto the in�ated left hemisphere
of a representative observer. Panel B shows SFR eccentricity as a function of LCR eccen-
tricity. Although there is a good correlation between SFR and LCR eccentricities, for the
visual areas tested (V1 to LO2), it is notable that in the fovea and parafovea SFR results
in more peripheral eccentricity estimates than LCR or even absence of stimulation. ROI,
condition and eccentricity showed a signi�cant three way interaction (F(30,180)=3.13
p<0.001). Panel C depicts the pRF size as a function of eccentricity for V1. The SFR re-
sults in lower pRF size estimates than LCR - smaller redish region in the pRF size maps.
This resulted in interactions between condition and eccentricity (F(6,36)=5.46 p<0.01; )
and between roi and condition (F(4,24)=4.14 p=0.0028). However a three way interaction
roi, condition and eccentricity was not signi�cant (F(30,180)=1.41 p=0.079 ).
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Figure S4.8 Comparison of LCR and SFR. Panel A: Polar angle, eccentricity and pRF size maps
projected on an in�ated brain mesh. The data refers to the left hemisphere of the participant S03.
The blue lines denote visual areas boundaries. Panel B: Median eccentricity of the SFR estimated
pRFs as a function of the eccentricity of the LCR estimated pRF (the dashed line represents a
perfect correlation) for the six visual areas tested (V1-LO2). The data was grouped in 1 degree
bins. The correlation coe�cient varies between 0.9 and 1 depending on the visual areas and the
p-values«0.05. Panel C: The pRF size was binned in 1 deg bins of eccentricity (data of 7 healthy
participants; 14 hemispheres) for LCR and AS. The error bars denote the interquartile range. For
visualization, the maps on the in�ated brain meshes onto which pRF estimates were projected
used a variance explained threshold of 0.1.
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Gain Field size estimation

In addition to the GF model located at the edge of the scotoma, two more GFs located
at �xation and at the center of the scotoma were considered. Figure S4.9 A shows the
estimated GF size for the three models tested. The maximum GF size allowed was 10
degrees. Note that for the visual areas V3, LO1 and LO2, the median of GF size centered
at �xation was 10 degrees, this suggests that GF model did not converge for these areas.
Panel B and C show that the GFs (both common and area-speci�c) centered at �xation
fail to predict the size and position shifts. GF model centered at the center of the AS has
similar prediction accuracy as the GF centered at the edge of the AS, however the last
one performs better for V1.

A

B C

Figure S4.9 Estimation of the GF size. A : Sum of the positional error (over the training data
set) as a function of the GF size for the V1 of the participant S03. The black dot (minimum error)
represents the estimated GF V1 of S03. B: Median of the area speci�c GF size across participants
(blue). The error bars represent the 95%CI interval. The black continuous line represents the
median of common AS GF while the dashed lines indicate its interquartile range.
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Table S4.2 Percentage of variance explained between the predicted position and size of
the estimated pRFs using the di�erent models and measured pRF estimates, for the dif-
ferent visual areas.

Position VE (%) Size VE (%)
Visual area Area speci�c Common Area speci�c Common

Edge Fix Center Edge Fix Center Edge Fix Center Edge Fix Center
V1 0.42 0.15 0.22 0.63 0.21 0.47 0.96 0.87 0.89 0.99 0.88 0.95
V2 0.46 0.07 0.78 0.81 0.13 0.99 0.86 0.76 0.92 0.93 0.77 1.00
V3 0.42 0.06 0.82 0.74 0.13 0.94 0.79 0.68 0.90 0.88 0.70 0.98
V4 0.82 0.09 0.84 0.83 0.19 1.00 0.96 0.81 0.97 0.82 0.84 0.91
LO1 0.57 0.09 0.85 0.98 0.24 0.70 0.96 0.84 0.96 0.95 0.87 0.86
LO2 0.65 0.11 0.83 0.96 0.28 0.76 1.00 0.84 0.95 0.88 0.88 0.79
Mean 0.56 0.09 0.72 0.83 0.20 0.81 0.92 0.80 0.93 0.91 0.83 0.92
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CHAPTER 5
Visual �eld reconstruction

using fMRI-based techniques.

The following chapter is based on:

Carvalho J, Invernizzi A, Martins J, Jansonius NM, Renken RJ and Cornelissen FW.
Visual �eld reconstruction using fMRI-based techniques.Under Review
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Abstract

Visual �eld (VF) assessment is vital for the diagnosis and management of retinal diseases,
in particular of glaucoma. Standard automated perimetry (SAP) is the gold standard tech-
nique to measure the VF. However, SAP depends on the participant’s compliance, which
results in subjective measurements. Functional magnetic resonance imaging (fMRI) based
VF reconstruction techniques may provide an objective alternative to detect visual �eld
defects (VFDs). Here, we evaluated the accuracy and reliability of fMRI-based techniques
in healthy participants with simulated scotomas (SS). In addition, in participants with
glaucoma, we compared the visual �elds obtained with SAP and fMRI-based techniques.
To do so, we used conventional population receptive �eld (pRF) mapping and a new ad-
vanced pRF framework – micro-probing – to reconstruct the visual �eld representation of
di�erent cortical areas (e.g., V1, V2, and V3). Using SS we found that: 1) the conventional
pRF and micro-probing techniques can reconstruct the visual �eld and detect absolute
VFDs that are larger than 3 deg; 2) the scotoma projection zone becomes smaller for cor-
tical areas higher up the visual hierarchy; 3) using the location of SS as a prior into the
conventional pRF analysis model introduces biases in pRF properties estimation, and 4)
MP results in a less biased estimation of the preserved VF. Applied to participants with
glaucoma we found that: 1) overall pRF mapping and MP could both reconstruct the VF,
2) MP predicted the contrast sensitivity loss better than the conventional pRF technique,
and 3) there were notable di�erences between the VF assessed via SAP and via fMRI-based
reconstruction. We conclude that fMRI-based reconstruction of the VF using either micro-
probing or pRF-based techniques enables the evaluation of vision loss and provides details
on the properties of the visual cortex. This information may either complement SAP, or
could provide VF information in patients unable to perform SAP.
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5.1 Introduction

The detection of visual �eld defects (VFD) is an essential aspect of ophthalmic assess-
ment. This is especially relevant in clinical pathologies such as glaucoma, for diagno-
sis and monitoring of disease progression (Salvetat et al., 2010). Standard automated
perimetry (SAP) is the clinical gold standard to measure the visual �eld (Johnson, 2010).
SAP assesses the luminance sensitivity at multiple locations of the visual �eld using in-
cremental light stimuli (Phu et al., 2017). However, there are a number of issues that limit
the applicability and reliability of SAP: SAP is fairly complicated to perform, relies on
a participant’s attention and their experience, and on many other factors (Castro et al.,
2008; Montolio et al., 2012, Karcioglu, 2014; Stamper et al., 2009). These factors in gen-
eral limit the power of SAP as a diagnostic technique, and make SAP unusable in some
patients. Moreover, not all diagnostic dilemmas can be addressed easily with SAP, e.g.,
(suspected) functional VF loss. If we would have a technique that could accurately chart
the VF without requiring participant compliance (other than keeping their eyes open),
this would obviously bene�t clinical care. The combination of fMRI and biologically-
inspired data analysis methods such as population receptive �eld (pRF) modeling may
provide an option to realize this. Such methods model the neuronal response of pop-
ulations of RFs. These approaches have become essential tools to study and assess the
visual �eld representations in the healthy and impaired visual system (Dumoulin and
Wandell, 2008; Wandell et al., 2009, 2007). By back projecting the modelled population
RFs, it is possible to visualize the responsiveness of a particular cortical visual area in
VF coordinates. Previous studies used simulated and natural scotomas to investigate
changes in visual �eld representations following damage to the retina (Baseler et al.,
2011; Binda et al., 2013; Carvalho et al., 2019; Haak et al., 2012; Hummer et al., 2018;
Papanikolaou et al., 2014; Ritter et al., 2019; Zhou et al., 2017). In particular, Hummer et
al. showed that it is possible to accurately detect central scotomas that are larger than
4.7 deg (diameter) (Hummer et al., 2018). Building on this, Ritter et al. found decent cor-
respondence between visual �elds charted using micro-perimetry and pRF mapping in
participants with central and peripheral retinal diseases (Ritter et al., 2019). Therefore,
pRF modeling holds the promise to: 1) enable visual �eld estimation without relying on
a participant’s compliance (except for keeping their eyes open) and 2) inform about the
integrity of the cortical mechanisms underlying someone’s visual �eld. Once available,
such information could further inform on cortical reorganization, perceptual abilities,
and the potential to enhance or restore vision via training or restorative therapy.

Microprobing, a recently introduced mapping technique (Chapter 3), enables a more
accurate delineation of pRFs. Consequently, it also promises potentially more accurate
charting of the VF based on fMRI. Therefore, in this study we aim to validate our new MP
technique for reconstructing the VF and detecting VFDs. We do this by using simulated
scotomas (SS) that mimic the lack of visual input caused by VFDs in healthy participants.
In particular, we will address the capability of pRF-based techniques to detect heteroge-
neously shaped and sized scotomas located in di�erent areas of the visual �eld. SS pro-
vide the ground truth when testing the reliability of fMRI-based approaches in detecting

119



Chapter 5

VFDs (Hummer et al., 2018). SS can also help determine the presence of methodological
biases in pRF property estimation (Binda et al., 2013; Haak et al., 2012; Papanikolaou
et al., 2015). We will also assess the ability to reconstruct VFD based on data obtained
from di�erent cortical areas. Finally, we will compare SAP- and fMRI-based VF maps of
participants with glaucoma.

5.2 Materials and Methods

5.2.1 Participants and ethics statement

A total of 6 participants (3 females; average age: 28; age-range: 26–32 years-old) with
normal or corrected to normal vision; and 19 participants with primary open angle glau-
coma (10 females; average age: 70; age-range: 55–84 years-old) were recruited. Prior to
scanning, participants signed an informed consent form. Our study was approved by the
University Medical Center of Groningen, Medical Ethical Committee, and conducted in
accordance with the Declaration of Helsinki.

Inclusion criteria for the participants with glaucoma were as follows: having an intraoc-
ular pressure (IOP) > 21 mmHg before treatment onset, presence of a VFD (glaucoma
hemi�eld test outside normal limits) due to glaucoma, abnormal optical coherence to-
mography (OCT; peripapillary retinal nerve �ber layer thickness [pRNFL] at least one
clock hour P<0.01), spherical equivalent refraction within ±3 D.

Exclusion criteria for both groups were: having any ophthalmic disorder a�ecting visual
acuity or VF (other than primary open angle glaucoma (POAG) in the participants with
glaucoma), any neurologic or psychiatric disorders, the presence of gross abnormalities
or lesions in their magnetic resonance imaging (MRI) scans, or having any contraindi-
cation for MRI (e.g., having a pacemaker or being claustrophobic).

Table 5.1 Demographics of participants with glaucoma. Average and standard deviation of
age, percentage of female, intraocular pressure (IOP) for the right and left eye (average over three
measurements), peripapillary retinal nerve �ber layer (pRNFL) thickness and the VF mean devia-
tion (VFMD) measured with SAP for the right and left eye. Note that participants with glaucoma
were receiving treatment.

Participants with Glaucoma
Measure Average (n=19) Standard Deviation(n=19)
Age (y) 70 8.8

Gende (F%) 52 -
IOP (R/L; mmHg) 13.4/13.4 2.6/3.9

ρRNFL thickness (R/L;µm) 72.7/68.0 11.7/9.6
VFMD (R/L; dB) -7.4/-9.1 8.1/8.3
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5.2.2 Experimental procedure

5.2.2.1 Participants with normal vision

Each participant completed two (f)MRI sessions of approximately one hour each. In the
�rst session, the participants were subjected to an anatomical scan and to the retinotopic
mapping using luminance contrast stimulus (LCR), see Section 5.2.3.1 (Dumoulin and
Wandell, 2008). In the second session, the participants were subjected to the retinotopic
mapping with various simulated scotomas (LCR SS) superimposed. In both sessions, the
participants viewed the stimuli binocularly.

5.2.2.2 Participants with Glaucoma

Ophthalmic Data

Prior to their participation in the MRI experiments, we assessed for all participants with
glaucoma their visual acuity, IOP, VF sensitivity (measured using HFA and frequency
doubling technology (FDT)) and retina nerve �ber layer (RNFL) thickness. Visual acuity
was measured using a Snellen chart with optimal correction for the viewing distance.
IOP was measured using a Tonoref noncontact tonometer (Nidek, Hiroishi, Japan). The
VFs were �rst screened using FDT (Carl Zeiss Meditec) using the C20-1 screening mode.
The contrast sensitivity at several locations of the VF was measured using SAP in partic-
ular HFA (Carl Zeiss Meditec, Jena, Germany) using the 24-2 or 30-2 grid and the Swedish
Interactive Threshold Algorithm (SITA) Fast. Only reliable HFA tests were included in
this study. A VF test result was considered unreliable if false-positive errors exceeded
10% or �xation losses exceed 20% and false-negative errors exceed 10% (Wesselink and
Jansonius, 2017). Finally, the RNFL thickness was measured by means of OCT using a
Canon OCT-HS100 scanner (Canon, Tokyo, Japan). In this study we focused the analysis
on the SAP outcomes.

Neuroimaging

Each participant completed two (f)MRI sessions of approximately 1.5h each. In the �rst
session, the anatomical scan (T1w), Di�usion Weighted Imaging (DWI), T2w, resting
state functional scans and a MT localizer were acquired. In the second session, the
retinotopic mapping and scotoma localizers experiments took place. These experiments
were performed binocularly and monocularly as well. Here, we focused our analysis
on the monocular retinotopic mapping, the most lesioned eye, was stimulated and the
other was occluded using an MRI compatible opaque lense. The most lesioned eye was
selected based on the SAP MD (mean deviation) score; the eye with the lowest MD was
selected. The monocular retinotopy experiment comprised three runs.
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5.2.3 Stimulus presentation

Stimuli were presented on an MR compatible display screen (BOLDscreen 24 LCD; Cam-
bridge Research Systems, Cambridge, UK). The screen was located at the head-end of the
MRI scanner. Participants viewed the screen through a tilted mirror attached to the head
coil. Distance from the participant’s eyes to the display (measured through the mirror)
was 120 cm. Screen size was 22x14 deg. Visual stimuli were created using MATLAB
(Mathworks, Natick, MA, USA) and the Psychtoolbox (Brainard, 1997; Pelli, 1997).

5.2.3.1 Stimuli

All participants underwent binocular visual �eld mapping using a luminance contrast
retinotopic mapping (LCR). Figure 5.1A shows an example. Additionally, the glaucoma
participants observed the LCR monocularly, and the healthy participants viewed the
LCR binocularly with a simulated scotoma (LCR SS) superimposed (Figure 5.1B).

Luminance-contrast retinotopy (LCR)

LCR consists of a drifting bar aperture de�ned by high-contrast �ickering texture (Du-
moulin and Wandell, 2008). The bar aperture, i.e. alternating rows of high-contrast
luminance checks drifting in opposite directions, moved in eight di�erent directions:
four bar orientations (horizontal, vertical, and the two diagonal orientations) and for
each orientation two opposite drift directions. The bar moved across the screen in 16
equally spaced steps, each lasting 1 TR (repetition time, time between two MRI volume
acquisitions). The bar contrast, width, and spatial frequency were 100%, 1.75 degree, and
0.5 cycles per degree, respectively. After each pass, during which the bar moved across
the entire screen during 24 s, the bar moved across half of the screen for 12 s, followed
by a blank full screen stimulus at mean luminance for 12 s as well, as shown in Figure
5.1 C.

Luminance-contrast de�ned retinotopy with simulated scotomas (LCR SS)

LCR SS consisted of the LCR stimulus with a simulated scotoma superimposed. A to-
tal of six di�erent scotomas were designed, one per participant. The di�erent SS have
irregular shapes and di�erent sizes and were designed to mimic di�erent clinical con-
ditions. Figure 5.3A presents the six SS. SS1 is a central scotoma, as seen in age-related
macular degeneration (AMD). SS2 and SS3: a central island and a nasal/arcuate scotoma,
respectively, as seen in glaucoma. SS4-6 contain scotomas of di�erent sizes and shapes,
designed to further evaluate the method. The edges of the scotomas were smoothed us-
ing an exponential contrast mask (ECM), ECM = e−

r f
2 , where r is the distance from the

center of the scotoma and f is �xed at a value of 50.

Attentional task

During scanning, participants were required to perform a �xation task. The �xation task

122



Visual �eld reconstruction using fMRI-based techniques.

C
ha

pt
er

5

di�ered for healthy participants and participants with glaucoma. Healthy participants
were instructed to press a button each time the �xation dot changed colour between
green and red; participants with glaucoma were asked to press a button each time the
�xation cross changed colour between black and yellow. The �xation cross extended
towards the edges of the screen so that it could be used as a cue towards the screen’s
center for the participants with a central scotoma (this was not needed in the healthy
participants as we could project the �xation dot on the SS). The average performance -
correct detection of the colour change of the �xation cross/dot - was above 78% for all
conditions and all participants.

Figure 5.1 Example of the stimuli used to obtain pRF parameter estimates. (A) LCR stim-
ulus. (B) LCR SS stimulus, this particular example depicts the simulated scotoma SS1. The colour
of the �xation dot changed between red and green. (C) Scheme of the bar movements: four orien-
tations in two opposing directions. (D,E) Visual stimuli models used during the pRF estimation:
scotoma �eld (SF) and full �eld (FF) model.

5.2.4 Magnetic resonance imaging

5.2.4.1 Data acquisition and preprocessing

Scanning was carried out on a 3 Tesla Siemens Prisma MRI-scanner using a 64-channel
receiving head coil. A T1-weighted scan (voxel size, 1mm3; matrix size, 256 x 256 x 256)
covering the whole-brain was recorded to chart each participant’s cortical anatomy.
Padding was used for a balance between comfort and reduction of head motion. The
functional scans were collected using standard EPI sequence (TR, 1500 ms; TE, 30 ms;
voxel size, 3mm3, �ip angle 80; matrix size, 84 x 84 x 24). Slices were oriented to be ap-
proximately parallel to the calcarine sulcus. For all retinotopic scans (LCR, LCR monoc-
ular, and LCR SS), a single run consisted of 136 functional images (total duration of 204
s). The (S)SPZ localizers consisted of 144 functional images (duration of 216 s).

The T1-weighted whole-brain anatomical images were reoriented in AC-PC space. The
resulting anatomical image was automatically segmented using Freesurfer (Dale et al.,
1999) and subsequently edited manually. The cortical surface was reconstructed at the
gray/white matter boundary and rendered as a smoothed 3D mesh (Wandell et al., 2000).
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The functional scans were analysed in the mrVista software package for MATLAB (avail-
able at https://web.stanford.edu/group/vista/cgi-bin/wiki/index.php/MrVista). Head move-
ment between and within functional scans was corrected (Nestares and Heeger, 2000).
The functional scans were averaged and co-registered to the anatomical scan (Nestares
and Heeger, 2000), and interpolated to a 1mm isotropic resolution. Drift correction was
performed by detrending the BOLD time series with a discrete cosine transform �lter
with a cuto� frequency of 0.001Hz. In order to avoid possible saturation e�ects, the �rst
8 images were discarded.

5.2.4.2 Visual �eld mapping

The pRF analysis was performed using both conventional population receptive �eld
(pRF) mapping (Dumoulin and Wandell, 2008) and micro-probing (Carvalho et al., 2019.).
Using both the conventional and micro-probing models, for all the participants the func-
tional responses to LCR and monocular LCR were analysed using a full �eld (FF) model,
see Figure 5.1E. Additionally, the LCR SS condition was analysed using a model that
used the SS stimulus mask as a prior (scotoma �eld; SF), see Figure 5.1D.

Conventional pRF mapping

In the conventional method, a 2D-gaussian model was �tted with parameters: center (
x0, y0) and size (σ - width of the Gaussian) for each voxel. All the parameter units are in
degrees of visual angle and stimulus-referred. We used SPM’s canonical Haemodynamic
Response Function (HRF) model. The conventional pRF estimation was performed using
the mrVista (VISTASOFT) Matlab toolbox. The data was thresholded by retaining the
pRF models that explained at least 15% of the variance.

Micro-Probing

Micro-probing applies large numbers of “micro-probes”, 2D-Gaussians with a narrow
standard deviation, to sample the entire stimulus space and create high-resolution probe
maps. Like the conventional pRF approach, these micro-probes sample the aggregate
response of neuronal subpopulations, but they do so at a much higher spatial resolution.
Consequently, for each voxel, the micro-probing generates a probe map representing the
density and variance explained (VE) for all the probes.

5.2.4.3 ROI de�nition

The cortical borders of visual areas were derived based on phase reversal, obtained with
the conventional pRF model using the LCR stimulus presented binocularly. Per partici-
pant, three visual areas (V1, V2 and V3) were manually delineated on the in�ated cortical
surface.
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5.2.4.4 Visual �eld coverage maps

The visual �eld representation at di�erent levels of processing (low to high order areas)
can be reconstructed by backprojecting the pRF responses obtained at the di�erent ROIs
onto the visual �eld. The visual �eld backprojection, also known as the coverage map,
denotes the sampling density of the visual cortex. The reconstructed visual �eld maps
were estimated using the conventional pRF mapping and micro-probing technique.

Conventional pRF mapping

Using the conventional pRF, the coverage maps were estimated by including the pRF
estimates whose VE was 0.15 or more. Per hemisphere and per visual areas, i.e, V1, V2,
and V3, the pRF models were summed, weighted by their respective VE. By weighting
the model by its VE, we take into account the responsiveness of the neuronal populations
within a voxel and we reduce the e�ect of pRFs resulting from noise signals. Per visual
area, a visual �eld coverage plot was then created for each individual participant that
averaged pRFs estimates for the left and right hemispheres. The described procedure is
given by the following equation:

Coveraдemap =

∑2
k
∑m

j (pRFk j ∗Vk j )

2 (5.1)

where pRF represents the clustering of all models from both hemispheres, pRFk j is the
model of the j-th voxel (j=1,...,m) in the k-th hemisphere (k=1,2) and Vk j its associated
explained variance (*denotes convolution).

As a result of cortical magni�cation (resulting in a higher density of neurons in the areas
representing the fovea than in those representing the periphery), the highest sampling
density lies at the centre of the visual �eld. To correct for this tendency and to be able
to straightforwardly recognize di�erences in pRF distribution between participants and
as a consequence of (simulated) VFD, each participant’s coverage map was normalized
using a normative dataset. This dataset consisted of the average of the normalized cov-
erage maps of all healthy participants (excluding the one in question) recorded for the
unmasked condition. This correction was applied in both methods (pRF and MP).

Micro-probing

For each voxel, the micro-probing generates a probe map representing the density and
VE for all the probes. These probe maps were converted into single voxel coverage maps
- heat maps on a 30 x 30 bin grid. At the level of V1, the visual �eld can be reconstructed
by averaging the V1 heat maps across all V1 voxels. The �nal average coverage map
included all V1 voxels for which the heat map had at least one location (bin) for which
the VE was higher than 0.15. Figure 5.2 represents a scheme of the steps underlying the
VF reconstruction using micro-probing.
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Figure 5.2 Pipeline of fMRI-based VF reconstruction using MP. First the probe map ob-
tained with MP is converted into a heat map, a step done for every voxel within the cortical visual
area of interest (e.g. V1). Next, these heat maps are averaged across all the voxels of that visual
area, resulting in a mean VF coverage map. Finally, the reconstructed VF is obtained by dividing
the individual normalized coverage map by the average normalized coverage map of all healthy
participants, excluding the one in question (normative data).

5.2.5 Statistical analysis

As in previous work (Baseler et al., 2011; Dumoulin and Wandell, 2008; Winawer et al.,
2010), data was thresholded by retaining the pRF models that explained at least 0.15 of
the variance in the BOLD response and that had an eccentricity in the range of 0-7 de-
grees, for all conditions (i.e., LCR and LCR SS). The correlations between the contrast
sensitivity loss and the sampling density obtained with MP and conventional pRF map-
ping were calculated using a linear mixed e�ects model with a slope and intercept per
participant as a random e�ect.

y = x + P (5.2)

where y is visual sampling, x is contrast sensitivity loss and the random e�ect of each
participant. The contrast sensitivity loss of a visual �eld area, i.e, a quadrant of 7x7
deg adjacent to �xation, was calculated from the total deviation values of the SAP test
locations. This was done by up-sampling the SAP resolution to 1 deд2 and subsequently
allotting to each 1deд2 the sensitivity of the nearest SAP test location, using the locations
at (±3,±3), (±3,±9), (±9,±3), and (±9,±9) deg (with the origin at �xation).

5.3 Results

5.3.1 fMRI-based visual �eld reconstruction of heterogeneous
simulated visual �eld defects

Figure 5.3 shows how the VF reconstructions based on MP (panel B) and pRF mapping
(panel C) correspond to the SS (panel A). For each scotoma, the pearson correlation
coe�cients between the SS and reconstructed VF are shown in Table 5.2 and also on
the reconstructed images of Figure 5.3. For VF reconstructions based on V1 activity, the
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median correlation between the SS and reconstructed VF is 0.57 and 0.58, for MP and
pRF respectively. Large scotoma (> 3 deg) are better reconstructed than smaller ones.
SS2, a simulation of tunnel vision with a large peripheral scotoma, has correlations of
0.83 for both MP and pRF, while SS4, with small scotomas, shows correlations of only
0.08 and 0.04 for MP and pRF, respectively. Both methods primarily detect scotomas
with a diameter larger than 3 deg (see e.g. SS4).

Figure 5.3 Visual �eld reconstructions based on retinotopic mapping fMRI data acquired
in the presence of simulated scotoma. A: Representation of the di�erent simulated scotomas.
Dark regions correspond to low luminance contrast sensitivity. We used the following simulations:
SS1: a central, square shaped scotoma of 10x10 deg; SS2: a peripheral scotoma with an irregularly
shaped central island of approx. 8 deg diameter, SS3: a nasal/arcuate scotoma; SS4: four scotomas
of di�erent shapes: the smallest scotoma had a dimension of 1x1deg while the largest one mea-
sured 4x4 deg; SS5: three scotomas with di�erent shapes: the smallest scotoma had a dimension of
1x1deg while the largest one was approximately the size of one quarter�eld; SS6: two scotomas:
a large one occupying the upper half of the visual �eld (with macular sparing) and a small one
measuring 1x2 deg. B,C: visual �eld reconstructions based on V1 data using micro-probing (B) and
conventional pRF mapping (C). The correlation between the simulated and reconstructed visual
�elds is shown in the bottom right corner of each reconstruction.

To infer the e�ect of between-subject variability, we calculated the correlation between
each participant’s reconstructed VF without simulations and the average reconstructed
VF of the remaining participants for the visual areas V1, V2, and V3 using MP (median
correlation across visual areas: 0.91) and pRF (median correlation across visual areas:
0.81). Conventional pRF mapping (SD across visual areas: 0.06) resulted in a larger
between-subject variability than MP (SD across visual areas: 0.15). Table 5.3 presents
the results for each participant obtained using MP and pRF.
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Table 5.2 Correlations between simulated and reconstructed VF for the visual areas V1,
V2, V3 and aggregating the visual areas using in the pRF analysis the full �eld model
(FF) and a model that use the SS stimulus mask as prior (SF). A indicates reconstructed VF
on aggregated V1-V3 data.

Reconstruction method, analysis model and visual areas
Micro-probing Conventional pRF

FF SF FF SF
Simulation V1 V2 V3 A V1 V2 V3 V1 V2 V3 A V1 V2 V3
SS1 0.64 0.51 0.34 0.72 0.80 0.75 0.70 0.56 0.34 0.27 0.56 0.57 -0.20 -0.03
SS2 0.83 0.57 0.73 0.74 0.94 0.84 0.90 0.83 0.65 0.78 0.79 0.20 0.25 0.59
SS3 0.53 0.41 0.35 0.60 0.67 0.65 0.63 0.59 0.45 0.30 0.56 0.48 0.12 -0.30
SS4 0.08 0.10 -0.07 0.04 0.52 0.57 0.57 0.04 -0.19 -0.02 -0.23 -0.15 -0.43 -0.60
SS5 0.43 0.19 0.17 0.29 0.76 0.65 0.61 0.53 0.16 0.39 0.49 0.24 -0.15 0.13
SS6 0.60 0.67 0.53 0.72 0.84 0.86 0.69 0.65 0.69 0.73 0.78 0.64 0.48 0.63
Median 0.57 0.46 0.35 0.66 0.78 0.70 0.66 0.58 0.40 0.35 0.56 0.36 -0.02 0.05

Table 5.3 Correlation between each participant’s reconstructed VF without SS and the
reconstructed VF of the remaining participants for the visual areas V1,V2 and V3 using
MP and the conventional pRF. The average and the standard deviation (SD) across par-
ticipants are presented in the bottom rows. Note that, a priori, for both models MP and pRF
the correlation between the reconstructed visual �eld and the SS mask is expected to be smaller
than the correlation between the visual �eld reconstructions.

Reconstruction method and visual areas
Micro-probing Conventional pRF

Participant V1 V2 V3 V1 V2 V3
P1 0.94 0.94 0.94 0.58 0.76 0.79
P2 0.90 0.90 0.91 0.91 0.92 0.75
P3 0.79 0.44 0.91 0.86 0.94 0.95
P4 0.91 0.97 0.93 0.50 0.44 0.76
P5 0.93 0.89 0.85 0.78 0.74 0.78
P6 0.80 0.78 0.82 0.90 0.90 0.92

Median 0.91 0.90 0.91 0.82 0.83 0.72
SD 0.07 0.07 0.05 0.17 0.19 0.09
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5.3.2 Shrinkage of visual �eld defects across the visual hierarchy

Figure 5.4 shows the reconstructed visual �eld based on the pRF estimates obtained with
the conventional pRF approach for the visual areas V1, V2 and V3. Figure 5.5 shows the
same but for MP. It is clear that the VFD becomes smaller along the visual hierarchy,
which is translated in a decrease of the correlation values between the scotoma mask
and the reconstructed visual �eld. This e�ect is less pronounced for the MP than for the
pRF-based approach.

Figure 5.4 Visual �eld reconstruction in the presence of simulated visual �eld defects at
di�erent levels of the visual cortical hierarchy. Visual �eld reconstruction based on conven-
tional pRF mapping for V1, V2, and V3. The correlation coe�cients (also presented in Table 5.2)
between the reconstructed visual �eld and the simulated scotoma used are provided in the bottom
right corner of the images.

In addition, we reconstructed the visual �eld combining the data obtained for V1, V2,
and V3. The results are shown in Figure 5.6. Compared to the correlations obtained
exclusively based on V1, there is no clear bene�t of reconstructing the VF based on the
aggregated data across areas. The correlation between the simulation and reconstructed
visual �eld across areas is slightly higher for MP (0.66) than for the pRF (0.56), to be
compared to 0.57 (MP) and 0.58 (pRF) for V1 alone (Table 5.2).
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Figure 5.5 Visual �eld backprojection using simulated visual �eld defects across the cor-
tical hierarchy using MP. Visual �eld reconstruction based on MP for V1, V2, and V3. The
correlation coe�cients (also presented in Table 2) between the reconstructed visual �eld and sim-
ulated scotoma used are presented in the bottom right corner of the images.

5.3.3 E�ect of providing prior information on the location of SS
during pRF estimation

To understand if including the SS into the pRF model reduces the biases in pRF estimated
properties, we applied two di�erent models. The full �eld (FF) model did not include the
simulation, while the scotoma �eld (SF) model did. Figure 5.7 shows the reconstructed
visual �eld based on V1 data taking into account the scotoma de�nition during the pRF
modelling via MP and pRF. Panel A shows that when using MP in combination with
the SF model, there is little to no sampling of the scotomatic region and, consequently,
the reconstructed VFs better correlate with the SS (median correlation: 0.78) compared
to the FF model (median correlation: 0.57). In contrast, using the pRF there is residual
sampling within the scotomatic region, most likely resulting from large pRFs located
outside of the scotoma (panel B). Notably, for pRF the quality of the reconstruction is
lower using the SF model (median correlation: 0.36) compared to the FF model (median
correlation: 0.53).

Importantly, the comparison of the spared VF (region of the VF without SS) between SF
and FF models for MP and pRF approaches showed a higher correlation for MP (0.99)
than for the conventional pRF (0.89). This indicates that MP is more robust to modelling
biases than the pRF approach.
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Figure 5.6 Visual �eld reconstruction of simulated scotomas based on data aggregated
across V1, V2, and V3. Visual �eld reconstruction based on MP and conventional pRF (both
using FF model) obtained by averaging the V1, V2 and V3 visual �eld maps. The correlation
coe�cients (also presented in Table 5.2) between the reconstructed visual �eld and the simulated
scotoma are presented in the bottom right corner of the images.

Figure 5.7 Visual �eld reconstruction when including the scotoma into the analysis
model (SF). A: Simulated VFD. The two rows below show visual �eld reconstructions based on
V1 data using either MP (A) or pRF mapping (B). The correlation between the simulated and re-
constructed visual �eld are shown in the bottom right corner of each reconstruction.

5.3.4 fMRI-based visual �eld reconstruction enables the detection of
natural scotomas

To understand if pRF based techniques can be used to detect natural scotomas, we ap-
plied MP and pRF to the monocular retinotopic data of a group of glaucoma partici-

131



Chapter 5

pants. We qualitatively compared the visual �eld reconstructions with their perimetric
measurements, obtained using SAP. Figure 5.8 shows the fMRI-based visual �eld recon-
struction next to the SAP-based VF and the macular ganglion cell complex (GCC) thick-
ness for 19 participants with glaucoma. Visually, one can appreciate that MP and pRF
capture coarsely the same patterns of organization and the high between-participant
variability between the SAP VF and the fMRI-based VF. While for some participants
these are very similar (participant G12) for others there is a clear dissociation between
the two techniques (participant G14). Note that the SAP �eld of view shown in Figure
5.8 is much larger than the one of the fMRI-based VF reconstruction (7 deg), with the
red circle denoting the corresponding �eld of view.

Figure 5.8 Reconstructed VF using MP and conventional pRF, SAP, and the OCT-derived
GCC thickness for 19 glaucoma participants, for the most a�ected eye (based on MD -
an overall measure that indicates howmuch a participant deviates from an age-matched
normative data set). The red dashed circle denotes the �eld of view of the fMRI-based ap-
proaches (7 deg). The OCT image covers about 20 deg.
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5.3.4.1 Micro-probing better predicts the contrast sensitivity than conventional pRF map-

ping

We quanti�ed the degree of similarity by calculating the correlation between the sam-
pling density of individual VF quadrants measured with MP and pRF mapping and con-
trast sensitivity loss scores obtained with SAP. Figure 5.9 shows that the sampling den-
sity obtained with both methods correlates signi�cantly with SAP-based contrast sensi-
tivity, with MP providing a higher correlation (MP: r 2 = 0.44, p=0.0002; pRF: r 2 = 0.32,
p=0.003). Model comparison using Bayesian Information Criteria (BIC) showed that MP
(BIC=592) is signi�cantly better than the conventional pRF (BIC=600) in predicting con-
trast sensitivity.

Figure 5.9 Correlation of sampling density measured with fMRI-based techniques and
contrast sensitivity loss obtained with SAP. Panels A and B show the correlation of the sam-
pling density of participants with glaucoma obtained from individual quadrants with contrast sen-
sitivity loss, for MP (A) and pRF (B) techniques, respectively. Each data point is from a separate
quadrant of an individual participant with glaucoma. The dashed red line represents the linear �t
to the data and the shaded region represents the 95% con�dence interval of the �tted parameters.
Note that the correlations were obtained using the same visual �eld area for the fMRI-based visual
sampling and the SAP-based contrast sensitivity (a 7x7 deg quadrant adjacent to �xation).

5.4 Discussion

Our main �nding is that fMRI in combination with the MP and pRF analyses makes it
possible to reconstruct the VF and to detect even fairly small defects (> 3 deg) therein.
Importantly, this could be achieved in single participants, based on 12 minutes of fMRI
scan time. When applied in participants with glaucoma, the fMRI-based VF reconstruc-
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tion detected scotomas with a correspondence to SAP that was decent. Moreover, we
found a moderately good correlation between fMRI-based sampling density and SAP-
based contrast sensitivity loss, this correlation was better using our new approach than
using the conventional pRF analysis. We will discuss the possibilities and limitations of
the fMRI-based approach of VF reconstruction.

5.4.1 fMRI-based visual �eld reconstruction enables VFD detection
and the accurate assessment of the visual �eld

Using quantitative retinotopic mapping (conventional pRF and MP), we reconstructed
the visual �eld of six participants with heterogeneous simulated scotomas at di�erent
levels of the visual processing hierarchy. Based on V1 data, we demonstrated the accu-
racy of the technique to reconstruct the visual �eld and detect simulated scotomas with
diverse shapes and sizes. However, the technique cannot assess the presence of small
VFD (< 3 deg diameter). Our �ndings corroborate previous fMRI studies using simulated
central scotomas and high spatial resolution protocols (Hummer et al., 2018; Papaniko-
laou et al., 2014). We found that the reconstructed VFDs tend to become smaller when
based on data of visual areas higher up along cortical hierarchy. This is most likely a
consequence of the increased size of pRFs from early to higher order visual areas (Har-
vey and Dumoulin, 2011). The decrease in VFDs is more pronounced using conventional
pRF than MP, suggesting that MP is more resilient to biases caused by enlarged pRFs.
Additionally, we showed that, in the context of retinal damage, there is no bene�t of
combining the information from di�erent visual areas. However, information about the
visual representations across cortical hierarchy might be useful to access the e�cacy of
training, when applied as rehabilitation strategy in visual impairment caused by brain
injuries (e.g., hemianopia).

5.4.2 To include or not to include the simulated scotoma into the
model as a prior?

Baseler et al. found changes in pRF properties in healthy participants similar to those
present in participants with macular degeneration (Baseler et al., 2011). This indicates
that a mere change in visual stimulation can give rise to changes in measured pRF prop-
erties, invalidating a direct interpretation of such changes in terms of plasticity (Du-
moulin and Knapen, 2018; Haak et al., 2012, chapter 6). Consequently, it is critical to
disentangle changes in pRF properties driven exclusively by changed visual input and
arising from plasticity of the visual pathway following damage to the visual system
(Baseler et al., 2011; Binda et al., 2013; Haak et al., 2012). Accurate SS are thus a critical
tool to help establish the presence of plasticity. Our results show that this is possible to
achieve, provided the SS do not become too small.

The presence of scotomas results in partial stimulation of pRFs and in modulation of the
pRF responsive to the scotoma location via feedback signals from higher order visual
areas, which may lead to biases in the pRF estimates, i.e enlargement of the pRFs and
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shifts out of the scotoma zone (Binda et al., 2013; Haak et al., 2012). Previous studies pro-
posed that the use of the SS as a prior into the pRF model mitigates these methodological
biases. We investigated how our MP- and pRF-based VF reconstructions are in�uenced
by incorporating prior knowledge on the presence of scotomas.

When using the FF model, MP and pRF perform similarly. However, when using the SF
model, the di�erence between MP and pRF is more pronounced. Using MP in combi-
nation with an SF model ensures that no information is sampled from the scotomatic
zone. Consequently, it can be an alternative approach to pRF linear models that enforce
an absence of sampling of the SS projection zone, e.g., the Inverse model and the Lin-
ear Arti�cial Scotoma model (Binda et al., 2013; Papanikolaou et al., 2015). In contrast,
reconstruction of the VF based on the pRF using an SF model results in sampling of the
scotomatic region. Most likely, this sampling occurs via large pRFs located outside of
the scotomatic zone. Moreover, based on the correlation between the stimulus mask and
VF representations obtained with the FF and SF model based on the pRF model we found
that the VF reconstruction based on the FF model is actually better than those obtained
with the SF model. We interpret this as evidence that the conventional pRF model, when
applying an FF model, compared to an SF model, actually reduces biases. This contrasts
with the conclusions of previous studies which suggested that biases at the scotoma bor-
der can be ameliorated by incorporating the SS as a prior to the model when estimating
the pRFs (Binda et al., 2013; Papanikolaou et al., 2015). These biases may result from a
delay in response of voxels located near the scotoma edges caused by BOLD spreading
or feedback from higher cortical areas, resulting in pRFs with more eccentric locations
and larger sizes being assigned to those voxels (Binda et al., 2013; Haak et al., 2012). Due
to its use of small sized probes that are more robust to partial stimulation e�ects, MP
results in a less biased estimation of the preserved VF.

5.4.3 FMRI-based visual �eld reconstruction may complement
standard perimetry in the clinical assessment of a VFD

Applied to natural visual �eld defects of patients with glaucoma, overall the fMRI-based
visual �eld reconstruction techniques showed a decent correlation with the SAP con-
trast sensitivity loss, and found the larger VFDs also detected by SAP. In particular, our
new approach (MP) predicted the SAP-determined contrast sensitivity loss better than
the conventional pRF approach did. However, for some of the participants with glau-
coma, there was a dissociation between the reconstructed visual �eld using fMRI and the
measured visual �eld using SAP. Most likely this dissociation is associated with di�er-
ences in methodology. SAP uses spots of light close to threshold as stimuli whereas the
present fmri-based approaches use a high-contrast (supra-threshold) moving luminance
contrast bar. This has various potential implications. First, the bar may enable extrapo-
lation (i.e. predictive masking) whereas the spots will not. The fMRI approach may thus
underestimate the actual size of the scotoma. Second, it could also imply that the bar
stimuli inform on active cortical tissue that is not detected by SAP. This information may
be very relevant for restorative therapy or rehabilitation. Third, fMRI-based approaches
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may be able to detect the macular vulnerability zone - an area of the superior paracen-
tral VF often a�ected in early glaucoma - that cannot be detected with SAP due to the
coarse grid (6x6 deg) sampling (Hood et al., 2013). The presence of OCT abnormalities
within the macular area in many patients with a normal central visual �eld (Figure 5.8)
supports this hypothesis.

The combination of fMRI and neurocomputational models: 1) results in an objective
measure of the visual �eld which complements current ophthalmic evaluations and 2)
reveals potentially important characteristics of visual system functioning that cannot
be assessed via or inferred from the standard ophthalmic examinations. These char-
acteristics may become important when evaluating the impact of visual restoration and
rehabilitation therapy on visual processing beyond the retina (Silson et al., 2018). Impor-
tantly, the reconstructed VF were obtained during only 12 minutes of data acquisition
(excluding time required to acquire the anatomical scan). Being time e�ective is a cru-
cial aspect for the feasibility of applying this approach in clinical practice. Moreover,
the acquisition time can be further reduced by using higher �eld strengths.

5.4.4 Limitations

The relatively coarse sampling of the SAP luminance sensitivity (one measurement per
36 deд2) combined with the limited size of the screen inside the scanner (7 deg) compro-
mised the assessment of the accuracy of the visual �eld reconstruction techniques at an
individual level; there were only few data points to establish the similarity between SAP
and visual �eld reconstruction. One way to mitigate this in future experiments is to use
a wider MRI visual �eld of view and a �ner grid SAP protocol, i.e., a 10-2 grid, or micro
perimetry (Ritter et al., 2019).

Each participant only viewed one simulation. Therefore, di�erences in the accuracy
of the reconstruction of the di�erent SS may be associated with individual participant
di�erences. However, all the participants included in the study with SS were experienced
with retinotopic mapping. Moreover, the fact that the reconstructed visual �eld maps
without SS were highly correlated between participants (MP: 0.90 and pRF: 0.81) suggests
that, although inter-participant variability might play a role, overall it cannot explain the
large di�erences in reconstruction accuracy of the di�erent SS.

Eye movements change the position of the visual stimulus on the retina, which can a�ect
the quality of the pRF mapping and induce biases in the pRF estimated properties, most
commonly an enlargement of pRFs (Hummer et al., 2016; Klein et al., 2014; Levin et al.,
2010). Consequently, di�erences between the SAP and the reconstructed visual maps
in glaucoma participants may also potentially result either from unstable �xation, or
o�-center �xation due to the presence of the scotoma. While eye movements were not
recorded during scanning, participants did engage in an attentional task, which they
performed on average with 78% accuracy. This task consisted of a �xation cross which
covered the entire screen, this helps the participants with central scotomas to interpolate
the most likely position of the center of the screen. These factors, together with the
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overall good quality of the retinotopic maps suggests eye-movement related factors did
not play an important role.

Although in this study we did not test speci�cally the reliability of the fMRI-based VF
reconstruction approaches and the robustness to noise, in Chapter 3 we showed that MP
is reliable and robust to noise by performing a test-retest analysis and simulations with
di�erent levels of noise. Given that the VF reconstruction is purely based on the MP
output, we can conclude that MP VF are reliable and robust to noise. To verify this for
VF reconstruction using pRF mapping, similar analysis will have to be applied.

5.5 Conclusion

FMRI-based reconstruction of the visual �eld using pRF-based modeling enables the
evaluation of vision loss and provides details on the properties of the visual cortex. Al-
though the accuracy of the fMRI-based techniques was validated using simulations, in
participants with glaucoma there were notable di�erences between the VF assessment
done with fMRI and SAP. However, in contrast to SAP, fMRI-based VF reconstruction
provides an objective measure of the quality of the VF. Moreover, it may provide infor-
mation on the neurodegeneration underlying the loss of visual input, on cortical reor-
ganization, and on the presence of predictive masking. Finally we propose the use of
fMRI-based VF assessments in a longitudinal study, to evaluate the technique’s feasi-
bility to monitor disease progression and treatment response. This will be particularly
important in patients unable to perform SAP.
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Abstract

An unsolved question in computational visual neuroscience research is whether and how
neurons and their connecting cortical networks can adapt when normal vision is compro-
mised by a neurodevelopmental disorder or damage to the visual system. This question
on neuroplasticity is particularly relevant in the context of rehabilitation therapies that
attempt to overcome limitations or damage, either through perceptual training or retinal
and cortical implants.
Studies on cortical neuroplasticity have generally made the assumption that neuronal pop-
ulation properties and the resulting visual �eld maps are stable in healthy observers. Con-
sequently, di�erences in the estimates of these properties between patients and healthy
observers have been taken as a straightforward indication for neuroplasticity. However,
recent studies imply that the modeled neuronal properties and the cortical visual maps
vary substantially within healthy participants, e.g. in response to speci�c stimuli or un-
der the in�uence of cognitive factors such as attention.
Although notable advances have been made to improve the reliability of stimulus-driven
approaches, the reliance on the visual input remains a challenge for the interpretability
of the obtained results. Therefore, we argue that there is an important role in the study
of cortical neuroplasticity for approaches that assess intracortical signal processing and
circuitry models that can link visual cortex anatomy, function and dynamics.
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6.1 Introduction

Unravelling the organization of the visual cortex is fundamental for understanding the
foundations of vision in health and disease. A prominent feature of this organisation is
the presence of a multitude of visual �eld maps. These maps are spatially and hierarchi-
cal organized representations of the retinal image and are often specialized to encode
speci�c environmental visual attributes. Studying these cortical visual maps is relevant
as it enables the characterization of the structure and function of the visual cortex and
therefore the study of the neuroplastic capacity of the brain. With the latter, we refer to
the ability of the brain to adapt its function and structure in response to either injury or
to a treatment designed to recover visual function.

Over the last two decades, visual �eld mapping has been extensively used to infer neu-
ronal reorganization resulting from visual �eld defects or neuro-ophthalmologic dis-
eases. For a review see (Wandell and Smirnakis, 2009). Because of its focus on the
analysis of individual participants and the relative amount of detail provided, the pRF
model seems ideal to study questions on neuroplasticity – at least in theory. Some of the
hypotheses that can be tested with pRF mapping are: are the neurons within the lesion
projection zone active? Is there a displacement in position or enlargement of the pRF
size during development, following a retinal or cortical lesion? Do the pRF properties
change in response to monocular treatments that promote the use of the amblyopic eye,
e.g patching or blurring therapy?

Given that visual neuroplasticity is greatest during early stages of development (child-
hood), the characterization of the pRF properties has special relevance to test, in-vivo,
the presence of atypical properties of the visual cortex during development and plas-
ticity. In particular, changes in pRF size have been reported in a series of studies on
developmental disorders. Clavagnier and colleagues measured enlarged pRF sizes in
primary visual areas (V1-V3) in the cortical projection from the amblyopic eye as com-
pared to the fellow eye (Clavagnier et al., 2015). Schwarzkopf and colleagues reported
that individuals with autism spectrum disorder (ASD) have larger pRFs as compared to
controls (Schwarzkopf et al., 2014). Anderson and colleagues found smaller pRF sizes
in the early visual cortex of individuals with schizophrenia compared to controls, using
a speci�c pRF model that takes into account the center surround structure of the RFs
(Anderson et al., 2017).

In the case of congenital visual pathway abnormalities that a�ect the optic nerve cross-
ing at the chiasm, e.g. achiasm, albinism and hemi-hydranencephaly, several studies
revealed overlapping visual �elds and bilateral vertical symmetric pRF representations
(Ahmadi et al., 2018; Fracasso et al., 2016a; Ho�mann et al., 2012, 2003; Muckli et al.,
2009). This contrasts with the case of a single patient that had her left hemisphere re-
moved at the age of three, who did show the expected right hemi�eld blindness, even
though she had larger representations of the central visual �eld in extrastriate visual
maps, which was particularly apparent in area LO1 in the right hemisphere (Haak et al.,
2014) .
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Hence, the pRF modeling approach has been applied with at least some degree of success
to reveal neuroplastic changes at the level of the visual cortex. Nevertheless, in the
present chapter, we will brie�y indicate issues with the current pRF approach as it relates
to neuroplasticity, ways to improve the methods, and �nally argue that we should also
look beyond it to fully address questions on neuroplasticity.

6.2 Limitations of current stimulus-driven approaches when
studying neuroplasticity

We address the question to what extent population receptive �eld mapping is actually a
suitable tool to capture cortical plasticity. We point out various limitations. The most im-
portant one is that the assumption of receptive �eld and map stability in healthy controls
is largely untenable.

The most common and straightforward manner in which the pRF approach has been
applied is to compare model parameters between either two groups of participants –
usually a patient group and matched controls, (Ahmadi et al., 2018; Conner et al., 2007)
or between the a�ected and the normal fellow eye, which can be done in the case of
monocular developmental conditions such as amblyopia (Clavagnier et al., 2015). In both
types of studies, it is commonly assumed that the di�erences in pRF estimates are caused
by di�erences in brain organization and eye-brain connectivity of the two groups or the
two eyes. However, there are various issues that complicate the interpretation of pRF
di�erences in health and disease. A number of these limitations were recently discussed
by Dumoulin and Knapen (2018), and for this reason, we will only reiterate the most
critical ones (Dumoulin and Knapen, 2018).

6.2.1 Changes at the level of the eye limit the use of pRF mapping to
study neuroplasticity in both ophthalmic and neurological
disease.

Estimates of pRFs are based on stimulus input. In numerous ophthalmic diseases, changes
at the level of the eye – such as cataract or retinal lesions – strongly modify the visual
input. This could be a decrease in visual acuity, contrast sensitivity, or the entire loss of
vision in part of the visual �eld. Consequently, in many of such diseases the stimulus-
driven input to the brain will be di�erent and usually deteriorated. In neurological con-
ditions such as in hemianopia, retrograde degeneration of the retina (Cowey et al., 2011;
Herro and Lam, 2015) gives rise to a similar concern. As changes in the visual input have
a direct e�ect on the signal amplitude, straightforward di�erences in BOLD signal can
not be taken as an indicator of neuroplasticity or degeneration at the level of the cortex.

The retinotopic maps of healthy adults with normal or corrected to normal vision are sta-
ble over time when measured under similar environmental and cognitive factors (Senden
et al., 2014; van Dijk et al., 2016). Hence, it would appear that changes in maps or popu-
lation properties should be a good indication for the presence of neuroplasticity. Indeed,
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it was found that in patients with long-term visual impairment due to macular degener-
ation, the pRFs of voxels representing both the scotomatic area and neighboring regions
are displaced and changed in size (Baseler et al., 2011).

However, there is mounting evidence that simple stimulus manipulations – e.g. masks
mimicking retinal lesions – can have a large e�ect on the population receptive �eld
estimates in healthy participants. Estimated pRF properties (position shift and scaled
size), similar to those in patients with retinal lesions, were observed in healthy adults in
whom a visual �eld defect was simulated (Baseler et al., 2011; Binda et al., 2013; Haak et
al., 2012). Comparable shifts in pRF position and scaling of pRF size were also found in
an experiment that used scotopic illumination levels to examine the “rod scotoma” in the
central visual �eld (Barton and Brewer, 2015). In other words, changes in visual input can
mimic the consequences of lesions due to ophthalmic disease in healthy observers. This
implies that observed di�erences in pRF properties in patients relative to controls may
simply re�ect normal responses to a lack in visual input rather than a reorganization of
the visual cortex. Therefore, just by themselves, changes in pRF measures are insu�cient
to decide on the presence of neuroplasticity.

The feasibility to use pRF estimates to topographically map visual �eld defects in the
cortex, particularly in early-stage disease, is further complicated by two aspects. First,
neurons near the border of either the scotoma or the edge of the visual stimulus �eld may
be partially stimulated. In such cases, the stimulus aperture partially activates receptive
�elds that belong to voxels whose pRF center would ordinarily be outside the stimulus
presentation zone (Haak et al., 2012; Senden, 2017). Second, the presence or absence
of a scotoma a�ects mostly the signal amplitude while the temporal dynamics of the
modulation pattern are not a�ected. As pRF estimates are mostly invariant to the BOLD
amplitude, the pRF model does not properly capture the e�ect of the scotoma. These
two factors induce biases in the pRF estimates that can be wrongly interpreted as signs
of neuroplasticity (see Box 1).

Nevertheless, changes in the BOLD signal may be used as an alternative assessment for
non-functional parts of the visual system in patients that are unable to perform standard
ophthalmic examinations, e.g.: infants or patients with nystagmus (Qing et al., 2010;
Souweidane et al., 1999). However, because of the above aspects, caution is warranted
when interpreting such data. Eye movements may a�ect the pRF estimates substantially
potentially resulting in noisy maps and increased pRF sizes (Hummer et al., 2016; Klein
et al., 2014; Levin et al., 2010), such as amblyopia (Clavagnier et al., 2015; Farivar et al.,
2017; Gingras et al., 2005; Li et al., 2007). In addition, pRF mapping is most accurate at
an advanced stage of ophthalmologic disease where the visual �eld defects are relatively
large and the scotomatic edge (i.e. the transition between healthy and damaged visual
cortex) is sharp (Ritter et al., 2018; Silson et al., 2018). Overall, this inability to accurately
detect small visual �eld defects implies that the sensitivity of the pRF approach is too
limited to monitor the e�ects of slow retinal degeneration or slow cortical changes that
would presumably be associated with rehabilitation therapies or other procedures to
restore visual functioning.
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Box 1
A bias in pRF estimates induced by the presence of real and simulated
scotomas
To show how the presence of a scotoma may a�ect the pRF estimates, we simu-
lated the pRF behavior in healthy vision (absence of scotoma) and in the presence
of a scotoma (either due to a retinal or cortical lesion). The simulated circular
scotoma is located in the horizontal meridian at 5 degrees of eccentricity, and it
has 3 degrees of radius. Figures 6.1A and 6.1D depict the overlap between the
pRF model (in red) and the stimulus in the absence and presence of a scotoma
(circular region within the bar aperture), respectively. Figures 6.1B and 6.1E
show the respective simulations of the predicted pRF response resulting from
convolving the stimulus with the pRF model and subsequent addition of noise.
Similar level of noise was added to both simulations. The noise simulates any
non-biological signals captured with MRI. Note that the modulation pattern of
the time series only di�ers between both conditions on the basis of the arti�cial
noise added. The di�erence is mostly visible in the signal amplitude (note the
di�erent scales of the y-axes). When applying the pRF model we need to de-
�ne a stimulus mask which, ideally, should match the stimulus displayed during
retinotopic mapping. Figure 6.1C shows the pRF estimated properties in the ab-
sence of scotoma. Figures F and G depict the pRF estimates in the presence of
a scotoma, using a stimulus mask that does not (F) and that does (G) take the
scotoma into account, respectively. When we model the stimulus mask without
taking the scotoma into account this results in a bias, as pRFs are enlarged and
displaced towards the arti�cial lesion projection zone border (Figure 6.1F). When
the presence of the scotoma is taken into account in the pRF model, the estimated
properties of the pRF closely match the simulated ones. Note that the variance
explained of pRF estimates in the three situations (normal vision- panel C, lesion
modelled without scotoma- panel F and lesion modelled with a scotoma- panel
G) are very similar. This shows that the pRF mapping approach is invariant to
the BOLD amplitude, which hinders the detection of small scotomas. Addition-
ally, in clinical cases where the extent of the scotoma is not fully established, it
is thus impossible to accurately account for the presence of a scotoma in the pRF
mapping.
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Figure 6.1 Simulated pRF time series and the associated estimated pRF properties. Panel
A: simulation of a pRF (red) located at a speci�c region of the visual �eld ( x=5, y=0) and with
a size σ=0.5 deg assuming normal vision (i.e. no scotoma). Panel B: simulated fMRI response
given the retinotopic stimulus (panel A) modelled with added noise (signal to noise ratio of 1:1).
Panel C: Estimated pRF using the normal vision simulated times series (panel B). The mask used
in the pRF model is presented in the upper left corner. The estimated properties were identical
to the simulated ones : x=5, y=0, σ=0.5 deg and a variance explained of 0.46. Panels D and E
are analogues to panels A and B, but for a simulated pRF located in the lesion projection zone
(thus inside the simulated scotoma). Panel F: estimated pRF based of the scotoma simulated time
series (panel E) using a mask that assumes normal vision. The estimated pRF shifted in position
and increased in size (estimated position shifted towards x=4 and y=-1 and the size was enlarged,
σ=1deg). The variance explained obtained was 0.45. Panel F: estimated pRF based of the scotoma
simulated time series (panel E) and taking into account the lesion by using a mask that includes the
scotoma (upper left corner). The estimated pRF properties are now again identical to the simulated
ones(x=5, y=0, σ=0.5 deg, variance explained= 0.44).

6.2.2 Di�erent stimulus properties result in distinct pRF properties in
healthy human observers

An additional factor to be considered when interpreting pRF estimates is that pRF repre-
sents the cumulative response across all neuronal subpopulations within a voxel. These
subpopulations are selectively sensitive to spatial properties, such as orientation, colour,
luminance, temporal and spatial frequency. Hence, their activity can be driven by spe-
ci�c stimuli. In pRF mapping, manipulating the carrier – the stimulus aperture which
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drives the neuronal activity – elicits responses from a particular neuronal population.
By selectively stimulating these neuronal populations, a number of recent studies have
shown that – compared to the standard stimulus (�ickering luminance contrast checker-
board bar) pRF estimates shift in position and change their size (Dumoulin et al., 2014;
Lee and Nguyen, 2001; Le et al., 2017; Yildirim et al., 2018). These studies indicate that
the recruitment of neural resources depends on the task and that there is a dependency
of the retinotopic maps on the task or stimulus. This type of stimulus selectivity captures
the neuronal populations characteristics for features such as luminance, orientation or
words. In contrast, Welbourne and colleagues (Welbourne et al., 2018) found no di�er-
ence in pRF estimates when using chromatic and achromatic stimuli. This implies that
for colour there may be a decoupling between the pRF measurement and the underlying
neuronal populations (Welbourne et al., 2018).

The spatial distribution of the receptive �elds can also be modulated by attention. A se-
ries of studies manipulating spatial and feature-based attention found that the neuronal
resources are shifted towards the attended positions (Klein et al., 2018, 2014; van Es et
al., 2017).

These �ndings imply one of two things: 1) the topography of the visual cortex is �exible
and may change in response to environmental (stimulus, task) as well as cognitive fac-
tors such as attention, or 2) pRF measures are inaccurate and may change in response
to spatial and cognitive factors. Either of these explanations limits the ability of the pRF
approach to provide a straightforward assessment of neuroplasticity.

6.3 Improving stimulus-driven approaches

We consider various ways in which the pRF method might be improved to study neuroplas-
ticity. Of note are models that provide information on the reliability of the pRF estimated
properties. As a further incentive, we propose a new pRF model that incorporates cortical
temporal dynamics and which integrates connectivity and topography.

Given the limitations mentioned above, this raises the question whether and how the
pRF approach can be modi�ed to render it more suitable to track neuroplastic changes.
As was indicated, mimicking visual �eld defects can alter pRF properties in a similar
manner to pathology. At the minimum, this requires creating elaborated control stim-
ulus conditions (simulations) that exactly mimic patient conditions. Unfortunately, this
is often impossible to achieve. Deviations of parameter estimates in the patient group
from those control values could be an indication of neuroplasticity. However, obtaining
good simulations is not trivial. Thus far, the simulations that have been used have gen-
erally been quite simple, i.e. mimicking scotomas in which no light sensitivity remained
– usually simulated as a region without signal modulation. However, the perceptual
awareness of natural scotomas may be substantially di�erent from that of arti�cial ones.
For example, when the visual input is incomplete, the visual system appears to �ll-in any
missing features (through prediction and interpolation) in order to build a stable percept.
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Moreover, scotomas in patients are usually more complex than simulated ones, both in
their shape and their depth (reduced sensitivity). Finally, the scotoma may also change
the attentional deployment by the patient, potentially a�ecting the estimated pRF prop-
erties (Klein et al., 2018, 2014; van Es et al., 2017). Hence, in our view, the validity of this
approach is limited.

In order to accurately measure neuronal reorganization, it is crucial to overcome the
above mentioned limitations. A signi�cant amount of work has been directed towards
the development of more reliable models of retinotopic mapping. The methodological
advances serve three di�erent goals, which may be useful in studying neuroplasticity:
1) Improve the reliability of the estimates using more informative pRF shapes and more
complex computational models; 2) Measure stimulus selective maps, which allow to cap-
ture the reorganization of speci�c neuronal populations and 3) Measure spatial modula-
tion and dynamics of neuronal populations, potentially re�ecting short-term neuroplas-
tic changes.

6.3.1 Computational and model advances

Computational and model advances have been made to: a) improve the pRF shape so that
it better re�ects the biologic structure of the RF, eg: using a Di�erence of Gaussian model
allows to account for surround suppression (Zuiderbaan et al., 2012); and b) account
for nonlinearities, provide distributions of property magnitudes and capture neuronal
characteristics, such as tuning curves. Such models add new pRF features which may be
important to infer functional reorganization and provide a measure of the reliability of
the estimates.

A di�erent pRF shape can be an indication of neuroplasticity. Several models have been
developed to account for various possible receptive �eld shapes: circular symmetric
Di�erence-of-Gaussian (DoG) functions, (Zuiderbaan et al., 2012); bilateral pRFs (Ho�-
mann et al., 2012); elliptic shape (Silson et al., 2018), Gabor wavelet pyramids (Kay et
al., 2008; Silson et al., 2018) and compressive spatial summation (Kay et al., 2013). Some
reviews have discussed these methods in detail (Dumoulin and Knapen, 2018; Wandell
and Winawer, 2015). However, the above models all assume some form of symmetry.
Recently, data-driven models were developed that do not assume any a priori shape
(Greene et al., 2014; Lee et al., 2013). These model-free approaches are particularly rele-
vant to measure the functioning of the visual system in patients, as plasticity may mani-
fest as a di�erently shaped pRF without a�ecting its position or size. An example is that
asymmetrical shapes capture best the pRF properties of any skewed distributions of RFs
within a voxel. However, even in these data driven approaches, the estimated shape of
the receptive �elds remains dependent on the stimulus used.

Extending the pRF model to account for more complex RF shapes will improve its ex-
planatory power- the model can better predict the BOLD response. However, this will
not remove the issue of model bias, mentioned in Box 1. In various attempts to resolve
this, computational advances were made which can be categorized into four di�erent
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classes. The �rst class comprises non-linear pRF models, such as a compressive spatial
summation model and convex optimized pRF, which substantially increases the range
of shapes the model can describe (Kay et al., 2013). The second class is the develop-
ment of Bayesian models. For each property, these models do not only estimate the best
�tting value but a full posterior distribution as well (Adaszewski et al., 2018; Zeidman
et al., 2018). This serves several needs: a) it indicates the uncertainty associated with
each estimate (Figure 6.2). Such uncertainty maps are of particular importance when a
visual �eld defect is present, as higher uncertainty will most likely be associated with
model biases; b) it facilitates the statistical analysis, and c) it allows one to incorporate
additional biological knowledge by providing prior information. An example of such
a biologically based prior is that the density of cortical neurons is higher in the fovea
than in the periphery (Adaszewski et al., 2018; Zeidman et al., 2018). In combination,
the above referred three factors improve the interpretability of pRF estimates. The third
class comprises the development of the feature-weighted receptive �eld (fwRF) models
that allow capturing additional pRF parameters – such as neuronal tuning curves (e.g.
the spatial frequency tuning) – through the combination of measured neural activity and
visual features (St-Yves and Naselaris, 2017). Finally, the fourth class relates to methods
that allow to enhance the resolution at which we can detail RF properties. Of relevance
are the approaches that allow to estimate the average single-unit RF size (suRF; Keliris et
al., 2019), or sub population RFs (spRFs; Carvalho et al., 2019) properties that can without
restriction uncover the size, position and shape of neuronal subpopulations, also when
these are fragmented and dispersed in visual space (Carvalho et al., 2019; Keliris et al.,
2019).

6.3.2 Models of perception: spatial modulation and dynamics

Speci�c models have been developed to capture short-term plasticity. Such models take
into account cognitive and/or perceptual factors such as attention (Klein et al., 2014;
Yoonessi and Yoonessi, 2011) or crowding (Grillini, A., Renken, R., Jansonius, N. Cor-
nelissen, F., 2016; van den Berg et al., 2010) to understand changes in observed spa-
tial properties or perception. Recently, Dumoulin and Knapen (2018) proposed a more
complex pRF model that relates pRF changes to the underlying neural mechanisms (Du-
moulin and Knapen, 2018). This very general model allows modeling and predicting
dynamic changes that result from changes in the visual input. In particular, they pro-
posed an extension of the pRF model to account for multiple neural subpopulations
responding to di�erent properties of the stimulus. Their expectation is that this will
enable unravelling the di�erent sources of pRF plasticity.

Although there have been signi�cant improvements in pRF models which may be able
to aid in charting neuroplastic changes, in our view, this is still insu�cient. There are
still many constraints to be addressed, in particular, the fact that a voxel may contain a
mixture of neurons with spatially distinct receptive �elds. This is particularly relevant
in developmental disorders such as albinism and achiasma (Ho�mann et al., 2012, 2003)
or for voxels located in sulci. In those cases, the measured pRF properties will either
represent the strongest contributing RF or be erroneously large.
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Figure 6.2 Mapping the uncertainty of model estimates. Left: maps obtained using conven-
tional pRF mapping (Dumoulin and Wandell, 2008) and a custom implementation of the Monte
Carlo Markov Chain Bayesian pRF approach (Adaszewski et al., 2018; Zeidman et al., 2018). Both
methods result in similar visual �eld maps. However, the latter method also enables the estima-
tion of the uncertainty associated with each parameter. Right: Eccentricity, phase and pRF size
uncertainty maps obtained for the left hemisphere of a single healthy participant. The uncertainty
maps describe how reliable each estimate is. For example, we see that the phase estimates for the
central fovea (near �xation) are less reliable than those measured in the periphery. The uncer-
tainty associated with each estimate was obtained by measuring the 25% and 75% quantiles of the
Bayesian Markov Chain pRF distribution.

In our view, the neuronal spatiotemporal dynamics can be better captured if we would
take into account the interactions with nearby linked populations. The connectivity-
weighted pRF, described next, is a �rst attempt to integrate models of cortical organiza-
tion with cortical connectivity. This further encourages the development of new models
that integrate stimulus - and cortex referred methods.

6.3.3 The connectivity - weighted pRF integrates cortical organization
and connectivity

Current analytical approaches to track retinotopic changes are voxel-based. This limits
their accuracy, as the visual system is dynamic and the activity of one population of
neurons is in�uenced by nearby connected populations. Ideally, a more complete model
should re�ect the balance between inhibitory and excitatory processes and account for
various cortico-cortical interactions.

Here – as an example of such a model – we propose a stimulus-driven pRF model, in
which the estimated parameters, pRFj , depend upon the unique activity of the neuronal
populationpRFuj and the activity of interacting cortical neuronal populations, weighted
by the strength of their connections,Cjk . Note that ej is the error associated with voxel
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j and * denotes convolution.

pRFj = pRFuj ∗ (
∑
k,j

Cjk ∗ pRFk ) + ej (6.1)

Depending on the goal of the study and the design of the experiment, the connectivity
(C) can be based either on structure (anatomically connected neighbours), on function
(neuronal populations which exhibit speci�c correlated activity during the resting state)
or on e�ective connectivity, (Gilson et al., 2016). Here, we treat it as e�ective connec-
tive given that it accounts for dynamic interactions and the model of coupling between
neuronal populations.

Such a model can describe the spatiotemporal dynamics of neuronal populations. It is
sensitive to the recurrent �ow of synchronized activity between connected neurons. Us-
ing such a connectivity-weighted model, we may – in the future – assess brain plasticity
based on both structural and functional reorganization.

6.4 Cortical Circuitry Models look beyond the stimulus

We suggest that models that can be estimated without requiring visual stimulation, which
we refer to as Cortical Circuitry Models (CCM), may be highly suitable to measure corti-
cal reorganization. While not without potential pitfalls themselves, such approaches avoid
many of the complications associated with the stimulus-driven pRF approach. Additionally,
we indicate various other avenues that may improve our ability to quantitatively assess
neuroplastic changes in the visual cortex.

6.4.1 Studying neuroplasticity using Intrinsic Signals and Cortical
Circuitry Models

The fMRI signal is a mixture of stimulus-speci�c and intrinsic signals (Albers et al.,
2018; Gilson et al., 2016). As a result, it is plausible to assume that intrinsic generated
signals may in�uence stimulus-driven signals (Albers et al., 2018; Gilson et al., 2016).
Therefore, the study of brain plasticity may be ameliorated and/or complemented if the
dependence on stimuli is reduced. For this reason, estimates based on intrinsic signals
rather than task responses are potentially a very suitable source of information on the
presence or absence of cortical plasticity. Intrinsic signals are commonly obtained in a
“resting-state” condition in which participants are not required to do anything in par-
ticular, and usually have their eyes closed. Resting-state fMRI signal �uctuations have
been shown to correlate with anatomically and functionally connected areas of the brain.
In particular, specialized networks have been found in cortical and subcortical areas in
sensory systems (Beckmann et al., 2005; Biswal et al., 1995; Cole et al., 2010; Cordes et
al., 2000; Damoiseaux et al., 2006; Stein et al., 2000). Based on resting state data, CCMs
can be used to infer the integration of feedback and feedforward information (Gravel et
al., 2014). However, one important limitation is that currently the directionality of in-
formation �ow cannot be directly inferred from the BOLD signal. Therefore, primarily
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because of the limited temporal resolution of fMRI, it remains to be determined whether
CCMs can be used to assess this aspect.

Nonetheless, CCM have the potential to capture the e�ects of structural reorganization
and can inform about which neural circuits have the potential to reorganize and which
are stable. An example of this type of model is the connective �eld (CF) model, which
applies the notion of a receptive �eld to cortico-cortical connections (Haak et al., 2013).
Another example is the connectopic model which combines voxel-wise connectivity ‘�n-
gerprints’ with spatial statistical inference to detail multiple overlapping connection to-
pographies (connectopies) in the human brain (Haak et al., 2018, 2013). Ultimately, in
our view, it will be essential to combine retinotopic and neural circuitry models, such
that their combination can be used to fully describe the dynamics of the visual cortex,
(Wandell and Le, 2017). To accomplish this, models will have to be developed that can
capture the (dynamic) adaptation of feedback, feedforward and lateral connections in the
functional networks underlying visual processing and cognition. Such models may be
implemented by calculating the correlation between neuronal populations taking time
lags into account or by using CCM to describe connections across cortical layers (see
also below).

6.4.2 The Connective Field de�nes a receptive �eld in cortical surface
space

Connective Field (CF) modeling predicts the neuronal activity in a target area (e.g. V2)
based on the activity in a source area (e.g. V1). In a similar way that a neuron has a
preferred location and size in visual space (its receptive �eld), it also will have a preferred
location and size on the cortical surface of a region it is connected with (Gravel et al.,
2014; Haak et al., 2013; Wandell and Le, 2017). Based on retinotopic mapping, the visual
�eld coordinates of the target area can be inferred from the preferred locations in the
source region. In this way, the connective �eld – when combined with pRF mapping –
can link a CF’s position in cortical surface space also to a position in visual space. The
connective �eld model is brie�y described in the introduction.

There are several advantages of CCMs when compared to pRF models. First, the abil-
ity to assess and compare the �ne-grained topographic organisation of cortical areas
promotes the comparison of connectivity patterns between groups of participants with
di�erent health conditions and between experimental conditions, (Butt et al., 2013; Haak
et al., 2018). Second, CCMs can even be applied to data that was acquired in the absence
of any sensory input, enabling the reconstruction of visuotopic maps even in the absence
of a stimulus and in blind people. Several studies have shown that cortical connectivity
during resting-state re�ects the visuotopic organization of the visual cortex (Butt et al.,
2013; Donner et al., 2013; Gravel et al., 2014; Haak et al., 2018; Heinzle et al., 2011; Rae-
maekers et al., 2014). A comparison between stimulus-driven and resting-state CCMs
may also convey information on the in�uence of retinal waves and prior visual experi-
ence in the cortical circuitry. For example, larger CF sizes were measured with visual
stimulation when compared to resting-state (Bock et al., 2015; Gravel et al., 2014; Rae-
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maekers et al., 2014). Third, CCMs provide insight into the anatomical and functional
neuronal circuitry that enables the visual system to integrate information across di�er-
ent cortical areas. They can reveal the presence or absence of a change therein following
a disease (Bock et al., 2015; Haak et al., 2016; Papanikolaou et al., 2018). Fourth, CCMs,
in particular when assessed in resting-state, are less a�ected by various intrinsic and
extrinsic factors such as the type of task and stimulus (Dumoulin et al., 2014; Le et al.,
2017; Yildirim et al., 2018) patient performance, optical properties and health condition
of the eye (Miranda et al., 2018) or stimulus-related model-�tting biases (Binda et al.,
2013; Miranda et al., 2018).

Despite these important advantages, the current CCMs approaches also have their lim-
itations. First, the reliability of CCMs parameters, such as the CF size, is a�ected by
signal-to-noise ratio. Fortunately, the signal-to-noise ratio does not introduce a system-
atic bias in the estimated parameters (Bock et al., 2015; Haak et al., 2016; Papanikolaou
et al., 2018). Second, the current iteration of CCMs models does not capture causal in-
teractions between di�erent cortical visual areas. Third, like pRF estimates, it is likely
that the accuracy of the CCM-related estimates depends on the spatial and temporal
resolution, the distortion and spatial spread of the BOLD signal, as well as the distri-
bution of dural venous sinuses and vessel artifacts. Fourth, although there is no need
for stimulus-driven signals, resting state signals – and thus also any estimated CCMs
properties – are in�uenced by the environmental conditions under which they were
acquired. Factors such as eye-movements and exterior luminance may also in�uence
estimates. These limitations demonstrate that although the CCM approach seems suit-
able to infer the presence or absence of plasticity by associating connectivity strength
with cortical degeneration (Haak et al., 2016), it still requires careful experimentation as
well.

Some of the above limitations have recently been addressed. For example, global search
algorithms that help to avoid local minima have also been applied to CCMs, (Bock et
al., 2015; Haak et al., 2016). Furthermore, new data-driven methods are able to measure
multiple and even overlapping connectopies (Haak et al., 2018). Although, currently
establishing these connectopic maps requires a very large number of participants, they
hold a promise of one day being able to reveal cortical and network reorganization and
plasticity (Haak et al., 2018).

6.4.3 Cortical Circuitry Models in ophthalmic or neurological diseases

The development of CCMs is a sequel to the classical pRF mapping. Hence, the avail-
able literature is still relatively small. Nonetheless, the existing studies give a good im-
pression of the possible applications and the type of information that these models can
provide.

At this point in time, in particular the CF modeling approach has been applied in several
ophthalmic disorders, in which visual perception was either impaired or completely ab-
sent. A study by Haak and colleagues (2016) found that in macular degeneration, long
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term deprivation of visual input had not a�ected the underlying cortical circuitry (Haak
et al., 2016). This suggests that the visual cortex retains the ability to process visual in-
formation. In principle, following the restoration of visual input, i.e via retinal implants,
such patients may thus recuperate from vision loss. Papanikolaou and collaborators
(2018) applied CF modeling to study the organization of area hV5/MT+ in �ve patients
with large visual �eld defects resulting from either early visual areas or optic radiation
lesions (Papanikolaou et al., 2018). They showed that in three of the �ve subjects the
CFs between areas V1 and hV5/MT+ covered visual �eld locations that overlapped with
the scotoma. This indicates that activity in the lesion projection zone in hV5/MT+ may
originate from spared V1. Bock and collaborators, (2015) applied the CF model to resting-
state BOLD data acquired from normally sighted, early blind, and monocular patients
in which one of the eyes had failed to develop (Bock et al., 2015). All subjects showed
retinotopic organization between V1 and V2/V3. Butt and colleagues (2013) studied the
cortical circuitry of the visual cortex in blind observers and compared this to that of
sighted controls (Bock et al., 2015; Butt et al., 2013). They found a very minute change
in the pattern of �ne-scale striate correlations between-hemispheres, in contrast to the
highly similar connectivity pattern within hemisphere. They concluded that the corti-
cal connections within a region (which can be a hemisphere) are independent of visual
experience. The above cited studies, show that, in general, the visuotopic organization
of the cortical circuitry is maintained even after prolonged visual deprivation or blind-
ness, supporting that the plasticity of the adult visual brain is limited (see Wandell and
Smirnakis (2009) for a similar conclusion based on stimulus-driven mapping (Wandell
and Smirnakis, 2009)). Moreover, these studies suggest that CCMs may be able to cap-
ture the integrity of cortical connections using both stimulus-driven and resting-state
data. This encourages the development of new CCMs that can be applied to study how
connected neurons in di�erent layers and columns interact.

6.4.4 Mesoscale plasticity: Layer- and Column-based Cortical
Circuitry Models

Measuring cortical reorganization at a �ner scale might reveal changes that are invisible
or masked at a coarser scale. With the recent advance in ultra-high �eld functional MRI,
the tools to examine the human brain at a mesoscale in-vivo have become available.
This enables assessing the presence of cortical reorganization across cortical depth to
measure the �ow of information across di�erent cortical laminae – in particular feedback
and lateral inputs, and to infer the micro-cortical circuits by studying their columnar
organization.

Many of the opportunities and challenges in visual neuroscience provided by increases
in MRI �eld strength have been described in a recent review, to which we refer (Du-
moulin et al., 2018). With respect to the topic of neuroplasticity, is of particular interest
a study that showed that pRFs in the input (middle) layer have a smaller RF than those in
super�cial and deeper intra-cortical layers (Fracasso et al., 2016b). Although this study
provides hints about cortical organization, it exclusively relied on stimulus-based mod-
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elling and thus does not truly inform about the underlying circuitry. In order to bridge
this gap, we propose that the application of CCM-like approaches to study short-range
connections at laminar and columnar levels is warranted.

The development of methods that re�ect the mesoscale circuitry should be able to an-
swer various outstanding critical questions in visual neuroscience and contribute with
new fundamental and clinically relevant insights into cortical functioning and neuro-
plasticity. For example, following a visual �eld defect, is the input/feedforward layer
the one that is most a�ected? Do neurons in the upper and deepest layers of the le-
sion projection zone establish new connections to healthy neurons in the input layer?
At what level of cortical processing do feedback and feedforward signals modulate our
conscious percepts? Are putative overlapping representations in ventral areas (Yildirim
et al., 2018) perhaps encoded in distinct layers of the visual cortex?

6.5 Conclusion

In this chapter, we discussed: a) the role of pRF mapping to cortically characterize visual
areas and extrinsic and intrinsic factors that in�uence the pRF estimates; b) methodologi-
cal advances in retinotopic and connectopic mapping and c) stimulus-driven and cortical
circuitry models that can link visual cortex organization, dynamics and plasticity.

Although we fully acknowledge the important contribution of pRF mapping towards un-
derstanding the structure and functioning of the visual cortex, we strongly argue against
a “blind” reliance on this technique when studying neuroplasticity. The degree to which
a change in signal amplitude or pRF measurements – by themselves – re�ects cortical
reorganization remains to be determined: even in the presence of a presumed stable cor-
tical organization in healthy participants, di�erent pRF estimates may be elicited due to
a change in, the task at hand, cognitive factors, and the type of stimulus used. For this
reason, we have stressed that, prior to deciding that pRF changes are the result of re-
organization, one has to exclude that these are due to di�erent: input, (implicit) task
conditions, or cognitive demands.

To improve the reliability of retinotopic mapping, more complex models and computa-
tional approaches have been developed with a noticeable trend to move from stimulus-
driven to data-driven techniques. These e�orts have resulted in a multitude of new meth-
ods. Their speci�c use depends upon the goal of the study and the neuronal population
of interest. Nevertheless, although these newer techniques provide clear improvements,
they potentially retain the issues associated with stimulus driven-approaches. There-
fore, we argue in favor of also considering alternative techniques to study brain plastic-
ity, in particular ones that directly assess the neural circuitry rather than stimulus-driven
responses to estimate the extent of neuronal reorganization. As an exemplary incentive,
we propose a model that combines connectivity with spatial sampling. In theory, such
a model will not only inform about the spatial sampling but also about interactions
between the linked neuronal populations. Finally, we encourage the development and
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application of models to capture the plasticity of layer-based circuitry at the mesoscale.
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CHAPTER 7
Discussion

7.1 General Discussion

The general focus of this thesis is on understanding how the organization of the visual
cortex is shaped by visual experience, predictive mechanisms, damage due to visual �eld
defects or developmental disorders. More speci�cally, I combined neuroimaging tech-
niques such as fMRI with biologically driven neurocomputational models to investigate
whether neurons – at a population or subpopulation level – have the capability to mod-
ify their receptive �eld properties following damage (arti�cial and natural) to the human
visual system or following changes in the stimulus. In the following section, I brie�y de-
scribe the main �ndings of the chapters in the thesis and discuss their signi�cance and
implications.

7.1.1 The recruitment of neural resources in a cortical region depends
on the stimulus and task

Using a second-order retinotopic stimulus, we showed that the estimated pRF properties
change signi�cantly when compared with a standard luminance contrast stimulus. The
latter a�ected a wide range of neuronal subpopulations, while our second-order stimulus
only a�ected a subset of those neurons – i.e. those that are sensitive to orientation con-
trast. By combining our results with those from previous studies (Le et al., 2017), it now
seems plausible to assume that 1) the recruitment of neural resources in a cortical region
depends on the stimulus and task; 2) ventral cortical areas may contain di�erent over-
lapping representations of the visual �eld and 3) parvocellular neurons (stimulated by
spatial frequency/words/orientation) and magnocellular neurons (luminance) may have
overlapping cortical maps in a single area. These �ndings have powerful implications
regarding the use of pRF mapping to measure the organization of the visual cortex; this
shows that the pRF properties in healthy observers are not stable and depend on the
stimulus, task and environmental factors. This constrains the straightforward assess-
ment of neuroplasticity, as it is essential to separate the e�ects of stimulus properties
from cortical reorganization in visual system pathologies.
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7.1.2 Micro-probing enables detailed characterization of the structure
and function of the visual cortex.

To overcome many of the limitations of the current the pRF modeling approaches, we
developed a new visual �eld mapping approach, which we call micro-probing (MP). This
approach enhances spatial resolution and simultaneously enables the identi�cation of
unexpected RF shapes and subpopulations. This boosts the understanding of the visual
cortex as it allows �ne-grained characterization of the visual areas (multiple subpopu-
lations and its heterogeneous shape) and enables us to map – without any speci�c prior
assumptions – unexpected RF shapes such as the bilateral receptive �elds symmetrical
to the vertical meridian, which are a characteristic of albinism. Additionally MP results
in visualization of the data underlying any pRF estimates. This is extremely useful for
reconstructing the visual �eld (see next section), for meticulous data cleaning and for
determining the misrouted cortical zone. Therefore we advocate the use of MP when
the study outcomes are unpredictable or may rely on aggregate characteristics of RFs.
In particular, this would apply to studies on: 1) neurodevelopment and neuroplasticity,
2) ophthalmic and neurological pathologies, and 3) cognitive e�ects. We conclude that
MP provides a versatile and powerful high-resolution approach to reveal the functional
properties of the brain, which is essential for linking its function to behavior and for
understanding its plasticity.

7.1.3 Predictive masking results from a system-wide reorganization of
the neural populations, which is guided by extrastriate cortex.

Seeing involves more than the light that enters our eyes. A remarkable example is the ca-
pability of the visual system to �ll in missing information. In response to introducing an
arti�cial scotoma into the visual �eld, pRFs shifted their preferred position towards the
AS border. Moreover, extrastriate areas reweighted their sampling of area V1 towards
information from outside the AS projection zone. Such a reweighting enables the neu-
rons within the scotoma projection zone to gather information from spared sections of
the visual �eld (Baker et al., 2005; Dilks et al., 2009; Gilbert and Wiesel, 1992; Pettet and
Gilbert, 1992; Schumacher et al., 2008) which results in the masking of the scotoma with
the most likely information. Our �ndings suggest that a system-wide recon�guration
of neural populations in response to a change in visual input is guided by extrastriate
signals and underlies the predictive spatial masking of scotomas.

These �ndings have important implications in the context of vision restoration thera-
pies. First, similar predictive masking mechanisms are thought to be present in natural
visual �eld defects, in particular those a�ecting the periphery, such as glaucoma. Sec-
ond, therapies focused on higher cognitive processes, such as attention-based training,
might improve visual perception by reallocating scarce neuronal resources to the intact
sections of the visual �eld (Dundon et al., 2015).
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7.1.4 Visual �eld reconstruction using fMRI-based techniques enables
the evaluation of vision loss, and may complement
ophthalmologic tests to clinically assess visual �eld defects

To understand the extent of visual damage, measuring the visual �eld is crucial. The
standard method to measure the visual �eld is standard automated perimetry (SAP).
However, these tests are highly sensitive to attention and experience of the subject. Us-
ing micro-probing, the visual �eld at various levels of cortical visual processing was re-
constructed. Using simulated and natural visual �eld defects, we determined the degree
of similarity between the visual �eld coverage map and the perimetric outcomes. We
found that both MP and the conventional pRF-based visual �eld reconstruction resulted
in accurate measures of the visual function given that we could detect the simulated vi-
sual �eld defects. Applied to natural visual �eld defects of participants with glaucoma,
overall the fMRI-based visual �eld reconstruction techniques could detect the VFD also
detected by SAP. In particular, our new approach (MP) could better predict the SAP
contrast sensitivity than the conventional pRF mapping technique could. However, for
some of the participants with glaucoma, there was a dissociation between the fMRI-
based reconstructed visual �eld and the visual �eld assessed using SAP. This suggests
the following: 1) the methodological di�erences between SAP and fMRI-based VF map-
ping techniques result in an assessment of distinctive aspects of the VF, 2) that glaucoma
patients might be able to �ll in the visual �eld defects and thus elicit fMRI activity in
part of their scotoma projection zone and 3) that the combination of fMRI and neuro-
computational models results in an objective and feasible method that may complement
current ophthalmic evaluations. This is particularly important when evaluating the im-
pact of vision restoration and rehabilitation therapies on visual processing beyond the
retina in the brain (Silson et al., 2018). Therefore, the use of retinotopic mapping, in
particular MP, reveals important characteristics of the functioning of the visual system
that cannot be assessed with standard ophthalmic examinations.

7.1.5 Cortical plasticity requires that stimulus-driven approaches are
complemented by cortical circuitry models

We have shown that the pRF properties in the adult visual cortex are malleable in health
and disease. However, increasing evidence indicates that variations in pRFs can be
driven by three aspects: methodological biases associated with conventional pRF map-
ping, the e�ect of stimulus and task and the physiological mechanisms of attention
control and surround suppression (Binda et al., 2013; Klein et al., 2014; Le et al., 2017;
Yildirim et al., 2018). Therefore we argue that the inherent reliance of these approaches
on visual input is still a major challenge for interpreting results in terms of neuroplas-
ticity in such disorders. In our view, this calls for rethinking the current approaches to
studying cortical neuroplasticity. We suggest that methods that do not require visual
stimulation at all, such as Cortico-Cortical Modeling, are very appropriate for assessing
visual cortical reorganization. Such approaches may avoid many of the complications
associated with the stimulus-driven pRF methods.
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7.2 Clinical applications

7.2.1 Functional MRI as clinical tool to access the cortical plasticity of
the visual cortex

A fundamental question in visual neuroscience is the degree to which the adult visual
cortex has the capability to adapt its function and structure. Understanding the neuro-
plasticity of the visual cortex is becoming particularly relevant in the context of vision
restoration: bringing back (partial) vision to people who have become blind due to oph-
thalmic disorders such as glaucoma, aged-related macular degeneration, or retinitis pig-
mentosa. With recent developments in technology and medical practice, vision restora-
tion is now more feasible than ever due to retinal and cortical implants, gene therapy, and
stem cell therapy. To safeguard the success of such new therapies, deep understanding
of neuroplasticity is essential. Two aspects are particularly critical: 1) whether the visual
cortex retains the ability to process visual information following long-term blindness,
and 2) whether neurons and their cortical networks reorganize following the restoration
of visual function. Non-invasive neuroimaging techniques together with neural models
have the potential to answer these fundamental questions and to identify neurodegen-
erative centers in the visual cortex. In this thesis we found compelling evidence on the
following aspects pertaining to plasticity:

-Congenital visual pathway disorders such as albinism result in highly atypical RF pro-
�les. In albinism, each hemisphere has a complete representation of the entire visual
�eld. Our research has provided tools to quantify the degree of misrouting and the mis-
routing projection zone.

-In healthy observers, the predictive masking of simulated scotomas is associated with
changes in receptive �eld properties and with the sampling of the scotomatic region.
This recon�guration is most likely driven by signals from higher order areas. Although
predictive masking impairs the early detection of disease, it is an important mechanism
that ensures the stability of perception.

However, there are several factors that need to be taken into account when interpreting
these �ndings. First, the techniques that we used re�ect the aggregate RF properties at
the population and/or subpopulation level. The receptive �eld dynamics that we mea-
sured can result from changes in a subset of neurons (Haak et al., 2012). Second, evaluat-
ing neuroplasticity requires complex and accurately controlled experimental conditions
(e.g. for arti�cial scotomas and visual acuity). Third, ectopic receptive �elds may re-
sult from extra-classical RF modulations and from attentional modulation. Fourth, the
factors that in�uence the degree to which the visual cortex can reorganize – such as
damage to the RCG, extent of the disease, and onset and duration of the disease – still
have to be determined.
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7.2.2 Functional MRI as a clinical tool to detect and monitor damage
to the visual system

Functional MRI, together with advanced RF mapping techniques such as MP, are fea-
sible approaches for assessing damage to the visual �eld, at di�erent levels of cortical
visual processing. Such approaches are very relevant to diseases in which perception
is dissociated with the damage to the visual pathway, such as glaucoma and diabetic
retinopathy. In such cases fMRI-based approaches have the capability to detect per-
ceptual masking mechanism, e.g detecting the VFD at V1 but not at higher order ar-
eas. Additionally, fMRI-based can provide VF information in patients unable to perform
SAP because of mental or physical limitations. Moreover, emerging therapeutic inter-
ventions, such as retinal ganglion cell transplantation and retinal or cortical implants,
require tools that support the diagnosis and monitoring of the disease throughout the
visual pathway (Mathieson et al., 2012; Venugopalan et al., 2016).

7.3 Future directions in research

This thesis comprises several studies that point to functional changes in the reorganiza-
tion of the brain in healthy and diseased visual systems. Although these changes can be
interpreted as a manifestation of neuronal plasticity, the underlying mechanisms are still
not clear. In particular, little is known about the mechanisms that can trigger functional
reorganization and about the role of intracortical feedback from higher visual areas in
the early visual cortex. Below, we discuss possible strategies to study this in the future.

7.3.1 High resolution MRI: Column-speci�c and layer-speci�c
plasticity

The emergence of ultra high �eld MRI, with �eld strengths of 7T and above, has been
instrumental for studying cortical functioning in detail in humans. Due to its high sen-
sitivity and level of detail, this approach reveals aspects that are generally masked at a
coarser scale. Since many neural processes, such as feedforward and feedback signalling,
are segregated into distinct cortical layers, imaging the human cortical structure in-vivo
at the mesoscale enables di�erentiation of functional activation across these cortical
laminae (Fracasso et al., 2016). This paves the way towards understanding human cor-
tical circuitry and dysfunction. Therefore, it would, for instance, be of interest to repeat
the predictive masking study (reported in Chapters 4) using ultra high �elds to investi-
gate the origin and the neural substrate of the proposed reorganization. We could also
test whether the ability of the visual cortex to reorganize following damage to the visual
system is layer-speci�c.

Moreover, applying MP to ultra-high resolution data will be crucial to disentangle if the
multiple neuronal subpopulations of RFs found within a voxel of healthy participants
(chapter 3) result from: 1) neurons responding to multiple positions in the visual �eld,
2) the aggregate response of neurons tuned to di�erent spatial and temporal properties,
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or 3) methodological biases, i.e partial voluming and noise in the BOLD signal.

7.3.2 Incorporate and develop cortical circuitry models

An unanswered question is whether the changes in RFs are driven by the unmasking
of cortical feedback from extrastriate visual areas and or lateral connections. Cortical
circuitry models could be used to answer this question. For instance, connective �eld
modeling (Haak et al., 2013) is a major advance on approaches that rely on visual input,
as it emphasizes the spatial pro�le of the functional connectivity between visual areas
and provides insight into the information �ow. Moreover, as a stimulus-independent
analysis it avoids many of the biases associated with stimulus-driven approaches such
as pRF. The use of cortico-cortical models together with high-resolution functional data
may enable the study of short-range connections at laminar and columnar levels and
their interaction across layers. It would be a tremendous advancement to measure the
�ow and directionality of information across cortical layers and to disentangle feedback
from feedforward.

In this thesis, I proposed two ways to possibly improve cortico-cortical models. The �rst
one is to develop a connective �eld model based on the micro-probing approach. This
could potentially enhance the detail with which we can map the �ow of information
between brain areas and show if a population of neurons within a voxel perhaps has
multiple connective �elds. The second one is to incorporate cortico-cortical interactions
between the neural population of a particular voxel and its neighbours, into the pRF
model (chapter 6). Although this latter approach will still rely on visual stimulation, it
may re�ect how the activity of one neuronal population of neurons is in�uenced by that
of nearby neighboring populations.

7.3.3 Quanti�cation of the level of brain plasticity in visual processing
in disease and following visual restoration

Research on how the visual cortex reorganizes following visual loss has focused pri-
marily on foveal and central visual loss. Given that peripheral and central vision have
di�erent roles in perception – e.g. the former provides navigation clues and the latter
is involved in detail vision such as e.g. relevant to reading – and that this distinction is
encoded in the brain, the neuronal changes following the loss of central or peripheral
vision may also di�er. Moreover, peripheral visual �eld defects are more easily masked
by predictions based on the surrounding spatial information. Most likely, this results
from partial stimulation of the large receptive �elds that encode the periphery of the vi-
sual �eld. For these reasons, it would be relevant to measure the possible reorganization
mechanisms associated with glaucoma. However, studies of peripheral visual loss are
complicated by two factors: 1) the variability in the location and extent of the visual �eld
defect and the uncertainty associated with onset of the disease; and 2) �nding adequate
control conditions which take into account the di�erential visual input between partic-
ipants with glaucoma and control participants. Controlling for these factors, requires to
match the visual input of each participant with glaucoma with the respective control, by
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simulating the loss in contrast sensitivity in the control participants, this is fundamen-
tal to disentangle cortical reorganization from neuronal responses to di�erential visual
input.

Moreover, due to the increasing possibilities o�ered by vision restoration therapies and
recent developments in fMRI-based neural models, we now have the opportunity to
study how the brain adapts following vision restoration. This will help to clarify whether
plasticity can be reversed, and may be maladaptive; and how vision restoration a�ects
cross-modal plasticity. Such enhanced knowledge of brain-eye interaction may provide
insight into pre-treatment and post-treatment strategies to optimize the outcomes of
restorative therapies.
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CHAPTER 8
Summary

Unravelling the organization of the visual cortex is fundamental to understanding the
degree to which the adult visual cortex has the capability to adapt its function and struc-
ture. The research in this thesis aimed to: 1) understand how the visual �eld represen-
tations present in the adult visual cortex are shaped by visual experience, predictive
mechanisms, damage due to visual �eld defects or developmental disorders, and 2) de-
velop advanced techniques and paradigms to characterize receptive �elds (RFs) and their
connections using neurocomputational models. To do so, I combined the neuroimag-
ing technique functional magnetic resonance imaging (fMRI) with biologically-driven
neurocomputational models to investigate whether neurons – at the population or sub-
population level – have the capacity to modify their receptive �eld properties following
damage (arti�cial and natural) to the adult visual system or following changes in the
stimulus. The main project outcomes are: 1) the development of a new a versatile brain
mapping technique that captures the activity of neuronal subpopulations with minimal
prior assumptions and high resolution, which we call micro probing (MP); 2) the design
of alternative visual mapping stimuli, with which we have shown that the recruitment
of neural resources depends on the task and/or stimulus; 3) the development of a novel
approach to map the visual �eld and that enables the evaluation of vision loss and pro-
vides important information about the function of the visual cortex and 4) the �nding
that in response to an arti�cial scotoma (mimicking a lesion to the visual system), there
is a system-wide recon�guration of cortical connectivity and RFs which may underlie
the predictive masking of scotomas. These novel techniques and �ndings increase our
understanding of the neuroplastic properties of the visual cortex and may be applied in
the evaluation of pre- and post-treatment strategies that aim for vision restoration and
rehabilitation.
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CHAPTER 9
Samenvatting

Om het aanpassingsvermogen van de visuele cortex te begrijpen is het noodzakelijk
om de functionele organisatie ervan te ontrafelen. Het doel van het onderzoek dat ik
beschrijf in mijn proefschrift is: 1) begrijpen hoe bij volwassenen, factoren zoals visuele
ervaring, gezichtsvelddefecten en voorspellende mechanismen de representatie van het
gezichtsveld in de visuele cortex beïnvloeden; en 2) het ontwikkelen van technieken en
onderzoeksmethoden die de responsen en receptieve velden (‘receptive �elds’, RFs) van
hersencellen én hun onderlinge verbindingen in de visuele cortex, modelmatig kunnen
karakteriseren.

Daartoe heb ik functionele MRI (fMRI) gecombineerd met computermodellen gebaseerd
op de werking van hersencellen in het menselijk brein. Deze computermodellen heb ik
vervolgens gebruikt om te onderzoeken of neuronen in de visuele cortex — op populatie
of subpopulatie niveau — het vermogen hebben om hun RF aan te passen. Ik heb be-
studeerd hoe die aanpassing het gevolg kan zijn van gesimuleerde of werkelijke schade
aan het visuele systeem, of van verschillende vormen van stimulering. De voornaamste
uitkomsten van mijn onderzoek zijn: 1) een nieuwe en veelzijdige techniek, genaamd
‘micro probing’ (MP), die de activiteit van neurale subpopulaties in de visuele cortex
heel precies kan beschrijven, uitgaande van slechts een minimum aan aannames; 2) de
ontwikkeling van nieuwe stimuli waarmee RFs in kaart kunnen worden gebracht. Hier-
mee hebben we tevens aangetoond dat de neurale respons wordt beïnvloed door de taak
en het type stimulus; 3) een nieuwe methode om het gezichtsveld in kaart te brengen.
Deze methode maakt het mogelijk om de aard en grootte van gezichtsvelddefecten in te
schatten en geeft tevens informatie over de werking van de visuele cortex; en 4) de be-
vinding dat bij gezonde proefpersonen neurale verbindingen veranderen als gevolg van
een (gesimuleerd) gezichtsvelddefect. De ontbrekende informatie, als gevolg van het
gezichtsvelddefect, wordt daardoor aangevuld hetgeen ertoe leidt dat het defect wordt
gemaskeerd en niet bewust wordt waargenomen.

Mijn nieuwe technieken en bevindingen dragen bij aan onze kennis over het aanpas-
singsvermogen van de volwassen visuele cortex. De nieuwe kennis kan gebruikt wor-
den bij het ontwikkelen van behandelstrategieën die gericht zijn op herstel van het zien
en in de visuele revalidatie.
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