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General introduction 1

Invasive electrophysiological recordings of neuronal activity from the visual cor-
tex of cats and other animals have revealed that spontaneous neuronal activity
reflects the underlying neuroanatomical organization [30, 70, 40]. However,
for non-invasive and indirect functional magnetic resonance imaging (fMRI) re-
cordings of neuronal activity from visual cortical areas, this relationship between
intrinsic activity (often referred to as “resting-state”) and cortical neuroanatom-
ical organization is not immediately obvious [42, 36, 62, 11, 27].

When measured using fMRI, intrinsic fluctuations in blood-oxygen level
dependent (BOLD) activity are correlated between distant brain regions that
are anatomically connected, such as homologous areas in the two hemispheres
[6, 73]. For this reason, resting state (RS) fMRI has been widely used to study
whole-brain interactions in health and disease [63, 72]. However, interpreting
patterns of RS-fMRI activity at a more local scale (e.g., that of the visual cor-
tex) remains challenging as activity in nearby sites can be correlated as a result
of either neuroanatomical connections, or metabolic and vascular relationships
[12, 47, 45, 34, 58, 46]. Currently, this uncertainty limits the use of RS-fMRI
for characterizing visual cortical activity in health and disease.

A better understanding of the relationships between neuronal activity, brain
anatomy and hemodynamics would help to develop RS-fMRI as a valuable tool
for fundamental and applied —non-invasive— research in humans. Aiming to
contribute to the understanding of these relationships, this thesis focuses on the
following question: What can we learn about the neuroanatomical organization
of the human visual cortex from RS-fMRI recordings?

With this central question in mind, I hypothesize that RS-fMRI activity in
the human visual cortex reflects its underlying neuroanatomical organization.
Using advanced anatomical MRI techniques and novel fMRI analysis methods,
I will characterize and interpret the spatial and temporal organization of in-
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. General introduction

trinsic fluctuations in BOLD activity across striate (V1) and extrastriate visual
cortex (V2 and V3). Moreover, I will discuss how these fluctuations may be
shaped by neuroanatomical, physiological and vascular factors.

In the following sections, I outline the questions and main findings of each
experimental chapter, while in the background section, I describe the main ana-
tomical features of the human visual system, summarize the experimental meth-
odologies used in this thesis and briefly describe the emergence of the field of
resting state research. The latter section reviews some of the previous studies
that my work builds on and helps to remind that the brain is not only con-
cerned with the demands imposed by the environment but also with internally
generated dynamics. As we will see in the experimental chapters of my thesis,
the neuroanatomical organization of the visual system forms a complex recur-
rent network of feedforward, feedback and lateral connections that cannot be
fully grasped from the classical “sandwich” perspective (perception-cognition-
action) of brain function [21] but perhaps —as I will discuss later (in DIBQUFS
�)— by a more constructivist and enactive view of brain function that accounts
for recurrent neural processing and circular causality [71, 38].

��� 0VUMJOF
This thesis comprises four experimental sections. In DIBQUFS � I ask whether
visuotopic organization 1 can be derived from 7T RS-fMRI activity. Based on
the hypothesis that intrinsic fluctuations in BOLD activity reflect underlying
neuroanatomical organization, I show that it is possible to map —based on RS-
fMRI recordings— cortico-cortical neuronal interactions between V1, V2 and
V3 using connective field modeling [32, 27].

Based on the hypothesis that both intrinsic and stimulus-evoked BOLD
fluctuations are anchored by the same neuroanatomical connections, in DIBQUFS
� I ask whether patterns of synchronized fMRI activity in RS and visual field
mapping (VFM) are comparable (at 7T). By examining local patterns of phase
covariation, I find synchronization clusters that are similar, regardless of whether
they are derived from RS or VFM data. However, in activity obtained dur-
ing VFM, phase synchronization is spatially more extensive than in RS de-
rived activity, reflecting stimulus driven interactions between local responses.
Nevertheless, the resemblance between RS and VFM-derived synchronization
clusters suggests that they share a common neuroanatomical origin [28].

Methods to analyse and interpret RS-fMRI activity can become valuable
tools for the study of human neuronal activity in vivo, in particular if they can
be generalized to different magnetic field strengths. To verify this for connective
field modeling and cluster synchronization analysis of RS data, in DIBQUFS � I
study the feasibility of reproducing the main findings of DIBQUFST � � � using
data acquired with a 3T rather than a 7T scanner. Despite the lower resolution
and signal-to-noise ratio of the 3T data, I find that the results obtained with it
are in fair agreement to those obtained previously with 7T data.

1When the image’s spatial relationships formed in the retina are preserved in the visual cortex in
the form of visual field maps: nearby neurons respond to nearby locations in the image.
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1.2. Background

In DIBQUFS � I ask whether the propagation of BOLD activity within and
between visual field maps relates to structured neuronal activity. To explore this
question, I implement a modeling approach aimed at disentangling the contri-
butions of local activity and directed interactions in shaping BOLD activity
propagation [26]. Applying this approach to 7T fMRI data reveals changes
in cortical excitability and directed interactions in RS and VFM, pointing to a
task-dependent reconfiguration of local, feedforward and feedback interactions
across the visual system [29].

��� #BDLHSPVOE
In this section, I provide a general overview for those interested in studying
the human visual cortex using RS-fMRI. I briefly describe the anatomical or-
ganization of the human visual system and provide some background on the
field of fMRI and resting state measurements. For more detailed accounts on
the neuronal and anatomical organization of the human visual cortex see e.g.
[37, 74].

����� 7JTVBM QBUIXBZT
Light, in the form of structured energy distributions, is transduced by photore-
ceptor cells in the retina (rods and cones) into electrical membrane potentials
[24]. These potentials are then shaped by a recurrent cellular network consist-
ing of bipolar, horizontal, and amacrine cells. Together they form a mosaic
of functional subunits that contribute to inhibitory and sensitivity-adjustment
mechanisms and communicate with the retinal ganglion cells (RGC). The ax-
onal projections from the RGC exit the eye to form the optic nerve. These fiber
projections from the two eyes decussate in the optic chiasm, with fibers from
the left and right half of each retina going to the left and right hemispheres, re-
spectively. Optic nerve fibers project primarily to the lateral geniculate nucleus
(LGN), which relays to occipital visual cortical areas –the topic of the research
in this thesis.

����� 3FUJOPUPQJD PSHBOJ[BUJPO PG UIF WJTVBM DPSUFY
Shaped by evolutionary and developmental constraints, the anatomical circuitry
of the human sensory cortices follows the topographic organization of their cor-
responding sensory surfaces. For the visual system, the result is that the image’s
spatial relationships formed in the retina are preserved in many regions of the
cortex in the form of visual field maps: nearby neurons respond to nearby loca-
tions in the image [37]. These retino-cortical maps are said to be retinotopically
organized, yet their actual location and shape is determined by different con-
straints from those that shape the eye [64, 55]. The topographic organization
of the primary visual cortex (V1), located along the calcarine sulcus, accom-
modates an hemifield representation of the retinal image in which the foveal
region is greatly magnified –a phenomenon called cortical magnification [65].

3



. General introduction

The nearby visual field maps V2 and V3 cluster around V1, sharing parallel ec-
centricity representations. However, the visual field maps in V2 and V3 are
discontinuous. They split into dorsal and ventral parts, with angular represent-
ations alternating in visual field sign along the horizontal meridian. As a result,
V2 and V3 are organized into two quarter hemifields. Other extrastriate visual
cortical areas are organized similarly [74]. The multiplicity of visual field maps
in the visual cortex appears to reflect the fact that our perceptual machinery is
attuned to stable structural features in our habitat. As neurons process differ-
ent aspects of the image, cortical circuitry is organized into receptive fields that
preserve its spatial organization. As a result, cortical areas subserving differ-
ent functions still preserve this level of organization [74]. In the experimental
chapters that will follow, I relate task-dependent changes in fMRI activity to
the retinotopic organization of V1, V2 and V3.

����� )JFSBSDIJDBM PSHBOJ[BUJPO PG UIF WJTVBM DPSUFY
Traditionally, neuroanatomical connections among visual cortical areas have
been thought to follow a primarily parallel-hierarchical bottom-up architec-
ture [19]. In this view, parallel neuronal pathways, originating from anatomic-
ally and functionally distinct cell types in the retina [14], connect to thalamic
and cortical structures following a precise retinotopic ordering. The visual pro-
cessing of retinal signals unfolds then through a series of stages in which low-
level stimulus features are processed first by ’early’ visual cortices such as V1, and
increasingly complex features are processed sequentially by ’higher’ extrastriate
visual cortices [50].

However, feedforward connections along the visual hierarchy areas are typ-
ically complemented by reciprocal feedback connections [23, 10, 41]. For ex-
ample, extra-retinal inputs to V1 may arrive from extrastriate visual areas such
as V2 and V3 [54, 53, 61], but also indirectly from more distant corical areas
[66, 56, 20, 7, 15]. Moreover, reciprocal connections between V1 and visual
thalamic structures have long been described, yet, their functional relevance is
not yet fully understood [31, 35, 3, 69]. The integration of feedforward and
feedback interactions along the visual hierarchy enables the modulation of on-
going cortical dynamics by incoming sensory input [25, 61]. In DIBQUFS �, I
will implement a generative model of directed interactions to examine the pres-
ence of state-dependent changes in the feedback and feedforward interactions
between V1, V2 and V3.

����� /FVSPWBTDVMBS DPVQMJOH
In most of the visual cortex, blood is supplied by the calcarine and basilar ar-
teries. Flowing through their ramifications, blood arrives in a network of small
arterioles and capillary beds. After irrigating these capillary beds, which are
arranged perpendicularly to the cortical surface, blood is drained through small
venous channels into the dural venous sinuses. Neuroglia and astrocytes [59],
the brain’s housekeepers, regulate blood flow at the level of the capillary beds.
These cells form part of the blood-brain barrier. They coordinate local blood
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1.2. Background

supply, nutrient transport and neurotransmitter release, and thus provide a cru-
cial contribution to neuronal activity [12]. Thanks to this coupling between
blood supply and neuronal activity, it has become possible to —indirectly—
estimate neuronal population activity using non-invasive instruments like mag-
netic resonance scanners. In the next sections, I will show how fMRI has al-
lowed to map the topographical and neuroanatomical organization of visual
field maps in the human visual cortex.

����� 'VODUJPOBM NBHOFUJD SFTPOBODF JNBHJOH
In order to estimate neuronal activity patterns across early visual cortical areas I
used fMRI. This technique measures changes in blood oxygenation, which has
been shown to be indirectly related to neuronal activity [45]. Local neuronal
activity induces changes in the ratio between oxyhemoglobin and deoxyhemo-
globin, which can be detected due to their differential magnetic susceptibility
[57]. This effect is named the blood-oxygen level dependent (BOLD) effect,
which is the basis for fMRI. In my studies, I have used primarily 7T fMRI
data. However, in DIBQUFS �, I also examine 3T data. Higher magnetic field
strengths allow for a better signal-to-noise ratio and spatiotemporal resolution.
However, the temporal resolution of fMRI is limited by the hemodynamic re-
sponse to neuronal activity, not by the magnetic field strength.

����� 3FUJOPUPQJD NBQQJOH VTJOH QPQVMBUJPO SFDFQUJWF mFME 	Q3'

BOE DPOOFDUJWF mFME 	$'
 NPEFMJOH

The development of functional magnetic resonance imaging (fMRI) has allowed
to map the topographical and neuroanatomical organization of visual field maps
in the human visual cortex [18]. Modeling the hemodynamic responses to hypo-
thetical neuronal activity elicited by a stimulus allows the mapping of population
receptive field properties [68]. The population receptive field (pRF) method re-
lies on this approach [17]. The method uses a parameterized forward model of
the neuronal population responses, a description of the hemodynamic response
function (a two-gamma HRF model) [8], and the stimulus (here I used drifting
checkerboard bars) to predict evoked BOLD activity. The population receptive
field model used in this thesis corresponds to a circular Gaussian characterized
by three parameters: x and y (positions in the stimuli screen), and size (σ).

To find the most likely retinotopic map, a set of candidate population recept-
ive field models are combined with the stimulus aperture to generate predictions
of the neuronal responses each candidate pRF would produce. Subsequent con-
volution of this predicted neuronal response with the HRF gives a set of can-
didate BOLD responses for each combination of pRF parameters. The pRF
parameters associated with the best fitting candidate BOLD responses are then
chosen to summarize the response of each fMRI recording site.

Somewhat similar to the way in which the visual field is mapped on the sur-
face of the cortex using pRFs, CF modeling describes the neuronal interactions
between different cortical visual areas in terms of spatial integration and cortical
selectivity maps. CF modeling enables the characterization of a target record-
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. General introduction

ing site (e.g. V2 and V3) in terms of the aggregate BOLD activity in a source
brain area (e.g. V1), thus providing a description of the preferred locations on
the cortical surface to which these target sites respond [32]. Locations in the
primary visual cortex are associated with visual field positions obtained during
visual field mapping (VFM). Therefore, visual field coordinates can be inferred
for the target recording sites from the preferred locations in the source region,
allowing the reconstruction of visuotopic maps even in the absence of a stimulus
(e.g., RS). The technique is prominently used in DIBQUFST � � �.

����� 3FTUJOH TUBUF
Resting state (RS) research has become very popular in the last decades. De-
parting from the idea of the brain as a primarily reflexive device driven by the
momentary demands of the environment [60, 67], RS studies suggest that the
brain’s operations are mainly intrinsic, involving the integration of slow internal
and rapid sensory dynamics [75, 9, 44, 16]. From this perspective, sensory input
modulates rather than ‘forms’ brain function [13].

Early evidence on the role of intrinsic brain activity came from studies of
animal physiology and anatomy. Using decorticated cats, Brown [9] showed
that rhythmic behaviours reminiscent of walking and running were still pos-
sible, even in the absence of sensory and cortical input. Intrinsic rhythms in
brain activity were further found in humans. By recording scalp electrical po-
tentials, Berger [5] found large-amplitude rhythmic fluctuations that appeared
only when subjects had their eyes closed. These fluctuations were reported to
occur at a rate of approximately 10 oscillations per second, what is now called
the alpha frequency band [2]. Likewise, studying spontaneous electrical activ-
ity in the rabbit olfactory bulb, Adrian [1] found that the persistent activity of
cells in the bulb unfolded as waves of electrical activity, even in the absence of
sensory stimulation.

Despite these early findings, attempts to characterize and quantify intrinsic
brain activity only gained momentum in the last two decades. Using multi-
electrode recordings of retinal ganglion cells, Galli and Maffei [22] and Meister
et al. [49] showed spontaneous wave-like propagation of neuronal firing prior
to visual experience. These patterns were hypothesized to play a role in the
development and formation of retinotopically ordered maps in the visual system
[39, 48]. Later studies using large-scale neuronal recording approaches showed
that both stimulus-evoked and spontaneous neuronal activity closely reflected
the functional and anatomical organization of the visual cortex [4, 70, 40].

Parallel investigations in humans and non-human primates using fMRI re-
cordings from the somatosensory cortex also indicated a link between the brain’s
intrinsic activity and its neuroanatomical organization [6, 73]. Moreover, using
whole-brain fMRI recordings, it has been recently shown that the propagation
of BOLD activity across distant brain areas reflects the transition between differ-
ent behavioral states [51, 52]. This suggests a meaningful relationship between
BOLD activity propagation and neuronal interactions between distant brain re-
gions. Therefore, in this thesis, I ask whether task-dependent differences in
BOLD activity between RS and VFM can also reveal relevant aspects of brain
organization and activity, yet at a much more local scale. Thereby, I focus on
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early cortical visual field maps, which are richly interconnected and for which
regional variation in the hemodynamic response is less pronounced [33, 43].
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Cortical connective field estimates from resting state
fMRI activity 2

One way to study connectivity in visual cortical areas is by examining spontan-
eous neuronal activity. In the absence of visual input, such activity remains
shaped by the underlying neuronal architecture and, presumably, may still re-
flect visuotopic organization. Here, we applied population connective field
modeling (CF) to estimate the spatial profile of functional connectivity in the
early visual cortex during resting state functional magnetic resonance imaging
(RS-fMRI). This model-based analysis estimates the spatial integration between
blood-oxygen level dependent (BOLD) signals in distinct cortical visual field
maps using fMRI. Just as population receptive field (pRF) mapping predicts
the collective neuronal activity in a voxel as a function of response selectivity to
stimulus position in visual space, connective field modeling predicts the activity
of voxels in one visual area as a function of the aggregate activity in voxels in
another visual area. In combination with pRF mapping, CF locations on the
cortical surface can be interpreted in visual space, thus enabling reconstruction
of visuotopic maps from resting state data. We demonstrate that V1→V2 and
V1→V3 connective field maps estimated from resting state fMRI data show
visuotopic organization. Therefore, we conclude that, despite some variability
in CF estimates between RS scans, neuronal properties such as CF maps and
CF size can be derived from resting state data.

��� *OUSPEVDUJPO
The human visual cortex is a highly complex and interconnected system operat-
ing at various temporal and spatial scales, and as such, non-invasive assessment
of the neuronal correlates of human visual processing are of great importance.
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. Connective field estimates from resting state fMRI activity

A significant contribution toward understanding human visual processing can
be made by studying cortico-cortical interactions between different visual areas
[22, 36, 18]. One way to study these neuronal correlates is by examining spon-
taneous BOLD co-fluctuations during resting state [22, 36]. Given that rest-
ing state BOLD fluctuations are partly shaped by the underlying functional
and neuroanatomical organization [4, 37, 30, 5, 11, 25, 49], analysis of rest-
ing state activity offers a possibility to examine intrinsic functional connectiv-
ity of the visual system as well as the extent of variability of these processes.
Although functional magnetic resonance imaging (fMRI) indirectly measures
neuronal activity, accurate methods to map neuronal response selectivity in the
early visual cortex from the blood-oxygen level dependent (BOLD) signal have
been developed [43, 14, 13]. With these methods, the unifying concept of clas-
sical receptive field [23] has found its place in fMRI, under the definition of
population receptive field (pRF). The term pRF was first used to describe pop-
ulation encoding in macaque early visual areas [47]. Used in fMRI, the term
describes the aggregate responses of fMRI recording sites (voxels) to presented
stimuli, in terms of the position and size of the visual field area to which each
recording site responds. The parametric modeling approach of the pRF tech-
nique has allowed non-invasive investigation of neuronal response selectivity,
its cortical organization, and the computational properties of the visual system.
A recent complementary method, called connective field (CF) modeling [18],
extends this type of analysis to model cortico-cortical interactions in terms of
spatially localized patterns of functional connectivity. Specifically, this method
enables characterization of a recording site in terms of aggregate cortical activity
in another brain area, thus extending the concept of receptive field from a de-
scription of preferred locations in visual (stimulus) space to preferred locations
on the cortical surface. Connective field modeling was originally conceived as
a method to analyze responses evoked by visual field mapping stimuli, though
the analysis does not use a description of the stimulus. As such, it could in prin-
ciple be applied to explore cortico-cortical connectivity profiles during different
experimental conditions as well as resting state. To realize this potential, a num-
ber of questions must be addressed. In this paper, we try to provide answers to
at least four of them. First, how do we measure CF models in the presence of
substantial physiological measurement noise? Second, how much scan time is
sufficient to achieve accurate discrimination of CF models obtained from rest-
ing state data? Third, how do CF parameters obtained from resting state com-
pare to those obtained from stimulus-evoked activity? Four, to what extent do
CF parameters vary between resting state scans? While previous studies have
examined cortico-cortical interactions in the early visual cortex during resting
state [22, 36], our current study focuses on the application of the CF method.
These previous studies used model-free approaches whereas the CF method
is a model-based approach. To the extent that the model adequately describes
the underlying neuronal activity, model-based approaches provide summary de-
scriptions of aggregate neuronal activity, which is another reason to examine the
application of the CF method to analyze resting state fMRI data.
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2.2. Materials and Methods

��� .BUFSJBMT BOE .FUIPET
����� 4VCKFDUT
We recruited four subjects with normal visual acuity (age: S1=26, S2=30, S3=
31, S4=40 years old). Experimental procedures were approved by the medical
ethics committee of the University Medical Center Utrecht.

����� 4UJNVMVT
Visual stimuli were presented by back-projection onto a 15.0x7.9 cm gamma-
corrected screen inside the MRI bore. The subject viewed the display through
prisms and mirrors, and the total distance from the subject’s eyes (in the scan-
ner) to the display screen was 36 cm. Visible display resolution was 1024x538
pixels. The stimuli were generated in Matlab (Mathworks, Natick, MA, USA)
using the PsychToolbox [8, 35]. The mapping paradigm consisted of drifting
bar apertures at various orientations, which exposed a 100% contrast checker-
board moving parallel to the bar orientation. After each horizontal or vertical
bar orientation pass, 30 s of mean-luminance stimulus were displayed. Sub-
jects fixated a dot in the center of the visual stimulus. The dot changed colors
between red and green at random intervals. To ensure attention was maintained,
subjects pressed a button on a response box every time the color changed (de-
tailed procedures can be found in [13, 20]). The radius of the stimulation area
covered 6.25 degrees of visual angle from the fixation point.

����� 3FTUJOH TUBUF
During the resting state scans, the stimulus was replaced with a black screen
and subjects closed their eyes. We chose this so that there was no visual input;
neither from outside the stimulus area (hence eyes closed) nor from light com-
ing through the eyelids (hence the black screen). The lights in the scanning
room were off and blackout blinds removed light from outside the room. The
room was in complete darkness.

����� %BUB BDRVJTJUJPO
Functional T2*-weighted 2D echo planar images were acquired on a 7 Tesla
scanner (Philips, Best, Netherlands) using a 32 channel head coil at a voxel res-
olution of 1.98x1.98x2.00 mm, with a field of view of 190x190x50 mm. TR was
1500 ms, TE was 25 ms, and flip angle was 80 degrees. The volume orientation
differs between subjects, though in all cases it was approximately perpendicular
to the calcarine sulcus. High resolution T1-weighted structural images acquired
at 7T using a 32 channel head coil at a resolution of 0.49x0.49x0.80 mm, with a
field of view of 252x252x190 mm. TR was 7 ms, TE was 2.84 ms, and flip angle
was 8 degrees. We compensated for intensity gradients across the image using
an MP2RAGE sequence, dividing the T1 by a co-acquired proton density scan
of the same resolution, with a TR of 5.8 ms, TE was 2.84 ms and flip angle

15



. Connective field estimates from resting state fMRI activity

was 1 degree. In total, eight 240-volumes functional scans were acquired; com-
prising 5 resting state scans (RS) and 3 interleaved visual field mapping scans
(VFM). The first scan was a RS scan. Physiological data were not collected.

����� 1SFQSPDFTTJOH
First, the T1-weighted structural volumes were resampled to 1 mm isotropic
voxel resolution. Gray and white matter were automatically segmented using
Freesurfer and hand edited in ITKGray to minimize segmentation errors [45].
The cortical surface was reconstructed at the white/gray matter boundary and
rendered as a smoothed 3D mesh [48]. Motion correction within and between
scans was applied for the VFM and the RS scans [34]. To clean the resting
scan signals from DC baseline drift and reduce high frequency nuisance from
physiological variation, time courses were band pass filtered with a high-pass
discrete cosine transform filter (DCT) with cut-off frequency of 0.01 Hz and a
low-pass 4th order Butterworth filter with cutoff frequency of 0.1 Hz. Finally,
functional data were aligned to the anatomical scans [34] and interpolated to
the anatomical segmentation space.

����� "OBMZTJT
������� 1PQVMBUJPO SFDFQUJWF mFME NBQQJOH
Early visual areas V1, V2 and V3 were mapped using the population recept-
ive field (pRF) method [13]. The method uses a parameterized forward model
of the underlying neuronal population, a description of the hemodynamic re-
sponse (a two-gamma HRF model) [7], and the stimulus aperture. The model
we chose corresponds to a circular Gaussian characterized by three parameters:
x and y (positions), and size (σ). A set of candidate population receptive field
models are combined with the stimulus aperture to generate predictions of the
neuronal responses each candidate pRF would produce. Subsequent convolu-
tion of this predicted neuronal response time course with the HRF give a set of
candidate predicted fMRI response time courses for each combination of pRF
parameters. The best fitting predicted fMRI time courses and their associated
pRF parameters are then chosen to summarize the response of each recording
site [13].

������� $POOFDUJWF mFME NBQQJOH
Connective field (CF) model parameters were estimated for both the VFM and
RS scans using the connective field modeling method described by Haak et al.
(2013). CF models summarize the activity of each recording site in a target
region of interest (ROI) in terms of the aggregate activity contributed by a set
of recording sites in a source ROI [18]. Specifically, the BOLD activity over a
particular part of a source region (the CF) is integrated (summed) to yield the
BOLD activity at a target recording site, whose neuronal response we are trying
to describe. As we aim to determine the source CF for all target recording sites
within an ROI simultaneously, we describe a target visual field map ROI (e.g.
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2.2. Materials and Methods

V2 or V3). As candidate source CFs are limited to a particular visual field map,
this is described as the source ROI (here, always V1). First, a discrete parameter
space of 2-dimensional Gaussians of different candidate sizes (σ) is generated
for each candidate location (each recording site inside the source ROI, V1), giv-
ing a set of candidate V1-referred CF models. In the next step, similarly to the
pRF approach, a candidate predicted time course is generated for each candidate
CF model by calculating the Gaussian weighted sum of the measured signals
from the candidate CF (including the preferred recording site and its neigh-
bors). These candidate time courses predictions are compared to the measured
time course of each recording site in the target ROI (V2 and V3), and the best
fitting prediction and its associate V1-referred CF parameters are chosen for
each target recording site. Furthermore, because CF preferred locations in V1
cortical surface are associated with preferred visual field positions during pRF
mapping, coordinates in visual space can be inferred for target recording sites.
This allows the reconstruction of visuotopic maps even in the absence of stimuli.
Note that the size of a CF represents the Gaussian spread along the cortical sur-
face (mm) and is defined as the shortest path distance between pairs of vertices
in the 3D mesh associated with the gray/white matter border. The location and
size of the ROIs are defined during pRF mapping. These parameters (location
and size of the source ROI) may restrict CF position but not CF size. By em-
phasizing the spatial profile of functional connectivity, a CF allows to examine
spatially localized connectivity patterns among brain areas. As with most func-
tional connectivity measures, CF models do not infer the temporal order of the
responses in target and source recording sites.

������� %JTDSJNJOBCJMJUZ DSJUFSJPO
By emphasizing local over long-range functional connectivity, biologically in-
spired models like pRF and CF are generally robust to global effects (e.g. physiolo-
gical noise). Nevertheless, evaluation of model significance can be frustrated
by the noisy and non-stationary nature of the time series obtained from resting
state. To overcome this issue and assess the statistical significance of connect-
ive field models estimated from the RS, we apply a strategy based on surrogate
data testing. First, we distinguish the contribution of topographically organ-
ized BOLD co-fluctuations from spatially uncorrelated random BOLD fluctu-
ations. This distinction allows defining a criterion in terms of model discrimin-
ability. In this context, we define discriminability as the distinction between to-
pographically organized BOLD co-fluctuations and spatially uncorrelated ran-
dom BOLD fluctuations. To determine model discriminability, we estimated
null distributions from the variance explained (VE) of connective field mod-
els obtained from surrogate V1 BOLD time courses. To generate these sur-
rogate BOLD signals, artificial time courses were produced with the iterative
amplitude adjusted Fourier transform (iAAFT) method [41, 46]. This method
randomizes the phase of the original signal, but preserves its autocorrelation,
linear structure and amplitude distribution. The spatial correlation between
BOLD time courses in the source region is lost but their fundamental statist-
ical properties are preserved. Each CF model estimation was accompanied of
an estimation based on surrogate time courses. For the present analysis, the
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null distributions obtained from 240 volumes (each RS scan) are comparable
across subjects and target ROIs (V2 and V3); therefore, we combined all es-
timates into one null distribution and used the 5th percentile as discrimination
threshold. Second, we estimated the amount of data that is sufficient to dis-
criminate RS-based CF models by examining the dependence of discrimina-
tion accuracy on data quantity. First, CF models were calculated for different
amounts of RS data (both for original and for surrogate data). Segments of
40, 80, 120, 160, 200 and 240 volumes starting from the beginning of each RS
scan were used. Next, VE estimates (adjusted for the degrees of freedom in
each number of volumes) were grouped according to their corresponding seg-
ment length, obtaining original and null VE distributions for each amount of
volumes. These distributions allow the application of a receiver-operator char-
acteristic (ROC) analysis. By assessing the performance of a binary classifier
as its discrimination threshold is varied, ROC analysis provides quantitative
measures of model discrimination performance. To discriminate CF models
attributed to genuine BOLD co-fluctuations from those attributed to random
BOLD activity, the corresponding VE cutoff threshold is moved from 0 to 1
across the original and the null distributions, producing a contingency matrix of
true positives (hits), false positives (false alarms), true negatives (correct rejec-
tions) and false negatives (miss). Using the contingency matrix, values of true
positive rate (sensitivity) and false positive rate (1-specificity) are computed and
plotted as ROC curves. In ROC space, a diagonal line corresponds to random
discrimination. The area under the ROC curve (AUC) is commonly used to
quantify classifier discriminability, with a value of 0.5 corresponding to ran-
dom, and a value of 1 to perfect, classification. We choose informedness as our
discriminability index, which corresponds to twice the area between the curve
and the diagonal: 2*AUC-1 [19, 15]. It has the advantage that 0 represents
random, and 1 perfect, classification. Finally, we estimated the dependence of
discrimination accuracy on the VE cutoff threshold by calculating F1 score for
each amount of volumes.

������� 4QBUJBM BOBMZTJT
In the spatial domain, we estimate CF size change and position scatter during
RS using VFM-based size and position as reference. First, to assess CF posi-
tion variability in the RS, we assume that connective fields are topographically
organized. This implies that neuronal activity in neighboring cortical locations
in the target ROI may correlate with neuronal activity in neighboring cortical
locations inside the source ROI that represent the same portions of visual space,
as shown by VFM. This assumption allows us to estimate position variability as
position scatter of V1-referred CFs by calculating their displacement on the
V1 cortical surface with respect to their VFM-based reference positions. We
proceeded as follows: for each recording site in the target ROI, position scat-
ter was calculated as the shortest distance along the cortical manifold between
the VFM-based center position and the RS-based position. This distance was
computed in millimeters using Dijkstra’s algorithm [12]. Estimates whose as-
sociated models scored a VE above discrimination threshold (VEthreshold = 0.35)
were retained. To quantify the variability in position scatter for each subject
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and each RS scan, the median (to assess tendency) and the median absolute
deviation (MAD; to assess dispersion) were calculated for each RS scan and
subject. To assess RS scan-to-scan variability, we also calculated these values
for all RS scan pairs. In order to determine a possible influence of cortical dis-
tance (e.g. shared vasculature, spatial blurring), we compared position scatter
to the distance between CF centers and their associated recording sites in the
target area. We then compared position scatter as a function of VFM-based ref-
erence eccentricity. Finally, agreement in eccentricity estimates was quantified
by calculating linear correlation coefficient for VFM- and RS-based eccentri-
cities.

Second, we examined differences in size for V1→V2 and V1→V3 models
between RS- and VFM-based estimates. RS-based size estimates for V1→V2
and V1→V3 from all participants were grouped by map combination and com-
pared to those obtained based on VFM using a two-sample Kolmogorov-Smirnov
test (KS-test). Subsequently, we examined the relation of RS-based CF size as
a function of VFM-reference eccentricity by binning eccentricity in bins of 1
degree and calculating linear fits over the mean with bootstrapped confidence
intervals (1000 iterations).

��� 3FTVMUT
����� %FSJWJOH DPOOFDUJWF mFME NPEFMT CBTFE PO SFTUJOH TUBUF

G.3* EBUB
Our first analysis concerned two questions: whether CF models could be ob-
tained in presence of substantial physiological measurement noise; and, if the
models obtained could be discriminated based on the contribution of genuine
spontaneous BOLD co-fluctuations. Figure 2.1 shows the distributions of vari-
ance explained (VE) for actual (blue) and surrogate (black) data. We used the
VE of CFs obtained from surrogate data as null-distribution (240 volumes, TR:
1.5 s). The VE cutoff threshold was estimated based on the 5th percentile of the
null-distributions and lies around ∼ 0.35 for all subjects. The majority of the
models have a VE that exceeds this cutoff threshold. Importantly, this analysis
demonstrates that the estimation of CF models based on genuine spontaneous
BOLD co-fluctuations is possible even in presence of substantial physiological
measurement noise. Nevertheless, we cannot determine the effect that these
confounds exert in the estimation of CF parameters.

In addition, we examined the dependence of discrimination accuracy on the
amount of volumes included in the analysis. To do so, we calculated VE (adjus-
ted for degrees of freedom) for actual and surrogate data for various amounts
of volumes and applied a ROC analysis. Figure 2.2 summarizes the results of
the analysis for a single subject (Subject 3). First, it shows the VE distribu-
tions for actual (black) and surrogate data (red) as a function of the amount of
volumes included in the analysis. VE drops with the number of volumes, but
drops more sharply for the surrogate data (Figure 2.2A). The resulting ROC
curves are shown in Figure 2.2B; they show detection probability as a function
of false alarm probability for each amount of volumes. Detection probability in-
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'JHVSF ���� %JTUSJCVUJPOT PG WBSJBODF FYQMBJOFE� )JTUPHSBN PG SFMBUJWF GSFRVFODZ PG SFDPSE�
JOH TJUFT JO UIF UBSHFU BSFB BT B GVODUJPO PG UIF WBSJBODF FYQMBJOFE CZ UIFJS SFTQFDUJWF DPOOFDU�
JWF mFME NPEFMT JO TPVSDF PCUBJOFE EVSJOH SFTUJOH TUBUF� ǲF CMBDL EJTUSJCVUJPO SFQSFTFOUT UIF
IZQPUIFTJT PG OPO�EJTDSJNJOBCJMJUZ 	OPJTZ BOE TQBUJBMMZ VODPSSFMBUFE TJHOBMT PCUBJOFE XJUI UIF
*""'5NFUIPE
 BOEXBT HFOFSBUFE CZ mUUJOH DPOOFDUJWF mFMENPEFMT UP TVSSPHBUF #0-% TJHOBMT�
ǲF CMVF EJTUSJCVUJPO JMMVTUSBUFT B UZQJDBM PVUDPNF GPS BO BDUVBM SFTUJOH TUBUF TDBO�

creases with the amount of volumes (Figure 2.2C). Figure 2.2D shows discrim-
ination accuracy (F1 score) as a function of the VE threshold for each amount
of volumes analyzed.

This analysis also indicates that CF modeling could be based on even shorter
scan periods with retaining reasonable discrimination accuracy. However, fewer
models are expected to lie above threshold. Finally, it must be noted that, even
though this analysis provides a strategy to optimize modeling accuracy by ad-
justing the VE cutoff threshold, in the remaining analysis we use a threshold of
VEthreshold = 0.35, which corresponds to the 5th percentile of the null-distribution
obtained after grouping the VE of surrogate RS-based models from all scans
and subjects.

����� 4QBUJBM BTQFDUT PG SFTUJOH TUBUF DPOOFDUJWF mFME NBQ
FTUJNBUJPO

The next question we address is whether the topographical maps based on RS
data have similar characteristics as the one based on VFM data (our current
reference). Also, how variable are the results between RS scans? To provide an
impression of this variability, Figure 2.3 shows both VFM and RS derived CF
maps for a single participant (maps for other participants are shown in supple-
mentary materials). V2 and V3 CF parameter maps (V1-referred) are plotted
on a smoothed 3D mesh representing gray matter along the cortical surface. Ec-
centricity, polar angle and size (σ) are plotted in three columns. In top row of
panels, CF parameters estimated based on VFM data are shown. These maps
serve as our reference. In the lower rows of panels, these same parameters are
plotted for all RS scans. As shown previously [18], the VFM derived maps
show a clear visuotopic organization (note that in the context of CF modeling,
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'JHVSF ���� 0WFSBMM NPEFMJOH QFSGPSNBODF DIBSBDUFSJTUJDT GPS B TJOHMF TVCKFDU� 	"
 %F�
QFOEFODF PG FYQMBJOFE WBSJBODF PO UIF BNPVOU PG WPMVNFT� ǲF XIJTLFS CPY�QMPUT JMMVTUSBUFT UIF
EJTUSJCVUJPOT PG FYQMBJOFE WBSJBODF BEKVTUFE CZ EFHSFFT PG GSFFEPN� 3FE EJTUSJCVUJPOT XFSF PC�
UBJOFE GSPN 34 EBUB BOE CMBDL EJTUSJCVUJPOT GSPN TVSSPHBUF 34 EBUB� ǲF DFOUSBM NBSL JT UIF
NFEJBO UIF FEHFT PG UIF CPY BSF UIF ��UI BOE ��UI QFSDFOUJMFT BOE UIF XIJTLFST JOEJDBUF UIF
NPTU FYUSFNF EBUB QPJOUT XJUI BO JOUFSRVBSUJMF SBOHF PG ��� 	5VLFZ CPY�QMPU
� 	#
 3FDFJWFS
PQFSBUJOH DIBSBDUFSJTUJD 	30$
 DVSWFT DPSSFTQPOEJOH UP FBDI BNPVOU PG WPMVNFT� 	$
 %JTDSJN�
JOBCJMJUZ JODSFBTFT BT B GVODUJPO PG UIF BNPVOU PG WPMVNFT 	XF DIPPTF EJTDSJNJOBCJMJUZ JOEFY JO
UIF GPSN PG JOGPSNFEOFTT� ��"6$��
� 	%
 %JTDSJNJOBUJPO BDDVSBDZ 	'� TDPSF
 BT B GVODUJPO
PG UIF BEKVTUFE 7& DVU�Pą UISFTIPME GPS FBDI BNPVOU PG WPMVNFT 	DPMPST BT JO #
� %BUB BSF GPS
7�→7� $' NPEFMT GSPN TVCKFDU ��

eccentricity and polar angle maps are inferred from a pRF mapping and associ-
ated to each recording site in the source region, in this case V1). In some RS
scans eccentricity and polar angles maps resemble the VFM-based reference,
although some variability can be observed (Figure 2.3, RS4, RS5). To quantify
the variability of the individual maps, the median position displacement in CF
cortical location (relative to the VFM reference and between all RS scan pairs;
in mm) and the MAD were calculated for RS1 to RS5 (values are reported
in the legend of Figure 2.3). These values confirm the visual impression that
RS4 and RS5 most clearly resemble the visuotopic organization observed in
the VFM-based maps (results are shown for participant 3, those for the other
participants are shown in the supplementary material).

Figure 2.4A plots the change in V1-referred CF center position between RS
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'JHVSF ���� 7JTVBMJ[BUJPO PG DPOOFDUJWF mFME NBQT GPS B TJOHMF TVCKFDU� 'SPN MFGU UP
SJHIU� FDDFOUSJDJUZ QPMBS BOHMF BOE TJ[F� 5PQ QBOFM DPSSFTQPOET UP WJTVBM mFME NBQ�
QJOH 	7'.
 CBTFE FTUJNBUFT� -PXFS QBOFMT TIPX QBSBNFUFS FTUJNBUFT GPS FBDI SFTUJOH TUBUF
	34
 TDBO� 'PS 7�→7� $' NPEFMT UIF QPTJUJPO EJTQMBDFNFOU JO $' DPSUJDBM MPDBUJPO 	JO NN

CFUXFFO 7'. BOE 34�CBTFE FTUJNBUFT GPS 34� UP 34� JT� NFEJBO 	."%
 � ���� 	���
� ���
	�
� ��� 	���
� ��� 	���
� BOE ��� 	���
 SFTQFDUJWFMZ 	UPUBM � ��� 	���
� $PSSFTQPOEJOH QPTJ�
UJPO EJTQMBDFNFOU WBMVFT CFUXFFO 34� BOE 34� 	UIF 34 TDBOT XJUI MPXFTU EJTQMBDFNFOU� ���
	���
� CFUXFFO 34� BOE 34� 	UIF 34 TDBOT XJUI IJHIFTU EJTQMBDFNFOU
� ��� 	���
� CFUXFFO
34� BOE 34�� ���� 	���
� XIFO HSPVQJOH SFTVMUT GPS BMM 34 TDBO QBJST� ��� 	���
� 'PS 7�→7�
$' NPEFMT UIF DPSSFTQPOEJOH WBMVFT BSF� ���� 	���
� ���� 	���
� ��� 	���
� ��� 	���
� BOE ���
	���
 	UPUBM � ��� 	���

� &DDFOUSJDJUZ BOE QPMBS BOHMF BSF JOGFSSFE GSPN 7� Q3' NBQQJOH 	TFF
NFUIPET GPS EFUBJMT
� %BUB BSF GPS 7�→7� BOE 7�→7� NPEFMT FTUJNBUFE GPS TVCKFDU � 	EBUB
GPS PUIFS TVCKFDUT JODMVEFE JO TVQQMFNFOUBSZ NBUFSJBMT
� " UISFTIPME PG 7&UISFTIPME � ���� XBT
BQQMJFE� .FEJBO DPSUJDBM EJTQMBDFNFOUT SFnFDU UIF BHSFFNFOU CFUXFFO 34 BOE 7'. NBQT BOE
CFUXFFO EJąFSFOU 34 NBQT�
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'JHVSF ���� 1PTJUJPO TDBUUFS GPS 7��SFGFSSFE$'T GPS B TJOHMF TVCKFDU� 	"
 +PJOU IJTUPHSBN
PG DPSUJDBM EJTQMBDFNFOU JO 7��SFGFSSFE $' DFOUFST BT B GVODUJPO PG BEKVTUFE FYQMBJOFE WBSJBODF�
ǲF HPPEOFTT PG mU UFOET UP EFDSFBTF XJUI MBSHFS EJTQMBDFNFOUT 	DPMPSCBS EFQJDUT GSFRVFODZ PG WPYFMT
BGUFS HSPVQJOH EBUB GSPN BMM 34 TDBOT� UIF OVNCFS PG WPYFMT UIBU FOUFSFE UIF BOBMZTJT JT� ���� GPS
7�→7� BOE ���� GPS 7�→7�
� 	#
 1PTJUJPO TDBUUFS BT B GVODUJPO PG UIF EJTUBODF GSPN UIF UBSHFU
WPYFM� " DPSUJDBM EJTUBODF FąFDU DBO CF TFFO JO 7�→7� 	3����� Q�������
 CVU OPU JO 7�→7�
	3����� Q������� 	$
 /P TZTUFNBUJD EFWJBUJPOT GSPN UIF NFEJBO EJTUBODF BSF PCTFSWFE GPS
FDDFOUSJDJUZ 	EBUB XBT CJOOFE JO FDDFOUSJDJUZ CJOT PG ���� EFHSFFT
� 1PJOUT SFQSFTFOU UIF NFEJBO
PG FBDI CJO BOE FSSPS�CBST UIF NFEJBO BCTPMVUF EFWJBUJPO GPS UIF DPSSFTQPOEJOH CJO� 	%
 ǲFSF
JT HPPE BHSFFNFOU CFUXFFO 34�CBTFE FDDFOUSJDJUZ BOE 7'. SFGFSFODF FDDFOUSJDJUZ 	7�→7�� 3
� ���� Q�������� 7�→7�� 3����� Q�������
 	EBUB XBT CJOOFE JO FDDFOUSJDJUZ CJOT PG ����
EFH� 1PJOUT SFQSFTFOU UIF NFEJBO PG FBDI CJO BOE FSSPS�CBST UIF NFEJBO BCTPMVUF EFWJBUJPO GPS
UIF DPSSFTQPOEJOH CJO
� %BUB BSF GSPN TVCKFDU �� " DVUPą UISFTIPME PG 7&UISFTIPME � ��� 	'�
∼����
 XBT BQQMJFE JO 	#
 	$
 BOE 	%
�

and VFM-based reference position as a function of VE (of the RS model). CFs
with higher VE show smaller cortical displacements. The majority of CFs (as
indicated by the heat map) have a high VE and show relatively small displace-
ments. Figure 2.4B shows a distance effect for V1→V2 (R=0.90, p<0.0001)
but not for V1→V3 (R=0.11, p<0.0001). Figure 2.4C shows that there are no
systematic deviations from the median cortical displacement as a function of ec-
centricity. Figure 2.4D shows a good agreement between RS- and VFM-based
eccentricities (V1→V2: R = 0.97, p<0.0001; V1→V3: R=0.70, p<0.0001).

Figure 2.5 shows VFM and RS-based V1-referred CF size distributions for
V2 and V3 (data grouped over all scans and participants, N=4). RS-based CF
size tend to be smaller than those estimated based on VFM data (V1→V2:
p<0.0001, KS-test = 0.240; V1→V3: p<0.0001, KS-test = 0.0001). Moreover,
we cannot confirm a difference in RS-based CF size estimates for V1→V2 or
V1→V3 (p =0.0065, KS-test = 0.015).

Figure 2.6 plots the relationship between CF size and eccentricity for VFM-
and RS-based estimates. The left panel shows that VFM-based CF size es-
timates for V1→V2 do not increase significantly with eccentricity (black line),

23



. Connective field estimates from resting state fMRI activity

'JHVSF ���� 7��SFGFSSFE DPOOFDUJWF mFME TJ[F EVSJOH WJTVBM mFME NBQQJOH 	7'.
 BOE
SFTUJOH TUBUF 	34
 TDBOT HSPVQFE PWFS QBSUJDJQBOUT 	/��
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UFTU � ������ 7�→7�� Q������� ,4�UFTU � ������
� $' TJ[F EPFT OPU JODSFBTF JO UIF WJTVBM
IJFSBSDIZ XIFO NFBTVSFE EVSJOH SFTUJOH TUBUF 	Q � ������ ,4�UFTU � �����
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� 3FTUJOH TUBUF
CBTFE $' TJ[F FTUJNBUFT EP OPU JODSFBTF XJUI FDDFOUSJDJUZ� &DDFOUSJDJUZ XBT CJOOFE JO JOUFSWBMT PG
� EFH� %PUT JOEJDBUF UIF NFBO PG 7& XFJHIUFE $' TJ[F GPS FBDI CJO� -JOFBS mUT XFSF DBMDVMBUFE
GPS UIFTF NFBOT� %BTIFE MJOFT DPSSFTQPOE UP UIF ��� CPPUTUSBQ DPOmEFODF JOUFSWBM PG UIF MJOFBS
mU 	���� JUFSBUJPOT
� " DVUPą UISFTIPME 7&UISFTIPME � ���� XBT BQQMJFE�
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2.4. Discussion

whereas those for V1→V3 do (yellow line). The right panel shows that RS-
based CF size for V2 (black line) and V3 (yellow line) do not increase signi-
ficantly with eccentricity. Together, the analyses shown in Figures 2.5 and 2.6
show that RS-based CF size estimates are smaller than those estimated based
on VFM. In RS, CF size does not appear to increase with eccentricity, neither
within the visual hierarchy.

��� %JTDVTTJPO
����� $POOFDUJWF mFME NPEFMT DBO CF FTUJNBUFE CBTFE PO SFTUJOH

TUBUF EBUB
We have shown that connective field (CF) modeling can be based on resting
state data. This indicates that spontaneous BOLD co-fluctuations in the early
visual cortex state preserve fine-grained topographic connectivity structure. While
this preservation of topographic connectivity corroborates results of previous
studies [22, 36] our study goes beyond these by examining both the topography
and the spatial properties of the functional connections. In order to assess
the statistical significance of our CF estimates, we determined a VE cutoff
threshold taking into account the VE of CF models based on surrogate data
(Figure 2.1). Rather than using an arbitrary threshold or selecting a compar-
ison region that is not functionally connected —as is common practice— we
created ”null” distributions to quantitatively assess model discrimination. This
involves disrupting the phase correlations across recording sites in the source
ROI in order to destroy the local structure of BOLD co-fluctuations. Further-
more, we examined the dependence of discrimination accuracy on the amount
of data and found six minutes of scanning (240 volumes using a TR of 1.5 s at
7T) to be more than sufficient to achieve good discrimination (Figure 2.2).

����� "HSFFNFOU CFUXFFO SFTUJOH TUBUF BOE WJTVBM mFME NBQQJOH
CBTFE DPOOFDUJWF mFME QBSBNFUFST

Although data obtained during resting state (RS) provide different information
than data obtained during stimulation, a comparison of the maps estimated
from RS to those estimated based on VFM reveals a fairly close agreement
between the two (Figure 2.3). Some RS maps show patterns of visuotopic or-
ganization that agree well with their VFM reference (Figure 2.3, RS4, RS5).
Nevertheless, we observed substantial variability in CF model parameters for
different RS scans. We quantified the degree of agreement by measuring CF
position scatter as the cortical displacement between RS- and VFM-based CF
cortical positions and show that the median cortical displacement reflects the
agreement observed in Figure 2.3 (data for other subjects are shown in supple-
mentary materials). Besides the observed variability in visuotopic organization,
CF size estimates obtained for RS scans were generally smaller than those ob-
tained for VFM (Figure 2.5). Moreover, contrary to estimates based on VFM,
RS-based CF size did not increase with eccentricity neither throughout the
visual hierarchy (Figure 2.6).
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����� 4QBUJBM DIBOHFT� QPTTJCMF NFDIBOJTNT
In the absence of visual input, changes in CF size and variability in CF position
may reflect a reduction in the amount of spatial integration and selectivity, re-
spectively. Possible mechanisms underlying these changes in CFs may involve
temporal restructuring of corticothalamic network activity in a state-dependent
way [33, 52, 2, 9], as well as intracortical processing mediated by horizontal
connections and feedback signals from higher cortical stages [38, 44, 29, 6, 40].
Decreased corticothalamic feedback and cortical lateral inhibition in the ab-
sence of visual input likely plays a role in the shrinkage of CFs, as well as in
the reduced visuotopic organization observed of the higher-scatter CF maps.
These input changes might adjust the balance between excitation and inhibi-
tion in cortical neuronal populations that eventually shapes cortico-cortical con-
nectivity as a function of stimulation, behavioral context and physiological state
[27, 28, 44, 38, 32, 42, 51, 16, 17]. During resting state, a variety of ongoing
processes may modulate connectivity between visual areas. In particular, the
transitional period from wakefulness to sleep leads to a progressive inhibition
of synaptic transmission through thalamic relay neurons [44, 29], which is an-
other possible cause to the changes observed. Another reason to speculate that
there may be differences between the RS and VFM results is related to the ori-
gin of the BOLD signal. Given that the majority of the brain’s energy budget is
devoted to ongoing intrinsic activity (e.g. resting state), the metabolic costs of
the adjustment between excitation and inhibition may reflect in the BOLD sig-
nal. The relative contribution of excitatory and inhibitory signals to the BOLD
signal changes between the RS and VFM scans. Inhibitory functions, which
may be supported more by oxidative mechanisms than excitatory signaling, may
contribute less to the measured BOLD signal [10]). As a consequence, resting
state BOLD co-fluctuations may provide a different picture of the neuronal
connections.

����� -JNJUBUJPOT BOE GVUVSF EJSFDUJPOT
The current study assesses connective field properties in four healthy participants.
Even though the results are consistent between participants, further studies in-
volving more participants are advised. Moreover, the CF models were estimated
based on entire RS scans. As such, they only estimate average CF properties
and do not capture potential temporal variations in these. To establish the pos-
sible neuronal mechanisms underlying the observed changes in CF properties,
further research is still necessary. In its current implementation, the present
method cannot determine the precise factors that contribute to this variabil-
ity. Large-scale network interactions, physiological processes and measurement
noise might all influence the variability observed. Important to note is, however,
that biologically inspired methods like pRF and CF modeling that emphasize
local connectivity are generally robust to global effects like physiological noise.
In future studies, extending the present analysis with dynamic functional con-
nectivity metrics [39, 26, 1, 24], might help to disclose relevant temporal and
spatial repertories in various experimental conditions allowing to study phenom-
ena that unfold over time, such as attention, contextual modulation and object
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recognition. Adding independent measures of neuronal activity like electroen-
cephalography [53] or other neurophysiological recordings seems a promising
path to capture relevant temporal variations in neuronal activity. Future ana-
lyses could also take into account simultaneously recorded physiological data
and draining veins in the preprocessing of the data, as these are known to influ-
ence resting state functional connectivity estimates [3, 18, 22, 31, 50]. Lastly,
it should be noted that some of the possible mechanisms underlying changes
in CF properties are based on animal models [52, 44, 21, 29, 2, 51]. Because
certain experimental manipulations are not possible in human subjects, com-
parative approaches between humans and animal models are needed to bridge
the gap in resting state fMRI investigations Hutchison2012-ko,Mantini2012-
yx. Examining the correspondence of functional and anatomical connectivity in
homologous brain architectures will help to further elucidate the mechanisms
underlying neuronal activity.

����� $PODMVEJOH SFNBSLT
We have shown that CF estimates can be obtained based on RS data. We ob-
served good agreement can be observed between RS- and VFM-based maps,
and between different RS-based maps 1. This implies that local functional con-
nectivity in visual cortical areas during resting state, as measured with CF mod-
eling, may reflect the underlying neuronal architecture. However, we found
that CF estimates may vary between RS scans even for high VE scans. The
present study cannot determine to what extent this variability is explained by
genuine changes in the neuronal properties of the visual system or by various
external sources of noise. Nevertheless, we show that neuronal properties such
as CF maps and CF size can be derived from resting state data.

��� 4VQQMFNFOUBSZ .BUFSJBM
Please refer to the online version of this article (EPJ�PSH���������GOJOT�����������)
for the supplementary material.
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Phase-synchronization-based parcellation of resting state
fMRI signals reveals topographically organized clusters in
early visual cortex 3

Resting-state fMRI is widely used to study brain function and connectivity.
However, interpreting patterns of resting state (RS) fMRI activity remains chal-
lenging as they may arise from different neuronal mechanisms than those triggered
by exogenous events. Currently, this limits the use of RS-fMRI for understand-
ing cortical function in health and disease. Here, we examine the phase syn-
chronization (PS) properties of blood-oxygen level dependent (BOLD) signals
obtained during visual field mapping (VFM) and RS with 7T fMRI. This data-
driven approach exploits spatiotemporal covariations in the phase of BOLD
recordings to establish the presence of clusters of synchronized activity. We
find that, in both VFM and RS data, selecting the most synchronized neigh-
boring recording sites identifies spatially localized PS clusters that follow the
topographic organization of the visual cortex. However, in activity obtained
during VFM, PS is spatially more extensive than in RS activity, likely reflecting
stimulus-driven interactions between local responses. Nevertheless, the simil-
arity of the PS clusters obtained for RS and stimulus-driven fMRI suggests
that they share a common neuroanatomical origin. Our finding justifies and
facilitates direct comparison of RS and stimulus-evoked activity.

��� *OUSPEVDUJPO
Resting state (RS) fMRI is a popular method to examine brain function and
connectivity in health and disease. Blood-oxygen level dependent (BOLD) fluc-
tuations exhibit extensive spatial structure during RS, making RS-fMRI a valu-
able measure of brain function and metabolism [55, 71, 76]. It is also becom-
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ing an increasingly important measure in clinical diagnosis [18, 36]. However,
the physiological mechanisms underlying RS-fMRI activity are still poorly un-
derstood. Responses at different recording sites can be correlated as a result
of neuroanatomical connections, or metabolic and hemodynamic relationships
[12, 42, 41, 66]. Therefore, interpretation of function and connectivity patterns
estimated from RS remains challenging. Furthermore, high-resolution fMRI
and methods to analyze patterns of neuronal responses on the cortical surface are
becoming increasingly common, particularly in vision research [1, 15, 61, 21].
This creates a need for methods that can adequately describe the interactions
between structural connections, neuronal metabolism and hemodynamics at the
cortical surface level.

Previous studies have examined the structure of occipital BOLD fluctuations
in RS and shown that they are influenced by several factors: local spatial fluctu-
ations within visual field maps that may reflect aggregate population activity [10,
25, 48], widespread iso-eccentric fluctuations within and between visual areas
[2, 76, 11] that may partly reflect the transition between foveal and peripheral
regions [6], and visuotopically organized cofluctuations between visual areas
[54, 20, 6, 25], which may reflect links between neuronal populations sharing
the same visual field selectivity within and across areas. However, the neuronal
correlates of these components, their functional relevance, and their interac-
tions are not yet fully understood. For this reason, demonstrating that patterns
of BOLD responses derived from both stimulus-driven and spontaneous brain
activity can be parcelled into similar, spatially specific motifs would provide
valuable insights into the neuronal correlates underlying RS-fMRI activity.

Here, we take a new approach by investigating the spatial structure that
arises from local covariations in the phase of low-frequency BOLD fluctuations
within early visual cortex. First, we ask whether clustering based on such phase
synchronization (PS) analysis establishes modular spatial structure. Next, we
ask whether the synchronization clusters derived from signals recorded during
RS and VFM are similar. Finally, we went on to examine whether synchroniz-
ation between clusters with similar visual field position selectivity across visual
areas reflected the underlying layout of neuroanatomical connections, which
may provide clues to their origin.

To establish and quantify the spatial structure of PS we take a modeling
approach in which we analyze how PS and clustering change with cortical and
visuotopic distance. Together, this lets us characterize the spatial extent of local
synchrony and parcelate recording sites into topographically localized clusters.

To preview our main finding, we find that clustering the phase covariations
in both RS and VFM results in discrete —topographically organized— syn-
chronization clusters that are stable across sessions and conditions (VFM and
RS). This suggests that the synchronization clusters obtained from both RS and
VFM activity are subserved by common neuroanatomical underpinnings.
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��� .FUIPET
����� %BUB
The empirical data used in the main body of this paper has previously been de-
scribed in Gravel et al. [20]. The main results were replicated using a second
data set that has previously been described in Raemaekers et al. [54]. The meth-
ods and results for this second dataset are presented in the supplementary in-
formation.

������� 1BSUJDJQBOUT
Data was acquired for four participants with normal visual acuity (2 females,
2 males, age 26-40). Experimental procedures were approved by the medical
ethics committee of the University Medical Center Utrecht.

������� 7JTVBM mFME NBQQJOH TUJNVMVT
Visual stimuli were presented by back-projection onto a 15.0×7.9 cm gamma-
corrected screen inside the MRI bore. The subject viewed the display through
prisms and mirrors, and the total distance from the subject’s eyes (in the scanner)
to the display screen was 36 cm. Visible display resolution was 1024 × 538
pixels. The stimuli were generated in Matlab (Mathworks, Natick, MA, USA)
using the PsychToolbox [9, 49] . The visual field mapping paradigm consisted
of drifting bar apertures at various orientations, which exposed a 100% contrast
checkerboard (switching contrast at 5 Hz) moving parallel to the bar orientation.
After each horizontal or vertical bar orientation pass, 30 s of mean-luminance
stimulus were displayed. Throughout the VFM, subjects fixated a dot in the
center of the visual stimulus. The dot changed color between red and green
at random intervals. To ensure attention was maintained, subjects pressed a
button on a response box every time the color changed. Detailed procedures
can be found in Dumoulin and Wandell [15] and Harvey and Dumoulin [24].
The radius of the stimulation area covered 6.25 deg (eccentricity) of visual angle
from the fixation point.

������� 3FTUJOH TUBUF
During the resting state scans, the stimulus was replaced with a black screen and
subjects closed their eyes. The lights in the scanning room were off and blackout
blinds removed light from outside the room. The room was in complete dark-
ness. Thus, visual stimulation was minimized. The subjects were instructed to
think of nothing in particular and not to fall asleep.

������� .3* BDRVJTJUJPO
Functional T2*-weighted 2D echo planar images were acquired on a 7 Tesla
scanner (Philips, Best, Netherlands) using a 32 channel head coil at a voxel res-
olution of 1.98×1.98×2.00 mm, with a field of view of 190×190×50 mm .
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TR was 1500 ms, TE was 25 ms, and flip angle was set to 80◦. The volume ori-
entation was approximately perpendicular to the calcarine sulcus. In total, eight
240 volumes functional scans were acquired, comprising 5 resting state scans
(RS) interleaved with 3 VFM scans (first was an RS scan). High resolution T1-
weighted structural images were acquired at a resolution of 0.49× 0.49× 0.80
mm, with a field of view of 252× 252× 190 mm. TR was 7 ms, TE was 2.84
ms, and flip angle was 8◦. We compensated for intensity gradients across the
image using an MP2RAGE sequence, dividing the T1 by a co-acquired proton
density scan of the same resolution, with a TR of 5.8 ms, TE was 2.84 ms, and
flip angle was 1◦. Physiological recordings were not collected.

������� 1SFQSPDFTTJOH
First, the T1-weighted structural volumes were resampled to 1mm isotropic
voxel resolution. Gray and white matter were automatically labeled using Free-
surfer and labels were manually edited in ITKGray to minimize segmentation
errors [64]. The cortical surface was reconstructed at the white/gray matter
boundary and rendered as a smoothed 3D mesh [73]. Motion correction within
and between scans was applied for the VFM and the RS scans [45]. Sub-
sequently, data were aligned to the anatomical scans and interpolated to the
anatomical segmentation space [45]. Instrumental drift was removed by de-
trending with a discrete cosine transform (DCT) filter with cutoff frequency
of 0.01 Hz. In order to reduce nuisance from high frequency physiological
variation, the detrended signals were filtered with a low-pass 4th order Butter-
worth filter with cutoff frequency of 0.1 Hz. The resulting signals were used
for population receptive field (pRF) modeling (Section 2.6.1). Additionally, in
order to analyze narrow band low-frequency synchronization patterns (Section
2.6.2), detrended signals were band-pass filtered using two 4th order bandpass
Butterworth filters with cutoff 0.04 Hz and 0.07 Hz [19].

����� "OBMZTJT
������� 7JTVBM mFME NBQQJOH
Visual field maps V1, V2, and V3 were mapped using the pRF method [15].
This summarizes the visual field position to which each recording site responds
as a circular Gaussian in visual space. An isotropic 2D Gaussian was chosen
as pRF shape characterized by three parameters: x and y (position), and size
(sigma). Here, a large set of candidate pRF models are combined with the stim-
ulus aperture to generate predictions of the neuronal responses each candidate
pRF would produce. This predicted neuronal response time course is convolved
with the hemodynamic response function (a two-gamma HRF model) [8] to
give a set of candidate predicted fMRI response time courses for each combin-
ation of pRF parameters. The best fitting predicted fMRI time course and its
associated pRF parameters are then chosen to summarize the response of each
recording site, together with the model variance explained to summarize the
model goodness of fit [15]. Recording sites were excluded from subsequent
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analyses if their best fitting pRF models explained less than 30% of response
variance, or had visual field eccentricities beyond 6 deg.

������� &TUJNBUJOH QIBTF TZODISPOJ[BUJPO
To establish the synchronization of low-frequency BOLD fluctuations, we es-
timated the phase locking values (PLV) of the BOLD signals of all pairs of
recording sites within a visual field map. The PLV is a measure of phase syn-
chronization widely described in the literature [63, 31] and it has been used in
fMRI [19, 34, 52]. We first obtained estimates of the instantaneous phase of
the band-pass filtered BOLD signal by computing the Hilbert transform and
then taking the angle of the resulting analytical signal [33]. Data were band-
pass filtered because instantaneous phase estimates thus obtained only admit
clear physical interpretation for a narrow frequency band [19]. After obtaining
instantaneous phase estimates for each recording site at each time point, we
discarded the 5 first and 5 last time points (the first and last 7.5 seconds of re-
cording) to avoid edge effects inherent to the Hilbert transform. Afterwards,
we computed the PLV matrix by using the following equation:

PLVp,q =
1
T

!!!!!

T"

t=1

ei∆ϕp,q(t)

!!!!! (3.1)

where PLVp,q represents the time averaged symmetric phase locking values
matrix between the recording sites pairs QR and ∆φp,q	U
 is the instantaneous
phase difference between any two recording sites at time U and 5 is the total
duration of the recording.This matrix summarizes the average synchronization
tendency of low-frequency BOLD fluctuations over the scanning session.

������� 1BSDFMMBUJPO JOUP TZODISPOJ[BUJPO DMVTUFST
To identify the spatial structure that arises from local covariations in the phase
of low-frequency BOLD fluctuations, we searched for groups of neighboring
recording sites (contiguous along the grid defined by the cortical surface recon-
struction) that were, on average, highly synchronous during the entire duration
of a scan. This was achieved by selecting the 5% strongest entries in the PLV
matrix. Afterwards, we pruned the 5% strongest entries in the PLV matrix
by setting the synchronization values of recording sites beyond 3 mm distance
to zero. The cortical distances between recording sites were estimated as the
shortest distance along the cortical surface manifold using Dijkstra’s algorithm
[14] (Dijkstra, 1959). We choose a 3 mm distance threshold to emphasize short
range (local, contiguous along the cortical surface) over long range (large-scale,
between distant cortical folds) interactions. Pruning the PLV matrix before
clustering helped minimize the contribution of long-range interactions while
maintaining local interaction structure. This implies that two distant voxels
could be assigned to the same cluster only if they were chained together through
synchronized neighbors.

Next, we clustered the pruned PLV matrix using the Louvain clustering al-
gorithm [4]. The Louvain algorithm finds the optimal modular partition of non-
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overlapping clusters by maximizing the number of within-cluster connections
while minimizing the number of between-cluster connections. The algorithm
depends on a scaling parameter that determines the scale of the modular par-
tition, which we set to 1, the default value defined for classic modularity [59].
Due to the nondeterministic nature of clustering algorithms, slightly different
solutions are obtained each time the algorithm is run. Therefore we applied
an iterative approach. First, we run the Louvain clustering algorithm 10 times
and then calculated an agreement matrix for all iterations. The entries in this
matrix indicate the probability that a link was assigned to the same partition
across all iterations. Next, we run the clustering algorithm another 10 times
on the most probable entries of the agreement matrix (agreement >0.9). This
approach converges to the most probable modular partition [3] for each VFM
and RS scan. Lastly, we computed a consensus partition from the resulting
modular partitions of the individual VFM and RS scans. For illustrative pur-
poses, we render the consensus partitions obtained from all VFM and RS scans
on inflated reconstructions of the cortical surface and in visual space (using the
pRF positions of the recording sites in each cluster).

����� 3FQSPEVDJCJMJUZ PG UIF TZODISPOJ[BUJPO DMVTUFST
To determine whether identified PS clusters were similar across scanning ses-
sions, we computed the normalized mutual information (NMI) between mod-
ular partitions derived from different scans. First, we computed NMI values
between all scan pairs of the same category (3 VFM and 5 RS). Second, we
computed the NMI between the consensus RS and VFM partitions. To demon-
strate that NMI values reflected genuine features of the data (similar spatial cov-
ariations) rather than methodological artifacts, we constructed a surrogate NMI
distribution under the null hypothesis that high NMI values could be obtained
from data in which there are no meaningful spatial correlations (e.g. spatially
randomized data). This allowed us to compare empirical NMI estimates to a
baseline.

To construct the surrogate NMI distribution, we first generated 30 surrogate
data sets for each visual area by permuting the indices of the grid defined by the
cortical surface reconstruction. This removed the spatial structure of the data
while keeping the autocovariance and temporal covariations intact. We choose
to shuffle grid and not voxel space because shuffling before interpolating to grid-
space can remove some extremes in the data, effectively smoothing it out while
bringing everything towards the mean [22]. Second, we computed modular par-
titions for each surrogate data set as we did with the empirical data. Third, we
computed the NMI between these surrogate partitions and the empirical parti-
tions, obtaining a surrogate distribution of NMI values. Finally, we compared
this distribution to the empirical NMI distributions using a Mann-Whitney
test. This gave the probability of observing each empirical NMI distribution by
chance.

Additionally, we examined whether the size of the clusters derived from RS
and VFM were similar by computing the cortical surface area of each cluster.
Only recording sites directly on the white-gray matter boundary were considered
for area computation. Cluster areas were then averaged for each visual field map
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and hemisphere, giving a total of 24 averages for VFM and RS. We used the
Pearson correlation coefficient between average cluster areas derived from RS
and VFM data to compare their similarity.

����� 7JTVPUPQJD PSHBOJ[BUJPO PG QIBTF TZODISPOJ[BUJPO DMVTUFST
To examine the visuotopic organization of clusters, we investigated how the
probability of any two recording sites sharing a cluster changed as a function of
the visual field distance between their population receptive fields (pRF). For all
visual field maps, hemispheres and subjects, we computed the binomial prob-
ability of sharing a cluster for the RS-derived consensus partition for bins of
0.25 deg of visual field distance. The visual field distances between all record-
ing pairs were estimated in the radial and angular directions as the difference
in their corresponding pRF eccentricities and arc distance, respectively. The
arc distance was computed by multiplying the pRF polar angle difference with
the average pRF eccentricity of any two recording sites. To estimate how the
range of cluster membership probability changes with radial and arc distance
we fitted binomial distributions with the radial and arc distances as independ-
ent variables, and computed the decay factor of these probabilities. To ensure
probabilities were computed between truly adjacent locations, only arc distances
between iso-eccentric and radial distances between iso-angular locations were
considered (a tolerance of 2 deg was used).

����� 4QBUJBM FYUFOU PG QIBTF TZODISPOJ[BUJPO
We also determined the spatial extent of phase synchronization (PS) by estim-
ating how it decreases with cortical and visuotopic distance. First, for each
visual field map, subject and scan, we computed the average PLV for every
1mm increase in cortical distance. We then quantified the spatial extent of
PS by drawing on a framework developed in geophysics for the empirical evalu-
ation of spatial dependencies: the variogram [75, 48]. The variogram provides
a measure of how much two samples vary depending on their distance. In or-
der to adapt the method to describe the dependency of the PLV with cortical
distance, we proceeded as follows. First, we defined an exponential model by
centering an exponential function at zero distance and keeping its maximum
amplitude at 1, the maximum possible value for the PLV. We then varied the de-
cay factor (in mm of cortical distance), and the baseline PLV of this exponential
model to fit the distance-binned PLV data. We choose the exponential model
because the relation between functional connectivity and cortical distance is
well described by an exponential decay [10] and because the model’s paramet-
ers have a direct physical interpretation, in millimeters of cortical distance and
PS magnitude (PLV). This allowed us to summarize the spatial extent of the ag-
gregate synchronous activity contributed by a set of neighboring recording sites
(synchronization range) and their long range baseline interactions (baseline).
One important difference between our approach and variogram analysis —as
applied in geophysics— is that here we use the decay factor as a measure of
the synchronization range. In a standard variogram analysis, the range is eval-
uated, which typically corresponds to 3 times the decay factor and roughly de-
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scribes the region in which spatial correlations dissipate into randomness (here
baseline). Synchronization range (the decay factor) and baseline were estimated
for each subject, scan and visual area separately.

Additionally, we examined how PS decreases with visuotopic distance. Sim-
ilarly as previously described, for each visual field map combination (V1-V1,
V2-V2, V3-V3, V1-V2, V1-V3 and V2-V3), subject and scan, we computed
the average PLV for every 1 deg increase in visuotopic distance. Visuotopic
distances were computed using the following equation:

Dp,q =
#

r2q + r2q − 2r2pr2qcos(θp − θq) (3.2)

where %	QR
 represents the visuotopic distance between the recording sites
QR. As explained previously, we modeled the range and baseline of PS in visual
space by using an exponential decay function. To test for differences in range
and baseline between VFM and RS derived estimates, we computed two sample
t-tests. To test whether there was a correlation between synchronization range
and the cortical areas (in mm) of the synchronization clusters in different scans,
we computed the Pearson correlation between the synchronization range and
cluster cortical areas for data grouped across subjects, visual areas and scans (5
for RS and 3 for VFM).

����� *OUSB BOE JOUFS�IFNJTQIFSJD DMVTUFS DPOOFDUJWJUZ
We examined whether clusters sharing similar visual field selectivity have higher
PLV across areas and hemispheres. To answer this, we proceeded as follows.
Clusters were first grouped over foveal and peripheral quadrants using the aver-
aged eccentricity and polar angle pRF preferences of their cortical grid points.
The transition between fovea and periphery was set to 2.2 deg. The grouping
process resulted in a matrix of 24 ROIs, 4 for each area (V1, V2 and V3) in each
hemisphere. Signals for each ROI were obtained by averaging the minimally
preprocessed signals (after detrending) and filtering in the in the 0.04 - 0.07 Hz.
From these signals, the PLV was computed resulting in 24× 24 PLV matrices
for each subject, scan and condition (12× hemisphere). These matrices were
then averaged over scans and the resulting grand averages classified as intra-
or inter-hemispheric functional connections. Subsequently, these connections
were z-scored (separately) and evaluated for significance across subjects using
permutations corrected for multiple comparisons. We then asked if the the
resulting PLV-based functional connectivity matrices matched homotopic ana-
tomical connections. For this purpose, we created a binary matrix with ones
indicating homotopic connections between foveal and peripheral quadrants in
different areas and hemispheres and used the Spearman correlation between
the PLV-based connectivity matrices and the homotopic anatomical connectiv-
ity matrix.
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��� 3FTVMUT

����� 4ZODISPOJ[BUJPO DMVTUFST EFSJWFE GSPN SFTUJOH TUBUF BOE
WJTVBM mFME NBQQJOH BSF TJNJMBS

We first asked two questions: 1) whether spatially localized patterns of func-
tional connectivity within visual areas could be derived from resting state (RS)
data; and 2) whether these patterns were similar to those evoked by visual field
mapping (VFM) stimuli. Both in RS and VFM, clustering the 5% most syn-
chronized neighbours revealed a modular network structure that maps to dis-
crete cortical regions that group recording sites with similar eccentricity and
polar angle preference. Figure 3.1 shows the parcellation based on the con-
sensus clustering across individual scans in both RS and VFM for one parti-
cipant. PS clusters obtained from one RS scan were significantly more similar
to those from another RS scan than they were to clusters from surrogate RS
data with recording sites randomly permuted (average V1 normalized mutual
information (<NMI >to empirical RS data was 0.744, while <NMI>to surrogate
RS data was 0.635. p <0.0001. All subjects show this result in V1, V2 and V3,
as shown in supplementary table 1). Importantly, consensus cluster partitions
obtained from VFM data were significantly more similar to clusters from RS
data (<NMI >= 0.745) than they were to clusters from surrogate RS data with
recording site locations randomly permuted (<NMI >= 0.623) (p <0.001) (Sup-
plementary table 2). These results indicate that PS clusters were stable in space
both across scanning runs and different conditions. The average cortical surface
area of clusters derived from VFM and RS was strongly correlated (Pearson
correlation coefficient r = 0.94, p <10 -11) but clusters were significantly larger
in VFM than in RS (p = 0.0045) (Figure 3.2A).

����� 7JTVPUPQJD PSHBOJ[BUJPO PG UIF TZODISPOJ[BUJPO DMVTUFST
Next, we examined the visuotopic organization of the synchronization clusters
to test whether the clustering reflects neuronal response preferences of the re-
cording sites. We quantified how the probability of any two recording sites
sharing a cluster changed as a function of the radial and arc distances between
recording sites. In both radial and angular directions, recording sites are more
likely to share a cluster if their pRFs are close in visual space (Figures 3.2B &
3.2C). However, the probability of sharing a cluster declines faster with visual
field distance in the angular than the radial direction. Therefore, the visual
field extent of clusters is elongated along the radial direction both in RS (decay
factor: 1.93 deg for the radial direction and 0.3 deg for the angular direction)
and in VFM (decay factor: 1.65 deg for the radial direction and 0.25 deg for
the angular direction). This systematic asymmetry in the relationship between
visual position preferences and clustering cannot be straightforwardly explained
by relationships to cortical location.
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'JHVSF ���� 4ZODISPOJ[BUJPO DMVTUFST PCUBJOFE GSPN 7'. BOE 34� $POTFOTVT TZODISPOJ[BUJPO
DMVTUFST QBSUJUJPOT BDSPTT BMM 7'. BOE 34 TDBOT PG B TJOHMF TVCKFDU 	SFTVMUT GPS PUIFS TVCKFDUT BSF
JODMVEFE JO TVQQMFNFOUBSZ NBUFSJBMT
� .PEVMFT EFQJDUFE JO UIF DPSUJDBM TVSGBDF SFDPOTUSVDUJPO
BOE JO WJTVBM TQBDF 	UIFJS QFSJNFUFS
 VTJOH FBDI SFDPSEJOH TJUF�T Q3' QPTJUJPO� %JąFSFOU DMVTUFST
BSF TIPXO JO EJąFSFOU DPMPST XIJDI DPSSFTQPOE CFUXFFO DPSUJDBM TVSGBDF BOE WJTVBM mFME SFQSFT�
FOUBUJPOT 	SFDPSEJOH TJUFT XJUIJO ��� EFH PG FDDFOUSJDJUZ
� ǲF OVNCFS PG DMVTUFST BOE DPMPST NBZ
OPU NBUDI CFUXFFO 34 BOE 7'.� %BUB GPS PUIFS TVCKFDUT BSF JODMVEFE JO UIF TVQQMFNFOUBSZ
NBUFSJBM 	'JHVSF ���4
�

����� $PNQBSJTPO PG UIF TQBUJBM FYUFOU PG QIBTF TZODISPOJ[BUJPO
CFUXFFO 34 BOE 7'.

We next asked whether the spatial extent of phase synchronization differed
between VFM and RS scans. To test this, we fit the relationship between the
PLV and cortical distance as an exponential function. This help us quantifies the
synchronization range and baseline (long-range) magnitude of the PLV as the
decay factor and offset, respectively (Figure 3.3). Across subjects and scans, in
V1, V2 and V3, the synchronization range spread over a larger cortical distance
in VFM (mean (SD): V1 = 7.72 mm (0.75); V2 = 7.81 mm (1.13) and V3 = 7.92
mm (1.79)) than in RS (mean (SD): V1 = 3.19 mm (1.17); V2 = 2.97 mm (1.41)
and V3 = 3.11 mm (0.86)). In VFM, baseline synchronization estimates were
smaller (mean (SD): V1 = 0.24 (0.022); V2 = 0.37 (0.07) and V3 = 0.36 (0.09))
than those for RS (mean (SD): V1 = 0.46 (0.069); V2 = 0.45 (0.068) and V3 =
0.45 (0.11)). Differences between VFM and RS derived synchronization range
and baseline were significant in all cases (two sample t-test: p <10-5 for V1; p
= 0.0252 for V2; p = 0.0307 for V3). Next, we asked how phase synchroniza-
tion changed between voxels, within and between areas, with close visuotopic
selectivity in VFM and RS.Similarly to what we previously described, we fit an
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'JHVSF ���� 4QBUJBM BTQFDUT PG UIF TZODISPOJ[BUJPO DMVTUFST� 	"
 $PSSFMBUJPO CFUXFFO DPSUJDBM
TVSGBDF BSFBT PG 7'. BOE 34 EFSJWFE DMVTUFST� "WFSBHF BSFBT PG DMVTUFS XFSF PCUBJOFE GPS FBDI
WJTVBM mFME NBQ JO FBDI TVCKFDU IFNJTQIFSFT� ǲF BWFSBHF DPSUJDBM TVSGBDF BSFB PG DMVTUFST XBT
TJHOJmDBOUMZ DPSSFMBUFE 	S � ���� Q ������
 CVU OFWFSUIFMFTT XFSF TJHOJmDBOUMZ MBSHFS GPS FTUJN�
BUFT CBTFE PO 7'. PS 34 EBUB 	Q � ������ 8JMDPYPO TJHOFE SBOL UFTU
� "T NPTU EBUB QPJOUT
BSF EJTUSJCVUFE BCPWF UIF VOJUZ MJOF UIJT JOEJDBUFT UIBU UIF TZODISPOJ[BUJPO DMVTUFST XFSF TMJHIUMZ
MBSHFS XIFO EFSJWFE GSPN UIF 7'. EBUB� 	#
 *O 34 TIBSFE DMVTUFS NFNCFSTIJQ QSPCBCJMJUZ
EFDSFBTFT XJUI WJTVBM mFME EJTUBODF� ǲF QSPCBCJMJUZ PG UXP SFDPSEJOH TJUFT TIBSJOH B TZODISPO�
J[BUJPO DMVTUFS EFDSFBTFT XJUI UIF WJTVPUPQJD EJTUBODF CFUXFFO UIF SFDPSEJOH TJUFT� Q3'T GPS CPUI
UIF SBEJBM 	CMVF
 BOE UIF BOHVMBS EJSFDUJPO 	 SFE
� ǲF TQSFBE PG TIBSFE DMVTUFS NFNCFSTIJQ XBT
HSFBUFS BMPOH UIF SBEJBM EJSFDUJPO 	EFDBZ GBDUPS � ���� EFH GPS 34 BOE ���� EFH GPS 7'.
 DPN�
QBSFE UP UIF BOHVMBS EJSFDUJPO 	EFDBZ GBDUPS � ��� EFH GPS 34 BOE ���� EFH GPS 7'.
� &SSPS
CBST DPSSFTQPOE UP UIF CJOPNJBM QSPCBCJMJUZ BOE JUT DPOmEFODF JOUFSWBM GPS CJOT PG ���� EFH PG
WJTVPUPQJD EJTUBODF� ǲF DPOUJOVPVT USBDF DPSSFTQPOET UP UIF CJOPNJBM QSPCBCJMJUZ mU PG BMM EBUB
XJUIJO ��� EFH PG WJTVPUPQJD EJTUBODF� ǲF CJOPNJBM mUT XFSF PCUBJOFE BGUFS HSPVQJOH UIF EBUB
PWFS BSFBT TDBOT TVCKFDUT BOE DPOEJUJPOT� 	$
 4BNF BT JO 	#
 CVU GPS UIF 7'. EBUB�

exponential function to the relationship between the PLV and visuotopic dis-
tance instead (Figure 3.4). Across subjects and scans, within V1, V2, V3 and
between V1-V2, V1-V3 and V2-V3, the synchronization range spread over a
larger visuotopic distance in VFM (mean (SD): V1 = 0.99 deg (0.14); V2 = 1
deg (0.13); V3 = 0.95 deg (0.19); V1-V2 = 0.97 deg (0.14); V1-V3 = 0.89 deg
(0.15) and V2-V3 = 0.94 deg (0.14)) than in RS (mean (SD): V1 = 0.45 deg
(0.17); V2 = 0.51 deg (0.16); V3 = 0.44 deg (0.22); V1-V2 = 0.42 deg (0.18);
V1-V3 = 0.32 deg (0.18) and V2-V3 = 0.41 deg (0.21)). In VFM, baseline syn-
chronization estimates were smaller (mean (SD): V1 = 0.21 (0.013); V2 = 0.22
(0.017); V3 = 0.24 (0.024); V1-V2 = 0.22 (0.013); V1-V3 = 0.23 (0.015) and
V2-V3 = 0.23 (0.011)) than those for RS (mean (SD): V1 = 0.45 (0.08); V2 =
0.39 (0.08); V3 = 0.43 (0.11); V1-V2 = 0.39 (0.073); V1-V3 = 0.38 (0.074) and
V2-V3 = 0.4 (0.095))). Differences between VFM and RS derived synchroniz-
ation range and baseline were significant in all cases (two sample t-test: p <10-5
for all cases). Finally, we asked whether there was a correlation between syn-
chronization range and the areas of the synchronization clusters in different RS
scans. To this end, we computed the Pearson correlation between the synchron-
ization range and the mean cluster areas for data grouped across subject, resting
state scans and visual areas. For cortical distances, we found no significant cor-
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'JHVSF ���� 1IBTF TZODISPOJ[BUJPO BT B GVODUJPO PG DPSUJDBM EJTUBODF JO BSFBT 7� 7� BOE 7�� *O
7'. QIBTF TZODISPOJ[BUJPO SBOHF TQSFBE PWFS B MBSHFS DPSUJDBM EJTUBODF UIBO JO 34 TDBOT MJLFMZ
SFnFDUJOH TUJNVMVT JOEVDFE JOUFSBDUJPOT� *O DPOUSBTU JO 34 CBTFMJOF TZODISPOJ[BUJPO JT IJHIFS
QPTTJCMZ JOEJDBUJOH JODSFBTFE MPOH SBOHF JOUFSBDUJPOT PS UIF FąFDU PG HMPCBM TJHOBMT� 5P RVBOUJGZ
SBOHF BOE CBTFMJOF XF mU BO FYQPOFOUJBM GVODUJPO 	EBTIFE MJOFT
 UP UIF BWFSBHF 1-7 CJOOFE
CZ DPSUJDBM EJTUBODF 	DPMPSFE QPJOUT
� &SSPS CBST TIPX UIF TUBOEBSE FSSPS PG UIF NFBO DPSSFDUFE
GPS VQTBNQMJOH UIF GVODUJPOBM EBUB UP UIF SFDPOTUSVDUFE DPSUJDBM TVSGBDF HSJE 	VQTBNQMJOH GBDUPS
� �
� "DSPTT TDBOT JO 7� 7� BOE 7� UIF TZODISPOJ[BUJPO SBOHF TQSFBE PWFS B MBSHFS DPSUJDBM
EJTUBODF JO 7'. 	NFBO 	4%
� 7� � ���� NN 	����
� 7� � ���� NN 	����
 BOE 7� � �����
NN 	����

 UIBO JO 34 	NFBO 	4%
� 7� � ���� NN 	����
� 7� � ���� NN 	����
 BOE 7� �
���� NN 	����

� *O 7'. CBTFMJOF TZODISPOJ[BUJPO FTUJNBUFT XFSF TNBMMFS 	NFBO 	4%
� 7�
� ���� 	�����
� 7� � ���� 	�����
 BOE 7� � ���� 	�����

 UIBO UIPTF GPS 34 	NFBO 	4%
� 7�
� ���� 	�����
� 7� � ���� 	�����
 BOE 7� � ���� 	����

� %JąFSFODFT CFUXFFO 7'. BOE 34
EFSJWFE TZODISPOJ[BUJPO SBOHF BOE CBTFMJOF FTUJNBUFT XFSF TJHOJmDBOU JO BMM DBTFT 	Q ����� UXP
TBNQMF U�UFTU
� (MPCBM BWFSBHF 1-7 nPPS DPNQVUFE CZ QFSNVUJOH WPYFM JOEFYFT BDSPTT TVCKFDUT
BOE TDBOT XBT� ���� GPS 7'. TDBOT BOE ���� GPS 34 TDBOT� %BUB GPS B TJOHMF TVCKFDU� %BUB GPS
PUIFS TVCKFDUT BSF JODMVEFE JO UIF TVQQMFNFOUBSZ NBUFSJBM 	'JHVSF ���4
�

relation between synchronization range and mean cluster areas ( r = -0.044, p =
0.737, n = 60). For visuotopic distances, we found a weak correlation ( r = 0.31,
p = 0.0128, n = 60).

����� )PNPUPQJD BOBUPNJDBM DPOOFDUJWJUZ PG DMVTUFS
TZODISPOJ[BUJPO

We also asked whether clusters sharing similar visual field selectivity had higher
PLV across visual areas and hemispheres. To answer this, we grouped the data in
each hemisphere across upper/lower foveal and peripheral quadrants and com-
puted significant PLV-based functional (intra- and inter-hemispheric)connections
for RS and VFM data (p <0.001, permutations corrected for multiple compar-
isons. See Figure 3.4). The resulting binary matrices were compared to a binary
matrix consisting of connections between ROIs with similar visuotopic selectiv-
ity using Spearman correlation (intra-hemispheric: 0.45 for RS and 0.56 for
VFM. Inter-hemispheric: 0.46 for RS and 0.57 for VFM. p <0.0001 for all
cases). The match between PLV-based functional connections and anatomical
connections increased in VFM.
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'JHVSF ���� 1IBTF TZODISPOJ[BUJPO BT B GVODUJPO PG WJTVPUPQJD EJTUBODF GPS BSFBT 7� 7� BOE 7��
1IBTF TZODISPOJ[BUJPO FYQSFTTFE BT 1-7 XBT HSPVQFE GSPN ���� EFH JO CJOT PG �EFH� 1PJOUT
SFQSFTFOUT UIF WPYFM BWFSBHFT BDSPTT CJOT GPS FBDI TDBO� 5P RVBOUJGZ EJąFSFODFT CFUXFFO 7'.
BOE 34 XF mU BO FYQPOFOUJBM GVODUJPO UP UIF BWFSBHF 1-7 CJOOFE CZ WJTVPUPQJD EJTUBODF BOE
DPNQVUF UIF SBOHF BOE CBTFMJOF� "DSPTT TDBOT XJUIJO 7� 7� 7� BOE CFUXFFO 7��7� 7��7�
BOE 7��7� UIF TZODISPOJ[BUJPO SBOHF TQSFBE PWFS B MBSHFS WJTVPUPQJD EJTUBODF JO 7'. 	NFBO
	4%
� 7� � ���� EFH 	���
� 7� � ���� EFH 	����
� 7� � ���� EFH 	���
� 7��7� � ���� EFH
	����
� 7��7� � ���� EFH 	����
 BOE 7��7� � ���� EFH 	����

 UIBO JO 34 	NFBO 	4%
� 7�
� ���� EFH 	����
� 7� � ���� EFH 	�����
� 7� � ���� EFH 	�����
� 7��7� � ���� EFH 	����
�
7��7� � ���� EFH 	����
 BOE 7��7� � ���� EFH 	�����

� *O 7'. CBTFMJOF TZODISPOJ[BUJPO
FTUJNBUFT XFSF TNBMMFS 	NFBO 	4%
� 7� � ���� 	�����
� 7� � ���� 	�����
� 7� � ���� 	����
�
7��7� � ���� 	�����
� 7��7� � ���� 	�����
 BOE 7��7� � ���� 	�����

 UIBO UIPTF GPS 34
	NFBO 	4%
� 7� � ���� 	�����
� 7� � ���� 	����
� 7� � ���� 	����
� 7��7� � ���� 	�����
�
7��7� � ���� 	���
 BOE 7��7� � ���� 	����


� %JąFSFODFT CFUXFFO 7'. BOE 34 EFSJWFE
TZODISPOJ[BUJPO SBOHF BOE CBTFMJOF XFSF TJHOJmDBOU JO BMM DBTFT 	UXP TBNQMF U�UFTU� Q ����� GPS
BMM DBTFT
� %BUB GPS B TJOHMF TVCKFDU� %BUB GPS PUIFS TVCKFDUT BSF JODMVEFE JO UIF TVQQMFNFOUBSZ
NBUFSJBM 	'JHVSF ���4
�
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'JHVSF ���� 7PYFMT JO DMVTUFST XJUI TJNJMBS WJTVBM mFME QPTJUJPO TFMFDUJWJUZ IBWF IJHIFS 1-7
BDSPTT WJTVBM mFME NBQT BOE IFNJTQIFSFT� 'PS FBDI TVCKFDU DMVTUFST XFSF HSPVQFE PWFS VQQFS�
�MPXFS GPWFBM 	CFMPX ��� EFH FDDFOUSJDJUZ
 BOE QFSJQIFSBM 	BCPWF ��� EFH FDDFOUSJDJUZ
 RVBESBOUT
BOE 1-7NBUSJDFT GPS JOUSB BOE JOUFS �IFNJTQIFSJD 1-7�CBTFE GVODUJPOBM DPOOFDUJPOT XFSF DPN�
QVUFE� %JBHPOBM BOE Pą�EJBHPOBM RVBESBOUT JO FBDI NBUSJY SFQSFTFOU XJUIJO� BOE CFUXFFO�
IFNJTQIFSF 1-7 BDSPTT WJTVBM DPSUJDBM BSFBT 	HSPVQFE CZ UIF DPMPST
 SFTQFDUJWFMZ� *OTJEF FBDI
DPMPSFE CPY RVBESBOUT BSF HSPVQFE JO UIF GPMMPXJOH PSEFS 	GSPN MFGU UP UP SJHIU
� VQQFS GPWFB
VQQFS QFSJQIFSZ MPXFS GPWFB BOE MPXFS QFSJQIFSZ� ǲF SFTVMUJOH 1-7 NBUSJDFT XFSF BWFSBHFE
BDSPTT TDBOT BOE [�TDPSFE� 4VCTFRVFOUMZ B TJHOJmDBOU 1-7 TUSVDUVSF BDSPTT TVCKFDUT 	CMBDL TRVBSFT
GPS JOUSB�IFNJTQIFSJD BOE HSBZ TRVBSFT GPS JOUFS�IFNJTQIFSJD DPOOFDUJPOT
 XBT FTUBCMJTIFE VTJOH
QFSNVUBUJPOT 	Q ������� $PSSFDUFE GPS NVMUJQMF DPNQBSJTPOT
� 'VSUIFSNPSF XF FTUJNBUFE UIF
EFHSFF PG IPNPUPQZ JO UIF SFTVMUJOH 1-7�TUSVDUVSFT CZ VTJOH UIF 4QFBSNBO DPSSFMBUJPO CFUXFFO
UIFTF BOE CJOBSZ NBUSJDFT 	GPS XJUIJO�IFNJTQIFSF BOE CFUXFFO�IFNJTQIFSF DPOOFDUJPOT
 XJUI
POFT JOEJDBUJOH IPNPUPQZ 	TFFNFUIPET TFDUJPO ������
� $PSSFMBUJPOT JODSFBTF EVSJOH7'.	JOUSB�
IFNJTQIFSJD� ���� GPS 34 BOE ���� GPS 7'.� *OUFS�IFNJTQIFSJD� ���� GPS 34 BOE ���� GPS 7'.�
Q ������� GPS BMM DBTFT
�

��� %JTDVTTJPO
Using covariations in local phase synchrony to parcelate the fMRI signal, we
revealed a stable spatial structure in BOLD fluctuations recorded during resting
state (RS). This spatial structure, which we identified as phase synchronization
(PS) clusters, was also observed in response to visual field mapping (VFM) stim-
uli. Interestingly, the magnitude and spatial extent of PS varied in different RS
scans yet the shape, elongated along eccentricity, and location of the PS clusters
remained stable. Importantly, the topographical organization of synchronized
hemodynamic activity across areas strongly reflected the layout of homotopic
anatomical connections. The similar shape and location of the PS clusters ob-
tained for RS and stimulus-driven fMRI, together with the high synchrony
between clusters sharing similar visual field position selectivity across visual cor-
tical areas and hemispheres, suggest that they share a common neuroanatomical
origin. Therefore, our findings justify and facilitate direct comparison of RS and
stimulus-evoked activity.
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����� 1IBTF�TZODISPOJ[BUJPO�CBTFE QBSDFMMBUJPO PG 34�G.3*
TJHOBMT SFWFBMT UPQPHSBQIJDBMMZ PSHBOJ[FE DMVTUFST JO FBSMZ
WJTVBM DPSUFY

Analyzing the phase synchronization (PS) of low-frequency BOLD fluctuations
within early visual cortex, we revealed synchronization clusters during resting
state (RS). The spatial structure was consistent among different RS scans, indic-
ating that within-area local interactions are preserved during RS. This within-
area stability is in contrast to the variability in between-area interactions ob-
served in previous studies [25, 54, 10, 20]. Whereas between-area interactions
are less stable during RS, during VFM they become more stable [20, 2, 25, 58],
giving rise to a synchronization-based structure that is consistently found across
subjects (as shown by Figure 3.4). Both in RS and VFM, the PLV structure re-
sembled the layout of homotopic anatomical connections (cortical connections
between visual areas sharing similar visual field position selectivity) within and
between hemispheres (Figure 3.4). The finding that across-area cluster syn-
chronization follows the underlying layout of homotopic anatomical connec-
tions points to a structural anchoring in spontaneous fMRI activity.

����� 4JNJMBS MPDBUJPO BOE TIBQF CVU EJąFSFOU TQBUJBM FYUFOU PG
QIBTF TZODISPOJ[BUJPO DMVTUFST GPS SFTUJOH TUBUF BOE WJTVBM
mFME NBQQJOH

Similar cluster structure was observed in BOLD activity during RS and in
response to visual field mapping (VFM) stimuli. However, the PS clusters
found in VFM were slightly larger than those found in RS (Figure 3.2A). This
mirrors our result that synchronization range spreads over a larger cortical ex-
tent in VFM, but local variations in the magnitude and spatial extent of PS
do not affect the overall location and shape of the PS clusters. The fact that
PS between neighboring recording sites (e.g. synchronization range) decreases
more gradually with cortical and visual distance in VFM than in RS likely re-
flects a stimulus-evoked increase in spatial interactions [32, 60]. The narrower
synchronization range in RS data is consistent with recent findings demon-
strating that within- and between-area interactions in primary and extrastriate
visual areas have a narrower spatial footprint during RS than during VFM
[25, 54, 10, 20]. However, long range (baseline) PLV interactions were higher
during RS, possibly indicating increased long-range interactions or global activ-
ity. In some RS scans, between ROI interactions in PS resembled those seen
in visual field mapping. Interestingly, in a previous study of the first dataset,
connective field models computed from those scans revealed well-ordered to-
pographic maps [20].

An interesting feature of the cluster shape is its radial-tangential anisotropy.
PS clusters derived from both RS and VFM are radially elongated in the visual
field maps (Figures 3.2B & 3.2C). One possible factor for this elongation is
a certain non-uniformity introduced by the shape of the ROIs. However, the
ROIs are not always elongated (while V2 and V3 quarter fields sometimes are,
V1 quarter fields generally not). Moreover, clusters are too small to be affected
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by ROI shape. Another possibility is that, due to the log-scaling between visual
field and cortical coordinates [62], circular connectivity on the cortical surface
may look radially elongated when depicted in visual space [44, 65]. To explore
these possibilities, we smoothed the time series using a 2D Gaussian kernel (2
and 15 mm FWHM, Figure 3.2S in supplementary material) defined onto the
reconstructed cortical surface (grid). Anisotropy was preserved but its range
widened with smoothing. We also modeled the effect of circular connectivity
(without using the time series) on anisotropy by clustering toy models of circular
connectivity on the cortical surface. Two toy cases were considered: 1) a mat-
rix of weights constructed by assigning a 2 mm FWHM Gaussian connectivity
profile to each location; and, 2) a binary network of nearest neighbors chains
(3 mm and 6 mm threshold). Anisotropic clusters with similar spatial ranges
were recovered in both cases. Clusters obtained from a shuffled grid (were 2D
spatial relations are destroyed) did not show anisotropy (Figure 3.2S in supple-
mentary materials). In sum, all lines of evidence seem to support the second
option: circular connectivity on the cortical surface looks elongated in visual
space. This cluster elongation in the eccentricity direction may have functional
consequences. One hypothetical functional structure that has a similar radially
elongated shape is the so-called “integration field” identified by crowding re-
search [30, 65, 7, 50, 44]. Crowding is the breakdown of object recognition
in peripheral vision when similar objects are too closely spaced, which increases
perceptual uncertainty. It has been speculated that spacing effects on perceptual
uncertainty at the behavioral level are a result of signal correlations in neuronal
populations [69].

Besides differences in cluster size and synchronization range, RS and VFM
data also differ in the decay of the phase locking values (PLV) with cortical dis-
tance (Figure 3.3). For VFM, the PLV was very stable over scans whereas in
RS it was rather variable. Searching for the origin of this variability, we reana-
lyzed the data after having applied global signal regression. This suppressed the
long-range variability in particular in the RS data, suggesting that large-scale
interactions across areas and global systemic variations affect the baseline syn-
chronization level in each scan. We conclude that these are an important com-
ponent of the observed variability in occipital RS recordings. Another cause
of variability, at the behavioral level, could be the relationship between resting
state BOLD fluctuations and oculo-motor behaviour that occurs subliminally
and spontaneously during the scanning sessions [56].

Hence, while we derive similar synchronization clusters from RS and VFM
in terms of their location and shape, the magnitude and spatial extent of PS
differs between RS and VFM data. Despite local variations in the magnitude
and spatial extent of PS during different scans and conditions, the location and
shape of PS clusters is stable, demonstrating that PS clusters reflect a stable ar-
chitectural property. In addition, we show that the topographical organization
of synchronized hemodynamic activity across areas strongly reflects the layout
of homotopic anatomical connections. Taken together, these findings support
the hypothesis that spontaneous fMRI activity reflects the organization of the
underlying anatomical connections [71, 29, 68, 26].
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����� 4QBUJBM FYUFOU PG QIBTF TZODISPOZ SFTUJOH� QPTTJCMF
NFDIBOJTNT

But which mechanisms could underlie the stability and spatial organization of
PS? The observed spatial specificity of the spontaneous BOLD fluctuations can
only emerge if the intrinsic neuronal activity within and across visual cortical
areas is topographically organized. However, the neuronal basis of these BOLD
patterns is not yet fully understood. It is debated on whether spontaneous fMRI
activity reflects the consequences of population spiking activity, sub-threshold
neuronal activity [39], or metabolic relationships between neurons and astro-
cytes (e.g. neuro-vascular coupling) [46, 47]. On the one hand, BOLD phase
synchronization patterns may reflect the consequences of intrinsic switching
of spiking input activity to aggregate neuronal assemblies sharing similar visual
field position selectivity and tuning characteristics [29, 5, 37, 72]. Alternatively,
those patterns may be the footprint of slow subthreshold fluctuations in local
field potentials, which can be visuotopically organized and good predictors of
the BOLD signal [40, 13]. A recent study by Matsui and colleagues [42] us-
ing neuronal calcium signals and simultaneous hemodynamic recordings unifies
these contrasting findings by showing that both global fluctuations, in the form
of propagating waves, and transient local coactivations are necessary for setting
the spatial structure of hemodynamic functional connectivity [42, 51]. Also
important is the role of astrocytes, the main link between neuronal metabolism
and blood flow. They certainly play a role setting the pace of visuotopically or-
ganized hemodynamic fluctuations, as it is has been shown they modulate the
delay between neuronal activity and its hemodynamic response [47]. Together,
these findings suggest that multiple physiological factors may influence spontan-
eous hemodynamic activity in a way that gives rise to visuotopically organized
fluctuations.

An anatomical factor that may influence the spatial extent of phase syn-
chrony, and therefore the size and location of the clusters, is the density and
distribution of capillary beds. Shaped by the intricate branching patterns of
the supporting vascular network, inhomogeneity in the density and distribu-
tion of capillary beds may lead to varying blood perfusion and deoxyhemoglobin
washout rates [53, 1, 46]. In addition to the effects exerted by the supporting
vascular network, the energy expense of different populations of neurons and
glial cells may covary with vessel density, structuring hemodynamic fluctuations
in locally and functionally segregated neighborhoods [67, 12] whose responses
are -on average- biased together [28]. This structured hemodynamic variability
may lead to inhomogeneity in the coupling between the hemodynamic response
of a recording site and the neuronal activity in the neighborhood of the site, and
a concomitant bias among neighboring sites [27].

This inhomogeneity hypothesis is consistent with evidence from animal mod-
els pointing to the limits of hemodynamic measurements in neuroimaging stud-
ies. [23] demonstrated that the distribution of blood capillaries correlates with
hemodynamic functional connectivity at the millimeter scale, suggesting a dir-
ect relationship between a neuronal population’s metabolic demand and the
density of its supporting capillary networks. In another study, [70] delineated
functional clusters of slow metabolic fluctuations across the mouse cortex, con-
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firming a relationship between metabolic demand and capillary network dens-
ity. Furthermore, simultaneous measurements of neuronal spiking, metabolic
demand and vessel responses demonstrate that vessel dilatory responses are ef-
fectively coupled to spiking and metabolic activity [46]. However, they also
show vascular responses to stimuli that elicit little to no neuronal activity in the
surrounding tissue, revealing limitations of the link between hemodynamic and
neuronal responses.

Large draining veins also affect the spatial structure of the BOLD signal.
They are known to modulate the phase of nearby metabolic fluctuations [74]
with little effect on signal amplitude and reliability. On the other hand, par-
enchymal draining veins inside recording sites have a large modulatory effect
on the amplitude of local BOLD signals, and are sometimes an order of mag-
nitude larger than those induced by neuronal metabolism. Pial veins, which are
adjacent to the cortical surface and predominantly parallel to the sulci, similarly
reduce spatial specificity and introduce noise [74]. As pial branches drain oxy-
gen from large patches of cortex, they may play a substantial role in determining
the location and shape of the synchronization clusters.

Together, these findings suggest that links between the neuronal metabolism
and the hemodynamic signals have limited spatial resolution [17, 35, 43, 46].
At finer scales, vascular network structures play an important role in shaping
the spatial structure of the BOLD signal. We conclude that synchronization
clusters most likely reflect a combination of 1) shared metabolic demands of
local neuronal populations with similar visuotopic selectivity, 2) linked neur-
onal activity of neuronal populations with similar visuotopic selectivity across
areas, and 3) the density of supporting capillary networks, regardless of whether
responses are stimulus driven or endogenous. Our findings indicate that, des-
pite limitations in the resolution of metabolism-sensitive measurements such
as fMRI to determine the contribution of neuronal activity to hemodynamic
signals, it is still possible to study the neuronal properties of aggregate neuronal
populations.

����� -JNJUBUJPOT BOE GVUVSF EJSFDUJPOT
We computed phase locking values (PLV) to quantify the degree of synchroniza-
tion of low-frequency BOLD fluctuations despite the Pearson correlation being
the most used functional connectivity measure in RS BOLD analysis. However,
this is justified by two facts. Correlation values come with 2 drawbacks: First,
there is an ongoing debate on how to deal with negative correlations. Second,
if two signals are 90 ◦out of phase, they will result in a Pearson correlation of
0, even though these signals are highly locked. PLV does not suffer from these
drawbacks. Nonetheless, we have provided a direct comparison between PLV
measures and Pearson correlation measures on the effect of measured anisotropy
in the supplementary material (Figure 3.2S). This shows that, for the current
data under investigation, results are highly comparable. Given that the PLV
measure is convenient to interpret (e.g. are the signals phase locked), we opted
to keep this measure.

We use the same frequency band (0.04 - 0.07 Hz) for RS and VFM. How-
ever, during VFM responses are locked to the stimuli period, the peak frequency
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band is lower than in RS. Generally in RS data, most power is below 0.03 Hz,
however, the peak power might not be always the product of neuronal activ-
ity. Some scans can show peaks around 0.1 Hz or even higher. As shown by
Glerean and colleagues, 0.04-0.07 Hz is the the most reliable frequency band
from which to extract resting state networks [19]. In VFM, we use the same
frequency band as a in RS to be able to compare the results. We deliberately
remove some of the possible useful information in the low frequency side be-
cause we are not pulling out the VFM response per-se but focus on spontaneous
fluctuations and try to avoid contamination by low frequency artifacts (e.g. res-
piration).

The current study analyses stationary synchronization patterns only. As
such, they provide a time averaged picture and do not capture potentially rel-
evant transient dynamics [38]. Time-resolved methods such as the analysis
of propagation and transient coactivation patterns might help disclose relevant
dynamics such as visuotopically organized cofluctuations, patterns of diffusion
and possibly waves [38, 42, 1]. Further research is also required to establish the
possible neuronal mechanisms underlying visuotopically organized covariations
in the phase of fMRI signals. Adding independent measures of neurophysiolo-
gical and visceral activity, like electroencephalography and electrogastrography,
seems a promising path to study the relation of neuronal activity to hemostatic
and visceral activity during resting state [57, 77]. Future analyses could also
take into account measures of blood flow, as blood arrival times are known to
affect resting state functional connectivity [16].

��� $PODMVTJPO
We have demonstrated that BOLD signals fluctuations across early visual cor-
tical areas can be segmented into highly reproducible synchronization clusters
irrespective whether they are derived from RS-fMRI or visual field mapping
data. Importantly, we show that the spatial footprint of these synchronization
clusters is independent of the magnitude and spatial extent of PS in different
RS and VFM scans and reflect the layout of homotopic anatomical connec-
tions along the visual hierarchy. This indicates that both intrinsic and stimulus-
evoked fMRI fluctuations are anchored by the same neuroanatomical connec-
tions. The fact that the PS clusters for RS and VFM are similarly elongated
in the eccentricity direction also points to a shared neuroanatomical basis. Our
findings thus justify and facilitate direct comparison of RS and stimulus-evoked
activity.

��� 4VQQMFNFOUBSZ .BUFSJBM
Please refer to the online version of this article (EPJ�PSH���������K�OFVSPJNBHF������������)
for the supplementary material.
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On the feasibility of assessing connective field maps and
synchronization clusters using 3T fMRI 4

Biologically inspired models of fMRI activity like connective field modeling are
potential tools for the study of human neuronal activity in vivo. However, for
the summary descriptions they provide to become useful tools in brain research,
results should generalize to different magnetic field strengths. To achieve this,
here we try to reproduce results previously obtained at 7T using 3T data. First,
we compute connective field models for V1→V2 and V1→V3. Then, we de-
termine the spatial structure of synchronized activity by detecting clusters of
synchronized fMRI activity. Finally, we compare the results obtained with
different magnetic field strengths. Despite the lower resolution and signal-to-
noise ratio of the 3T data. We find that the results obtained with it are in fair
agreement to those obtained previously with 7T data. Our findings justify and
facilitate the direct comparison of RS and stimulus-evoked activity acquired at
3T.

��� *OUSPEVDUJPO
Thanks to indirect forms of neuronal recordings such as magnetic resonance
imaging, accurate methods to characterize blood oxygen dependent fluctuations
(BOLD) across the human visual cortex have been developed [1, 7, 12, 13]. The
methods implemented in DIBQUFS � (to estimate cortical connective fields) and
DIBQUFS � (to detect synchronization clusters) are examples of this. However,
when a method has been shown to reveal relevant aspects of brain activity using
a high-resolution acquisition approach (e.g. 7 Tesla fMRI), it is also important
to assess its performance using a lower-resolution approach (at 3 Tesla fMRI).
Higher magnetic fields increase the signal-to-noise (SNR) ratio, the tissue spe-
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cificity and the spatial resolution of fMRI recordings. However, 3T scanners
are much more abundant than 7T. Therefore, it is important to determine the
limitations and applicability of those methods in providing meaningful markers
of neuronal activity at different magnetic field strengths. To generalize results
obtained at a higher magnetic field, key findings should be reproducible at lower
magnetic fields.

In DIBQUFS � [10], we have used blood-oxygen level dependent (BOLD) fluc-
tuations recorded using 7T fMRI during resting-state (RS) to study intrinsic
functional connectivity across visual cortical areas using the connective field
(CF) modeling method [12] and shown that spontaneous fluctuations in BOLD
activity are retinotopically organized. Based on the hypothesis that BOLD
cofluctuations between topographically connected maps reflect the underlying
neuroanatomical organization, CF modeling enables the characterization of a
target recording site (e.g. V2 and V3) in terms of the aggregate BOLD activity
in a source brain area (e.g. V1), thus providing a description of the preferred loc-
ations on the cortical surface to which these target sites respond. Locations in
primary visual cortex are associated with visual field positions obtained during
visual field mapping (VFM). Therefore, visual field coordinates can be inferred
for the target recording sites from the preferred locations in the source region,
allowing the reconstruction of visuotopic maps even in the absence of a stimulus
(i.e RS). Here, we ask whether RS data recorded at 3T can also reveal mean-
ingful CF maps. In addition, we ask whether the phase synchronization based
parcellation approach implemented in DIBQUFS � reveals similar patterns when
applied to 3T data.

To assess these questions, we apply the two methods to RS and VFM BOLD
data recorded at 3T fMRI and qualitatively compare the results to those ob-
tained in our previous studies using 7T fMRI [10, 11] (See DIBQUFST � � �).
To preview our results, we find that CF parameters determined based on 3T
fMRI data are noisier yet still fairly comparable to those based on 7T data.
Phase synchronization clusters are also comparable.

In addition to the lower spatial resolution and SNR of 3T, we identify as
sources of noise and variability the lower quality of the gray/white matter seg-
mentations, motion related artifacts and difficulties in the alignment of the RS
functional data with the anatomical volumes.

We will show that 3T fMRI data can be used to derive biologically plausible
CF models and synchronization clusters from RS data, yet care must be taken
when assessing and interpreting the results, given various sources of variabil-
ity that are more prominently present at 3T. In future studies, improvements
to the analysis, the measurement and the preprocessing approaches could help
overcome such limitations.

��� .BUFSJBMT BOE .FUIPET
����� 1BSUJDJQBOUT
Data was acquired for four female right-handed participants with normal visual
acuity (age 20-30). Experimental procedures were approved by the medical
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ethics committee of the University Medical Center Groningen.

����� 4UJNVMVT
Visual stimuli were presented on an MR compatible display screen (BOLD-
screen 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 32-channel SENSE head mounted coil.
Distance from the eyes to the screen (measured through the mirror) was approx-
imately 75 cm. Screen size was 36×23 degrees of visual angle. The stimuli were
generated in Matlab (Mathworks, Natick, MA, USA), using the Psychtoolbox
[5, 16]. The visual field mapping paradigm consisted on a drifting bar aperture
defined by high-contrast flickering texture [8]. The bar aperture moved in 8
different directions (four bar orientations: horizontal, vertical and the two di-
agonal orientations), with for each orientation two opposite directions). The
bar moved across the screen in 16 equally spaced steps each lasting 1 TR. After
each pass and a half, 12 s of a blank stimulus at mean luminance was presented
full screen. To ensure stable fixation, participants were instructed to focus on
a colored dot in the center of the screen and press a button as soon as the dot
changed color.

����� 3FTUJOH TUBUF
During the resting state scans, the stimulus was replaced with a black screen and
participants closed their eyes. The lights in the scanning room were off. The
room was in complete darkness. Participants were instructed to let their mind
roam freely (e.g. not focus on one specific thought) , and not to fall asleep.

����� %BUB BDRVJTJUJPO
High-resolution T1-weighted structural images were acquired on a 3 Tesla scan-
ner (Philips, Best, Netherlands) using a 32-channel head coil at a resolution of
1× 1× 1 mm, with a field of view of 256× 256× 170 mm. TR was 9 ms, TE
was 3.54 ms. Functional, T2*-weighted, 2D echo planar images were acquired
at a voxel resolution of 2.5× 2.5× 2.5, with a field of view of 190× 190× 50
mm. TR was 1500 ms, TE was 30 ms. The slice orientation was approximately
parallel to the calcarine sulcus. The VFM scan lasted 210 s (e.g. 132 acquisi-
tions) per run. Eight volumes were discarded from the beginning of each scan
to ensure the signal had reached a steady state. The RS scan lasted 370 s per
run and a total of 340 volumes functional scans were acquired. In total, 3 VFM
and 2 RS runs were acquired. For VFM, the acquired volume covered occipital
and frontal regions but not dorsal regions. A short anatomical scan with the
same field of view of the VFM functional scans was acquired and used to ob-
tain a good alignment between the VFM functional data and the anatomical
volume. For RS, the whole brain was recorded. For the alignment of the RS
data, the mean functional data was used, which generally resulted in a slightly
less accurate alignment.
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����� 1SFQSPDFTTJOH
Gray and white matter were automatically segmented using Freesurfer and hand
edited in ITKGray to minimize segmentation errors [18]. The cortical sur-
face was reconstructed at the white/gray matter boundary and rendered as a
smoothed 3D mesh [19]. Motion correction within and between scans was ap-
plied for the VFM and the RS scans [15]. To clean the resting state signals
from DC drift and reduce high frequency nuisance, time courses were band
pass filtered with a high-pass discrete cosine transform filter (DCT) with cut-
off frequency of 0.01 Hz and a low-pass 4th order Butterworth filter with cutoff
frequency of 0.1 Hz. Finally, functional data were aligned to the anatomical
scans [15] and interpolated to the anatomical segmentation space.

����� "OBMZTJT
Since the focus of the present study was to compare methods results obtained
at 3T with those previously obtained at 7 T (in DIBQUFS � � �), here we just
summarize key steps in the analysis. Further details about the methods can be
found in DIBQUFS � � �.

������� 1PQVMBUJPO SFDFQUJWF mFME NBQQJOH
As described in previous chapters, visual field maps V1, V2 and V3 were mapped
using the population receptive field (pRF) method [8]. Briefly, the method con-
sists in combining 2D Gaussian models of the underlying neuronal population
response, a two-gamma model of the hemodynamic response [4], and the stim-
ulus aperture, to generate predictions of the VFM evoked BOLD responses.
The pRF parameters associated with the best fMRI time series predictions are
then chosen to summarize the response of each recording point [8].

������� $POOFDUJWF mFME NBQQJOH
Connective field (CF) model parameters were estimated for both the VFM and
RS scans in the same manner as described in DIBQUFS �. Briefly, the method
consists of summarizing the activity of the recording sites of a target region of
interest (ROI) in terms of the aggregate activity contributed by a set of record-
ing sites in a source ROI [12]. The aggregate activity of these sites is obtained by
calculating the Gaussian weighted sum of the measured signals (thus including
the preferred recording site and its neighbours). The resulting candidate times
series predictions of the aggregate activity are compared to the measured time
series of each recording point in the target ROI (V2 and/or V3), and the best
fitting prediction and its associated CF parameters (position and size) are then
selected. Furthermore, because CF preferred locations on the cortical surface
are associated with preferred visual field positions during pRF mapping [12],
coordinates in visual space can be inferred for target recording sites, allowing
the reconstruction of visuotopic maps using RS data (See DIBQUFS � [10]). CF
models were estimated for each participant, scan (VFM and RS), and visual field
map combination (V1→V2 and V1→V3). The source and target ROIs used
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to compute CF models were defined in the first layer of the cortical surface re-
construction. To compare the CF map scatter between 3T and 7T- derived CF
estimates, we computed the VFM-referred CF position displacement (see sec-
tion 2.2.6.4). To assess the topographic organization of CF maps, eccentricity
and polar angle CF maps were compared to pRF maps (and also between VFM-
and RS-derived CF maps) using Pearson and circular correlation respectively.
Finally, we examined the relationship between CF size and pRF eccentricity.

������� 1BSDFMMBUJPO JOUP TZODISPOJ[BUJPO DMVTUFST
First, we established the degree of synchronization of low-frequency BOLD
fluctuations by computing the phase locking values (PLV) between the instant-
aneous phase of the band-pass filtered BOLD signas of all pairs [9, 14, 17, 11]
of recording sites within a visual field map. Estimates of the instantaneous
phase were obtained by using the Hilbert transform. After obtaining instantan-
eous phase estimates for each recording site, we discarded the 5 first and 5 last
time points and computed PLV matrices for each participant, scan and visual
field map. This matrix summarizes the average synchronization tendency of
low-frequency BOLD fluctuations over the scanning session [17, 11].

Second, we identify clusters of highly synchronized neighbouring recording
sites. To this end, we first select the 5% strongest entries in the PLV matrices,
and next, pruned these by setting the phase locking values of recording sites bey-
ond 3 mm of cortical distance to zero. Cortical distance was computed using
Dijkstra’s algorithm [6]. Pruning the PLV matrices before clustering helped
minimize the contribution of long-range interactions while maintaining local
interaction structure. subsequently, we clustered the pruned PLV matrices us-
ing an iterative implementation of the Louvain clustering algorithm [3]. Start-
ing from the PLV matrices from each individual RS and VFM scans, this ap-
proach converges —for each condition— to the most probable phase synchron-
ization (PS) cluster partition [2] (Further details about the implementation of
this approach can be found in DIBQUFS � [11]). PS clusters were estimated for
each condition, participant and visual field map. To aid visualization, we render
the resulting clusters in visual space (using the pRF positions of the recording
sites in each cluster).

Finally, we examined the shape of the clusters in terms of their visuotopic
organization. To this end, we computed the binomial probability of any two
recording sites sharing a cluster (cluster membership probability) as a function
of the visual field distance between their pRFs (for bins of 0.25 deg of visual
field distance). Visual field distances between all recording pairs were estim-
ated for the radial and arc directions as the difference in their corresponding
pRF eccentricities and arc distance, respectively. To estimate how the cluster
membership probability changed with radial and arc distance, we fitted bino-
mial distributions and estimated the decay factor of these probabilities. Fits
were computed after grouping the probabilities over areas, participants and con-
ditions (See DIBQUFS � for details [11]).
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5BCMF ���� $PSSFMBUJPOT CFUXFFO WJTVBM mFME NBQT EF�
SJWFE VTJOH QPQVMBUJPO SFDFQUJWF mFME BOE DPOOFDUJWF
mFME NPEFMJOH� $PSSFMBUJPOT XFSF DPNQVUFE UP FTUJNBUF UIF
BHSFFNFOU PG UIF FDDFOUSJDJUZ 	S 1FBSTPO DPSSFMBUJPOT
 BOE QP�
MBS BOHMF 	ϑ DJSDVMBS DPSSFMBUJPOT
 NBQT JO 7� BOE 7� EFSJWFE
VTJOH Q3' NPEFMJOH UP UIPTF EFSJWFE GSPN WJTVBM mFME NBQ�
QJOH BOE SFTUJOH TUBUF EBUB VTJOH UIF DPOOFDUJWF mFME NFUIPE�
(SPVQFE EBUB GSPN � QBSUJDJQBOUT 	TJY IFNJTQIFSFT
�

7'. 34� 34�
r ϑ r ϑ r ϑ

7�→7� 0.90 0.93 0.43 0.71 0.47 0.76
7�→7� 0.85 0.83 0.19 0.41 0.25 0.43

��� 3FTVMUT
An important requisite for the implementation of CF modeling is the success-
ful mapping of visual field position selectivity for the cortical regions of interest,
particularly the source region. Here we assessed this by using population re-
ceptive field (pRF) mapping [8]. However, pRF mapping depends on the ad-
equate segmentation of gray and white matter. To illustrate the influence of the
segmentation on the results, here we show results for a brain with a satisfactor-
ily and an unsatisfactorily (pRF) mapped hemisphere (see top panels in Figure
4.1) in which V1 and dorsal V2 and V3 could not be satisfactorily mapped.
Adequate segmentations could be obtained for 6 hemispheres out of the 5 avail-
able brains only. As a consequence, we report CF properties based on those 6
hemispheres.

����� %FSJWJOH DPOOFDUJWF mFME FTUJNBUFT GSPN 7'. BOE 34 �5
G.3* BDUJWJUZ

Figure 4.1 (bottom panels) illustrates CF maps derived from VFM and RS data
obtained using 3T fMRI. With a good segmentation provided, VFM-derived
CF maps obtained using 3T are of a similar quality to those obtained when
using 7T fMRI (compare left hemisphere in Figure 4.1 to top panel in Figure
2.3) [12, 10]. Similar to what was previously observed at 7T, RS-derived CF
maps partly reflect the functional topographic organization revealed with pRF
mapping. However, VFM-referred displacements in CF position (CF-scatter)
was greater in RS-CF maps derived at 3T than those obtained at 7T. Median
CF-scatter for RS1-derived V1→V2 and V1→V3 CF maps was 21.5 mm and
19.5 mm respectively whereas for RS was 19 mm, 17.4 mm. These values ap-
proximately doubled those obtained at 7T (see Figures 2.3 & 2.4A).

We then quantified the visuotopic organization of the resulting CF maps by
correlating the CF-derived eccentricity and polar angle to their corresponding
pRF-derived counterparts. Table 4.1 illustrates these results. The best agree-
ment was found for V1→V2 CF models. These values are comparable to those
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'JHVSF ���� 7JTVBMJ[BUJPO PG Q3' BOE $' NBQT PCUBJOFE GSPN 7'. BOE 34 �5 G�.3* EBUB
GPS B TJOHMF QBSUJDJQBOU� 'SPN MFGU UP SJHIU� FDDFOUSJDJUZ QPMBS BOHMF BOE Q3'�$' TJ[F� ǲF UPQ
UXP QBOFMT DPSSFTQPOE UP Q3' BOE $' NBQT 	GPS 7�→7� BOE 7�→7�
 EFSJWFE GSPN 7'.
FTUJNBUFT� ǲF MPXFS QBOFMT TIPX QBSBNFUFS FTUJNBUFT GPS UXP SFTUJOH TUBUF SVOT� .FEJBO $'�
TDBUUFS GPS 34��EFSJWFE 7�→7� BOE 7�→7� $' NBQT XBT �� NN BOE ���� NN SFTQFDUJWFMZ
XIFSFBT GPS 34 XBT ���� NN ���� NN� " UISFTIPME ����� WBSJBODF FYQMBJOFE XBT BQQMJFE GPS
WJTVBMJ[BUJPO BOE DPNQVUBUJPO PG $'�TDBUUFS� 5P JMMVTUSBUF UIF JOnVFODF PG UIF TFHNFOUBUJPO XF
TIPX SFTVMUT GPS B TBUJTGBDUPSJMZ 	MFGU
 BOE BO VOTBUJTGBDUPSJMZ 	Q3'
 NBQQFE 	SJHIU
 IFNJTQIFSF�
%BUB BSF GPS QBSUJDJQBOU ��
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5BCMF ���� $PSSFMBUJPOT CFUXFFO $' NBQT EFSJWFE GSPN
7'. BOE 34 EBUB� $PSSFMBUJPOT XFSF DPNQVUFE UP FTUJNBUF
UIF BHSFFNFOU PG UIF FDDFOUSJDJUZ 	S 1FBSTPO DPSSFMBUJPOT
 BOE
QPMBS BOHMF 	ϑ DJSDVMBS DPSSFMBUJPOT
 NBQT JO 7� BOE 7� EF�
SJWFE VTJOH $'NPEFMJOH� 34�EFSJWFE NBQT XFSF NPSF TJNJMBS
UP UIF 7'.�EFSJWFE NBQ UIBO CFUXFFO UIFN� (SPVQFE EBUB
GSPN � QBSUJDJQBOUT 	TJY IFNJTQIFSFT
�

7'.�34� 7'.�34� 34��34�
r ϑ r ϑ r ϑ

7�→7� 0.3 0.71 0.36 0.74 0.3 0.61
7�→7� 0.23 0.4 0.3 0.38 0.15 0.25

shown in [12] (see Table 1 in Haak et al. [12]). Additionally, we computed
correlations between CF maps derived from VFM and RS. Table 4.2 shows
that RS-derived CF maps were more similar to VFM-derived CF maps than
between them.

Finally, we examined the relationship between CF size and pRF eccentricity.
Figure 4.2 shows a weak but significant correlation of CF size with eccentricity
in VFM but not for RS. The same trend was observed in results obtained at
7T. However, comparing Figure 4.2 to Figure 2.6 (DIBQUFS �) shows that the
average CF size values for VFM data obtained at 3T ( 2 mm) were smaller than
those obtained at 7T ( 3 mm).

����� 4ZODISPOJ[BUJPO DMVTUFST EFSJWFE GSPN 7'. BOE 34 �5
G.3* BDUJWJUZ

Both in VFM and RS, clustering the most synchronized neighbouring record-
ing sites revealed a modular structure that grouped locations with similar visual
field position selectivity. Using each recording sites pRF position, Figure 4.3
illustrates synchronization clusters in visual field space (for the same participant
shown in Figure 4.1). Note that the perimeter of some clusters in the left visual
hemifield of V1 (left column in each condition) extend into the right hemifield.
This apparent elongation is the consequence of poor pRF mapping (for V1 and
dorsal V2/V3 in the right hemisphere, see top panel in Figure 4.1).

Finally, we examined how the probability of any two recording sites sharing
a cluster decreased with the visuotopic distance between them (in the radial
and arc directions). The range of shared cluster membership was greater along
the radial direction compared to the arc direction both in VFM (decay factor:
1.48◦for the radial direction and 0.24◦for the arc direction) and in RS (decay
factor: 2.35◦for the radial direction and 0.39◦for the arc direction). However,
decay factors for both directions were slightly larger in RS. A similar pattern
was observed in 7T data (decay factors for VFM: 1.65◦for the radial direction
and 0.25◦for the arc direction; for RS: 1.93◦for the radial direction and 0.3◦for
the arc direction).
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'JHVSF ���� $POOFDUJWF mFME TJ[F BT B GVODUJPO PG Q3' FDDFOUSJDJUZ JO 7� BOE 7�� " XFBL
CVU TJHOJmDBOU DPSSFMBUJPO XBT GPVOE JO 7'. CVU OPU GPS 34� (SBZ DJSDMFT BSF UIF SBX EBUB
CFUXFFO ��� EFH PG FDDFOUSJDJUZ� 3FE EPUT JOEJDBUF UIF 7&�XFJHIUFE NFBO $' TJ[F NFBO PG FBDI
� EFH FDDFOUSJDJUZ CJO� -JOFBS mUT XFSF DBMDVMBUFE GPS UIFTF NFBOT� %BTIFE MJOFT DPSSFTQPOE UP
UIF ��� CPPUTUSBQ DPOmEFODF JOUFSWBM PG UIF MJOFBS mU 	���� JUFSBUJPOT
� ǲF 1FBSTPO DPSSFMBUJPO
DPFĆDJFOU GPS UIF SBX EBUB CFUXFFO ��� EFH PG FDDFOUSJDJUZ JT SFQPSUFE UPHFUIFS XJUI JUT Q�WBMVF�
(SPVQFE EBUB GSPN � QBSUJDJQBOUT 	TJY IFNJTQIFSFT
�

����� -JNJUBUJPOT
Since an accurate identification of visual field maps could not always be ac-
complished with the current 3T data set, the present implementation of the
assessed methods and interpretability of the results remains somewhat limited.
We categorized the potential limitations affecting the obtention of meaningful
CF models in two categories: 1) Factors relating to the acquisition and pre-
processing of the data (i.e artifacts resulting from excessive movement, poor
segmentation and misaligned volumes that may hinder an accurate pRF map-
ping. 2) Factors relating to the nature of the measurements (lower resolution,
tissue specificity and SNR).

We attribute the differences between 3T- and 7T-derived results mostly to
the second category. Problems derived from the acquisition and preprocessing
of the data can be identified, controlled and avoided, but the nature of the meas-
urements cannot be easily changed. For example, achieving a good alignment
and segmentation is crucial for obtaining good results –regardless of the mag-
netic field strength. Procedures such as using a short anatomical scan with the
same field of view than the functional volumes to guide the alignment greatly
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'JHVSF ���� 4ZODISPOJ[BUJPO DMVTUFST PCUBJOFE GSPN 7'. BOE 34 G.3* EBUB GPS B TJOHMF QBS�
UJDJQBOU� ǲF DMVTUFST BSF EFQJDUFE BT B QFSJNFUFS JO WJTVBM mFME TQBDF 	IFNJmFMET
 VTJOH FBDI
SFDPSEJOH TJUFT Q3' QPTJUJPOT 	POMZ SFDPSEJOH TJUFT XJUIJO ��� EFHSFFT PG FDDFOUSJDJUZ XFSF VTFE
�
%BUB BSF GPS QBSUJDJQBOU � 	TBNF BT JO 'JHVSF ���
�

'JHVSF ���� $MVTUFS NFNCFSTIJQ QSPCBCJMJUZ BT B GVODUJPO PG WJTVBM mFME EJTUBODF JO 34 BOE
7'.� ǲF QSPCBCJMJUZ PG BOZ UXP SFDPSEJOH TJUFT TIBSJOH B DMVTUFS EFDSFBTFT XJUI UIF WJTVPUPQJD
EJTUBODF CFUXFFO UIFN GPS CPUI JO UIF SBEJBM 	CMVF
 BOE BSD 	SFE
 EJSFDUJPOT� 5P RVBOUJGZ UIFTF
EFDSFBTFT XF mU BO FYQPOFOUJBM EFDBZ GVODUJPO 	DPMPSFE MJOFT
 UP UIF CJOPNJBM QSPCBCJMJUJFT PG
FBDI ����◦CJO� ǲF FSSPS CBST DPSSFTQPOE UP DPOmEFODF JOUFSWBM PG UIF CJOT� ǲF DPOUJOVPVT
USBDF DPSSFTQPOET UP UIF CJOPNJBM QSPCBCJMJUZ mU PG BMM EBUB XJUIJO ���◦PG WJTVPUPQJD EJTUBODF�
ǲF SBOHF PG DMVTUFS NFNCFSTIJQ QSPCBCJMJUZ XBT HSFBUFS BMPOH UIF SBEJBM EJSFDUJPO DPNQBSFE UP
UIF BSD EJSFDUJPO CPUI JO 7'. 	EFDBZ GBDUPS� ����◦GPS UIF SBEJBM EJSFDUJPO BOE ����◦GPS UIF BSD
EJSFDUJPO
 BOE JO 34 	EFDBZ GBDUPS� ����◦GPS UIF SBEJBM EJSFDUJPO BOE ����◦GPS UIF BSD EJSFDUJPO
�
ǲF TQSFBE XBT HSFBUFS BMPOH UIF SBEJBM EJSFDUJPO DPNQBSFE UP UIF BSD EJSFDUJPO� %BUB BSF GPS �
QBSUJDJQBOUT�
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improves its quality. Unfortunately, such a short anatomical scan was not ac-
quired for the RS data. Therefore, the alignment of the RS data was achieved
manually using the mean functional volumes. Unfortunately, this procedure
is less accurate and more prone to human error than using a short anatomical
volume to guide the alignment. This resulted in the RS data being less accur-
ately matched to the surface reconstruction and therefore —potentially— in
higher levels of measurement error. It is important to note that the skills neces-
sary to obtain a good alignment using the mean functional data are difficult to
achieve, yet crucial. In future studies, extra care in this step is advised. Whole
brain functional volumes typically suffer from signal drop-off and inhomogen-
eous intensity. These artifacts depend on the coil used and can be minimized.
The take home message is: always acquire a short anatomical scan, regardless
of your protocol, and ideally refine the segmentation and alignment by hand.

Another limitation is that here we compare results obtained from different
magnetic strength fields and participants. A comparison of 3T- and 7T-derived
results obtained from the same participants would be desirable. Moreover, we
show CF maps and PS clusters for a participant in which the right hemisphere
was not satisfactorily segmented. While this can be seen as a limitation, it
helped to emphasize the influence of segmentation quality. By illustrating sat-
isfactory and an unsatisfactory results in the same brain, Figure 4.1 stress that
the specificity and accuracy of pRF and CF modeling is crucially dependent on
the quality of the data (alignment and segmentation).

Nevertheless, we believe that the present study suffices to demonstrate that
meaningful CF models and PS clusters can be obtained from 3T data. Visuo-
topically organized CF maps obtained at 3T were not as accurate as those based
in 7T data, but still fairly meaningful to aid the analysis and interpretation of
3T data, and perhaps serve as a tool to explore cortico-cortical interactions in
other experimental conditions and cortical areas.

��� $PODMVTJPO
We have shown that two measures of local fMRI activity, CF estimates and
phase synchronization clusters can be obtained based on 3T fMRI data. For
CF models, a fair agreement can be observed between VFM/RS-based CF
maps and pRF maps, and good agreement between different RS-based based
CF maps. PS clusters obtained from VFM and RS were also in good agreement.
Both CF models and PS clusters results were qualitatively similar to those pre-
viously observed for 7T data. This corroborates the view that local functional
connectivity reflects the underlying neuroanatomical architecture and endorses
3T fMRI as a suitable tool to study the extent of variability of these processes.
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Propagation of BOLD activity reveals directed
interactions across human visual cortex 5

It has recently been shown that large-scale propagation of blood-oxygen level
dependent (BOLD) activity is constrained by anatomical connections and re-
flects transitions between behavioral states. It remains to be seen, however, if
the propagation of BOLD activity can also relate to the brain anatomical struc-
ture at a more local scale. Here, we hypothesized that BOLD propagation
reflects structured neuronal activity across early visual field maps. To explore
this hypothesis, we characterize the propagation of BOLD activity across V1,
V2 and V3 using a modeling approach that aims to disentangle the contribu-
tions of local activity and directed interactions in shaping BOLD propagation.
It does so by estimating the effective connectivity (EC) and the excitability of
a noise-diffusion network to reproduce the spatiotemporal covariance structure
of the data. We apply our approach to 7T fMRI recordings acquired during
resting state (RS) and visual field mapping (VFM). Our results reveal different
EC interactions and changes in cortical excitability in RS and VFM, and point
to a reconfiguration of feedforward and feedback interactions across the visual
system. We conclude that the propagation of BOLD activity has functional
relevance, as it reveals directed interactions and changes in cortical excitability
in a task-dependent manner.

��� *OUSPEVDUJPO
Neuronal connections among cortical areas can be observed at a variety of scales,
from laminar circuits to cortico-thalamic and cortico-cortical connections. To-
gether they form a complex and intricate set of connections that serve as path-
ways for signal transmission and processing. The anatomy and function of
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such connections has been a focus of much research during the last decades
[6, 84]. Thanks to non-invasive forms of neuronal recordings, like functional
magnetic resonance imaging fMRI (see Raichle [68] for a detailed review), the
link between structural and functional connectivity in the human brain has be-
gun to be unravelled in-vivo. However, due to the multiple physiological mech-
anisms contributing to the BOLD signal (e.g. metabolic, vascular, neuronal,
etc), its limited temporal resolution, and high noise level in its measurements
[81, 13], it is still difficult to quantify and interpret this relationship link using
fMRI. Several strategies have been proposed to address these issues and infer
the efficacy with which anatomical connections modulate interactions between
brain regions –referred to as “effective connectivity” (EC) [18, 24, 76, 22]. How-
ever, most such strategies rely on the assumption of temporal precedence –the
temporal resolution of the BOLD signal and its measurement must be sufficient
to capture the time scale of modulatory influences. Crucially, the observed re-
sponses should reflect temporal dependencies within the system under scrutiny,
which may not be the case if hemodynamic response delays differ between re-
gions [2, 4, 31, 28].

Nevertheless, for whole-brain fMRI recordings, it has been recently shown
that the propagation of BOLD activity reflects the transition between different
behavioral states and may partly map to anatomical paths [57, 58]. This suggests
a meaningful relationship between BOLD activity propagation and the modula-
tion of communication between distant brain regions. Therefore, we ask if the
propagation of BOLD activity can also reveal relevant aspects of brain activ-
ity at a more local scale, such as that of early cortical visual field maps, which
are richly interconnected and where regional variation in the hemodynamic re-
sponse is less pronounced [28, 49]. In the present study, we hypothesize that
the propagation of BOLD activity across early cortical visual field maps V1, V2
and V3 reflects structured neuronal activity (e.g. modulation of EC weights)
within and between these maps. To examine this hypothesis, we implement a
data-driven model of EC informed by the empirical temporal autocovariance of
the BOLD data. This model reproduces the spatiotemporal covariance structure
(the zero-lag covariance and time-lag covariance) of the empirical data and the
local cortical excitability. Our model thus accounts for the spatiotemporal stat-
istics of BOLD activity and thereby the propagation of BOLD activity across
different brain locations [22, 23]. We apply this approach to resting state (RS)
and visual field mapping (VFM) fMRI recordings of the early cortical visual
field maps V1, V2 and V3 in healthy human participants.

In both RS and VFM data, we find a common structure underlying the EC
of all participants, regardless of inter-participant variation in EC estimates. The
common structure in EC links homotopic regions with similar visual field posi-
tion selectivity both within and between the early cortical visual field maps, e.g.
across both their topography and hierarchy. Furthermore, the resulting ECs
capture different interaction regimes in RS and VFM. Within-area interactions
are increased in RS, whereas in VFM between-area interactions are increased,
particularly feedback interactions from V3 to V1. Moreover, local cortical ex-
citability in V1 is greatly increased during RS but, during VFM, decreases to
levels that are comparable to that of other visual areas. These differences point
to a change of input to V1, and appear to reflect a re-configuration of feedfor-
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ward, lateral and feedback interactions. Finally, we interpret our results under
the framework of predictive coding, emphasizing the role of recurrent cortical
feedback during visual processing. Taken together, our results demonstrate that
the propagation of BOLD activity through early visual cortex, as assessed by the
present analysis, has functional relevance.

��� .FUIPET
����� %BUB
The empirical data used in this study stem from the dataset presented in Gravel
et al. [25]. It comprise visual field mapping (VFM) and resting state (RS) 7T
fMRI data from four healthy subjects with normal visual acuity. Experimental
procedures were approved by the medical ethics committee of the University
Medical Center Utrecht.

������� 7JTVBM mFME NBQQJOH
Visual stimuli were presented by back-projection onto a 15.0×7.9 cm gamma-
corrected screen inside the MRI bore. Participants viewed the display through
prisms and mirrors, and the total distance from the participant’s eyes (in the
scanner) to the display screen was 36 cm. Visible display resolution was 1024×
538 pixels. The stimuli were generated in Matlab (Mathworks, Natick, MA,
USA) using the PsychToolbox [10, 66]. The visual field mapping paradigm con-
sisted of drifting bar apertures at various orientations, which exposed a 100%
contrast checkerboard moving parallel to the bar orientation. After each hori-
zontal or vertical bar orientation pass, 30 s of mean-luminance stimulus were
displayed. Throughout the VFM, participants fixated a dot in the center of the
visual stimulus. The dot changed color between red and green at random in-
tervals. To ensure attention was maintained, participants pressed a button on a
response box every time the color changed. Detailed procedures can be found
in Dumoulin and Wandell [16] and Harvey and Dumoulin [33]. The radius
of the stimulation area covered 6.25 deg (eccentricity) of visual angle from the
fixation point.

������� 3FTUJOH TUBUF
During the resting state scans, the stimulus was replaced with a black screen
and participants closed their eyes. The lights in the scanning room were off
and blackout blinds removed light from outside the room. The room was in
complete darkness. Thus, visual stimulation was minimized. The participants
were instructed to think of nothing in particular without falling asleep.

������� G.3* BDRVJTJUJPO
Functional T2*-weighted 2D echo planar images were acquired on a 7 Tesla
scanner (Philips, Best, Netherlands) using a 32 channel head coil at a voxel
resolution of 1.98× 1.98× 2.00, with a field of view of 190× 190× 50 mm.
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TR was 1500 ms, TE was 25 ms, and flip angle was set to 80◦. The volume
orientation was approximately perpendicular to the calcarine sulcus. In total,
eight 240 volumes functional scans were acquired, comprising 5 resting state
scans (RS) interleaved with 3 VFM scans (first was an RS scan). Five dummy
volumes were scanned before data acquisition began and a further eight volumes
were discarded from the beginning of each scan to ensure the signal had reached
a steady state. High resolution T1-weighted structural images were acquired at
a resolution of 0.49×0.49×0.80 mm (1 mm isotropic resolution for the second
dataset), with a field of view of 252× 252× 190 mm. TR was 7 ms, TE was
2.84 ms, and flip angle was 8◦. We compensated for intensity gradients across
the image using an MP2RAGE sequence, dividing the T1 by a co-acquired
proton density scan of the same resolution, with a TR of 5.8 ms, TE was 2.84
ms, and flip angle was 1◦. Physiological recordings were not collected.

������� 1SFQSPDFTTJOH
First, the T1-weighted structural volumes were resampled to 1 mm isotropic
voxel resolution. Gray and white matter were automatically labeled using Free-
surfer and labels were manually edited in ITKGray to minimize segmentation
errors [80]. The cortical surface was reconstructed at the white/gray matter
boundary and rendered as a smoothed 3D mesh [87]. Motion correction within
and between scans was applied for the VFM and the RS scans [61]. Sub-
sequently, data were aligned to the anatomical scans and interpolated to the
anatomical segmentation space [61]. Instrumental drift was removed by de-
trending with a discrete cosine transform (DCT) filter with cutoff frequency of
0.01 Hz. The detrended signals were used for the estimation of the empirical
spatiotemporal covariances. In order to reduce the influence of high frequency
variation during pRF modeling, the detrended signals were filtered with a low-
pass 4th order Butterworth filter with cutoff frequency of 0.1 Hz.

����� 4FMFDUJPO PG SFHJPOT PG JOUFSFTU
Since the focus of our study was modeling the propagation of BOLD activity
within and between early visual field maps, we did not consider all recorded
locations in the scanning volume. Instead, we applied an ROI selection and
a data-reduction step. First, we identified the visual field maps of the visual
cortical areas V1, V2 and V3 (section 2.2.1). Second, we averaged the BOLD
signals over the foveal and peripheral quarter-fields of these maps. This resulted
in a network of 24 nodes/ROIs per participant (section 2.2.2).

������� 1PQVMBUJPO SFDFQUJWF mFME NPEFMJOH
The visual field maps of V1, V2, and V3 were obtained using the population
receptive field (pRF) method [16] applied to our VFM data. This method
provides models that summarize the visual field position to which each record-
ing site responds as a circular Gaussian in visual space. The Gaussian pRF
model for each recording site was characterized by three parameters: x and y
(position), and size (sigma). These parameters were determined by taking a
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large set of candidate pRF parameters, with each set defining a different Gaus-
sian. By quantifying the overlap between each candidate pRF Gaussian and
the stimulus aperture at each time point, we generate predictions of the neur-
onal response time course each candidate pRF would produce. This predicted
neuronal response time course is convolved with a two-gamma model of the
hemodynamic response [8] to give a set of candidate predicted fMRI response
time courses for each candidate set of pRF parameters. The best fitting pre-
dicted fMRI time course and its associated pRF parameters are then taken to
summarize the visual field selectivity of each recording site [16]. Recording
sites were excluded from subsequent analyses if their best fitting pRF models
explained less than 30% of response variance, or had visual field eccentricities
beyond 6 deg.

������� (SPVQJOH PG EBUB JOUP GPWFBM BOE QFSJQIFSBM RVBSUFS�mFMET
We grouped the resting state (RS) and the visual field mapping (VFM) time
series over the foveal and peripheral quarter-fields of V1, V2 and V3 using the
eccentricity and polar angle pRF preferences of each recording site. The foveal
ROIs grouped recording sites with pRF positions below 2.2 deg eccentricity,
while peripheral ROIs grouped recording sites with pRF positions above 2.2 deg
eccentricity. Quarter-fields were divided at the vertical and horizontal visual
field meridians. The grouping process resulted in a matrix of 24 nodes/ROIs,
8 for each complete visual field map (V1, V2 and V3). Signals for each of the
24 ROIs were obtained by averaging the minimally preprocessed BOLD time
series (after detrending) within the ROIs.

����� &ąFDUJWF DPOOFDUJWJUZ NPEFM GPS #0-% QSPQBHBUJPO
In this section we examine the propagation of BOLD activity across the foveal
and peripheral quarter-fields of V1, V2 and V3 (each of the 24 ROIs previously
defined) using a recently proposed method [22]. This approach uses a noise-
diffusion network model of effective connectivity (EC) and intrinsic variability
to account for local BOLD variability and signal propagation lags between all
possible pairs of ROIs. Importantly, the model captures the empirical data
covariance and its spatio-UFNQPSBM structure (the time-shifted covariances), ef-
fectively accounting for the propagation of BOLD activity. This has the advant-
age of relying on minimal assumptions: 1) the time constant of the generative
model has to match the autocovariance time constant derived empirically from
the data, 2) the regional variation in the hemodynamic response shape across
early visual cortex should be minimal [28, 49] and 3) for each behavioral condi-
tion, a dominant pattern of neuronal interactions should influence and reflect
in the average propagation structure of the BOLD signals. To examine our
hypothesis (BOLD activity propagation reflects the consequences of structured
neuronal activity), we model the EC under two conditions: 1) resting state and
2) the presentation of visual field mapping stimulus, and compare the two. We
iteratively tune the model parameters (directed connectivity with notation C
and intrinsic variability with notation Σ and) to reproduce the empirical spati-
otemporal covariance and then use the C and Σ associated with the best fitting
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model as an estimate of the EC and the local cortical excitability of the actual
data. We conclude comparing the resulting differences in EC and cortical ex-
citability between RS and VFM.

������� &NQJSJDBM TQBUJPUFNQPSBM DPWBSJBODFT
To identify the spatiotemporal covariance structure of the data (the BOLD sig-
nals from each of the 24 ROIs. see Methods section 2.2) we estimated the
covariance with and without time-shifts. For each participant and condition,
the BOLD signals were first demeaned and then, following Gilson et al. [22],
the empirical covariance was calculated for zero-lag:

Q̂0
ij =

1
T − 2

"

1≤t≤T−1

(sti − s̄i)(s
t
j − s̄j) , (5.1)

and a lag of 1 TR:

Q̂1
ij =

1
T − 2

"

1≤t≤T−1

(sti − s̄i)(s
t+1
j − s̄j) . (5.2)

Here sti is the observed BOLD time series for ROI i and s̄i is the mean BOLD
level over the session. Afterwards, for each participant and session, we estim-
ated the empirical time constant associated with the exponential decay of the
autocovariance (averaged over all regions):

τ =
N

$
1≤i≤N log(Q̂0

ii)− log(Q̂1
ii)

(5.3)

where N correspond to the number of ROis. The time constant was used to
calibrate the noise diffusion network model.

������� /PJTF�EJąVTJPO OFUXPSL NPEFM PG &$ BOE QBSBNFUFS FTUJNBUJPO
We choose a dynamic network model that captures the spatiotemporal dynam-
ics of the data. Here we summarize the essential ingredients of the model and
its optimization (for further details see Gilson et al. [22]). The models consists
of 24 interconnected nodes (as defined in Methods section 2.2) that experience
fluctuating activity and excite each other [22]. The local variability is described
for each node by a variance corresponding to a diagonal term of the matrix Σ.
The implicated fluctuations are shaped by the network EC (denoted by the mat-
rix C in the following equations) to generate the model FC, which is quantified
by the zero-lag covariance matrix Q0 (FC0) and the time-lag covariance matrix
Q1 (FC1) (the counterparts of the empirical Q̂0 and Q̂1). Subsequently, the
model covariance matrices Q0 and Q1 that better reproduce the empirical spa-
tiotemporal covariances Q̂0 and Q̂1 are approximated by iteratively adjusting
the directional weights ( C ) and node excitabilities (Σ) of the model using Lya-
punov optimization (LO) to reduce the model error E. The parameters C and
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Σ associated with the best fitting model correspond to maximum-likelihood es-
timates [22]. Importantly, because asymmetry in the Cij generates asymmetry
in the time-shifted covariancesQ1 , the model captures the average propagation
structure between ROIs.

We choose LO because it has several advantages to other methods [22]: 1)
pairwise unconditional Granger causality does not take the whole network into
account; 2) multivariate autoregressive models (MVAR) models that take the
whole network into account may suffer from the down-sampling due to the
time resolution (TR = 1.5 s); 3) physical interpretability might be hindered by
over-parameterized dynamic causal models (DCM) [24, 29, 78]. These advant-
ages allowed us to estimate Cij (and the corresponding asymmetry in Q1) and
Σ as accurately as possible. Our approach was also justified because the decay
time constant τ in Eq. (5.3) was consistently measured across participants, sug-
gesting a diffusion process in the empirical data; the goal of our model inversion
was then to exmine whether propagation was present in the data.

Now we detail the equations relating these parameters, observables and meas-
ures. Formally, the network model is a multivariate Ornstein-Uhlenbeck pro-
cess where the activity xi of node i decays exponentially with the time constant
τ estimated from the data in Eq. (5.3). The evolution of each xi depends on
the activity of other populations and the local variability:

dxt
i = (−xt

i

τ
+

"

j ̸=1

Cijx
t
j)dt+ dBi , (5.4)

where dBi is —both spatially and temporally— independent Gaussian noise
with variance Σii (the Σ matrix is diagonal); formally Bi a Wiener process.
The model Q0 can be calculated for known C and Σ by solving the Lyapunov
equation using the Bartels-Stewart algorithm [5]:

JQ0 +Q0J† + Σ = 0 (5.5)

and Q1 is then given by

Q1 = Q0FYQN(J†) , (5.6)

where FYQN denotes the matrix exponential, the superscript † indicates the mat-
rix transpose, and δij is the Kronecker delta. In those equations, the Jacobian
J of the dynamic system is defined as

Jij = −δij
τ

+ Cij . (5.7)

Eqs. (5.5) and (5.6) enable the quick calculation of Q0 and Q1, without
simulating the network activity.

The Lyapunov optimization (LO) starts with zero connectivity (C = 0)
and uniform local variances (Σii = 1). Each iteration of LO aims to reduce
the model error defined as
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E(C,Σ) =
||∆Q0||2

||Q̂0||2
+

||∆Q1||2

||Q̂1||2
, (5.8)

with the difference matrices ∆Q0 = %Q0 − Q0 and ∆Q1 = %Q1 − Q1; the
vertical bars || · || indicate the L1 matrix norm. To do so, we calculate the
model Q0 and Q1 for the current values of the parameters C and Σ by solving
Eqs. (5.5) and (5.6). Similar to a gradient descent, the Jacobian update is given
by:

∆J† = (Q0)−1[∆Q0 +∆Q1FYQN(J†)] , (5.9)

which gives the connectivity update:

∆Cij = ηC∆Jij . (5.10)

where ηC is the optimization rate of C (here ηC = 0.0001). To take properly
the network effects in the Σ update, we adjust the Σ update from the heuristic
update in [22] as was done in [23]:

∆Σ = −ηΣ(J∆Q0 +∆Q0J†) . (5.11)

where ηΣ is the optimization rate of Σ (here ηΣ = 1). We impose non-
negativity both for C and Σ. In addition, off-diagonal elements of Σ are kept
equal to 0 at all times. The optimization steps are repeated until reaching a
minimum for the model error E, giving the best fit and the model estimates.
The C and Σ associated with best predicting model are then taken as a proxy
for the EC between the 24 ROIs and their local cortical excitability (Σ). To fa-
cilitate comparison between RS and VFM, the resulting Σ values were further
grouped across foveal and peripheral ROIs in each hemisphere (giving a total
of 6 new ROIs) and differences between RS- and VFM-derived values evalu-
ated for significance using single sided permutations. A similar approach was
applied to the resulting Cij values (see next section). Further details about the
mathematical formalism of the model and the optimization procedures can be
found in Gilson et al. [22, 23].

������� %FUFSNJOBUJPO PG DPNNPO VOEFSMZJOH TUSVDUVSF JO &$ BOE JUT
SFMBUJPO UP UPQPHSBQIJD BOE BOBUPNJDBM DPOOFDUJWJUZ

Due to the nature of the model parameter estimation, the estimated EC weights
(gain) may incidentally vary across participants (e.g. due to inter-participant
variation, data quality, etc). However, relative differences in EC gain may still
be similar across participants, suggesting a common underlying structure. To
identify if there was a common structure underlying the EC of all participants,
raw EC estimates were first normalized by correcting for relative changes in
EC gain across participants. Importantly, this process renders individual EC
estimates comparable (since weight magnitudes are normalized) and enables
the computation of an unbiased grand average. Gain correction was possible
because, regardless of individual variation in EC gain across participants, the
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comparison of raw EC gain values between each of the 6 possible participant
pairs revealed correlated slopes (The Pearson correlation coefficient between in-
dividuals EC over the 6 possible combinations was, in RS: 0.28, 0.48, 0.43,
0.23, 0.23, 0.37 with p < 10−7 in all cases, and, for VFM: 0.67, 0.73, 0.71,
0.58, 0.61, 0.68 with p < 10−54 in all cases), which we interpret as similar
relative pairwise differences between EC links (and therefore similar structure).

To normalizes EC weights across participants, we re-scaled the individual
EC values by realigning the slopes (estimated as the Pearson correlation coeffi-
cient) of each pairwise EC difference to 1(based on an arbitrary reference parti-
cipant). Subsequently, the normalized EC matrices were classified as intra- or
inter-hemispheric and normalized EC links that appeared consistently across
participants were detected using permutations corrected for multiple compar-
isons (with a threshold of p < 0.05). This allowed us to detect the common
structure underlying the EC of all participants representing it as a binary matrix
of significant connections.

We then went on to examine differences in EC between RS and VFM. To
this end, the normalized EC values that matched the matrix of significant con-
nections were averaged across participants resulting in a grand average EC mat-
rix. The averaged EC values were grouped across all quarter fields to give smaller
EC matrices consisting of 6 ROIs (foveal and peripheral parts of V1, V2 and
V3). Changes in EC between conditions were then quantified by computing
the difference between the resulting VFM- and RS-derived grand average EC
matrices. Finally, differences between RS and VFM were evaluated for signific-
ance across participants using permutations corrected for multiple comparisons.

��� 3FTVMUT
����� 1SPQBHBUJPO PG #0-% BDUJWJUZ BDSPTT FBSMZ WJTVBM DPSUFY

NFBTVSFE XJUI B OPJTF�EJąVTJPO OFUXPSL NPEFM PG &$
Figure 5.1 illustrates the propagation of an apparent wave of BOLD activity
from the anterior calcarine sulcus (periphery of V1) to the occipital pole (foveal
confluence of V1, V2 and V3) during rest (RS) (see Video 1S in supplementary
materials). To estimate the propagation of BOLD activity across early visual
cortex we first obtained visual field maps of V1, V2 and V3 using the popula-
tion receptive field (pRF) method (Figure 5.2A). We then further subdivided
these maps into foveal (below 2.2 deg of eccentricity) and peripheral (above 2.2
deg of eccentricity) quarter-fields (Methods section 2.2). This provided us with
a functional map of cortex based on similarities in both retinotopy and hier-
archy. Second, we characterized BOLD activity propagation patterns during
RS and VFM through V1, V2 and V3 using a data-driven modeling approach
(Methods section 2.3). Here we used the temporal autocovariance constant
derived empirically from the data to calibrate a topologically agnostic (uncon-
strained by anatomical connections) noise diffusion network model of EC and
cortical excitability. Figure 5.2B presents the results from the analysis of the
temporal autocovariance. Different time constants (τ , in seconds) for RS and
VFM (mean (std) = 3.64 (1.46)) for RS and 6.66 (0.98) for VFM, paired t-test:
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'JHVSF ���� "QQBSFOU QSPQBHBUJPO PG #0-% BDUJWJUZ EVSJOH 34 EFQJDUFE JO UIF
nBUUFOFEDPSUJDBM TVSGBDF SFDPOTUSVDUJPOPG UIFPDDJQJUBM QPMFPG POFQBSUJDJQBOU�T DFSFC�
SBM IFNJTQIFSF� &BSMZ WJTVBM mFME NBQT 7� 7� BOE 7� JO POF IFNJTQIFSF BSF PVUMJOFE JO
CMBDL 	E� BOE W� EFOPUF EPSTBM BOE WFOUSBM
� *O UIF BCTFODF PG WJTVBM TUJNVMBUJPO 	F�H� FZFT
DMPTFE UPUBM EBSLOFTT
 TQPOUBOFPVT nVDUVBUJPOT JO #0-% BDUJWJUZ 	JOEJDBUFE CZ UIF IPU BOE
DPME DPMPST
 EVSJOH 34 DBO FYIJCJU FYUFOTJWF TQBUJPUFNQPSBM TUSVDUVSF� ǲJT TUSVDUVSF JODMVEFT
USBOTJFOU TQBUJPUFNQPSBM nVDUVBUJPO QBUUFSOT UIBU SFTFNCMF TUJNVMVT�FWPLFE #0-% XBWFT BT
XFMM BT DPOHSVFOU BOE USBOTJFOU DP�BDUJWBUJPOT UIBU PDDVS BDSPTT UIF WJTVBM mFME NBQT� 7JEFP �4
JO TVQQMFNFOUBSZ NBUFSJBMT TIPXT B NPWJF JMMVTUSBUJOH UIJT QSPQBHBUJPO PG #0-% BDUJWJUZ�

p < 10−5 ) demonstrate different propagation regimes. We then modeled
the spatiotemporal covariance structure of the data by optimizing the noise-
diffusion network parameters, namely the effective connectivity (EC) and the
nodes excitabilities (Σ), to reproduce the empirical spatiotemporal covariances
FC0 and FC1. Figure 5.2C illustrates one iteration step in the Lyapunov optim-
ization (LO) procedure used to solve the model. The goodness of fit between
modeled and empirical spatiotemporal covariances was computed using the lin-
ear regression coefficient R2 between the modeled and the empirical FC0 and
FC1 (see Table 1).

����� $PNNPO VOEFSMZJOH TUSVDUVSFT JO &$
We then asked if there was a common structure underlying the resulting ECs.
Regardless of individual variations in EC values obtained from RS and VFM
data (Figure 5.3A,E), a common underlying structure was revealed both for
RS and VFM. Figures 5.3B and 5.3F compare relative pairwise differences
between EC links in different participants pairs. The Pearson correlation coef-
ficient between individuals EC over the 6 possible combinations was, in RS:

82



5.3. Results

'JHVSF ���� .PEFMJOH UIF QSPQBHBUJPO PG #0-% BDUJWJUZ BDSPTT WJTVBM mFME NBQT 7�
7� BOE 7�� 	"
 7JTVBM mFME NBQT JO TUSJBUF 	7�
 BOE FYUSBTUSJBUF DPSUFY 	7� BOE 7�
 XFSF
NBQQFE VTJOH UIF QPQVMBUJPO SFDFQUJWF mFME 	Q3'
 NPEFMJOH NFUIPE <��>� #BTFE PO UIF WJTVBM
mFME QPTJUJPO TFMFDUJWJUZ FTUJNBUFT UIBU UIF Q3' NFUIPE QSPWJEFT UIFTF NBQT XFSF GVSUIFS TVC�
EJWJEFE JOUP GPWFBM 	CFMPX ��� EFH PG FDDFOUSJDJUZ
 BOE QFSJQIFSBM 	BCPWF ��� EFH PG FDDFOUSJDJUZ

RVBSUFS�mFMET JO CPUI IFNJTQIFSFT HJWJOH B UPUBM PG �� 30*T 	.FUIPET TFDUJPO �����
� 8F VTFE
B OPJTF EJąVTJPO OFUXPSL NPEFM PG FąFDUJWF DPOOFDUJWJUZ 	&$
 UP FTUJNBUF UIF QSPQBHBUJPO PG
#0-% BDUJWJUZ BOE UIF DPSUJDBM FYDJUBCJMJUZ BDSPTT UIFTF GPWFBM BOE QFSJQIFSBM RVBSUFS�mFMET PG
7� 7� BOE 7�� 	#
 -PHBSJUIN PG UIF BVUPDPWBSJBODF PG UIF #0-% BDUJWJUZ BWFSBHFE BDSPTT
QBSUJDJQBOUT BOE 30*T BT B GVODUJPO PG UIF UJNF TIJGU 	Y�BYJT
� ǲF SFE MJOFT MJOL UIF NFBO PG
FBDI CPY QMPU� ǲF UJNF DPOTUBOU τ XBT DBMDVMBUFE GPS FBDI QBSUJDJQBOU BOE DPOEJUJPO 	.FUI�
PET TFDUJPO �����
� ǲF NFBO 	TUBOEBSE EFWJBUJPO
 PG τ PWFS BMM QBSUJDJQBOUT JT JOEJDBUFE BCPWF
UIF CPY QMPUT� ǲF FNQJSJDBM UJNF DPOTUBOUT XFSF VTFE UP DBMJCSBUF UIF OPJTF�EJąVTJPO OFUXPSL
NPEFM� 	$
 4DIFNBUJD EJBHSBN JMMVTUSBUJOH POF TUFQ JO UIF -ZBQVOPW PQUJNJ[BUJPO 	-0
 QSP�
DFEVSF� #Z JUFSBUJWFMZ BEKVTUJOH UIF DPOOFDUJWJUZ $ BOE OPEF FYDJUBCJMJUZΣ PG UIF OPJTF�EJąVTJPO
OFUXPSL UIF NPEFM TQBUJPUFNQPSBM DPWBSJBODF 	Q0Q1
 BQQSPYJNBUFT UIF FNQJSJDBM TQBUJPUFN�
QPSBM DPWBSJBODF 	Q̂0 Q̂1
� 'PS FBDI QBSUJDJQBOU BOE DPOEJUJPO UIF $ BOE Σ DPSSFTQPOEJOH UP
UIF CFTU QSFEJDUJOH NPEFM XFSF UBLFO BT FTUJNBUFT PG UIF VOEFSMZJOH FąFDUJWF DPOOFDUJWJUZ 	&$

BOE UIF MPDBM DPSUJDBM FYDJUBCJMJUZ 	NPEFM PQUJNJ[BUJPO SFTVMUT GPS BMM QBSUJDJQBOUT BSF HJWFO JO
TVQQMFNFOUBSZ 'JHVSF �4
�

83



. Propagation of BOLD activity across human visual cortex

'JHVSF ���� $PNNPO VOEFSMZJOH TUSVDUVSF PG &$ BDSPTT WJTVBM DPSUJDBM BSFBT 7� 7�
BOE 7�� 	"
 %JBHPOBM BOE Pą�EJBHPOBM RVBESBOUT JO FBDI NBUSJY SFQSFTFOU XJUIJO� BOE
CFUXFFO�IFNJTQIFSF &$ BDSPTT WJTVBM DPSUJDBM BSFBT 	HSPVQFE CZ UIF DPMPST
 SFTQFDUJWFMZ� *OTJEF
FBDI DPMPSFE CPY RVBSUFS�mFMET BSF HSPVQFE JO UIF GPMMPXJOH PSEFS 	GSPN MFGU UP SJHIU
� VQQFS
GPWFB VQQFS QFSJQIFSZ MPXFS GPWFB BOE MPXFS QFSJQIFSZ� 'PS FBDI EJBHPOBM BOE Pą�EJBHPOBM
RVBESBOU UIF VQQFS USJBOHMF SFQSFTFOUT GFFECBDL DPOOFDUJPOT BOE UIF MPXFS USJBOHMF GFFEGPSXBSE
DPOOFDUJPOT 	SPXT DPSSFTQPOE UP JOQVUT BOE DPMVNOT DPSSFTQPOE UP PVUQVUT
� 8IJUF QJYFMT SFQSFT�
FOUT TUSPOHFS &$ XFJHIUT BOE EBSLFS QJYFMT XFBLFS &$ XFJHIUT BT JOEJDBUFE CZ UIF DPMPSCBST�
	#
 4DBUUFS�QMPU DPNQBSJOH SBX &$ WBMVFT CFUXFFO EJąFSFOU QBSUJDJQBOUT� %JąFSFOU NBSLFST
EFQJDU FBDI PG UIF � QPTTJCMF QBJST� 	$
 4DBUUFS�QMPU DPNQBSJOH UIF OPSNBMJ[FE &$ WBMVFT PG FBDI
QBSUJDJQBOU UP UIF HSBOE BWFSBHF &$� %JąFSFOU NBSLFST EFQJDU FBDI QBSUJDJQBOU� %FTQJUF JOEJ�
WJEVBM WBSJBUJPO JO PWFSBMM HBJO UIF OPSNBMJ[FE &$ GPS BMM QBSUJDJQBOUT XBT IJHIMZ DPSSFMBUFE
UP UIF HSBOE BWFSBHF� 	%
 $PNNPO TUSVDUVSF JO &$� #MBDL EPUT JOEJDBUF DPOOFDUJPOT UIBU BQ�
QFBSFE DPOTJTUFOUMZ BDSPTT QBSUJDJQBOUT� 4JHOJmDBODF XBT FWBMVBUFE VTJOH QFSNVUBUJPOT DPSSFDUFE
GPS NVMUJQMF DPNQBSJTPOT 	p < 0.05
� 	&�)
 4BNF BT"�% CVU GPS 7'.� %JąFSFODFT CFUXFFO
JOEJWJEVBM &$T XFSF MFTT QSPOPVODFE GPS 7'. EBUB�
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5BCMF ���� (PPEOFTT PG mU CFUXFFO NPEFMFE BOE FNQJSJDBM TQBUJ�
PUFNQPSBM DPWBSJBODFT� 'PS FBDI QBSUJDJQBOU BOE DPOEJUJPO XF FWBMVBUFE
UIF HPPEOFTT PG mU CZ DPNQVUJOH UIF MJOFBS SFHSFTTJPO 	R2 p < 10−50 GPS
BMM DBTFT
 CFUXFFO UIF NPEFMFE BOE UIF FNQJSJDBM TQBUJPUFNQPSBM DPWBSJBODFT
	'$� BOE '$�
�

34 7'.
4VCKFDU '$� '$� '$� '$�

1 0.652 0.629 0.694 0.655
2 0.473 0.329 0.702 0.689
3 0.884 0.829 0.705 0.665
4 0.847 0.819 0.754 0.731

.FBO 	TUE
� 0.71 (0.19) 0.65 (0.23) 0.71 (0.027) 0.68 (0.033)

0.28, 0.48, 0.43, 0.23, 0.23, 0.37 with p < 10−7 in all cases, and, for VFM:
0.67, 0.73, 0.71, 0.58, 0.61, 0.68 with p < 10−54 in all cases. These results
indicate similar relative pairwise differences between EC links (and therefore
similar structure). Figures 5.3C and 5.3G compare the normalized ECs to the
grand average EC. Despite individual variation in overall EC gain, the normal-
ized ECs for all participants were highly correlated to the grand average EC.
The linear correlation coefficient R2 between the normalized individual ECs
and the grand average EC was: 0.60, 0.45, 0.46 and 0.47 for RS and 0.81, 0.67,
0.76 and 0.74 for VFM (p < 10−50 in all cases). These results indicate that
differences between individual ECs are less pronounced in VFM. Figures 5.3D
and 3H depict the EC links that appeared consistently across participants as
directed binary matrices. We used these matrices as estimates of the common
structure underlying the EC in RS and VFM. The common structures in EC
closely matched the homotopy and hierarchy of the underlying anatomical con-
nections (The Pearson correlation coefficient between the EC-structures and
binary matrices for within-hemisphere and between-hemisphere connections
with ones indicating homotopy was: 0.52 for VFM with p < 10−40 and 0.24
for RS with p < 10−9). However, the homotopic organization of these was
better captured in VFM (Figure 5.3H).

����� %JąFSFODFT JO &$ BOEΣ CFUXFFO 34 BOE 7'.
We then went on to examine the topology of the resulting common structures in
EC and their differences between conditions. Figure 5.4 illustrates the common
structures in EC (significant intra- and inter-hemispheric connections) across
the foveal and peripheral quarter-fields of the visual field maps for RS and VFM.
Both in RS and VFM, intra- and inter hemispheric connections linked regions
with similar visual field selectivity, however, less inter-hemispheric connections
were detected. Interestingly, in VFM, inter-hemispheric connections linked
foveal regions only, whereas, in RS inter-hemispheric connections linked peri-
pheral regions only. Both in RS and VFM, feedback connections outnumbered
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'JHVSF ���� &$ TUSVDUVSF GPS 34 BOE 7'. JMMVTUSBUFE JO WJTVBM mFME TQBDF� ǲF DPNNPO
TUSVDUVSFT JO &$ GSPN 'JHVSF ��� 	%)
 BSF EJTQMBZFE IFSF BT OFUXPSLT PWFSMBZJOH �% SFQSFT�
FOUBUJPOT PG UIF WJTVBM mFME QPTJUJPO TFMFDUJWJUZ PG UIF �� 30*T EFmOFE JO TFDUJPO ��� 	WFSUJDBMMZ
TUBDLFE HSJET
 CZ TFQBSBUJOH� �
 JOUSB� BOE JOUFS�IFNJTQIFSJD MJOLT BOE �
 GFFEGPSXBSE BOE
GFFECBDL MJOLT� $PMPST EFQJDU UIF TUSFOHUIT PG UIF HSBOE BWFSBHF &$T 	TFF .FUIPET TFDUJPO �����
GPS EFUBJMT
� *O PSEFS UP BWPJE PWFSMBQT CFUXFFO 7��7� BOE 7��7��7��7� MJOLT XF TIJGUFE UIF
FDDFOUSJDJUZ BTTPDJBUFE UP UIF WJTVBM QPTJUJPO TFMFDUJWJUZ HSJE PG 7� TMJHIUMZ UP UIF QFSJQIFSZ� ǲF
&$ OFUXPSLT UIVT EFQJDUFE TVHHFTU EJąFSFOU JOUFSBDUJPO SFHJNFT JO 34 BOE 7'. 	TFF 'JHVSF ���
GPS B EFUBJMFE BTTFTTNFOU PG UIFTF EJąFSFODFT
� ǲF WFSUJDBMMZ TUBDLFE HSJET BSF PSJFOUFE UP NBUDI
UIF MFGU�SJHIU PSJFOUBUJPO PG UIF WJTVBM mFME�
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'JHVSF ���� %JąFSFODFT JO&$BOEΣ CFUXFFO34 BOE7'.TVHHFTU B SF�DPOmHVSBUJPO
PG GFFEGPSXBSE BOE GFFECBDL JOUFSBDUJPOT� 	"
 "WFSBHF &$ NBUSJDFT GPS 34 	MFGU QBOFM

BOE 7'. 	NJEEMF QBOFM
 PCUBJOFE CZ HSPVQJOH TJHOJmDBOU &$ MJOLT JOUP GPWFBM BOE QFSJQIFSBM
SFHJPOT 7� 7� BOE 7� 	' BOE 1 TUBOE GPS GPWFB BOE QFSJQIFSZ� $PMVNOT SFQSFTFOUT PVUQVU BOE
SPXT JOQVUT� 4FF .FUIPET TFDUJPO ����� GPS EFUBJMT
� ǲF SJHIU QBOFM JMMVTUSBUFT UIF EJąFSFODFT
JO &$ CFUXFFO DPOEJUJPOT 	7'.�EFSJWFE &$ NJOVT 34�EFSJWFE &$
� $FMMT DPSSFTQPOEJOH UP
SFHJPOT UIBU TIPXFE TJHOJmDBOU DIBOHFT JO &$ IBWF BOOPUBUFE UIF OFHBUJWF MPHBSJUIN PG UIFJS
Q�WBMVF 	−log10(p) OPUF UIBU−log10(0.05) = 1.3
� 	#
 $PSUJDBM FYDJUBCJMJUZ BT FTUJNBUFE
CZ Σ� 'PS FBDI DPOEJUJPO JOEJWJEVBM Σ FTUJNBUFT XFSF HSPVQFE JOUP GPWFBM 	'
 BOE QFSJQIFSBM
	1
 SFHJPOT 	BT JO "
 BOE SFQSFTFOUFE BT CMBDL EPUT PWFSMBJE PO CPY�QMPUT 	UIF DFOUSBM NBSL JT
UIF NFEJBO BOE UIF FEHFT UIF ��UI BOE ��UI QFSDFOUJMFT
� " DPNQBSJTPO CFUXFFO 34 BOE 7'.
SFWFBM B TMJHIU EFDSFBTF JO UIJT WBMVF QBSUJDVMBSMZ GPS 7� 	p = 0.033 GPS 7� GPWFB p = 0.118
GPS 7� QFSJQIFSZ p = 0.33 GPS 7� GPWFB p = 0.46 GPS 7� QFSJQIFSZ p = 0.08 GPS 7�
GPWFB BOE p = 0.271 GPS 7� QFSJQIFSZ� 4JOHMF TJEFE QFSNVUBUJPO UFTU
� 8F CFMJFWF UIBU
UIF JODSFBTFE WBMVFT PGΣ GPS 7� GPVOE JO 34 NBZ SFMBUF UP BMQIB BDUJWJUZ 	TFF %JTDVTTJPO TFDUJPO
���
� *O 7'.Σ JT TMJHIUMZ JODSFBTFE JO UIF QFSJQIFSZ PG 7� BOE 7� 	BMUIPVHI OPU TJHOJmDBOUMZ
�
'FFECBDL DPOOFDUJPOT PVUXFJHIFE GFFEGPSXBSE DPOOFDUJPOT CPUI JO SFTUJOH TUBUF 	34
 BOE WJTVBM
mFME NBQQJOH 	7'.
�

feedforward connections.
Subsequently, to interpret changes in the EC and cortical excitability between

RS and VFM, we grouped the corresponding EC and Σ values across the four
quadrants in each visual field map to give foveal and peripheral regions of each
visual field map (the 6 ROIs defined in section 2.3.3). We then evaluated differ-
ences in EC between the two conditions across participants using permutations
corrected for multiple comparisons (with a significance threshold of p < 0.05).
Figure 5.5A illustrates the resulting ECs and the differences between condi-
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tions (VFM-derived EC minus RS-derived EC). These results show that strong
interactions within V1 and V3 in RS are absent in VFM. Conversely, feedfor-
ward interactions between V1 and V2 were present only in VFM, whereas feed-
forward interactions between V2 and V3 were present both in RS and VFM,
although foveal interactions were increased for VFM. Further, feedback inter-
actions between V2 and V1 and V3 and V2 were present both in RS and VFM,
although feedback interactions between V3 fovea and V2 fovea were greatly in-
creased in VFM. Notably, homotopic feedback interactions between V3 and
V1 were only detected in VFM. Figure 5.5B illustrates the differences in cor-
tical excitability between RS and VFM, as estimated by Σ. Changes were most
pronounced in V1, with higher values of Σ for RS. Cortical excitability was
significantly higher for foveal regions of V1 only (p = 0.033. Single sided
permutation test).

��� %JTDVTTJPO
We assessed the propagation of BOLD activity through early visual cortical
areas V1, V2 and V3 during RS and VFM using a data-driven modeling ap-
proach based on a noise-diffusion network model. Informed by the empir-
ical spatiotemporal covariance structure of BOLD cofluctuations within and
between visual cortical areas, this model estimates a topologically agnostic (un-
constrained by anatomical connections) effective connectivity (EC). Our model
decomposes the spatiotemporal structure of BOLD fluctuations into an EC
parameter and a local cortical excitability parameter Σ. Importantly, the com-
bination of the estimated parameters explain the temporal lags between BOLD
signals from all pairs of ROIs, effectively accounting for observed propagation
in the data.

This discussion comprises four sections. In the first section we examine the
neuroanatomical substrate and the possible mechanisms implicated by the dif-
ferent EC interactions estimated for RS and VFM. Our focus here is to emphas-
ize the role of recurrent feedback connectivity and non-stimulus driven inputs,
as well as examine the functional implications of our findings from a theoret-
ical perspective –touching upon the notion of predictive coding [46, 69]. In the
second section, we discuss the possible mechanisms that underlie the changes
in cortical excitability (Σ) observed between RS and VFM and relate those to
changes in EC. In the third section, we relate the BOLD autocovariance decay
constant to different behavioral states. In the last section, we discuss the meth-
odological and theoretical limitations of our study and raise questions for future
research.

����� 3FDVSSFOU DPOOFDUJWJUZ BOE JUT SPMF JO WJTVBM QSPDFTTJOH
We demonstrate that the propagation of BOLD activity across the topography
and hierarchy of (e.g. within and between) visual field maps V1, V2 and V3 re-
veals different directed interaction regimes for RS and VFM (Figure 5.3). We
relate these differences in EC to a task-dependent reconfiguration of feedfor-
ward and feedback interactions (Figure 5.4). Across visual field maps, feedfor-
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ward EC interactions between the foveal representations of V1 and V2 were
found in VFM but not in RS. However, later in the hierarchy, feedforward in-
teractions between V2 and V3 were observed both in RS and VFM, though
foveal interactions were increased in VFM (Figure 5.5A). We attribute these
increased feedforward interactions during VFM, both between V1 and V2, and
between V2 and V3, to stimulus-induced changes in neuronal interactions while
participants are fixating on the screen, likely reflecting increased bottom-up pro-
cessing of the stimulus across the visual hierarchy. Furthermore, homotopic
feedback interactions between V2 and V1, and V3 and V2, were observed both
in RS and VFM, although foveal interactions between V3 and V2 were greatly
increased in VFM, again pointing to stimulus-induced changes. Remarkably,
homotopic feedback interactions between V3 and V1 were only observed for
VFM (Figure 5.5A), evidencing the role of extra-striate feedback in visual cor-
tical processing.

At the level of individual visual field maps, we found directed EC interac-
tions from the peripheral to the foveal representations of V1 and V3 in RS
but not in VFM. In principle, these periphery-to-fovea interactions may re-
flect a bias in the spontaneous propagation of correlated neuronal activity along
gradients of anatomically connected pathways or ’connectopies’, such as the
eccentricity map in the calcarine sulcus [26]. Also, other mechanisms such as
intrinsic fluctuations in the ratio between excitation and inhibition and the mod-
ulation of lateral inhibitory coupling are known to give rise to spontaneous wave
propagation patterns [17, 37]. Input changes, such as the restructuring of cor-
ticothalamic network activity, might adjust the balance between excitation and
inhibition in cortical neuronal populations in a state-dependent way [79]. One
interesting possibility is that these periphery-to-fovea interactions reflect large-
scale cortical waves traveling in the frontal-to-occipital direction. Pre-stimulus
waves in the alpha range [65] as well as slow <1 Hz waves propagating in an
antero-posterior direction during sleep and calmness [53, 54] have been repor-
ted and may have a functional relevance [51, 39, 41]. In the absence of stimu-
lation, the increased periphery-to-fovea EC interactions may well reflect visual
cortical operations related to memory consolidation and learning [58]. On the
other hand, the absence of periphery-to-fovea interactions during VFM can
be explained by the stimulus set. Since the VFM stimuli consisted on a bar
drifting at various orientations, the direction of neuronal response propagation
may be balanced out and not reflected in EC estimates, which aim to assess
stationary propagation patterns. Another line of evidence points to feedback
modulation by top-down processes associated with the predictability of a given
stimulus. Previous studies have suggested that predictable stimuli (e.g. drifting
bars) induce less neuronal activity in early visual cortical areas than unpredict-
able stimuli [9, 30]. Concomitantly, this reduced neuronal activity induced by
predictable stimuli has been shown to result in suppressed BOLD responses
in early visual cortex [72, 73]. These results can also be interpreted within a
predictive inference framework [86, 60, 46]. In this framework, recurrent feed-
forward/feedback loops serve to integrate top-down contextual priors (predic-
tions) and bottom-up visual input by implementing a convergent probabilistic
inference along the visual hierarchy. From this perspective, the increased feed-
back to V1 and V2 observed for VFM might be interpreted as the dampening
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of feedforward visual responses according to prediction errors originated by the
mismatch between incoming signals and feedback priors [46, 69, 19, 20, 71].

����� $PSUJDBM FYDJUBCJMJUZ� QPTTJCMF NFDIBOJTNT
Cortical excitability in RS, as quantified by Σ, was more variable than during
VFM and was increased in V1, particularly in foveal representations (Figure
5.5B). These differences in cortical excitability between foveal and peripheral
regions, although not consistently reaching statistical significance (p = 0.033
for V1 fovea), may still have functional implications. Interestingly, this increase
in cortical excitability was accompanied by strong directed interactions in EC
from the periphery to the fovea of V1 that were absent in VFM (Figure 5.5A).
One possibility is that these differences are related to changes in the power of
occipital alpha oscillations, known to increase during wakeful detachment from
the environment (i.e RS) [88, 32]. If changes in the power of occipital alpha os-
cillations are partly captured by Σ, reduced cortical excitability in foveal regions
of V1 could be interpreted as reflecting surround suppression and facilitation in
the fovea while participants are fixating on the screen [32, 27]. Indeed, during a
visual task, alpha oscillations in V1 have been associated with increased negative
BOLD responses and shown to vary as a function of stimulus position and local
receptive field surround [32]. The highly localized nature of these oscillations
points to a role of intra-cortical axons in surround suppression [74, 75, 32, 38].
In line with these studies, changes in Σ were identified in the foveal representa-
tion of V1 but not in extrastriate areas V2 and V3, likely reflecting the localized
nature of occipital alpha oscillations.

Extrastriate feedback to V1 may play a role modulating the balance between
inhibition and excitation, known to change between task and rest, thereby re-
flecting differently in the BOLD signal during RS and VFM [45, 67]. In the
absence of visual input (RS), changes in cortico-cortical connectivity may leave
V1 in a ’baseline’ state of potential excitation, whereas during VFM, both ex-
ternal visual input and top-down feedback influences may modulate the balance
between inhibition and excitation resulting in suppressed BOLD responses in
V1 –thus attenuating cortical excitability [3, 72, 73]. The fact that we found
lower values of Σ in the fovea of V1 for VFM corroborates this view.

����� 3FMBUJPO PG UIF #0-% BVUPDPWBSJBODF EFDBZ DPOTUBOU UP
CFIBWJPSBM DPOEJUJPO

The temporal decay constants of the autocovariance (τ ), derived empirically
from the RS and VFM data, determined the rate at which the fluctuations dif-
fused through the noise-diffusion network model. Higher values of τ imply
longer temporal memory (e.g. the system’s past dynamics have a stronger in-
fluence on its future dynamics). Importantly, the determination of consistent
different decay constants for RS and VFM demonstrated that propagation was
present in both cases, albeit at different temporal scales. Estimates of τ obtained
from VFM data were greater than those derived from RS data (Figure 5.2B),
indicating longer temporal memory during VFM. This is in contrast to previous
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studies showing that temporal memory decreases during task compared to RS
[34, 35]. By estimating task-induced decreases in the power-law exponent of
BOLD fluctuations across widespread brain regions, these studies suggest that
the temporal memory is longest during RS. They relate the larger power-law
exponent found in RS to higher time-lagged autocovariances and interpret this
as longer temporal memory. We find that the temporal memory (estimated
by τ in our study) of visual cortical BOLD fluctuations is greater during task
(here VFM) than RS. One possible reason for this differing results is that He
and colleagues examined widespread whole-brain interactions, whereas here we
examined BOLD signal dynamics at a more local scale (the cortical surface of
individual visual field maps) and with higher resolution (7T). Furthermore, our
results are specific to early visual cortex and therefore may not generalize to
the whole brain. Another possible explanation is that these studies were based
on eyes-open RS (fixation on a white cross-hair in the center of black screen)
whereas we used eyes-closed RS. These different measurement scales and task
protocols may well explain the observed differences.

In our study, the longer temporal memory found in VFM likely reflects
stimulus induced interactions. By giving rise to slow frequency fluctuations
in the BOLD signal that are spatially correlated with the stimulus position,
these interactions may lead to higher temporal redundancy and therefore longer
memory depth (higher τ ). On the other hand, the absence of stimulus induced
interactions during RS may lead to a decrease in spatiotemporally correlated
slow fluctuations, leaving intrinsic fluctuations and fast transitions to domin-
ate the temporal autocovariance structure (thus reducing τ during RS). Finally,
the aforementioned studies [34, 35], computed the power-law exponent of the
fMRI time series by using the low frequency range (< 0.1 Hz) of the power
spectrum, whereas we computed τ from minimally preprocessed BOLD time
series to which only detrending and demeaning was applied. By avoiding such
low-pass filtering, we allowed faster fluctuations to influence our estimates of τ .
All these lines of evidence suggest that, in early visual cortex, the temporal scale
of BOLD activity propagation differs between RS and VFM. Compared to the
slow and spatially widespread (long) propagation patterns evoked by the VFM
stimulus, intrinsic fluctuations during RS tend to unfold locally in space and
time. These shorter and more localized propagation events may dominate the
spatiotemporal covariance structure and explain the increased EC within-area
interactions observed during RS.

����� -JNJUBUJPOT BOE JOUFSQSFUBCJMJUZ PG UIF NPEFM
An important limitation in the present study was the fact that we only con-
sidered a subset of all existing connections. This might have neglected the con-
tribution of indirect connections to estimated changes in the EC, as dependen-
cies may arise from indirect interactions in the underlying anatomy. Similarly,
the increased Σ values identified during RS in the foveal representation of V1
may reflect input from other brain areas as well.

Other possible limitations derived from the fact that our approach was dif-
ferent from the original implementation of the noise-diffusion network model
[22, 23] in two aspects: 1) Diffusion tensor imaging (DTI) can’t estimate struc-
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tural connectivity at the spatial scales involved here. Therefore, our implement-
ation was topologically agnostic compared to these previous studies: no struc-
tural connectivity matrix (e.g. DTI-derived) was used to constrain the EC; 2)
we apply the approach to the scale of individual visual field maps whereas it was
originally devised for whole-brain analyses (ROI ∼ 500-1000 voxels instead of
∼ 50 here) [22, 23]. However, we think the approach is still valid since there
are known strong anatomical connections between V1, V2 and V3. Also, re-
gional variation in the hemodynamic response is less pronounced at this scale
[49], which further justifies the implementation of the model.

Another limitation is that we only allowed positive weights to be adjusted
in the EC, which lead us to interpret the intrinsic variability of the model (Σ)
to the aggregate changes in cortical excitability across both inhibitory and ex-
citatory neuronal populations. We justify this decision based on the metabolic
underpinnings of the BOLD signal: inhibitory functions, which are supported
more by oxidative mechanisms than by excitatory signaling, may contribute less
than excitatory functions to the measured BOLD activity [13]. Therefore, excit-
atory glutamatergic input to principal neurons might influence EC more than
modulatory functions, which are exerted by a mostly inhibitory interneuronal
network [13].

Furthermore, allowing negative correlations between one voxel and another
allows connections between a voxel where the stimulus is in the centre of the
pRF and a voxel where the stimulus is in the suppressive surround. Suppressive
surrounds are large, so this is likely to lead to widespread spurious EC. Based on
these reasons, we believe that positive weights in the EC are enough to capture
the underlying neuronal interactions that shape BOLD responses.

We note that our aim was not to infer the detailed causal mechanism that
give rise to the propagation of BOLD activity. Rather, our aim has been to
assess the utility of a specific effective connectivity framework (a topologically
agnostic noise-diffusion network) to quantify BOLD activity propagation at
the level of the individual cortex. However, we note that local variation in
neurovascular coupling profiles may hinder our analysis [4, 64], as they would
affect the EC values (but less likely their modulations across conditions). Nev-
ertheless, we do not model the hemodynamic response function for a number
of reasons. First, we assume the HRF to be relatively constant across V1, V2
and V3, even though the underlying vascular network may introduce certain
non-uniformity [31, 28, 82, 49]. Second, our model reproduces the empirical
spatiotemporal covariance analytically, and therefore does not rely on generative
models of neuronal activity and neurovascular coupling to simulate the BOLD
time series. While such an approach would be valuable to address questions of
mechanistic causality, we think that the current temporal and spatial resolution
of fMRI leaves such questions out of reach.

The time- and task-dependent nature of BOLD activity propagation pat-
terns poses the question of how closely directed interactions map onto structural
connections [1]. An emerging view suggests that structural connection pat-
terns are indeed major constraints for the dynamics of brain activity [15], which
are partly captured by functional and effective connectivity. However, whether
BOLD propagation is generated only through temporally ordered processes of
neuronal origin unfolding through underlying neuroanatomical networks, or
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also through additional changes in physiological, metabolic or vascular variables
remains an issue of debate [54]. Indeed, the precise neuronal mechanisms that
determine the spatial and temporal distribution of BOLD signal cofluctuations
and propagation are not yet fully understood. If BOLD fluctuations reflect the
consequences of spiking activity, aggregate sub-threshold fluctuations [50], or
metabolic relationships among neurons, astrocytes and the supporting capillary
network (e.g. neuro-vascular coupling) [62, 63], is an area of ongoing research.
On the one hand, BOLD activity propagation patterns within areas during
VFM, together with transient, retinotopically selective, co-activation between
different visual areas, appears to reflect retinotopically organized switching of
spiking input activity between voxels sharing similar visual field position se-
lectivity and tuning characteristics [42, 7, 47, 85]. On the other hand, during
RS, BOLD propagation patterns may reflect the footprint of slow subthreshold
fluctuations in local field potentials, which can be retinotopically organized and
are known to be good predictors of the BOLD signal spatiotemporal covariance
structure [52, 14]. Indeed, a recent study by Matsui and colleagues [54] using
neuronal calcium signals and simultaneous hemodynamic recordings brings to-
gether these lines of evidence by demonstrating that both global fluctuations, in
the form of waves propagating across cortex, and transient local co-activations
in calcium signals are necessary for setting the spatiotemporal covariance struc-
ture of hemodynamic signals [54]. Another line of evidence points to neuronal
mechanisms of inter-areal coupling and modulation reflected in the estimated
changes in EC. A recent study analysed simultaneous recordings from V1 and
V4 in monkeys and showed that feedforward interactions from V1 to V4 were
based on frequencies around the gamma band [83, 56] whereas feedback inter-
actions from V4 to V1 were supported by alpha activity [11, 90]. These study
highlights the important fact that different temporal processes may be used as
channels over which ’information’ flows between visual cortical areas. Therefore,
care should be taken when interpreting the nature of the estimated interactions
in EC.

Furthermore, non-neuronal mechanisms such as the wave-like propagation
of hemodynamic activity originating in pial arterioles has been described [70]
and related to oscillations in systemic blood pressure (the so called ’Mayer waves’)
[40]. Similarly, large veins draining to the dural sinuses near the occipital
pole, which are known to modulate the phase of nearby hemodynamic fluc-
tuations with little effect on signal amplitude [55, 89], may also play a role in
shaping, for instance, the periphery-to-fovea interactions observed during RS.
Moreover, acting as a temporal low pass filter, neurovascular coupling mechan-
isms involving the activity of astrocytes [63] and the diffusion of vasodilatory
signalling molecules (e.g. nitric oxide) may play an important role in setting the
pace of BOLD activity propagation patterns. Together, all these lines of evid-
ence point to the importance of considering the multiple physiological factors
implicated in shaping the BOLD signal when interpreting patterns of BOLD
activity propagation.

The different propagation patterns of BOLD activity during RS and VFM,
as assessed with the present EC analysis, demonstrate distinct cortical dynamics
during visual stimulation and in its absence [43, 48]. Nevertheless, in a previ-
ous analysis of the present dataset we found that BOLD activity across cortical

93



. Propagation of BOLD activity across human visual cortex

locations of V1, V2 and V3 sharing similar visual field selectivity (functionally
homotopic) can co-fluctuate during RS, enabling the estimation of connective
field models from RS data (see Figure 3 in Gravel et al. (2014)) [25] that re-
semble those obtained from VFM data. The fact that retinotopically congruent
cofluctuations in BOLD activity across visual cortical areas can also occur dur-
ing RS [36, 25, 12] suggests that non-retinal and ’top-down’ influences, such
as feedback modulation of V1 responses, may play a role generating structured
patterns of BOLD propagation [59]. A variety of behavioral processes, such as
memory consolidation and learning, may recruit V1 into a processing stream,
even without external visual stimulation [44, 77, 67]. Together, these studies
suggest that, during RS, periods of highly organized neuronal activity in the
visual cortex give rise to transitory periods of retinotopically organized BOLD
activity propagation. Cofluctuations within and between early cortical visual
field maps may follow, likely reflecting different states of cortical processing
[21].

Finally, the current study assesses BOLD propagation in four healthy parti-
cipants. Although our results are consistent across participants, further studies
involving more participants are advised. Moreover, the EC models were estim-
ated based on entire RS and VFM scans. As such, they estimate average BOLD
propagation patterns and do not capture specific intervals of variation in these.
To establish the neuronal mechanisms underlying the observed changes in EC,
further research is still necessary.

��� $PODMVEJOH SFNBSLT
We have shown that the propagation of BOLD activity through early visual
cortex reveals different directed interaction regimes across the topography and
hierarchy of visual cortical areas V1, V2 and V3 during both RS and VFM. We
relate these differences in the estimated EC to a task-dependent reconfigura-
tion of feedfoward and feedback interactions throughout the visual system, and
changes in Σ to a task-dependent neuronal modulation of local cortical excitab-
ility. Our results add to a growing body of evidence suggesting that recurrent
connectivity and cortico-cortical feedback plays an important role in visual pro-
cessing. They are consistent with the hypothesis that directed influences (e.g.
feedback to V1), as well as intrinsic connectivity (e.g. cortical excitability), inter-
act differently during visual stimulation and rest as a consequence of the visual
system using an efficient predictive strategy to process incoming stimuli. We
conclude by answering our original question of how the propagation of BOLD
activity can also reveal relevant aspects of brain activity at a more local scale.
By acknowledging the existence of propagated disturbances in BOLD activity,
our approach provides a simple method to infer the local excitability of visual
cortical areas and the directed influences unfolding among them during distinct
behavioral states.
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��� 4VQQMFNFOUBSZ .BUFSJBM
Please refer to the online version of this article (EPJ�PSH���������������) for
the supplementary material.
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General discussion 6

The aim of my thesis was to investigate the extent to which there is neuroana-
tomical organization and functional meaning to be found in resting-state func-
tional magnetic resonance imaging (RS-fMRI) recordings from the human
visual cortex. To this end, I used advanced anatomical MRI and fMRI tech-
niques and novel fMRI analysis methods that allow for characterization of the
spatial and temporal organization of intrinsic fluctuations in BOLD activity
across the striate (V1) and extrastriate (V2 and V3) visual cortex. My results
speak to the link between intrinsic patterns of intra- and inter-areal functional
interactions and the underlying neuroanatomical organization of the visual cor-
tex. They relate changes in those interactions to different behavioral states. My
findings provide evidence that intrinsic fluctuations in fMRI activity recorded
from early cortical visual field maps are pointers to functionally relevant pro-
cesses and support the use of RS-fMRI for characterizing visual cortical func-
tion and connectivity in health and disease.

��� 4VNNBSZ PG mOEJOHT
����� 7JTVPUPQJD NBQT GSPN SFTUJOH TUBUF
In DIBQUFS �, I mapped cortico-cortical population receptive fields between V1,
V2 and V3 using connective field (CF) modelling and showed that retinotopic-
ally organized CF maps —like the those based on visual field mapping data—
can be obtained from RS data. Previous studies have found cortico-cortical con-
nectivity patterns in RS data [12, 20], but did not reveal the detailed visuotopic
maps directly from RS data that I found. However, I found that only part of
the RS data supported the derivation of retinotopically organized maps. One
way to interpret this finding is that the retinotopically organized co-fluctuations
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between cortical visual field maps occur in the form of spatially and temporally
discrete events. Due to the non-stationary nature of RS-fMRI activity, ret-
inotopically organized RS-derived visuotopic maps —which in my case were
computed for 6-minute recordings— might reflect the density of such local
events. Alternatively, physiological factors such as motion, respiration and
changes in input from the autonomous nervous system might contribute differ-
entially from recording to recording [18, 26]. Another interesting possibility is
that this type of activity in early visual areas reflects non-retinal neuronal input
to the visual cortex as well. However, based on the present data, I cannot de-
termine the extent to which the variability is explained by genuine changes in
neuronal activity or such other factors.

����� 4JNJMBS TZODISPOJ[BUJPO DMVTUFST JO SFTUJOH TUBUF BOE WJTVBM
mFME NBQQJOH

In DIBQUFS �, I examined synchronization patterns of fMRI activity across V1,
V2 and V3 in RS and visual field mapping (VFM) fMRI data. I found synchron-
ization clusters that were similar, regardless of whether they were derived from
RS or VFM data. However, phase synchronization is more extensive in VFM,
likely reflecting stimulus induced interactions between local responses. I also
found that synchronization clusters with similar retinotopic selectivity are syn-
chronized across the hierarchy of the visual cortical areas and hemispheres, re-
flecting homotopic anatomical connections. My findings suggest that synchron-
ization clusters obtained from RS and VFM share a common neuroanatomical
origin. My work corroborates previous studies that have found similar patterns
of neuronal interactions using different methods [20, 2, 19]. Importantly, my
findings justify and facilitate the direct comparison of RS and stimulus-evoked
activity.

����� *U JT GFBTJCMF UP PCUBJO DPOOFDUJWF mFME NBQT BOE
TZODISPOJ[BUJPO DMVTUFST GSPN �5 G.3* BDUJWJUZ

In DIBQUFS �, I studied the feasibility of reproducing the findings of DIBQUFS
� � � using 3T instead of 7T fMRI. I found that the results obtained at 3T
are in fair agreement to those obtained previously with 7T data, despite the
lower resolution and reduced signal-to-noise ratio of the 3T data. I categorized
the limitations affecting the feasibility of reproducing the results into factors
related to the acquisition and preprocessing of the data (e.g., artifacts result-
ing from excessive movement, poor segmentation or misaligned volumes that
may hinder an accurate pRF mapping) and factors related to the nature of the
measurements (lower resolution, tissue specificity and SNR) and related the dif-
ferences between 3T- and 7T-derived results mostly to the second category. I
suggest that the quality of the measurements at 3T could be further improved
by avoiding excessive movement, adding a denoising step, and achieving a good
alignment and segmentation.
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����� 1SPQBHBUJPO PG #0-% BDUJWJUZ SFWFBMT UBTL�EFQFOEFOU
DIBOHFT JO FąFDUJWF DPOOFDUJWJUZ

In DIBQUFS �, I modeled cortical excitability and directed interactions across V1,
V2 and V3 to explain task-dependent propagation patterns in BOLD activity
in RS and VFM. I found that the differences in cortical excitability and directed
interactions between RS and VFM point to a task-dependent reconfiguration of
local, feedforward and feedback interactions across the visual system. Previous
studies have shown task-dependent reconfiguration of directed interactions a
the scale of the whole brain [15, 10]. Here, my main contribution is that I show
that this type of change in interactions can also be found at the mesoscopic scale
of cortical visual field maps.

��� %JTDVTTJPO
In order to establish the functional relevance of intrinsic fMRI activity across
visual field maps (V1, V2 and V3), I used a data-driven modeling approach to
compare the spatiotemporal characteristics of intrinsic co-fluctuations in fMRI
recordings acquired while subjects were in RS to those obtained during VFM.
I showed that fMRI activity recorded from these areas during RS followed the
underlying retinotopic organization. Intrinsic variations in BOLD activity and
inter-areal coupling occurred in a coordinated manner between cortical visual
field maps. Importantly, differences in the structure of directed interactions
between RS and VFM reveal a task-dependent reconfiguration of feedforward
and feedback interactions across the visual system. Hence, they constitute state-
dependent interactions between distinct parts of the visual cortices. Therefore,
these patterns suggest that the intrinsic variations are partly a consequence of
functionally relevant brain events. The variations itself need not be relevant, but
can simply be an epiphenomenon related to functional events. They are like the
ripples that indicate that a stone was thrown in the water.

In what follows, I will relate the findings of my thesis to different perspect-
ives.

����� &WPMVUJPO EFWFMPQNFOU BOE IPNFPTUBTJT
Animal nervous systems are intricate and complex, yet smoothly interface the
animal’s internal state to its sensorium [29]. How an organism coordinates its
internal and external affairs efficiently —thereby narrowing an immense num-
ber of possibilities to behaviorally relevant ones— is one of the most challen-
ging questions in contemporary neuroscience. Any attempt to answer this ques-
tion would be impossible without situating the organism in its ecological con-
text. Constrained by evolutionary and developmental expediency forces, the
neuroanatomical circuitry of the human sensory cortices has been shaped ac-
cording to the structural properties of our perceptual habitats. Hence, from
this broader naturalistic perspective, finding patterns of highly organized in-
trinsic activity in the visual cortex —as I did— is not a mystery but something
to be expected.
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For example, it has been shown that —during the development and morpho-
genesis of the nervous system— spontaneous retinal waves contribute to the
formation of ocular dominance columns and retinotopic maps [1]. Moreover,
patterns of intrinsic neuronal activity in the visual cortex can be remarkably
similar to those evoked by visual input, suggesting that sensory input modu-
lates pre-existing patterns rather than evoking the neuronal activity all by itself.
Additional insight on the role of intrinsic brain activity comes from homeo-
static mechanisms [ ]. The balance between excitatory and inhibitory func-
tions within neuronal populations maintains a stable working point in which
the populations can optimally process incoming signals according to the de-
mands posed by different behavioral states and tasks [11]. As a result, neuronal
populations experience transitions between quiescent (Down) and depolarized
(Up) states [25]. Sculpted by the underlying neuroanatomical backbone, in-
trinsic transitions between Down and Up states may result in spatiotemporally
correlated population activity. Indeed, using neuronal calcium and intrinsic
signal imaging in vivo, Matsui and colleagues have found that transient neur-
onal coactivations embedded in widespread propagating waves may underlie
RS hemodynamic fluctuations [14]. Therefore, an interesting possibility is that
these fluctuating dynamics reflect in the RS-fMRI signal as retinotopically or-
ganized fluctuations and patterns of inter-areal coupling. If this is the case, the
retinotopically organized CF maps that I derived from RS-fMRI data might
be the footprint of such dynamic processes.

����� &WPLFE WFSTVT JOUSJOTJD BDUJWJUZ
Compared to understanding the relevance of externally evoked activity (e.g.,
during stimulation), contemporary research has paid relatively little attention
to understanding the meaning of changes in intrinsic activity. In a way, this
is strange since the changes in energy consumption that stimulation evokes in
the brain are small compared to the energy spent in sustaining intrinsic fluctu-
ations in brain activity [3]. Moreover, the common approach of averaging across
many trials effectively allows the identification of consistent responses, but neg-
lects the potential informativeness of variability. Nevertheless, since evoked
responses can be controlled and are relatively robust, intrinsic activity has been
typically regarded as and treated as noise. This has the advantage of being able
to separate meaningful ”signals” from the “noisy” baseline fluctuations. But this
focus holds a risky assumption: the brain is conceived as a passive receiver of
incoming signals transmitted by the world, with the visual system being just a
channel. This view implicates the notion of an ulterior observer, which brings
us back to disparate metaphors such as the Cartesian theater [5]. On the other
hand, if the brain is conceived as being primarily concerned with maintaining
its internal dynamics —and the environmental input modulating rather than
driving it— the spontaneous endogenous dynamics by necessity hold meaning
and are not simply noise.

Seeing the brain in this light, I would like to advocate that —in addition
to externally triggered responses— there is a constant stream of internal pro-
cesses that we should not ignore. Drawing from Shannon’s information theory,
I propose that any responses to external input are affected by the current state
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of the receiver and the channel, and not just by the sender [23]. In this sense,
there is no such thing as objective information because information is always
subject to interpretation by a receiver. Put differently, for a signal to be truly
informative, it has to make a difference to a receiver –in this case the brain. In
most contemporary neuroimaging studies, brain signals are interpreted from
the perspective of an external observer (‘experimenter-as-receiver’). However,
the question is whether those signals are actually used by the rest of the brain
(‘cortex-as-receiver’) [4]. Retinotopic maps are a prime example of this.

����� 1SFEJDUJWF DPEJOH BOE FOBDUJPO
Traditional models of brain function and information processing can be re-
garded as ‘sandwich models’ in the sense that they assume three stages of in-
formation processing. Akin to the reflex-arc paradigm, perception, cognition
and action follow each other in a sequential fashion. This view of brain function
has proved useful to understand brain activity and its neuronal correlates in a
variety of experimental and clinical conditions. However, over the past decades,
its limitations have also become apparent and a paradigm shift has taken place.
The new paradigms suggest that information processing can be explained from
a more constructivist and enactive perspective that speaks to recurrent neur-
onal processing and a circular causality among processing stages and the world
[27, 9].

From this perspective, the visual cortex is not just driven by feedforward
external input but by a hierarchical inference machinery built upon internal
models derived from learned associations [28, 16, 21, 13, 30]. According to the
predictive coding hypothesis, the main function of this machinery is to predict
sensory input [8, 21]. The difference between the incoming sensations and the
internally generated predictions gives rise to prediction errors. Subsequently,
these prediction errors are used to update the neuronally encoded models of
the causes that generated the expected sensation [7]. The preponderance of
feedback connections in the visual cortex supports this view [22, 24].

In DIBQUFS �, I observed state-dependent changes in feedforward, feedback,
and local interactions. Interestingly, I found that feedback from V3 to V1 only
could be observed during stimulation. This feedback may well relate to modu-
latory signals generated by the putative predictive coding mechanisms [6]. If
this is the case, the signals underlying these feedforward and feedback interac-
tions are neither purely sensory, nor purely intrinsic or modulatory, but have
sensory and intrinsic components that reveal us as organisms actively involved
in the world, rather than as its passive observers [17, 30].

��� 'VUVSF SFTFBSDI BOE BQQMJDBUJPOT
In the introduction, I stated the expectation that a better understanding of
the relationships between neuronal activity, brain anatomy and hemodynam-
ics would help develop RS-fMRI as a valuable tool for fundamental and ap-
plied —non-invasive— research in humans. I believe my work has contributed
to realizing this goal. I have implemented new techniques to estimate visuo-
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topic connectivity from RS-fMRI data, assessed the similarities between RS
and VFM fMRI data and implemented an approach to measure directed inter-
actions across early visual cortical areas.

The novel analysis techniques and analyses methods implemented in my
thesis have made it possible to establish similarities and differences between RS
and stimulus-evoked fMRI activity. Future studies could assess task-dependent
changes at the mesoscopic scale of cortical visual field maps in different experi-
mental and behavioral conditions in health and disease. With appropriate ana-
lysis techniques, even more details could be extracted from the RS data, such
as the temporal density of retinotopically organized fluctuations. This would
allow to relate moments of organized activity in early visual cortex to activity
in other brain regions and the interpretation of these as the consequences of
non-retinal visual processing.

Future studies could apply and extend the techniques used in my thesis to
study the properties of deafferented parts of visual cortex or cortical lesion pro-
jection zones. This could reveal changes in cortical function in patients with
glaucoma, macular degeneration and other eye or brain diseases. Deficient
top-down processing is implicated in neuropsychiatric diseases, such as schizo-
phrenia. My methods could be used to shed light on interactions across cortical
visual field maps in various patients with visual hallucinations. This might re-
veal possible imbalances in their feedforward-feedback integration mechanisms.
This could be combined with eye-tracking and stimuli that invite predictive re-
sponses to examine aberrant precision control in such clinical populations.

Of interest to future studies of RS activity in visual cortical areas is the cor-
rection of physiological factors such as head motion, respiration and changes
in the autonomic nervous system input, which might contribute differentially
from recording to recording [18]. More sophisticated acquisition and analyses
approaches could allow examining the quality of processing in the visual cor-
tex with an eye on predicting the success of rehabilitation or retinal or cortical
implants.

��� $PODMVTJPOT
For this thesis, I posed as my main question: What can we learn about the
neuroanatomical organization of the human visual cortex from RS-fMRI re-
cordings?

First of all, I found similar visuotopic connective field maps and synchroniz-
ation clusters in resting state and visual field mapping. Moreover, I found that
it is feasible to obtain such connective field maps and synchronization clusters
from 3T fMRI activity. I also made suggestions for how the quality of measure-
ments at 3T could be further improved. Finally, I found that the propagation
of BOLD activity reveals task-dependent changes in the effective connectivity
in the visual cortex. Here, my main contribution is that I showed that these
types of change in the interactions can also be found at the mesopic scale of
cortical visual field maps. They point to a task-dependent reconfiguration of
local, feedforward and feedback interactions across the visual system.
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Hence, my main answer to my question is that RS-fMRI recordings can re-
veal a remarkable amount of detailed properties regarding the functional neuroana-
tomical organization, also at the relatively fine scale of the human visual cor-
tex. Further, my findings justify and facilitate the direct comparison of RS and
stimulus-evoked activity. While I have focused on RS activity, the methods
presented in this thesis can also be applied to study task-dependent changes in
a variety of experimental and behavioral conditions, both in health and disease.
Finally, my results establish RS-fMRI recordings as an important tool to query
the neuroscientific framing of our inner mental life.
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The existence of intrinsic neuronal activity has been demonstrated at many
scales using a variety of methodological approaches, yet its biological relevance
is only beginning to be understood. One way to study intrinsic neuronal activ-
ity in humans is by using resting-state (RS) functional magnetic resonance ima-
ging (fMRI). In this thesis, I investigated the neuroanatomical organization
and the biological relevance of RS-fMRI activity recorded from the human
visual cortex. Using novel analysis methods, I examined the spatial and tem-
poral organization of intrinsic fluctuations in fMRI activity across striate (V1)
and extrastriate visual cortex (V2 and V3).

First, I asked whether cortico-cortical neuronal interactions between differ-
ent cortical visual field maps could be characterized using RS-fMRI. I show that
it is possible to map, based on RS-fMRI recordings, the cortico-cortical neur-
onal interactions between V1, V2 and V3. My results corroborate the view that
intrinsic neuronal activity reflects underlying neuroanatomical organization.

Next, I asked whether intrinsic fMRI activity was comparable to that evoked
by visual field mapping (VFM) stimulation. By detecting patterns of spatially-
localized synchronized activity in fMRI activity, I found spatial patterns of syn-
chronized fMRI activity that were similar in RS and VFM. However, for the
activity obtained during stimulation, synchronization was spatially more extens-
ive, reflecting the stimulus driven interactions between neighboring locations in
the visual cortex. The resemblance of the synchronization patterns derived from
RS and VFM suggest that their underlying causes share common organizational
principles.

Building on these first two experiments, I also examined the feasibility of
reproducing the findings of the previous two experimental chapters using data
acquired with a 3T rather than a high-resolution 7T scanner. Despite the lower
resolution and signal-to-noise ratio of the 3T data, I find that the results ob-
tained with it are in agreement to those obtained previously with 7T data. I also
made suggestions for how the quality of measurements at 3T could be further
improved.

Finally, I asked whether the propagation of fMRI activity within and between
V1, V2 and V3 relates to structured neuronal activity. To explore this question,
I implemented a descriptive model aimed at disentangling various contribu-
tions to measured fMRI activity. Applying this approach to 7T fMRI data re-
vealed changes in cortical excitability and directed interactions in RS and VFM.
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Thesis summary

Moreover, my results pointed to a task-dependent reconfiguration of local, feed-
forward and feedback interactions within and across V1, V2 and V3. Here, my
main contribution is that I show that it is possible to separate the contribution
of local cortical activity and directed influences at the scale of cortical visual field
maps.

I conclude my thesis by interpreting and discussing my findings in the light
of various theoretical perspectives. I stress that –in addition to externally triggered
responses– there is a constant stream of internal processes that we should take
into account as well. Drawing from Shannon’s information theory, I propose
that, for a signal to be truly informative, it has to make a difference to a receiver
–in this case the brain. In most contemporary neuroimaging studies, brain sig-
nals are interpreted from the perspective of the experimenter as receiver. How-
ever, the key question is how those signals are actually received and used by the
rest of the brain. Retinotopic maps are a prime example of this.

In summary, my studies show that RS-fMRI recordings can reveal a remark-
able amount of detail regarding the functional neuroanatomical organization of
the human visual cortex. Furthermore, my findings justify and facilitate the
comparison of RS and stimulus-evoked activity. While I have focused on RS
and VFM activity, the methods presented in this thesis can also be applied to
study task-dependent changes in a variety of experimental and behavioral con-
ditions, both in health and disease. From this, I conclude that the brain is not
only concerned with the demands imposed by the environment but also with
internally generated dynamics.
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Het bestaan   van intrinsieke neuronale activiteit op vele schalen is aangetoond
met behulp van verschillende methodologische benaderingen, maar de biolo-
gische relevantie ervan begrijpen we nog niet goed. Een manier om intrins-
ieke neuronale activiteit bij mensen te bestuderen is door gebruik te maken van
rusttoestand (resting-state; RS) functionele magnetische resonantie beeldvorm-
ing (fMRI). In mijn proefschrift, getiteld ”The Neuroanatomical Organization
of Intrinsic Brain Activity Measured by fMRI in the Human Visual Cortex”,
beschrijf ik nieuwe RS-fMRI analyses die een opmerkelijke mate van detail
onthullen over de functionele neuro-anatomische organisatie van de menselijke
visuele cortex. Ik heb deze analyses toegepast om de lokale en gedistribueerde
hersendynamiek binnen en tussen verschillende delen van de visuele cortex te
onderzoeken. Ik laat daarbij zien hoe deze dynamiek als gevolg van verschil-
lende manieren van stimulering verandert. Ik besluit mijn proefschrift door
mijn bevindingen te interpreteren en te bespreken in het licht van verschillende
theoretische perspectieven. Ik benadruk dat er, naast extern opgewekte reacties,
ook een constante stroom van interne processen bestaat. Daarmee moet reken-
ing worden gehouden omdat ze ook bijdragen aan de neuronale activiteit in
de visuele cortex. Hoewel ik me heb gericht op het visuele systeem, kan de
benadering die ik heb ontwikkeld worden toegepast op elk corticaal netwerk
om veranderingen in hersendynamiek te bestuderen onder verschillende exper-
imentele omstandigheden. Samenvattend, de bevindingen verkregen met be-
hulp van mijn nieuwe fMRI-analyses leveren bewijs dat de intrinsieke fluctu-
aties in activiteit in de vroege corticale visuele cortex wijzen op functioneel rel-
evante processen. Mijn bevindingen ondersteunen het gebruik van RS-fMRI
voor het karakteriseren van de corticale functie en connectiviteit bij gezonde
personen en mensen met een aandoening.
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I would like to dedicate this thesis to the Chilean matorral, shrublands that
cover the area between the western slopes of the Cordillera de los Andes and
the coastal ranges of the southern Pacific Ocean. Without the influence they
exert on my dreams, I may have missed big part of the joy and sense of mystery
that observation of natural phenomena educe.

A similar feeling I dedicate to the Cochayuyo1 (%VSWJMMBFB BOUBSDUJDB), a wig-
gly seaweed covering the coastal rocks of the southern Pacific. Their graciously
elongated tubular shapes makes one think about the rare abyssal creatures of
an unrecorded underwater sci-fi epic. Incessantly clashing with the ocean, they
seem to have been waiting eons for us to awash our deepest ruminations about
underwater life.

Furthermore, I would like to express my admiration and gratitude to all
the wonderful people who made this journey possible. To Frans Cornelissen
for his kind assistance and the amount of tolerance he demonstrated when
directing me towards the correct path. I could not have imagined a better
supervisor for my project. To Remco Renken, for always keeping a careful
eye on my research as well as for his optimistic perseverance and full dedic-
ation to creative scientific thought. To Nomdo Jansonius, for his grounded
wisdom and generous advocacy for research. To Ben Harvey, for mentoring
me throughout the project as well as for his personal and professional advice.
To Serge Dumoulin and Branislava Curčić-Blake, for their worthy advice and
enthusiasm. To Koen Haak, for opening the venues from which my research
branched. To Gustavo Deco, for helping me understand the complex dynam-
ics emerging from the brain. To Matthieu Gilson, for patiently guiding me
through complicated mathematical concepts. To Diana Koopmans, for her pa-
tience and support. To Barbara Nordhjem, Funda Yildirim, Joana Carvalho,
Alessandro Grillini, Hinke Halbertsma, Sandra Hanekamp, Michelle Servaas,
Azzurra Invernizzi, Tharcila Chaves, Ruud Kortekaas, Mendel Kaelen, Leor
Roseman, Christopher Timmermann, Alessio Fracasso, Etienne Hugues, Rik-
kert Hindriks, Thomas Pfeffer, Joao Barbosa, Simón Guendelman, Natalia
Bielczyk, Vinod Kumar, Juan Carlos Letelier, Jorge Mpodozis, Gonzalo Marín,
Daniel Margulies, Mauricio Toro, Tomás Ossandón and José Hurtado, for their
openness to share their knowledge and enthusiasm for science. To the reading

1From Quechua: cocha = water, yuyo = weed.
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Stellingen behorende bij het proefschrift:

The Neuroanatomical Organization of Intrinsic Brain Activity
Measured by fMRI in the Human Visual Cortex

van

Nicolás Gravel

1. The neuroanatomical organization of the visual cortex can be revealed from resting
state fMRI recordings (chapters 2 & 4, this thesis).

2. A direct comparison of resting state and stimulus-evoked brain activity is justified
since they are anchored by common neuroanatomical connections (chapters 2 & 3, this
thesis).

3. A task-dependent reconfiguration of directed interactions can be found at the scale of
cortical visual field maps, similar to that at the scale of the whole brain (chapter 5,
this thesis).

4. The topographically organized fluctuations observed during resting state fMRI are like
the ripples that indicate that a stone was thrown in the water: they need not be func-
tionally relevant themselves, but are an epiphenomenon related to actual functionally
relevant events.

5. “Because models act as bridges between levels of understanding, they must be de-
tailed enough to make contact with the lower level yet simple enough to provide clear
results at the higher level.”Peter Dayan and Larry Abbott. Theoretical Neuroscience:
Computational and Mathematical Modeling of Neural Systems (2001).

6. The neuronal signals underlying feedforward and feedback interactions are neither
purely sensory, nor purely intrinsic or modulatory, but contain all of these compo-
nents and thereby reveal us as organisms actively involved in the world, rather than
as its passive observers (chapters 5 & 6, this thesis).

7. “When we take a general view of the wonderful stream of our consciousness, what
strikes us first is the different pace of its parts. Like a bird’s life, it seems to be made of
an alternation of flights and perchings.”William James.The Principles of Psychology
(1890).
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