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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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. Propagation of BOLD activity across human visual cortex

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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5.2. Methods

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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. Propagation of BOLD activity across human visual cortex

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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5.2. Methods

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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. Propagation of BOLD activity across human visual cortex

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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5.2. Methods

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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. Propagation of BOLD activity across human visual cortex

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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. Propagation of BOLD activity across human visual cortex

'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:
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'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
�
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'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
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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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5.6. Supplementary Material

��� 4VQQMFNFOUBSZ .BUFSJBM
Please refer to the online version of this article (EPJ�PSH���������������) for
the supplementary material.
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