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Spiny cell types, including thalamic afferents
The number of pyramidal cells in layer 2/3 (p2/3) and the number
of spiny cells of type sp1 in layer 1 are known because there is no
other spiny cell type present. All other layers contain at least two
types of spiny neurons. For layer 4, these are the two types of
spiny stellate cells [ss4(L4) and ss4(L2/3)] and the pyramidal cells
of this layer (p4). Because we have no additional information
about their relative frequency, we assumed that all three cell types
each contribute one-third of the spiny neurons of layer 4. There
are no numerical data available for the two types of pyramidal
cells in layer 5 [p5(L2/3) and p5(L5/6)]. However, pyramidal cells
in layer 5 with descending axon [i.e., p5(L5/6)] tend to have large
cell bodies (Martin and Whitteridge, 1984; Gabbott et al., 1987).
Large cell bodies form !21% of all pyramidal cell somata in layer

5 (Peters and Yilmaz, 1993). We therefore
assumed that neurons of type p5(L5/6) form
21% of the pyramidal cells in layer 5, and the
remaining 79% are all of type p5(L2/3). We
estimated that 75% of the pyramidal cells in
layer 6 had axons arborizing in layer 4,
whereas the remaining spiny cells in this
layer are the pyramidal cells with an axon
restricted to layer 5 and 6 [p6(L5/6)] (Gilbert
and Kelly, 1975; Martin and Whitteridge,
1984; Katz, 1987; Ahmed et al., 1994). Fi-
nally, the number of thalamic afferents of
type X and Y per square millimeter of corti-
cal area entering V1 is !902 (Peters and
Payne, 1993). By multiplying this number
with the surface area of area 17, we obtained
a total of 0.36 " 106 thalamic afferents of
type X and Y.

Smooth cell types
GABAergic cortical neurons that are im-
munoreactive for parvalbumin (PV-IR)
have the morphological features of basket
cells and chandelier cells, and those

GABAergic neurons immunoreactive to calbindin (CB-IR) have
the morphological features of double bouquet cells, Martinotti
cells, and neurogliaform cells (Alcantara and Ferrer, 1994; DeFe-
lipe, 1997). Although chandelier cells are located primarily in
layer 2/3 (Fairen and Valverde, 1980; Somogyi et al., 1982), where
they form !3.4% of the GABAergic neurons (see Materials and
Methods), Martinotti cells and neurogliaform cells are located
principally outside layer 2/3 (Peters and Regidor, 1981; Wahle,
1993). We therefore assumed that the PV-IR neurons in layer 4
and 5 are basket cells, and the CB-IR neurons in layer 2/3 are the
double bouquet cells. PV-IR neurons in layer 2/3 form between
37 and 54% of the GABAergic neurons in layer 2/3 (Demeule-
meester et al., 1989; Huxlin and Pasternak, 2001). By subtracting
the 3.4% formed by the chandelier cells, we calculated that !42%
of the GABAergic neurons in layer 2/3 are basket cells. In layer 4
and 5, the proportion of GABAergic neurons that are PV-IR (and
thus basket cells) is 78 and 42%, respectively (Demeulemeester et
al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). We
estimated that the proportion of the double bouquet cells in layer
2/3 is !25%, because the CB-IR neurons in this layer form be-
tween 20 and 30% of the GABAergic neurons (Demeulemeester
et al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). By
definition, the number of neurons in sm1–sm6 is given by the
remaining smooth cells in layers 1– 6.

“Missing” types
In our in-depth survey of the literature, we found only a few
exceptions where the description of the morphology of a cell type
differed in some aspects from the reconstructed neurons used
here. One example is the layer 5 pyramidal cells of which the
axons innervating layer 2/3 and layer 5 at approximately equal
proportions also do exist (Martin and Whitteridge, 1984). We do
not have three-dimensional reconstructions of these cells in our
database. One study also revealed a layer 6 pyramidal cell with a
dominant projection in layer 2/3 (Hirsch et al., 1998). Two of the
reconstructed layer 6 pyramidal cells in our database were similar
in that they also innervated the lower part of layer 2/3, but the
number of boutons formed in this layer was #23%. Finally, bas-
ket cells in layer 5 were observed with an ascending axonal pro-

Figure 2. Coronal view of reconstructed cells representing the different cell types present in the database. For better viewing,
two-color schemes (blue and yellow) were used. Axons are shown in bright blue or bright yellow, and dendrites are shown in dark
blue or dark yellow. Boutons are skipped for visibility. Cell types are indicated at the top. b2/3, b4, b5, Basket cells in layer 2/3, 4,
and 5; db2/3, double bouquet cell in layer 2/3; p2/3, p4, p5, p6, pyramidal cells in layer 2/3, 4, 5, and 6; ss4, spiny stellate cells in
layer 4. Spiny stellate cells and pyramidal cells in layer 5 and 6 were further distinguished by the preferred layer of the axonal
innervation [ss4(L4) (data not shown), ss4(L2/3), p5(L2/3), p5(L5/6), p6(L4) and p6(L5/6)]. X/Y thalamic afferents of type X and
Y. Horizontal lines indicate the approximate cortical layers L1, L2/3 (layer 2 and 3 were merged), L4, L5, and L6. Also indicated is
the white matter (wm). Scale bar, 300 !m.

Figure 3. Coronal view of a reconstructed layer 6 pyramidal cell. The axon is shown in red,
boutons are in white, and dendrites are in green. Cortical layers are indicated by gray curves.
Receptive field: simple (s1), monocular driven, preferred orientation at 60°; size, 0.3 " 0.5°.
wm, White matter.
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Spiny cell types, including thalamic afferents
The number of pyramidal cells in layer 2/3 (p2/3) and the number
of spiny cells of type sp1 in layer 1 are known because there is no
other spiny cell type present. All other layers contain at least two
types of spiny neurons. For layer 4, these are the two types of
spiny stellate cells [ss4(L4) and ss4(L2/3)] and the pyramidal cells
of this layer (p4). Because we have no additional information
about their relative frequency, we assumed that all three cell types
each contribute one-third of the spiny neurons of layer 4. There
are no numerical data available for the two types of pyramidal
cells in layer 5 [p5(L2/3) and p5(L5/6)]. However, pyramidal cells
in layer 5 with descending axon [i.e., p5(L5/6)] tend to have large
cell bodies (Martin and Whitteridge, 1984; Gabbott et al., 1987).
Large cell bodies form !21% of all pyramidal cell somata in layer

5 (Peters and Yilmaz, 1993). We therefore
assumed that neurons of type p5(L5/6) form
21% of the pyramidal cells in layer 5, and the
remaining 79% are all of type p5(L2/3). We
estimated that 75% of the pyramidal cells in
layer 6 had axons arborizing in layer 4,
whereas the remaining spiny cells in this
layer are the pyramidal cells with an axon
restricted to layer 5 and 6 [p6(L5/6)] (Gilbert
and Kelly, 1975; Martin and Whitteridge,
1984; Katz, 1987; Ahmed et al., 1994). Fi-
nally, the number of thalamic afferents of
type X and Y per square millimeter of corti-
cal area entering V1 is !902 (Peters and
Payne, 1993). By multiplying this number
with the surface area of area 17, we obtained
a total of 0.36 " 106 thalamic afferents of
type X and Y.

Smooth cell types
GABAergic cortical neurons that are im-
munoreactive for parvalbumin (PV-IR)
have the morphological features of basket
cells and chandelier cells, and those

GABAergic neurons immunoreactive to calbindin (CB-IR) have
the morphological features of double bouquet cells, Martinotti
cells, and neurogliaform cells (Alcantara and Ferrer, 1994; DeFe-
lipe, 1997). Although chandelier cells are located primarily in
layer 2/3 (Fairen and Valverde, 1980; Somogyi et al., 1982), where
they form !3.4% of the GABAergic neurons (see Materials and
Methods), Martinotti cells and neurogliaform cells are located
principally outside layer 2/3 (Peters and Regidor, 1981; Wahle,
1993). We therefore assumed that the PV-IR neurons in layer 4
and 5 are basket cells, and the CB-IR neurons in layer 2/3 are the
double bouquet cells. PV-IR neurons in layer 2/3 form between
37 and 54% of the GABAergic neurons in layer 2/3 (Demeule-
meester et al., 1989; Huxlin and Pasternak, 2001). By subtracting
the 3.4% formed by the chandelier cells, we calculated that !42%
of the GABAergic neurons in layer 2/3 are basket cells. In layer 4
and 5, the proportion of GABAergic neurons that are PV-IR (and
thus basket cells) is 78 and 42%, respectively (Demeulemeester et
al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). We
estimated that the proportion of the double bouquet cells in layer
2/3 is !25%, because the CB-IR neurons in this layer form be-
tween 20 and 30% of the GABAergic neurons (Demeulemeester
et al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). By
definition, the number of neurons in sm1–sm6 is given by the
remaining smooth cells in layers 1– 6.

“Missing” types
In our in-depth survey of the literature, we found only a few
exceptions where the description of the morphology of a cell type
differed in some aspects from the reconstructed neurons used
here. One example is the layer 5 pyramidal cells of which the
axons innervating layer 2/3 and layer 5 at approximately equal
proportions also do exist (Martin and Whitteridge, 1984). We do
not have three-dimensional reconstructions of these cells in our
database. One study also revealed a layer 6 pyramidal cell with a
dominant projection in layer 2/3 (Hirsch et al., 1998). Two of the
reconstructed layer 6 pyramidal cells in our database were similar
in that they also innervated the lower part of layer 2/3, but the
number of boutons formed in this layer was #23%. Finally, bas-
ket cells in layer 5 were observed with an ascending axonal pro-

Figure 2. Coronal view of reconstructed cells representing the different cell types present in the database. For better viewing,
two-color schemes (blue and yellow) were used. Axons are shown in bright blue or bright yellow, and dendrites are shown in dark
blue or dark yellow. Boutons are skipped for visibility. Cell types are indicated at the top. b2/3, b4, b5, Basket cells in layer 2/3, 4,
and 5; db2/3, double bouquet cell in layer 2/3; p2/3, p4, p5, p6, pyramidal cells in layer 2/3, 4, 5, and 6; ss4, spiny stellate cells in
layer 4. Spiny stellate cells and pyramidal cells in layer 5 and 6 were further distinguished by the preferred layer of the axonal
innervation [ss4(L4) (data not shown), ss4(L2/3), p5(L2/3), p5(L5/6), p6(L4) and p6(L5/6)]. X/Y thalamic afferents of type X and
Y. Horizontal lines indicate the approximate cortical layers L1, L2/3 (layer 2 and 3 were merged), L4, L5, and L6. Also indicated is
the white matter (wm). Scale bar, 300 !m.

Figure 3. Coronal view of a reconstructed layer 6 pyramidal cell. The axon is shown in red,
boutons are in white, and dendrites are in green. Cortical layers are indicated by gray curves.
Receptive field: simple (s1), monocular driven, preferred orientation at 60°; size, 0.3 " 0.5°.
wm, White matter.
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The number of pyramidal cells in layer 2/3 (p2/3) and the number
of spiny cells of type sp1 in layer 1 are known because there is no
other spiny cell type present. All other layers contain at least two
types of spiny neurons. For layer 4, these are the two types of
spiny stellate cells [ss4(L4) and ss4(L2/3)] and the pyramidal cells
of this layer (p4). Because we have no additional information
about their relative frequency, we assumed that all three cell types
each contribute one-third of the spiny neurons of layer 4. There
are no numerical data available for the two types of pyramidal
cells in layer 5 [p5(L2/3) and p5(L5/6)]. However, pyramidal cells
in layer 5 with descending axon [i.e., p5(L5/6)] tend to have large
cell bodies (Martin and Whitteridge, 1984; Gabbott et al., 1987).
Large cell bodies form !21% of all pyramidal cell somata in layer

5 (Peters and Yilmaz, 1993). We therefore
assumed that neurons of type p5(L5/6) form
21% of the pyramidal cells in layer 5, and the
remaining 79% are all of type p5(L2/3). We
estimated that 75% of the pyramidal cells in
layer 6 had axons arborizing in layer 4,
whereas the remaining spiny cells in this
layer are the pyramidal cells with an axon
restricted to layer 5 and 6 [p6(L5/6)] (Gilbert
and Kelly, 1975; Martin and Whitteridge,
1984; Katz, 1987; Ahmed et al., 1994). Fi-
nally, the number of thalamic afferents of
type X and Y per square millimeter of corti-
cal area entering V1 is !902 (Peters and
Payne, 1993). By multiplying this number
with the surface area of area 17, we obtained
a total of 0.36 " 106 thalamic afferents of
type X and Y.

Smooth cell types
GABAergic cortical neurons that are im-
munoreactive for parvalbumin (PV-IR)
have the morphological features of basket
cells and chandelier cells, and those

GABAergic neurons immunoreactive to calbindin (CB-IR) have
the morphological features of double bouquet cells, Martinotti
cells, and neurogliaform cells (Alcantara and Ferrer, 1994; DeFe-
lipe, 1997). Although chandelier cells are located primarily in
layer 2/3 (Fairen and Valverde, 1980; Somogyi et al., 1982), where
they form !3.4% of the GABAergic neurons (see Materials and
Methods), Martinotti cells and neurogliaform cells are located
principally outside layer 2/3 (Peters and Regidor, 1981; Wahle,
1993). We therefore assumed that the PV-IR neurons in layer 4
and 5 are basket cells, and the CB-IR neurons in layer 2/3 are the
double bouquet cells. PV-IR neurons in layer 2/3 form between
37 and 54% of the GABAergic neurons in layer 2/3 (Demeule-
meester et al., 1989; Huxlin and Pasternak, 2001). By subtracting
the 3.4% formed by the chandelier cells, we calculated that !42%
of the GABAergic neurons in layer 2/3 are basket cells. In layer 4
and 5, the proportion of GABAergic neurons that are PV-IR (and
thus basket cells) is 78 and 42%, respectively (Demeulemeester et
al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). We
estimated that the proportion of the double bouquet cells in layer
2/3 is !25%, because the CB-IR neurons in this layer form be-
tween 20 and 30% of the GABAergic neurons (Demeulemeester
et al., 1989; Hogan et al., 1992; Huxlin and Pasternak, 2001). By
definition, the number of neurons in sm1–sm6 is given by the
remaining smooth cells in layers 1– 6.

“Missing” types
In our in-depth survey of the literature, we found only a few
exceptions where the description of the morphology of a cell type
differed in some aspects from the reconstructed neurons used
here. One example is the layer 5 pyramidal cells of which the
axons innervating layer 2/3 and layer 5 at approximately equal
proportions also do exist (Martin and Whitteridge, 1984). We do
not have three-dimensional reconstructions of these cells in our
database. One study also revealed a layer 6 pyramidal cell with a
dominant projection in layer 2/3 (Hirsch et al., 1998). Two of the
reconstructed layer 6 pyramidal cells in our database were similar
in that they also innervated the lower part of layer 2/3, but the
number of boutons formed in this layer was #23%. Finally, bas-
ket cells in layer 5 were observed with an ascending axonal pro-

Figure 2. Coronal view of reconstructed cells representing the different cell types present in the database. For better viewing,
two-color schemes (blue and yellow) were used. Axons are shown in bright blue or bright yellow, and dendrites are shown in dark
blue or dark yellow. Boutons are skipped for visibility. Cell types are indicated at the top. b2/3, b4, b5, Basket cells in layer 2/3, 4,
and 5; db2/3, double bouquet cell in layer 2/3; p2/3, p4, p5, p6, pyramidal cells in layer 2/3, 4, 5, and 6; ss4, spiny stellate cells in
layer 4. Spiny stellate cells and pyramidal cells in layer 5 and 6 were further distinguished by the preferred layer of the axonal
innervation [ss4(L4) (data not shown), ss4(L2/3), p5(L2/3), p5(L5/6), p6(L4) and p6(L5/6)]. X/Y thalamic afferents of type X and
Y. Horizontal lines indicate the approximate cortical layers L1, L2/3 (layer 2 and 3 were merged), L4, L5, and L6. Also indicated is
the white matter (wm). Scale bar, 300 !m.

Figure 3. Coronal view of a reconstructed layer 6 pyramidal cell. The axon is shown in red,
boutons are in white, and dendrites are in green. Cortical layers are indicated by gray curves.
Receptive field: simple (s1), monocular driven, preferred orientation at 60°; size, 0.3 " 0.5°.
wm, White matter.
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To characterize further how the population dynamics depend
on the contrast we compute the autocorrelation, AC(t) of the LFP
signals induced by stimuli oriented at the preferred orientation of
the recording site (see Methods for the way we define the ‘‘LFP’’
signals in the framework of our model and Figure S6 for examples

of LFP traces). The result for low contrast, C~2%, is plotted in
Figure 7A, B. The amplitude of the (non-normalized) AC at zero
delay, AC(0), is small and decreases with the network size as
1 =

ffiffiffiffiffi
N
p

. Similarly, the small oscillatory component of the AC
disappears gradually for increasing network sizes (Figure 7B). This

Figure 5. Pairwise crosscorrelations of spike trains and membrane potentials. Autocorrelograms and pairwise crosscorrelograms of spiking
activity and membrane potentials for three upper layer excitatory neurons. A: spiking activity, low contrast, C = 2%. B: membrane potential, low
contrast, C = 2%. C: spiking activity, high contrast, C = 95%. D: membrane potential, high contrast, C = 95%. Auto- and crosscorrelograms are
normalized (for zero time-lag, autocorrelograms peak at one and crosscorrelograms at the correlation coefficient). The units for the time-lag axis are
ms. Colors are as in Figures 3D and 4D. Rows and columns correspond to different neurons. The angular coordinates of the three neurons are 0u,
210u and 10u.
doi:10.1371/journal.pcbi.1002176.g005

Figure 6. The Measure of synchrony as a function of the contrast and different network size. A: The synchrony measure, X , increases
abruptly with the stimulus contrast N = 10000 (solid line) and N = 40000 (dotted line). B: The synchrony measure X as a function of the network size
for spontaneous activity (zero contrast, grey line), low contrast (blue line) and high contrast (red line). The dashed line corresponds to a power-law
decay with exponent 20.5, denoting a regime of asynchronous activity.
doi:10.1371/journal.pcbi.1002176.g006

Chaotic Gamma Activity in a Multi-Layer V1 Model

PLoS Computational Biology | www.ploscompbiol.org 7 October 2011 | Volume 7 | Issue 10 | e1002176
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0:097+0:002. Remarkably, the firing activity continues to be
highly irregular, despite the high degree of synchrony (mean CV of
upper layer excitatory neurons is CV~1:0+0:2, see Figure S1).
Auto- and crosscorrelograms of spike trains and membrane
potential traces of three representative neurons are shown in
Figure 5C,D. The pairwise crosscorrelograms of voltages display
now a clear oscillatory structure, which is however completely
damped after only two or three cycles. Note that oscillatory
correlations are evident even when the difference of preferred
orientation is large (w200). Note however that pairwise cross-
correlograms of spike trains do not display any marked oscillation
even when the two considered cells have similar preferred
orientations. We stress that the small mean value CCos and the
lack of a clear oscillatory structure in the crosscorrelograms for
spike trains, in both the low and the strong contrast case, is
associated to the irregularity and the sparseness of single neuron
firing.

These results indicate that synchrony in the population activity
increases with the contrast. As a matter of fact, the synchrony
measure x varies abruptly around a contrast value of *10%, as
shown in Figure 6A. This is even sharper with larger network sizes
(compare in Figure 6A, the solid line which is for N~10000 with
the dashed line which is for N~40000). Moreover, a systematic
analysis of the dependency of x on the size N reveals that for
C=10%, x (low contrast regime) vanishes consistently with N,

x!
1ffiffiffiffiffi
N
p , while for C>10% (large contrast regime) it converges toward

a constant non zero value (Figure 6B). Hence, the network operates
in qualitatively different regimes at low and high contrast. Whereas
the network state can be classified as asynchronous in the low
contrast regime (and in the spontaneous activity regime), it is
synchronous in the high contrast regime. This sharp variation of
synchrony is indicative of a phase-transition occurring for increasing
contrast, due to an increased drive to the network (see Discussion).

Figure 4. High contrast dynamics. Dynamics of the upper layer for the presentation of a 95%-contrast stimulus. A: raster plot of the excitatory
population activity and associated time-histogram of the rate of spiking cells. The histogram bar heights denote the fraction of upper layer excitatory
cells that fire in the bin. Bin-size is 2 ms. B: spike trains of 6 excitatory cells highly activated by the presented stimulus. C: membrane potential traces
for two neurons stimulated simultaneously at close-to-preferred orientation (2 top neurons of Panel B in red and green). D: pairwise correlations
between spike trains (magenta histogram) and membrane potentials (red histogram) of highly active neurons.
doi:10.1371/journal.pcbi.1002176.g004

Chaotic Gamma Activity in a Multi-Layer V1 Model

PLoS Computational Biology | www.ploscompbiol.org 6 October 2011 | Volume 7 | Issue 10 | e1002176
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Questions

How to change functional connections 
without changing structural connections?

Can we infer structural connectivity from 
neuronal activity?

Can we detect complex dynamics in neuronal 
activity and explain it through models?

Are functional dynamics analyses 
useful for concrete applications?

Can we build models of realistic circuits? 
Do their structure really matters?

“Functional multiplicity”

“Structural degeneracy”

How to quantify functional 
interactions?
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A zoo of measures

Correlation 
(lagged or not lagged, 

time-domain or  
spectral coherence)

Resting state

addition to these changes in synchronization,
firing rates to the RF stimulus were also
moderately suppressed when attention was
directed to the surround stimulus (Fig. 2B),
consistent with previous studies of competi-
tive interactions between stimuli in V4 RFs
(2, 5, 6 ). Large firing-rate changes with at-
tention occurred only with a competing stim-
ulus very near to the RF border.

Across the set of recordings, attentional
modulations of oscillatory synchronization
were similar to the presented examples. We
quantified the STA modulation by calculating
the spike-field coherence (SFC) (14 ), which
measures phase synchronization between
spikes and LFP oscillations as a function of
frequency. The SFC is normalized for spike
rate and spectral power of the LFP and is

therefore immune to changes in these param-
eters. The SFC ranges from 0 (complete lack
of synchronization) to 1 (perfect phase syn-
chronization). Computing the coherence be-
tween a point process (spikes) and an analog
signal (LFP) is a special case, and therefore
detailed information is given as supplemen-
tary material (24 ). We pooled data for the
stimulus configurations in which the distract-
ers were near to and far from the RF.

For the delay period (Fig. 3, A and B),
low-frequency SFC was reduced by a me-
dian of 51% with attention (160 decreases,
23 increases; P ! 10"6) (25). The delay-
period STAs did not show clear gamma-
frequency modulations (Fig. 1, E to G).
However, statistically, the gamma-band
SFC (35 to 60 Hz) increased by a median of
10% with attention (106 increases, 77 de-
creases; P ! 0.02). Delay-period firing
rates were nonsignificantly increased by a
median of 5% with attention (35 increases,
26 decreases; P # 0.13). During the stim-
ulus period (Fig. 3, C and D), low-frequen-
cy SFC was reduced by a median of 23%
with attention (142 decreases, 65 increases;
P ! 10"6), whereas gamma-frequency
SFC increased by a median of 19% (167
increases, 40 decreases; P ! 10"6). Firing
rates were enhanced by a median of 16%
with attention (68 increases, one decrease;
P ! 10"6). Attention affected the normal-
ized power spectrum of the raw LFP essen-
tially in the same way as the SFC.

The above analysis of the sustained re-

Fig. 1. Attentional mod-
ulation of oscillatory syn-
chronization between
spikes and LFP from two
separate electrodes. Raw
stimulus–driven LFP and
multi-unit activity with
attention outside the RF
(A) and into the RF (B).
(C) RFs (not visible to
monkey; green: spike re-
cording site, yellow: LFP
recording site); fixation
point and grating stimuli
are to scale. The RFs for
both recording sites were
determined from the
multi-unit activity and
included only one of the
two stimuli. In separate
trials, this stimulus was
either attended or ig-
nored. Data are from 300
correct trials per atten-
tion condition. (D) Firing-
rate histograms. Vertical
lines indicate stimulus
onset and 300 ms after
stimulus onset. Delay pe-
riod was the 1-s interval
before stimulus onset,
and stimulus period was
from 300 ms after stim-
ulus onset until one of
the stimuli changed its
color. Delay-period STAs
for attention outside the
RF (E) and into the RF (F)
and the respective power
spectra (G). Stimulus-pe-
riod STAs for attention
outside the RF (H) and
into the RF (I) and the respective power spectra (J).

Fig. 2. Attentional modu-
lation of synchronization
has high spatial resolution
in the cortex. Conventions
are as for Fig. 1 except
that the stimulus outside
the RF is only 1.5° from
the RF border. Spikes and
LFP are from two separate
electrodes. Data are from
125 correct trials per at-
tention condition. (A) RFs,
fixation point, and grating
stimuli. (B) Firing-rate his-
tograms. (C and D) STAs
for stimulus period and
(E) the respective pow-
er spectra.

Fig. 3. Population measures of attentional ef-
fects on the SFC. Scatter plots compare atten-
tional effects on low- and gamma-frequency
SFC and on firing rates. Each dot represents one
pair of recording sites. The x- and y-axis values
are attentional indices defined as AI(P) #
[P(in) " P(out)]/[P(in) $ P(out)], with P being
one of the three parameters under study: low-
frequency synchronization (L), gamma-fre-
quency synchronization (G), and firing rates (R).
P(in) is the value of the parameter with atten-
tion directed into the RF, and P(out), with
attention directed outside the RF. (A and B)
Activity from the 1-s delay period before stim-
ulus onset. (C and D) Activity from the stimulus
period.
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increases coupled oscillations between the two
areas. We found that the attentional effect on
gamma frequency spike-field coherence between
areas was even larger than the effects within areas
(Fig. 2, C and D). With attention, gamma co-
herence between V4 spikes and FEF LFPs
increased by 26% at the population level (paired

t test, P < 0.001), between FEF spikes and V4
LFPs increased by 37% (paired t test, P < 0.001),
and remained enhanced through the end of the
trial (paired t test,P < 0.001 for all pair types). All
of these effects were highly dependent on RF
overlap at the locus of attention. For pairs of
recordings with nonoverlapping RFs, coherence

in the two attention conditions did not differ from
that in the pre-stimulus period (one-way analysis
of variance, P = 0.86) (Fig. 2F and SOM text).

Gamma frequency coherence between LFPs
recorded across the two areas was enhanced 63%
by attention (Fig. 2E) (paired t test, P < 0.001),
and gamma coherence between spike trains
across areas was enhanced by 13% (paired t test,
P < 0.001). In general, spike-spike coherence
across electrodes is smaller than spike-field and
field-field coherence for statistical reasons (16).
Another probable factor is that connections be-
tween FEF and V4 are patchy (9, 10), and LFPs
sum signals over a wider area.

We considered whether the synchronous os-
cillations between V4 and FEF might have re-
sulted from a common oscillatory input, which
would be expected to result in zero phase-lag
synchrony between the areas. To test for this, we
computed the distribution of the coherence phase
shifts within and across areas. Within areas, the
distribution of the average (between 40 and 60 Hz)
relative phase between the two recorded signals
(Fig. 3) had a median close to zero (attend-in con-
dition; Rayleigh test, FEF,P < 0.001,median = 7°,
and V4, P < 0.001, median = –26°), correspond-
ing to a time delay of 0.5 to 1.5 ms between
spikes and the phase of maximum depolarization
in the LFP at 50 Hz (Fig. 3A). By contrast, the
phase of spike-field coherence across areas was
shifted approximately half a gamma cycle [attend-
in condition; Rayleigh test, FEF spikes–V4 LFPs,
P < 0.001, median phase = –142° (or 218°), and
V4 spikes–FEF LFPs, P < 0.001, median phase =
144° (or –216°)], corresponding to a time shift of
~8 (or 12) ms (Fig. 3A). Likewise, the median
phase of spike-spike coherence pairs having a
maximum gamma coherence peak of at least 0.1
was about 120°, which corresponds to a time
shift of 7 ms. Similar results were found by com-

Fig. 2. Attentional en-
hancement of synchroni-
zation. (A toD) Spike-field
coherence (A) within FEF,
(B) within V4, (C) between
spikes in FEF and LFPs in
V4, and (D) between
spikes in V4 and LFPs in
FEF. (E) LFP-LFP coherence
between FEF and V4 sites.
Conventions are the same
as in Fig. 1. (F) Spike-LFP
coherence between FEF
spikes and V4 LFPs from
recording sites with non-
overlapping RFs (i) with
attention inside the V4 RF
during the post-stimulus
period (red line), (ii) with
attention in right hemi-
field, outside both V4 and
FEF RFs during the post-
stimulus period (blue line),
and (iii) during the pre-
stimulus period with no
stimuli except for the fixa-
tion spot (black line).
Tapers providing an effec-
tive smoothing of T10 Hz
were used for spectral
estimation of higher fre-
quencies [25 to 100 Hz, right part of (A) to (F)] and tapers providing smoothing of T3 Hz were used for lower
frequencies [<25 Hz, left part of (A) to (F)].

Fig. 3. Relative phase. (A) Distribution of average relative phase (40 to
60 Hz) between spikes and LFPs within and across areas. (B) Distribution
of relative phases between FEF and V4 LFPs at different frequencies (40
to 60 Hz, 22 Hz, and 5 Hz). Shown are all phases from condition with

attention inside the RF. (C to F) Spike-triggered averages of LFPs filtered
between 35 and 80 Hz with (C) spikes and LFPs from FEF, (D) spikes and
LFPs from V4, (E) spikes from FEF and LFPs from V4, and (F) spikes from
V4 and LFPs from FEF. Conventions are the same as in Fig. 1.
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addition to these changes in synchronization,
firing rates to the RF stimulus were also
moderately suppressed when attention was
directed to the surround stimulus (Fig. 2B),
consistent with previous studies of competi-
tive interactions between stimuli in V4 RFs
(2, 5, 6 ). Large firing-rate changes with at-
tention occurred only with a competing stim-
ulus very near to the RF border.

Across the set of recordings, attentional
modulations of oscillatory synchronization
were similar to the presented examples. We
quantified the STA modulation by calculating
the spike-field coherence (SFC) (14 ), which
measures phase synchronization between
spikes and LFP oscillations as a function of
frequency. The SFC is normalized for spike
rate and spectral power of the LFP and is

therefore immune to changes in these param-
eters. The SFC ranges from 0 (complete lack
of synchronization) to 1 (perfect phase syn-
chronization). Computing the coherence be-
tween a point process (spikes) and an analog
signal (LFP) is a special case, and therefore
detailed information is given as supplemen-
tary material (24 ). We pooled data for the
stimulus configurations in which the distract-
ers were near to and far from the RF.

For the delay period (Fig. 3, A and B),
low-frequency SFC was reduced by a me-
dian of 51% with attention (160 decreases,
23 increases; P ! 10"6) (25). The delay-
period STAs did not show clear gamma-
frequency modulations (Fig. 1, E to G).
However, statistically, the gamma-band
SFC (35 to 60 Hz) increased by a median of
10% with attention (106 increases, 77 de-
creases; P ! 0.02). Delay-period firing
rates were nonsignificantly increased by a
median of 5% with attention (35 increases,
26 decreases; P # 0.13). During the stim-
ulus period (Fig. 3, C and D), low-frequen-
cy SFC was reduced by a median of 23%
with attention (142 decreases, 65 increases;
P ! 10"6), whereas gamma-frequency
SFC increased by a median of 19% (167
increases, 40 decreases; P ! 10"6). Firing
rates were enhanced by a median of 16%
with attention (68 increases, one decrease;
P ! 10"6). Attention affected the normal-
ized power spectrum of the raw LFP essen-
tially in the same way as the SFC.

The above analysis of the sustained re-

Fig. 1. Attentional mod-
ulation of oscillatory syn-
chronization between
spikes and LFP from two
separate electrodes. Raw
stimulus–driven LFP and
multi-unit activity with
attention outside the RF
(A) and into the RF (B).
(C) RFs (not visible to
monkey; green: spike re-
cording site, yellow: LFP
recording site); fixation
point and grating stimuli
are to scale. The RFs for
both recording sites were
determined from the
multi-unit activity and
included only one of the
two stimuli. In separate
trials, this stimulus was
either attended or ig-
nored. Data are from 300
correct trials per atten-
tion condition. (D) Firing-
rate histograms. Vertical
lines indicate stimulus
onset and 300 ms after
stimulus onset. Delay pe-
riod was the 1-s interval
before stimulus onset,
and stimulus period was
from 300 ms after stim-
ulus onset until one of
the stimuli changed its
color. Delay-period STAs
for attention outside the
RF (E) and into the RF (F)
and the respective power
spectra (G). Stimulus-pe-
riod STAs for attention
outside the RF (H) and
into the RF (I) and the respective power spectra (J).

Fig. 2. Attentional modu-
lation of synchronization
has high spatial resolution
in the cortex. Conventions
are as for Fig. 1 except
that the stimulus outside
the RF is only 1.5° from
the RF border. Spikes and
LFP are from two separate
electrodes. Data are from
125 correct trials per at-
tention condition. (A) RFs,
fixation point, and grating
stimuli. (B) Firing-rate his-
tograms. (C and D) STAs
for stimulus period and
(E) the respective pow-
er spectra.

Fig. 3. Population measures of attentional ef-
fects on the SFC. Scatter plots compare atten-
tional effects on low- and gamma-frequency
SFC and on firing rates. Each dot represents one
pair of recording sites. The x- and y-axis values
are attentional indices defined as AI(P) #
[P(in) " P(out)]/[P(in) $ P(out)], with P being
one of the three parameters under study: low-
frequency synchronization (L), gamma-fre-
quency synchronization (G), and firing rates (R).
P(in) is the value of the parameter with atten-
tion directed into the RF, and P(out), with
attention directed outside the RF. (A and B)
Activity from the 1-s delay period before stim-
ulus onset. (C and D) Activity from the stimulus
period.
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Electrophysiology

Directed coupling, 
Granger causality

paring spike-triggered averages of the LFPwithin
and across areas (Fig. 3, C to F).

Although the peak coherence and largest at-
tentional effects were in the gamma range, there
was also coherence between FEF and V4 at other
frequencies. We therefore tested whether the
phase relationship at these other frequencies
followed a fixed time shift of ~8 to 12 ms or a
fixed phase shift of half a cycle. The medians of
the distributions for the gamma, beta, and theta
frequencies (40- to 60-Hzmedian = –152°, 22-Hz
median = –105°, and 5-Hz median = 20°) cor-
respond to time delays of –8, –13, and 11ms, or a
relatively fixed time shift of 8 to 13 ms in either
direction rather than a fixed phase shift (Fig. 3B).
A comparable (~10 ms) delay has been found
between visual response latencies in anatomically
connected areas along the ventral stream (17),
suggesting that conduction times and synaptic
delays account for the 8 to 13ms shift in coupling.

The earlier latency of attentional effects on
firing rates in FEF as compared with those in V4
suggests that FEF may initiate the coupled
oscillations between the two areas. To further
test this idea, we used Granger causality analysis
to test the relative strength of influence of V4 on
FEF LFPs and vice versa (14). Granger causality
values for gamma increased with attention for
both directions (paired t test, P < 0.001 for both
directions) and were significantly above chance
(FEF → V4 peak = 0.010 at 46 Hz and V4 →
FEF peak = 0.025 at 55 Hz; permutation test, P <
0.001) (14), indicating that gamma activity in
each area has a significant causal influence on the
other area. However, the attentional effects on the
Granger causality values appeared significantly
earlier in the FEF-to-V4 direction than in the
reverse direction (FEF to V4, 110 ms, and V4 to
FEF, 160 ms; two-sided permutation test, P <
0.05) (Fig. 4, A and B), which is consistent with

the idea that FEF initiates the gamma frequency
oscillations in V4. The causality relationship re-
versed a short time later, with the Granger values
becoming significantly larger in the V4-to-FEF
direction around 300 ms after the cue onset
(average 400 to 1000 ms after cue onset; paired t
test, P < 0.001). In fact, the Granger values in the
FEF-to-V4 direction greatly diminished across
the trial.

We considered whether firing-rate changes with
attention in FEF preceded the attentional effects on
synchronyor vice versa.Weused theHilbert-Huang
transform method (18) to calculate instantaneous
LFP power over time in FEF and V4 (Fig. 4C). At
the population level, significant attentional enhance-
ment of gamma power in the LFP in FEF and V4
occurred at 120 ms and 100 ms, respectively (Fig.
4D), which was not a significant difference (two-
sided permutation test, P = 0.84). To compare the
relative latencies of attention effects on firing rate
and LFP gamma power, we calculated the
distribution of latencies for attentional effects across
all individual sites in the first 300 ms after the cue
onset. The distributions of attentional latencies in
LFP gamma power in both FEF and V4 were
significantly later than the distribution of latencies
for attentional effects on firing rates in FEF
(Wilcoxon rank-sum test, P < 0.01 for both com-
parisons) and significantly earlier than the dis-
tribution of latencies for attentional effects on V4
firing rates (Wilcoxon rank-sum test; V4 LFP
gamma power, P < 0.05, and FEF LFP gamma
power, P < 0.001) (table S2). Together, these
results indicate that significant attentional effects
on LFP gamma power in either area occur later
than the earliest attentional effects on firing rates
in the FEF. Rather than being caused by enhanced
gamma oscillations, increases in firing rates in
FEF with attention may initiate the coupled oscil-
lations within and across areas. In contrast, firing-

rate changes in area V4 occur later and might
result at least in part from enhanced gamma os-
cillations.

In summary, the results suggest that FEF is a
major source of the attentional effects on gamma
frequency synchrony in V4 and probably other
ventral stream areas. TheGranger causality analyses
suggest that top-down inputs from FEF to V4 pre-
dominate at the onset of spatially directed attention,
but the bottom-up inputs from V4 to FEF come to
predominate over the course of sustained attention.
The coupled oscillations across areas are shifted in
time by about 8 to 13ms, whichmay be the optimal
time shift to allow for spikes initiated in one area to
affect cells at a peak depolarization phase in the
coupled area (17). Tight coupling between the inputs
and outputs of cells in V4 and FEF may also allow
for enhanced spike timing–dependent plasticity of
the connections between the two areas (19), which
might mediate learning effects with attention. For
distracting stimuli, or for sites with nonoverlapping
RFs, these coupled oscillations are much smaller,
which will reduce the impact of spikes in one area
upon the other. We do not suggest that the atten-
tional effects on gamma synchrony and firing rates
inV4 are caused solely by inputs fromFEF, because
V4 receives inputs from several other structures that
have been implicated in attention (1).However, these
other inputs may also need to be synchronized at
compatible frequencies andwith the appropriate time
shifts in order to support effective communication.

It has been suggested that low-frequency syn-
chronization (for example, beta) is more suitable
for long-range or polysynaptic communication
across distant brain areas, with gamma rhythms
being used for local computations (20). Although
there is evidence for such low-frequency long-
range synchronization (21–25), here we show
that two distant but monosynaptically connected
areas can be synchronized at gamma frequencies,
which is probably not caused simply by common
input (21). Enhanced oscillatory coupling has now
been reported across several brain structures in
monkeys (4, 23, 26) and other species (21, 24, 27)
in association with attention and other behaviors,
at a variety of frequencies, and may therefore be a
general mechanism for regulating communication
across brain structures (6, 28).
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Fig. 4. Time-frequency
synchrony measures and
directional influences. (A
andB) Population average
of normalized Granger
causality values averaged
between 40 and 60 Hz
across all pair-wise combi-
nations of LFPs recorded in
FEF and V4. Direction of
influence is indicated by
the arrows. (C) Population
averages of attentional
effects (attention inside
RF–attention outside RF)
on FEF and V4 power. (D)
Normalized LFP gamma
power in FEF and V4.
Conventions are the same
as in Fig. 1.
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Adapted from Gregoriou et al., 2009



Probing information!

How much information is present 
in neural activity? 

(at a given location, in a given time range?)

How much information is shared 
between two sites?

Information about which input stream?

What is the “algorithmic role” of a network node? 
Storing, transferring or modifying information?



How to quantify functional 
interactions?

How to change functional connections 
without changing structural connections?

“Functional multiplicity”



Flexible interactions from 
dynamical state switching

Dynamical State A

Dynamical State B
Dynamical State C

implements FCA

implements FCB

implements FCC

One structural network ➠ 
many dynamical states

NB: collective states  
of the system, not of 

the components



Flexible interactions from  
flexible oscillatory patterns

e.g. multistable 
phase locking patterns, 

periodic vs chaotic  
rhythms, etc.

One structural network ➠ 
many oscillatory states



Communication-
through-coherence

The CTC protocol conveys a neuronal representation manifest in
the spatial pattern of spike rates in the presynaptic neuronal
group. This presynaptic spike rate pattern translates into a spatial
activation pattern among the synaptic inputs to the postsynaptic
group. The synaptic input pattern, multiplied by the pattern of
synaptic strengths, determines the level of postsynaptic depolar-
ization and subsequent spike rate. The spike response should
ideally be a precise function of the neuronal representation
conveyed by the active set of synaptic inputs. Synaptic currents
(at least the dominant AMPA- and GABAA-receptor-mediated
currents) decay within a few milliseconds. If synaptic inputs
were jittered, even by merely a few milliseconds, this would
substantially compromise the precision of the postsynaptic
response, i.e., the degree to which it is determined by the presyn-
aptic spatial spike rate pattern. By decreasing such jitter, CTC
mechanisms likely increase postsynaptic response precision.

Essentially, CTC renders interneuronal communication pulsa-
tile, because communication happens only during a relatively

A

B

Figure 2. Communication through Coherence
(A) Two presynaptic neuronal groups in a lower visual area
provide input to a postsynaptic neuronal group in a higher
visual area. The lower groups represent two visual stimuli, an
apple and a pear. In each neuronal group, network excitation
(red) triggers network inhibition (blue), which inhibits the local
network. When inhibition decays, excitation restarts the
gamma cycle. The gamma rhythm of the apple-representing
presynaptic group has entrained the gamma rhythm in the
postsynaptic group. Thereby, the apple-representing pre-
synaptic group can optimally transmit its representation,
whereas the pear-representing presynaptic group cannot
transmit its representation.
(B) A simplified illustration in which network excitation and
inhibition are combined into network excitability. Red vertical
lines indicate excitatory neuron spiking and blue vertical lines
inhibitory neuron spiking.

small fraction of the synchronization cycle. Pulsa-
tile communication results in pulsatile computation
and a pulsatile postsynaptic neuronal representa-
tion. An ideal test case of a neuronal stimulus rep-
resentation is the orientation selectivity of primary
visual cortex. A recent study investigated single
neurons in awake monkey V1 with regard to the
orientation selectivity of their firing rate responses.
Orientation selectivity was calculated separately
for spikes occurring at different times in the gamma
cycle (Figure 4) (Womelsdorf et al., 2012). The
gamma cycle was subdivided into several phase
bins. Spikes occurring close to the gamma phase
to which spikes synchronized on average showed
stronger orientation selectivity in their spike rates
than spikes occurring at other times. These data
suggest that the neuronal representation of visual
stimulus orientation pulsates with the gamma
cycle. Of course, spike rates themselves pulsate
with the gamma cycle, and the study controlled
that the pulsating neuronal representation was
not a trivial consequence of pulsating spike counts.
Thus, these results argue against the often-prac-

ticed distinction (and rivalry) between a rate code and a syn-
chrony code, but rather for an integration of those schemes
(Ainsworth et al., 2012). Specifically, the results suggest a
gamma-rhythmic pulsatile rate code, in which the spatial pattern
of spike rates holds representations, yet only during short tem-
poral windows in the gamma cycle.
While gamma-band synchronization primarily aligns the spike

output of a neuronal group in time, this alignment contains further
fine temporal structure (Havenith et al., 2011; Vinck et al., 2010,
2013). In visual cortex, neurons spike earlier in the gamma cycle
when they are driven by stimuli closer to their preferred stimulus
(Vinck et al., 2010). Thereby, in the cortical stimulus selectivity
map, a given stimulus results in a systematic gamma wave of
spiking, sweeping from the more to the less strongly activated
columns. Postsynaptically, the synaptic inputs from more
strongly activated neurons will arrive earlier and will thereby
have a larger influence before inhibition curtails further effects
(Börgers and Kopell, 2008; Cannon et al., 2014).
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response, i.e., the degree to which it is determined by the presyn-
aptic spatial spike rate pattern. By decreasing such jitter, CTC
mechanisms likely increase postsynaptic response precision.

Essentially, CTC renders interneuronal communication pulsa-
tile, because communication happens only during a relatively

A

B

Figure 2. Communication through Coherence
(A) Two presynaptic neuronal groups in a lower visual area
provide input to a postsynaptic neuronal group in a higher
visual area. The lower groups represent two visual stimuli, an
apple and a pear. In each neuronal group, network excitation
(red) triggers network inhibition (blue), which inhibits the local
network. When inhibition decays, excitation restarts the
gamma cycle. The gamma rhythm of the apple-representing
presynaptic group has entrained the gamma rhythm in the
postsynaptic group. Thereby, the apple-representing pre-
synaptic group can optimally transmit its representation,
whereas the pear-representing presynaptic group cannot
transmit its representation.
(B) A simplified illustration in which network excitation and
inhibition are combined into network excitability. Red vertical
lines indicate excitatory neuron spiking and blue vertical lines
inhibitory neuron spiking.

small fraction of the synchronization cycle. Pulsa-
tile communication results in pulsatile computation
and a pulsatile postsynaptic neuronal representa-
tion. An ideal test case of a neuronal stimulus rep-
resentation is the orientation selectivity of primary
visual cortex. A recent study investigated single
neurons in awake monkey V1 with regard to the
orientation selectivity of their firing rate responses.
Orientation selectivity was calculated separately
for spikes occurring at different times in the gamma
cycle (Figure 4) (Womelsdorf et al., 2012). The
gamma cycle was subdivided into several phase
bins. Spikes occurring close to the gamma phase
to which spikes synchronized on average showed
stronger orientation selectivity in their spike rates
than spikes occurring at other times. These data
suggest that the neuronal representation of visual
stimulus orientation pulsates with the gamma
cycle. Of course, spike rates themselves pulsate
with the gamma cycle, and the study controlled
that the pulsating neuronal representation was
not a trivial consequence of pulsating spike counts.
Thus, these results argue against the often-prac-

ticed distinction (and rivalry) between a rate code and a syn-
chrony code, but rather for an integration of those schemes
(Ainsworth et al., 2012). Specifically, the results suggest a
gamma-rhythmic pulsatile rate code, in which the spatial pattern
of spike rates holds representations, yet only during short tem-
poral windows in the gamma cycle.
While gamma-band synchronization primarily aligns the spike

output of a neuronal group in time, this alignment contains further
fine temporal structure (Havenith et al., 2011; Vinck et al., 2010,
2013). In visual cortex, neurons spike earlier in the gamma cycle
when they are driven by stimuli closer to their preferred stimulus
(Vinck et al., 2010). Thereby, in the cortical stimulus selectivity
map, a given stimulus results in a systematic gamma wave of
spiking, sweeping from the more to the less strongly activated
columns. Postsynaptically, the synaptic inputs from more
strongly activated neurons will arrive earlier and will thereby
have a larger influence before inhibition curtails further effects
(Börgers and Kopell, 2008; Cannon et al., 2014).
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I propose that synchronization affects communication between neuronal groups. Gamma-band (30–90 Hz)
synchronization modulates excitation rapidly enough that it escapes the following inhibition and activates
postsynaptic neurons effectively. Synchronization also ensures that a presynaptic activation pattern arrives
at postsynaptic neurons in a temporally coordinated manner. At a postsynaptic neuron, multiple presynaptic
groups converge, e.g., representing different stimuli. If a stimulus is selected by attention, its neuronal rep-
resentation shows stronger and higher-frequency gamma-band synchronization. Thereby, the attended
stimulus representation selectively entrains postsynaptic neurons. The entrainment creates sequences of
short excitation and longer inhibition that are coordinated between pre- and postsynaptic groups to transmit
the attended representation and shut out competing inputs. The predominantly bottom-up-directed gamma-
band influences are controlled by predominantly top-down-directed alpha-beta-band (8–20 Hz) influences.
Attention itself samples stimuli at a 7–8 Hz theta rhythm. Thus, several rhythms and their interplay render
neuronal communication effective, precise, and selective.

Imagine a model of the human brain that is both complete to the
point of producing behavior that is indistinguishable from human
behavior and detailed to the point of atomistic resolution. This
hypothetical model would be an invaluable tool in place of imper-
fect experimental recordings from living subjects by providing
complete downloads from the model. However, those down-
loaded data would require analysis and interpretation, just like
experimental data, before any scientific insight were achieved.
Scientific insight is human insight, and human insight into the
brain proceeds just as human insight into anything else out there
in the world. The world provides a wealth of sensory data, in
which regularities, relations, and rules need to be found to arrive
at an understanding of the perceived processes. Such an under-
standing may be referred to as a mental model, which restricts
itself parsimoniously to the aspects crucial for capturing the
essence of the perceived. It might be characterized as abstract
and semantic, and it is certainly incomplete in the sense that it
discards the rich initial data for an intuitive or conceptual under-
standing of generative principles behind the data. To present
such a concept of neuronal processing, I will define as ‘‘neuronal
representation’’ the spatial activation pattern in a group of neu-
rons; as ‘‘neuronal communication’’ the transfer of one represen-
tation in a presynaptic, or sending, group to a new representation
in a postsynaptic, or receiving, group; and as ‘‘neuronal compu-
tation’’ the transformation that happens between the represen-
tations. This illustrates the central role of communication as
the process that implements computation and thereby creates
new representations.

Neuronal communication has classically been conceived of as
being determined by structural anatomical connectivity and by
activity-dependent changes to the anatomical (ultra)structure
of the connection. I propose that even in the absence of changes

in (ultra)structural connectivity, neuronal synchronization as
an emergent dynamic of active neuronal groups has causal
consequences for neuronal communication. If neuronal commu-
nication depends on neuronal synchronization, then dynamic
changes in synchronization can flexibly alter the pattern of
communication. Such flexible changes in the brain’s communi-
cation structure, on the backbone of the more rigid anatomical
structure, are at the heart of cognition.

Communication through Coherence
Because the main thrust of the concept is that neuronal com-
munication is subserved by neuronal synchronization, often
quantified by the coherence metric, I have named the concept
‘‘Communication through Coherence,’’ or CTC. I formulated
the CTC hypothesis 10 years ago (Fries, 2005) and aim here to
provide a revised formulation of CTC that takes into account
the plethora of CTC-relevant data, which has been generated
in the meantime, and that further distils the essence of CTC.
The Essence of CTC
Here are the essential propositions of the CTC hypothesis: An
activated neuronal group tends to engage in rhythmic synchroni-
zation. Rhythmic synchronization creates sequences of excita-
tion and inhibition that focus both spike output and sensitivity
to synaptic input to short temporal windows. The rhythmic
modulation of postsynaptic excitability constitutes rhythmic
modulations in synaptic input gain. Inputs that consistently
arrive at moments of high input gain benefit from enhanced
effective connectivity. Thus, strong effective connectivity re-
quires rhythmic synchronization within pre- and postsynaptic
groups and coherence between them, or in short—communica-
tion requires coherence. In the absence of coherence, inputs
arrive at random phases of the excitability cycle and will have

220 Neuron 88, October 7, 2015 ª2015 Elsevier Inc.



Let’s build a model!



• Network models of 
interacting populations  

- Locally-generated 
oscillations (e.g. γ)  

- Sparse 
synchronization 

• Quantify directed 
functional interactions 
from simulated LFPs 
and spike trains 

A clocked device?

 1           0           0           1           0           0
 0           0           1           0           0           1
 0           1           1           0           1           0
 1           0           0           0           1           0

 0           1           1           1           0           0
 0           0           1           0           0           1
 0           1           0           1           1           0
 1           1           0           1           0           1

How much 
information
is passing?

A clocked device?

 1           0           0           1           0           0
 0           0           1           0           0           1
 0           1           1           0           1           0
 1           0           0           0           1           0

 0           1           1           1           0           0
 0           0           1           0           0           1
 0           1           0           1           1           0
 1           1           0           1           0           1

How much 
information
is passing? or       ?

Brunel & Wang (2003) 
Brunel & Hansel (2006) 

DB, Brunel & Hansel (2007)



Rich routing repertoire

Dynamic multi-stability

In the simple structural motifs we consider, delays and strengths
of local excitation and inhibition are homogeneous across different
areas. Long-range inter-areal connections are as well isotropic, i.e.
strengths and delays of inter-areal interactions are the same in all
directions. Delay and strength of local and long-range connections
can be changed parametrically, but only in a matching way for
homologous connections, in such a way that the overall topology
of the structural motif is left unchanged. As previously shown in
[60], different dynamical states –characterized by oscillations with
different phase-locking relations and degrees of periodicity– can
arise from these simple structural motif topologies. Changes in the
strength of local inhibition, of long-range excitation or of delays of
local and long-range connections can lead to phase transitions
between qualitatively distinct dynamical states. Interestingly,
however, within broad ranges of parameters, multi-stabilities
between dynamical states with different phase-locking patterns
take place even for completely fixed interaction strengths and
delays.

We generate multivariate time-series of simulated ‘‘LFPs’’ in
different dynamical states of our models and we calculate TEs for

all the possible directed pairwise interactions. We show then that
effective connectivities associated to different dynamical states are
also different. The resulting effective connectivities can be depicted
in diagrammatic form by drawing an arrow for each statistically
significant causal interaction. The thickness of each arrow encodes
the strength of the corresponding interaction. This graphical
representation makes apparent, then, that effective connectivity
motifs or, more briefly, effective motifs, with many different
topologies emerge from structural motifs with a same fixed
topology. Such effective motifs are organized into families. All the
motifs within a same family correspond to dynamical states which
are multi-stable for a given choice of parameters, while different
families of motifs are obtained for different ranges of parameters
leading to different ensembles of dynamical states.

We analyze in detail, in Figures 3, 4 and 5, three families of
motifs arising for strong intra-areal inhibition and similarly small
values of delays for local and long-range connections. We consider
N~2 (panels A and B) and N~3 (panels C and D) structural
motifs. Panels A and C show TEs for different directions of
interaction, together with ‘‘LFPs’’ and example spike trains (from

Figure 3. Effective motifs of the unidirectional driving family. For weak inter-areal coupling strengths, out-of-phase lockings of local periodic
oscillations give rise to a family of ‘‘unidirectional driving’’ effective motif. The figure shows dynamics and corresponding effective connectivities for
fully symmetric structural motifs with N~2 (panels A–B) or N~3 (panels C–D) areas. A: the dynamics of N~2 interacting areas (green and orange
colors) is illustrated by ‘‘LFPs’’ (left, top row) and representative spike trains (left, middle row, two cells per each area) from the network model
(horizontal bar is 20 ms, vertical bar is 20 mV), as well as by matching rate traces (left, bottom row) from the rate model (arbitrary time units). The right
sub-panel reports the associated effective connectivity measured by Transfer Entropy (TE), evaluated from ‘‘LFPs’’ time-series, for all possible directed
interactions (indicated by colored arrows). Boxes indicate the interquartile range and whiskers the confidence interval for the estimated TEs. TEs
above the grey horizontal band indicate statistically significant causal influences (see Methods). B: to the right of the corresponding box-plot, effective
connectivity is also represented in a diagrammatic form. Arrow thicknesses encode the strength of corresponding causal interactions (if statistically
significant). Below this effective motif, a second motif in the same unidirectional driving family is plotted (with a smaller size), corresponding to
another motif version with equivalent overall topology but reversed directionality. The parameters used for N~2 are, for the network model:
pI ~0:25, pE~0:01; and for the rate model: KI~{250, KE~5, D~D~0:1. C: this panels reports similar quantities as panel A, but now for a
structural motif with N~3 areas (green, orange and light blue colors). Effective connectivity is now measured by partialized Transfer Entropy (pTE;
see Methods), in order to account only for direct causal interactions. D: the six effective motifs of the unidirectional driving family for N~3 are also
reported. The parameters used for N~3 are, for the network model: pI ~0:33, pE~0:006; and for the rate model: KI ~{300, KE~5, D~D~0:1.
doi:10.1371/journal.pcbi.1002438.g003
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In the simple structural motifs we consider, delays and strengths
of local excitation and inhibition are homogeneous across different
areas. Long-range inter-areal connections are as well isotropic, i.e.
strengths and delays of inter-areal interactions are the same in all
directions. Delay and strength of local and long-range connections
can be changed parametrically, but only in a matching way for
homologous connections, in such a way that the overall topology
of the structural motif is left unchanged. As previously shown in
[60], different dynamical states –characterized by oscillations with
different phase-locking relations and degrees of periodicity– can
arise from these simple structural motif topologies. Changes in the
strength of local inhibition, of long-range excitation or of delays of
local and long-range connections can lead to phase transitions
between qualitatively distinct dynamical states. Interestingly,
however, within broad ranges of parameters, multi-stabilities
between dynamical states with different phase-locking patterns
take place even for completely fixed interaction strengths and
delays.

We generate multivariate time-series of simulated ‘‘LFPs’’ in
different dynamical states of our models and we calculate TEs for

all the possible directed pairwise interactions. We show then that
effective connectivities associated to different dynamical states are
also different. The resulting effective connectivities can be depicted
in diagrammatic form by drawing an arrow for each statistically
significant causal interaction. The thickness of each arrow encodes
the strength of the corresponding interaction. This graphical
representation makes apparent, then, that effective connectivity
motifs or, more briefly, effective motifs, with many different
topologies emerge from structural motifs with a same fixed
topology. Such effective motifs are organized into families. All the
motifs within a same family correspond to dynamical states which
are multi-stable for a given choice of parameters, while different
families of motifs are obtained for different ranges of parameters
leading to different ensembles of dynamical states.

We analyze in detail, in Figures 3, 4 and 5, three families of
motifs arising for strong intra-areal inhibition and similarly small
values of delays for local and long-range connections. We consider
N~2 (panels A and B) and N~3 (panels C and D) structural
motifs. Panels A and C show TEs for different directions of
interaction, together with ‘‘LFPs’’ and example spike trains (from

Figure 3. Effective motifs of the unidirectional driving family. For weak inter-areal coupling strengths, out-of-phase lockings of local periodic
oscillations give rise to a family of ‘‘unidirectional driving’’ effective motif. The figure shows dynamics and corresponding effective connectivities for
fully symmetric structural motifs with N~2 (panels A–B) or N~3 (panels C–D) areas. A: the dynamics of N~2 interacting areas (green and orange
colors) is illustrated by ‘‘LFPs’’ (left, top row) and representative spike trains (left, middle row, two cells per each area) from the network model
(horizontal bar is 20 ms, vertical bar is 20 mV), as well as by matching rate traces (left, bottom row) from the rate model (arbitrary time units). The right
sub-panel reports the associated effective connectivity measured by Transfer Entropy (TE), evaluated from ‘‘LFPs’’ time-series, for all possible directed
interactions (indicated by colored arrows). Boxes indicate the interquartile range and whiskers the confidence interval for the estimated TEs. TEs
above the grey horizontal band indicate statistically significant causal influences (see Methods). B: to the right of the corresponding box-plot, effective
connectivity is also represented in a diagrammatic form. Arrow thicknesses encode the strength of corresponding causal interactions (if statistically
significant). Below this effective motif, a second motif in the same unidirectional driving family is plotted (with a smaller size), corresponding to
another motif version with equivalent overall topology but reversed directionality. The parameters used for N~2 are, for the network model:
pI ~0:25, pE~0:01; and for the rate model: KI~{250, KE~5, D~D~0:1. C: this panels reports similar quantities as panel A, but now for a
structural motif with N~3 areas (green, orange and light blue colors). Effective connectivity is now measured by partialized Transfer Entropy (pTE;
see Methods), in order to account only for direct causal interactions. D: the six effective motifs of the unidirectional driving family for N~3 are also
reported. The parameters used for N~3 are, for the network model: pI ~0:33, pE~0:006; and for the rate model: KI ~{300, KE~5, D~D~0:1.
doi:10.1371/journal.pcbi.1002438.g003
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In the simple structural motifs we consider, delays and strengths
of local excitation and inhibition are homogeneous across different
areas. Long-range inter-areal connections are as well isotropic, i.e.
strengths and delays of inter-areal interactions are the same in all
directions. Delay and strength of local and long-range connections
can be changed parametrically, but only in a matching way for
homologous connections, in such a way that the overall topology
of the structural motif is left unchanged. As previously shown in
[60], different dynamical states –characterized by oscillations with
different phase-locking relations and degrees of periodicity– can
arise from these simple structural motif topologies. Changes in the
strength of local inhibition, of long-range excitation or of delays of
local and long-range connections can lead to phase transitions
between qualitatively distinct dynamical states. Interestingly,
however, within broad ranges of parameters, multi-stabilities
between dynamical states with different phase-locking patterns
take place even for completely fixed interaction strengths and
delays.

We generate multivariate time-series of simulated ‘‘LFPs’’ in
different dynamical states of our models and we calculate TEs for

all the possible directed pairwise interactions. We show then that
effective connectivities associated to different dynamical states are
also different. The resulting effective connectivities can be depicted
in diagrammatic form by drawing an arrow for each statistically
significant causal interaction. The thickness of each arrow encodes
the strength of the corresponding interaction. This graphical
representation makes apparent, then, that effective connectivity
motifs or, more briefly, effective motifs, with many different
topologies emerge from structural motifs with a same fixed
topology. Such effective motifs are organized into families. All the
motifs within a same family correspond to dynamical states which
are multi-stable for a given choice of parameters, while different
families of motifs are obtained for different ranges of parameters
leading to different ensembles of dynamical states.

We analyze in detail, in Figures 3, 4 and 5, three families of
motifs arising for strong intra-areal inhibition and similarly small
values of delays for local and long-range connections. We consider
N~2 (panels A and B) and N~3 (panels C and D) structural
motifs. Panels A and C show TEs for different directions of
interaction, together with ‘‘LFPs’’ and example spike trains (from

Figure 3. Effective motifs of the unidirectional driving family. For weak inter-areal coupling strengths, out-of-phase lockings of local periodic
oscillations give rise to a family of ‘‘unidirectional driving’’ effective motif. The figure shows dynamics and corresponding effective connectivities for
fully symmetric structural motifs with N~2 (panels A–B) or N~3 (panels C–D) areas. A: the dynamics of N~2 interacting areas (green and orange
colors) is illustrated by ‘‘LFPs’’ (left, top row) and representative spike trains (left, middle row, two cells per each area) from the network model
(horizontal bar is 20 ms, vertical bar is 20 mV), as well as by matching rate traces (left, bottom row) from the rate model (arbitrary time units). The right
sub-panel reports the associated effective connectivity measured by Transfer Entropy (TE), evaluated from ‘‘LFPs’’ time-series, for all possible directed
interactions (indicated by colored arrows). Boxes indicate the interquartile range and whiskers the confidence interval for the estimated TEs. TEs
above the grey horizontal band indicate statistically significant causal influences (see Methods). B: to the right of the corresponding box-plot, effective
connectivity is also represented in a diagrammatic form. Arrow thicknesses encode the strength of corresponding causal interactions (if statistically
significant). Below this effective motif, a second motif in the same unidirectional driving family is plotted (with a smaller size), corresponding to
another motif version with equivalent overall topology but reversed directionality. The parameters used for N~2 are, for the network model:
pI ~0:25, pE~0:01; and for the rate model: KI~{250, KE~5, D~D~0:1. C: this panels reports similar quantities as panel A, but now for a
structural motif with N~3 areas (green, orange and light blue colors). Effective connectivity is now measured by partialized Transfer Entropy (pTE;
see Methods), in order to account only for direct causal interactions. D: the six effective motifs of the unidirectional driving family for N~3 are also
reported. The parameters used for N~3 are, for the network model: pI ~0:33, pE~0:006; and for the rate model: KI ~{300, KE~5, D~D~0:1.
doi:10.1371/journal.pcbi.1002438.g003
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In the simple structural motifs we consider, delays and strengths
of local excitation and inhibition are homogeneous across different
areas. Long-range inter-areal connections are as well isotropic, i.e.
strengths and delays of inter-areal interactions are the same in all
directions. Delay and strength of local and long-range connections
can be changed parametrically, but only in a matching way for
homologous connections, in such a way that the overall topology
of the structural motif is left unchanged. As previously shown in
[60], different dynamical states –characterized by oscillations with
different phase-locking relations and degrees of periodicity– can
arise from these simple structural motif topologies. Changes in the
strength of local inhibition, of long-range excitation or of delays of
local and long-range connections can lead to phase transitions
between qualitatively distinct dynamical states. Interestingly,
however, within broad ranges of parameters, multi-stabilities
between dynamical states with different phase-locking patterns
take place even for completely fixed interaction strengths and
delays.

We generate multivariate time-series of simulated ‘‘LFPs’’ in
different dynamical states of our models and we calculate TEs for

all the possible directed pairwise interactions. We show then that
effective connectivities associated to different dynamical states are
also different. The resulting effective connectivities can be depicted
in diagrammatic form by drawing an arrow for each statistically
significant causal interaction. The thickness of each arrow encodes
the strength of the corresponding interaction. This graphical
representation makes apparent, then, that effective connectivity
motifs or, more briefly, effective motifs, with many different
topologies emerge from structural motifs with a same fixed
topology. Such effective motifs are organized into families. All the
motifs within a same family correspond to dynamical states which
are multi-stable for a given choice of parameters, while different
families of motifs are obtained for different ranges of parameters
leading to different ensembles of dynamical states.

We analyze in detail, in Figures 3, 4 and 5, three families of
motifs arising for strong intra-areal inhibition and similarly small
values of delays for local and long-range connections. We consider
N~2 (panels A and B) and N~3 (panels C and D) structural
motifs. Panels A and C show TEs for different directions of
interaction, together with ‘‘LFPs’’ and example spike trains (from

Figure 3. Effective motifs of the unidirectional driving family. For weak inter-areal coupling strengths, out-of-phase lockings of local periodic
oscillations give rise to a family of ‘‘unidirectional driving’’ effective motif. The figure shows dynamics and corresponding effective connectivities for
fully symmetric structural motifs with N~2 (panels A–B) or N~3 (panels C–D) areas. A: the dynamics of N~2 interacting areas (green and orange
colors) is illustrated by ‘‘LFPs’’ (left, top row) and representative spike trains (left, middle row, two cells per each area) from the network model
(horizontal bar is 20 ms, vertical bar is 20 mV), as well as by matching rate traces (left, bottom row) from the rate model (arbitrary time units). The right
sub-panel reports the associated effective connectivity measured by Transfer Entropy (TE), evaluated from ‘‘LFPs’’ time-series, for all possible directed
interactions (indicated by colored arrows). Boxes indicate the interquartile range and whiskers the confidence interval for the estimated TEs. TEs
above the grey horizontal band indicate statistically significant causal influences (see Methods). B: to the right of the corresponding box-plot, effective
connectivity is also represented in a diagrammatic form. Arrow thicknesses encode the strength of corresponding causal interactions (if statistically
significant). Below this effective motif, a second motif in the same unidirectional driving family is plotted (with a smaller size), corresponding to
another motif version with equivalent overall topology but reversed directionality. The parameters used for N~2 are, for the network model:
pI ~0:25, pE~0:01; and for the rate model: KI~{250, KE~5, D~D~0:1. C: this panels reports similar quantities as panel A, but now for a
structural motif with N~3 areas (green, orange and light blue colors). Effective connectivity is now measured by partialized Transfer Entropy (pTE;
see Methods), in order to account only for direct causal interactions. D: the six effective motifs of the unidirectional driving family for N~3 are also
reported. The parameters used for N~3 are, for the network model: pI ~0:33, pE~0:006; and for the rate model: KI ~{300, KE~5, D~D~0:1.
doi:10.1371/journal.pcbi.1002438.g003
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In the simple structural motifs we consider, delays and strengths
of local excitation and inhibition are homogeneous across different
areas. Long-range inter-areal connections are as well isotropic, i.e.
strengths and delays of inter-areal interactions are the same in all
directions. Delay and strength of local and long-range connections
can be changed parametrically, but only in a matching way for
homologous connections, in such a way that the overall topology
of the structural motif is left unchanged. As previously shown in
[60], different dynamical states –characterized by oscillations with
different phase-locking relations and degrees of periodicity– can
arise from these simple structural motif topologies. Changes in the
strength of local inhibition, of long-range excitation or of delays of
local and long-range connections can lead to phase transitions
between qualitatively distinct dynamical states. Interestingly,
however, within broad ranges of parameters, multi-stabilities
between dynamical states with different phase-locking patterns
take place even for completely fixed interaction strengths and
delays.

We generate multivariate time-series of simulated ‘‘LFPs’’ in
different dynamical states of our models and we calculate TEs for

all the possible directed pairwise interactions. We show then that
effective connectivities associated to different dynamical states are
also different. The resulting effective connectivities can be depicted
in diagrammatic form by drawing an arrow for each statistically
significant causal interaction. The thickness of each arrow encodes
the strength of the corresponding interaction. This graphical
representation makes apparent, then, that effective connectivity
motifs or, more briefly, effective motifs, with many different
topologies emerge from structural motifs with a same fixed
topology. Such effective motifs are organized into families. All the
motifs within a same family correspond to dynamical states which
are multi-stable for a given choice of parameters, while different
families of motifs are obtained for different ranges of parameters
leading to different ensembles of dynamical states.

We analyze in detail, in Figures 3, 4 and 5, three families of
motifs arising for strong intra-areal inhibition and similarly small
values of delays for local and long-range connections. We consider
N~2 (panels A and B) and N~3 (panels C and D) structural
motifs. Panels A and C show TEs for different directions of
interaction, together with ‘‘LFPs’’ and example spike trains (from

Figure 3. Effective motifs of the unidirectional driving family. For weak inter-areal coupling strengths, out-of-phase lockings of local periodic
oscillations give rise to a family of ‘‘unidirectional driving’’ effective motif. The figure shows dynamics and corresponding effective connectivities for
fully symmetric structural motifs with N~2 (panels A–B) or N~3 (panels C–D) areas. A: the dynamics of N~2 interacting areas (green and orange
colors) is illustrated by ‘‘LFPs’’ (left, top row) and representative spike trains (left, middle row, two cells per each area) from the network model
(horizontal bar is 20 ms, vertical bar is 20 mV), as well as by matching rate traces (left, bottom row) from the rate model (arbitrary time units). The right
sub-panel reports the associated effective connectivity measured by Transfer Entropy (TE), evaluated from ‘‘LFPs’’ time-series, for all possible directed
interactions (indicated by colored arrows). Boxes indicate the interquartile range and whiskers the confidence interval for the estimated TEs. TEs
above the grey horizontal band indicate statistically significant causal influences (see Methods). B: to the right of the corresponding box-plot, effective
connectivity is also represented in a diagrammatic form. Arrow thicknesses encode the strength of corresponding causal interactions (if statistically
significant). Below this effective motif, a second motif in the same unidirectional driving family is plotted (with a smaller size), corresponding to
another motif version with equivalent overall topology but reversed directionality. The parameters used for N~2 are, for the network model:
pI ~0:25, pE~0:01; and for the rate model: KI~{250, KE~5, D~D~0:1. C: this panels reports similar quantities as panel A, but now for a
structural motif with N~3 areas (green, orange and light blue colors). Effective connectivity is now measured by partialized Transfer Entropy (pTE;
see Methods), in order to account only for direct causal interactions. D: the six effective motifs of the unidirectional driving family for N~3 are also
reported. The parameters used for N~3 are, for the network model: pI ~0:33, pE~0:006; and for the rate model: KI ~{300, KE~5, D~D~0:1.
doi:10.1371/journal.pcbi.1002438.g003
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rigorous only for the rate model, the match between simulations
and predictions is very good for both models and families of motifs.

In Figs. 6E–F, we perturb the dynamics of the laggard area, but
changes in directionality can also be achieved by perturbing the
leader area (Supporting Figure S2). Note also that, in the network
model, direction switchings can take place spontaneously, due to
noisy background inputs. Such noise-induced transitions, however,
occur typically on time-scales of the order of seconds, i.e. slow in

terms of biologic function, because the phase range for successful
switching induction is narrow.

Effective entrainment
A second non-linear dynamic mechanism underlying the sequence

of effective motifs of Figures 3 and 4 is effective entrainment. In this pheno-
menon, the complex dynamics of neural activity seems intriguingly to
be dictated by effective rather than by structural connectivity.

Figure 6. Dynamic control of effective connectivity. A: symmetric structural motifs can give rise to asymmetric dynamics in which one area
leads in phase over the other (spontaneous symmetry breaking). Basins of attraction (in phase-shift space) of distinct phase-locking configurations are
schematically shown here (for N~2). Empty circles stand for unstable in- and anti-phase lockings and filled circles for stable out-of-phase lockings
(corresponding to unidirectional driving effective motifs). B: phase-shift evolution function C(Dw) for the rate model (left, analytical solution,
KI ~{250) and for the network model (right, numerical evaluation, pI~0:25). Empty and filled circles denote the same stable and unstable phase-
lockings as in panel A. C: cartoon of successful (dashed green arrow) and unsuccessful (dashed grey arrow) switchings induced by brief perturbations
(lightning icon). An input pulse to the system destabilizes transiently the current phase-locking (solid red and green arrows). For most perturbations,
the system does not leave the current basin of attraction and the previous effective motif is restored (dashed red arrow). However, suitable
perturbations can lead the system to switch to a different effective motif (dashed green arrow). D: a pulse of strength hinduces a phase advancement
of the collective oscillations, depending on its application phase w, as described by the Phase Response Curve Z(w) (left, rate model; analytical
solution, KI ~{250) or by the induced shift dw(w; h) (right, network model; numerical evaluation, pI ~0:25). E–F: frequency histogram of successful
switching for pulses applied at different phases (the laggard area is perturbed; h~0:2I for the rate model and h~500 pA for the network model).
Predicted intervals for successful switching are marked in green, for the unidirectional (panel E) and for the leaky effective driving (panel F) motifs
(left, rate model; right, network model; parameters as in Figures 3 and 4). Diagrams of the induced transitions are shown in the third column (see SI,
Figure S2 for perturbations applied to the leader area).
doi:10.1371/journal.pcbi.1002438.g006
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Non-local effects of 
local manipulations

effective noise strength XA of cluster A. These changes all
contribute to changes in the effective couplings GX,Y as well as in
the inter-cluster phase-locking values DFX,Y¼FX"FY
(cf. Supplementary Note 5 and Supplementary Fig. 3). The
changes in these properties, which enter the expressions for the
information sharing and routing measures (Fig. 2 and
Supplementary Note 4) then cause the observed changes
in information routing direction. Interestingly, the transition
in information routing has a switch-like dependency on the
changed parameter (Fig. 3c,d,g) promoting digital like changes of
communication modes. Combinatorially many information
routing patterns.

Combinatorial many information routing patterns. As an
alternative to interventions on local properties, also switching
between multi-stable local dynamical states DX can induce global
information rerouting. In the example in Fig. 4, each of the M¼ 3
modules XA{A, B, C} exhibits N X¼2 alternative phase-locked
states (labelled aX and bX, Supplementary Section 6 and
Supplementary Fig. 4). For sufficiently weak coupling, this local
multi-stability is preserved in the dynamics of the entire modular
network. Consequently each choice of theN A#N B#N C possible
combinations of ‘local’ states gives rise to at least one network-
wide collective state. Certain combinations of local states can give
rise to one or even multiple globally phase-locked states (for
example, [aAbBaC] in Fig. 4). Others support non-phase-locked
dynamics that gives rise to time-dependent IRPs (cf. Fig. 4c and
below). Thus, varying local dynamical states in a hierarchical
network flexibly produces a combinatorial number N $

Q
X N X

of different IRPs in the same physical network.

Time-dependent information routing. General reference states,
including periodic or transient dynamics, are not stationary and

hence the expressions for the dMI and dTE become dependent on
the time t. For example, Fig. 4c shows IRPs that undergo cyclic
changes due to an underlying periodic reference state (cf. also
Supplementary Note 6 and Supplementary Fig. 5a-c). In systems
with a global fixed point, systematic displacements to different
starting positions in state space give rise to different
stochastic transients with different and time-dependent IRPs
(Supplementary Fig. 5d). Similarly, switching dynamics along
heteroclinic orbits constitute another way of generating specific
progressions of reference dynamics. Thus information ‘surfing’
on top of non-stationary reference dynamical configurations
naturally yield temporally structured sequences of IRPs,
resolvable also by other measures of instantaneous information
flow36,42,43.

Discussion
The above results establish a theoretical basis for the emergence of
information routing capabilities in complex networks when signals
are communicated on top of collective reference states. We show
how information sharing (dMI) and transfer (dTE) emerge
through the joint action of local unit features, global interaction
topology and choice of the collective dynamical state. We find that
IRPs self-organize according to general principles (cf. Figs 2–4)
and can thus be systematically manipulated. Employing formal
identity of our approach at every scale in oscillatory modular
networks (equations (3) versus (6)) we identify local paradigms
that are capable of regulating information routing at the nonlocal
level across the whole network (Figs 3 and 4).

In contrast to self-organized technological routing protocols
where local nodes use local routing information to locally
propagate signals, such as in peer-to-peer networks44, in the
mechanism studied here the information routing modality is set
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Figure 3 | Remotely induced rerouting of information in modular networks. (a) Network with two coupled communities A and B (red and blue) of
oscillators close to a Hopf bifurcation. Changing the intrinsic frequency of a single node i¼ 1 from o1þ doa to o1þ dob induces a collective reorganization
of equilibrium phase differences, that result in b oppositely directed information sharing patterns between the individual nodes of the two modules (top
versus bottom). (c) dMI between two pairs of nodes from the two different clusters as a function of the time delay d and frequency change do1 of oscillator
1. The change of the peak from positive to negative delays reflecting the inversion of the information routing is visible. (d) Information routing patterns
(IRPs) calculated from the hierarchically reduced system for the two configurations in b (left) and as a function of do1 (right) reflect the inversion on the
finer scale (b,c). (e) Hierarchical network of three coupled modules of phase oscillators. (f) A change in the connection strength a2,3 from aa to ab between
two nodes (3A-2A) in sub-network A induces an inversion of information routing direction between the remote sub-networks B and C. (g) Full IRPs
calculated form the hierarchical reduced system for a2,3¼ aa and a2,3¼ aa (left) and as a function of a2,3 for all pairs of modules (density plots, right).
The transition is not continuous but rather switch like.
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effective noise strength XA of cluster A. These changes all
contribute to changes in the effective couplings GX,Y as well as in
the inter-cluster phase-locking values DFX,Y¼FX"FY
(cf. Supplementary Note 5 and Supplementary Fig. 3). The
changes in these properties, which enter the expressions for the
information sharing and routing measures (Fig. 2 and
Supplementary Note 4) then cause the observed changes
in information routing direction. Interestingly, the transition
in information routing has a switch-like dependency on the
changed parameter (Fig. 3c,d,g) promoting digital like changes of
communication modes. Combinatorially many information
routing patterns.

Combinatorial many information routing patterns. As an
alternative to interventions on local properties, also switching
between multi-stable local dynamical states DX can induce global
information rerouting. In the example in Fig. 4, each of the M¼ 3
modules XA{A, B, C} exhibits N X¼2 alternative phase-locked
states (labelled aX and bX, Supplementary Section 6 and
Supplementary Fig. 4). For sufficiently weak coupling, this local
multi-stability is preserved in the dynamics of the entire modular
network. Consequently each choice of theN A#N B#N C possible
combinations of ‘local’ states gives rise to at least one network-
wide collective state. Certain combinations of local states can give
rise to one or even multiple globally phase-locked states (for
example, [aAbBaC] in Fig. 4). Others support non-phase-locked
dynamics that gives rise to time-dependent IRPs (cf. Fig. 4c and
below). Thus, varying local dynamical states in a hierarchical
network flexibly produces a combinatorial number N $

Q
X N X

of different IRPs in the same physical network.

Time-dependent information routing. General reference states,
including periodic or transient dynamics, are not stationary and

hence the expressions for the dMI and dTE become dependent on
the time t. For example, Fig. 4c shows IRPs that undergo cyclic
changes due to an underlying periodic reference state (cf. also
Supplementary Note 6 and Supplementary Fig. 5a-c). In systems
with a global fixed point, systematic displacements to different
starting positions in state space give rise to different
stochastic transients with different and time-dependent IRPs
(Supplementary Fig. 5d). Similarly, switching dynamics along
heteroclinic orbits constitute another way of generating specific
progressions of reference dynamics. Thus information ‘surfing’
on top of non-stationary reference dynamical configurations
naturally yield temporally structured sequences of IRPs,
resolvable also by other measures of instantaneous information
flow36,42,43.

Discussion
The above results establish a theoretical basis for the emergence of
information routing capabilities in complex networks when signals
are communicated on top of collective reference states. We show
how information sharing (dMI) and transfer (dTE) emerge
through the joint action of local unit features, global interaction
topology and choice of the collective dynamical state. We find that
IRPs self-organize according to general principles (cf. Figs 2–4)
and can thus be systematically manipulated. Employing formal
identity of our approach at every scale in oscillatory modular
networks (equations (3) versus (6)) we identify local paradigms
that are capable of regulating information routing at the nonlocal
level across the whole network (Figs 3 and 4).

In contrast to self-organized technological routing protocols
where local nodes use local routing information to locally
propagate signals, such as in peer-to-peer networks44, in the
mechanism studied here the information routing modality is set
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Figure 3 | Remotely induced rerouting of information in modular networks. (a) Network with two coupled communities A and B (red and blue) of
oscillators close to a Hopf bifurcation. Changing the intrinsic frequency of a single node i¼ 1 from o1þ doa to o1þ dob induces a collective reorganization
of equilibrium phase differences, that result in b oppositely directed information sharing patterns between the individual nodes of the two modules (top
versus bottom). (c) dMI between two pairs of nodes from the two different clusters as a function of the time delay d and frequency change do1 of oscillator
1. The change of the peak from positive to negative delays reflecting the inversion of the information routing is visible. (d) Information routing patterns
(IRPs) calculated from the hierarchically reduced system for the two configurations in b (left) and as a function of do1 (right) reflect the inversion on the
finer scale (b,c). (e) Hierarchical network of three coupled modules of phase oscillators. (f) A change in the connection strength a2,3 from aa to ab between
two nodes (3A-2A) in sub-network A induces an inversion of information routing direction between the remote sub-networks B and C. (g) Full IRPs
calculated form the hierarchical reduced system for a2,3¼ aa and a2,3¼ aa (left) and as a function of a2,3 for all pairs of modules (density plots, right).
The transition is not continuous but rather switch like.
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effective noise strength XA of cluster A. These changes all
contribute to changes in the effective couplings GX,Y as well as in
the inter-cluster phase-locking values DFX,Y¼FX"FY
(cf. Supplementary Note 5 and Supplementary Fig. 3). The
changes in these properties, which enter the expressions for the
information sharing and routing measures (Fig. 2 and
Supplementary Note 4) then cause the observed changes
in information routing direction. Interestingly, the transition
in information routing has a switch-like dependency on the
changed parameter (Fig. 3c,d,g) promoting digital like changes of
communication modes. Combinatorially many information
routing patterns.

Combinatorial many information routing patterns. As an
alternative to interventions on local properties, also switching
between multi-stable local dynamical states DX can induce global
information rerouting. In the example in Fig. 4, each of the M¼ 3
modules XA{A, B, C} exhibits N X¼2 alternative phase-locked
states (labelled aX and bX, Supplementary Section 6 and
Supplementary Fig. 4). For sufficiently weak coupling, this local
multi-stability is preserved in the dynamics of the entire modular
network. Consequently each choice of theN A#N B#N C possible
combinations of ‘local’ states gives rise to at least one network-
wide collective state. Certain combinations of local states can give
rise to one or even multiple globally phase-locked states (for
example, [aAbBaC] in Fig. 4). Others support non-phase-locked
dynamics that gives rise to time-dependent IRPs (cf. Fig. 4c and
below). Thus, varying local dynamical states in a hierarchical
network flexibly produces a combinatorial number N $

Q
X N X

of different IRPs in the same physical network.

Time-dependent information routing. General reference states,
including periodic or transient dynamics, are not stationary and

hence the expressions for the dMI and dTE become dependent on
the time t. For example, Fig. 4c shows IRPs that undergo cyclic
changes due to an underlying periodic reference state (cf. also
Supplementary Note 6 and Supplementary Fig. 5a-c). In systems
with a global fixed point, systematic displacements to different
starting positions in state space give rise to different
stochastic transients with different and time-dependent IRPs
(Supplementary Fig. 5d). Similarly, switching dynamics along
heteroclinic orbits constitute another way of generating specific
progressions of reference dynamics. Thus information ‘surfing’
on top of non-stationary reference dynamical configurations
naturally yield temporally structured sequences of IRPs,
resolvable also by other measures of instantaneous information
flow36,42,43.

Discussion
The above results establish a theoretical basis for the emergence of
information routing capabilities in complex networks when signals
are communicated on top of collective reference states. We show
how information sharing (dMI) and transfer (dTE) emerge
through the joint action of local unit features, global interaction
topology and choice of the collective dynamical state. We find that
IRPs self-organize according to general principles (cf. Figs 2–4)
and can thus be systematically manipulated. Employing formal
identity of our approach at every scale in oscillatory modular
networks (equations (3) versus (6)) we identify local paradigms
that are capable of regulating information routing at the nonlocal
level across the whole network (Figs 3 and 4).

In contrast to self-organized technological routing protocols
where local nodes use local routing information to locally
propagate signals, such as in peer-to-peer networks44, in the
mechanism studied here the information routing modality is set
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Figure 3 | Remotely induced rerouting of information in modular networks. (a) Network with two coupled communities A and B (red and blue) of
oscillators close to a Hopf bifurcation. Changing the intrinsic frequency of a single node i¼ 1 from o1þ doa to o1þ dob induces a collective reorganization
of equilibrium phase differences, that result in b oppositely directed information sharing patterns between the individual nodes of the two modules (top
versus bottom). (c) dMI between two pairs of nodes from the two different clusters as a function of the time delay d and frequency change do1 of oscillator
1. The change of the peak from positive to negative delays reflecting the inversion of the information routing is visible. (d) Information routing patterns
(IRPs) calculated from the hierarchically reduced system for the two configurations in b (left) and as a function of do1 (right) reflect the inversion on the
finer scale (b,c). (e) Hierarchical network of three coupled modules of phase oscillators. (f) A change in the connection strength a2,3 from aa to ab between
two nodes (3A-2A) in sub-network A induces an inversion of information routing direction between the remote sub-networks B and C. (g) Full IRPs
calculated form the hierarchical reduced system for a2,3¼ aa and a2,3¼ aa (left) and as a function of a2,3 for all pairs of modules (density plots, right).
The transition is not continuous but rather switch like.
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effective noise strength XA of cluster A. These changes all
contribute to changes in the effective couplings GX,Y as well as in
the inter-cluster phase-locking values DFX,Y¼FX"FY
(cf. Supplementary Note 5 and Supplementary Fig. 3). The
changes in these properties, which enter the expressions for the
information sharing and routing measures (Fig. 2 and
Supplementary Note 4) then cause the observed changes
in information routing direction. Interestingly, the transition
in information routing has a switch-like dependency on the
changed parameter (Fig. 3c,d,g) promoting digital like changes of
communication modes. Combinatorially many information
routing patterns.

Combinatorial many information routing patterns. As an
alternative to interventions on local properties, also switching
between multi-stable local dynamical states DX can induce global
information rerouting. In the example in Fig. 4, each of the M¼ 3
modules XA{A, B, C} exhibits N X¼2 alternative phase-locked
states (labelled aX and bX, Supplementary Section 6 and
Supplementary Fig. 4). For sufficiently weak coupling, this local
multi-stability is preserved in the dynamics of the entire modular
network. Consequently each choice of theN A#N B#N C possible
combinations of ‘local’ states gives rise to at least one network-
wide collective state. Certain combinations of local states can give
rise to one or even multiple globally phase-locked states (for
example, [aAbBaC] in Fig. 4). Others support non-phase-locked
dynamics that gives rise to time-dependent IRPs (cf. Fig. 4c and
below). Thus, varying local dynamical states in a hierarchical
network flexibly produces a combinatorial number N $

Q
X N X

of different IRPs in the same physical network.

Time-dependent information routing. General reference states,
including periodic or transient dynamics, are not stationary and

hence the expressions for the dMI and dTE become dependent on
the time t. For example, Fig. 4c shows IRPs that undergo cyclic
changes due to an underlying periodic reference state (cf. also
Supplementary Note 6 and Supplementary Fig. 5a-c). In systems
with a global fixed point, systematic displacements to different
starting positions in state space give rise to different
stochastic transients with different and time-dependent IRPs
(Supplementary Fig. 5d). Similarly, switching dynamics along
heteroclinic orbits constitute another way of generating specific
progressions of reference dynamics. Thus information ‘surfing’
on top of non-stationary reference dynamical configurations
naturally yield temporally structured sequences of IRPs,
resolvable also by other measures of instantaneous information
flow36,42,43.

Discussion
The above results establish a theoretical basis for the emergence of
information routing capabilities in complex networks when signals
are communicated on top of collective reference states. We show
how information sharing (dMI) and transfer (dTE) emerge
through the joint action of local unit features, global interaction
topology and choice of the collective dynamical state. We find that
IRPs self-organize according to general principles (cf. Figs 2–4)
and can thus be systematically manipulated. Employing formal
identity of our approach at every scale in oscillatory modular
networks (equations (3) versus (6)) we identify local paradigms
that are capable of regulating information routing at the nonlocal
level across the whole network (Figs 3 and 4).

In contrast to self-organized technological routing protocols
where local nodes use local routing information to locally
propagate signals, such as in peer-to-peer networks44, in the
mechanism studied here the information routing modality is set
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Figure 3 | Remotely induced rerouting of information in modular networks. (a) Network with two coupled communities A and B (red and blue) of
oscillators close to a Hopf bifurcation. Changing the intrinsic frequency of a single node i¼ 1 from o1þ doa to o1þ dob induces a collective reorganization
of equilibrium phase differences, that result in b oppositely directed information sharing patterns between the individual nodes of the two modules (top
versus bottom). (c) dMI between two pairs of nodes from the two different clusters as a function of the time delay d and frequency change do1 of oscillator
1. The change of the peak from positive to negative delays reflecting the inversion of the information routing is visible. (d) Information routing patterns
(IRPs) calculated from the hierarchically reduced system for the two configurations in b (left) and as a function of do1 (right) reflect the inversion on the
finer scale (b,c). (e) Hierarchical network of three coupled modules of phase oscillators. (f) A change in the connection strength a2,3 from aa to ab between
two nodes (3A-2A) in sub-network A induces an inversion of information routing direction between the remote sub-networks B and C. (g) Full IRPs
calculated form the hierarchical reduced system for a2,3¼ aa and a2,3¼ aa (left) and as a function of a2,3 for all pairs of modules (density plots, right).
The transition is not continuous but rather switch like.
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If it is already a mess with 
N = 2,3 regions, let’s 

think about N ~100…

(see Materials and Methods). The second component of the
models is the type of dynamics assumed for the local nodes. Here,
we assumed that a faithful description of the local brain area
dynamics is indispensable for discovering the mechanisms un-
derlying the experimentally observed resting global brain dynam-
ics. Therefore, we described the local brain area dynamics by the
detailed spiking and conductance-based synaptic model previ-
ously used by Deco and Jirsa (2012). This model is able to repro-
duce properly the typical asynchronous spontaneous low level of
spiking activity at !3"10 Hz, as evidenced experimentally with
neuronal recordings (Burns and Webb, 1976; Koch and Fuster,
1989; Wilson et al., 1994). The obtained spiking activity was
transformed to BOLD fMRI signals using the Balloon-
Windkessel hemodynamic model (Friston et al., 2003). Combin-
ing both structure and dynamics in the models, the next step is to
evaluate the model predictions and compare them with empirical
data (i.e., to identify the model parameters for which the model
best fits the empirical resting FC). In this paper, the empirical FC
was calculated by averaging the results obtained on 24 healthy
human subjects (Hlinka et al., 2011) and projected to the same
parcellation adopted for the anatomical structural matrix.

Dynamic mean field approximation
It has been shown that the detailed spiking model the best fit of
empirical resting fMRI data is obtained when the brain network is
critical (i.e., at the border of a dynamical bifurcation point)
(Deco and Jirsa, 2012). Nevertheless, the model suffers from the
disadvantage that its computational study involves the solution
of typically many hundred thousands of coupled nonlinear dif-

ferential equations corresponding to each single neuron and each
single synapse. Therefore, for studying the global brain model in
more detail, we reduced consistently the model by using dynamic
mean field techniques (see Materials and Methods).

The reduced dynamic mean field model (DMF) ignores the in-
teraction between single neurons within a cortical area and instead
considers the ensemble dynamics, for which the temporal evolution
is dominated by the longest time scale of the system. Specifically,
because the synaptic gating variable (i.e., the fraction of open chan-
nels) of NMDA receptors has a much longer decay time constant
(100 ms) than AMPA and GABA receptors, the system can be re-
duced by assuming that the dynamics of the NMDA gating variable
dominates the time evolution of the system, whereas the other syn-
aptic variables instantaneously reach their steady state. This leads to
a reduced system of N coupled nonlinear differential equations (Eqs.
6–8), where N is the number of brain areas considered (in our case
N # 66), expressing the dynamics of NMDA gating variables (see
Materials and Methods).

We first calculated the bifurcation diagrams characterizing
the stationary states of the brain system for both the spiking (Fig.
2A,C) and the reduced DMF model (Fig. 2B,D) as a function of
the control parameter G, describing the scaling or global strength
of the intercortical coupling (see Materials and Methods). We
studied 1000 different random initial conditions to identify all
possible stationary states. In the case of the spiking model, we
used the classical mean field (Brunel and Wang, 2001; Deco and
Jirsa, 2012) for studying the fixed points of the system. Figure 2A
shows for the different possible stable states the maximal firing
rate activity over all cortical areas. For small values of the global

Figure 1. Linking anatomical connections and FC. Neuroanatomical connectivity data were obtained by DSI and tractography after averaging across subjects. Parcellation provides a connectivity
matrix C linking the N cortical areas with clear anatomical landmarks. A neurodynamical model was then constructed using a set of stochastic differential equations coupled according to the
connectivity matrix C. To validate the model, we compared the model spatiotemporal patterns to the ones observed in empirical data. In our case, the empirical FC was measured using fMRI BOLD
activity. This framework enables us to study the link between anatomical structure and resting-state dynamics.
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dominates the time evolution of the system, whereas the other syn-
aptic variables instantaneously reach their steady state. This leads to
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6–8), where N is the number of brain areas considered (in our case
N # 66), expressing the dynamics of NMDA gating variables (see
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We first calculated the bifurcation diagrams characterizing
the stationary states of the brain system for both the spiking (Fig.
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the control parameter G, describing the scaling or global strength
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Can we detect complex dynamics in neuronal 
activity and explain it through models?

Are functional dynamics analyses 
useful for concrete applications?



From the “dynome" to 
the “chronnectome” 

(Calhoun et al. 2014)
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Completely different scales… 

Resting state BOLD
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Transiently stable FC 
states?

rsfMRI data from Petra Ritter  
66 regions parcelation

“Checker-board” 
correlations between  

FC networks  
at different times 

“Clusters” of FC  
matrices

CC(      ,      )

Allen et al. 2012 
Hutchison et al. 2013 

Hansen et al. 2015

FCD matrix
Battaglia et al., bioRxiv (2020); Lombardo et al., bioRxiv (2020)



But we are not bound to one scale! 

Back to 
electrophysiology!
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And we can again build FCD!



Discrete FC states
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correlations between  

FC networks  
at different times 
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Pretty much the same 
as for BOLD!

Clawson et al., Science Advances (2019) 
Pedreschi et al., bioRxiv (2020)



Clawson et al., Science Advances (2019) 
Pedreschi et al., bioRxiv (2020)

Discrete FC states

Liquid core-periphery 
temporal network

Nicola Pedreschi 
(in collaboration with 

Alain Barrat, CPT)



Discrete FC states

Clawson et al., Science Advances (2019) 
Pedreschi et al., bioRxiv (2020)
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Dynamic functional 
connectivity analyses 

can reveal multiplicity of 
internal states

Can we detect complex dynamics in neuronal 
activity and explain it through models?


