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Abstract. Compared with the relatively stable structural networks, the
functional networks, defined by the temporal correlation between remote
neurophysiological events, are highly complex and variable. However, the
transitions should never be random. So it was proposed that some stable
fast rewiring mechanisms probably exist in the brain. In order to probe
the underlying mechanisms, we analyze the fMRI signal in temporal di-
mension and obtain several heuristic conclusions. 1) There is a stable
time delay, 7∼14 seconds, between the stimulus onset and the activation
of corresponding functional regions. 2) In analyzing the biophysical fac-
tors that support stable fast rewiring, it is, to our best knowledge, the
first to observe that skeleton voxels may be essential for the fast rewiring
process. 3) Our analysis on the structure of functional network supports
the scale-free hypothesis.
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1 Introduction

Though ∼3×107 synapses are lost in our brain each year, it can be neglected
when taking the total number of synapses, ∼1014 , into consideration. So the
structural network is relatively stable. But the functional networks, which relates
to the cognitive information processing, are highly variable. So a problem aris-
ing: how does a relatively stable network generate so many complex functional
networks? It has puzzled intellects for years [1]. We don’t want to linger on this
enduring pitfall, but only emphasize the functional network, especially the tran-
sition between functional networks. For, though incredible advances have been
obtained in disclosing the structural network with the help of neuroanatomy, we
know little about the functional networks [2].

Gomez Portillo et al. [3-4] recently proposed that there may be a fast rewiring
process in the brain, and they speculated that the scale-free characteristics might
be determined by a local-and-global rewiring mechanism by modeling the brain
as an adaptive oscillation network using Kuramoto oscillator. But their assump-
tions are problematic. Since human cognitions are continuous process, the ran-
dom assumption about the initial states is infeasible. What’s worse, the rewiring
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Fig. 1. Morphological dilation to ROI: (a) the activated region given by SPM; (b) the
extracted ROI; (c) the mask obtained by ROI dilation

is too slow to satisfy the swift and precise information process requirements
of the brain. (Also, in personal communication, Gomez Portillo explained that
the underlying biophysical basis is not clear at present.) Obviously, our brain
has been experiencing ”oriented” rewiring instead of “random” rewiring, so the
rewiring is stable, and which should be oriented to response precisely to the
stimulus.

To disclose the biophysical mechanisms underlying fast rewiring, we conduct
explorative analysis to the fMRI signal in temporal dimension and many impor-
tant and heuristic conclusions are drawn. The experiment material is introduced
in Section 2. In Section 3 and 4, we analyze the temporal stability and skeleton
voxels. Finally, we conclude this paper in Section 5.

2 Material

Analysis were conducted based on an auditory dataset available at the SPM site
[5], which comprises whole brain BOLD/EPI images and is acquired by a mod-
ified 2 Tesla Siemens MAGNETOM Vision system. Each acquisition consisted
of 64 contiguous slices (64×64×64 3mm×3mm×3mm voxels). Data acquisition
took 6.05s per volume, with the scan to scan repeat time set to 7s. 96 acqui-
sitions were made (TR=7s) from a single subject, in blocks of 6, giving 16 42s
blocks. The condition for successive blocks alternated between rest and auditory
stimulation, starting with rest. Auditory stimulation was with bi-syllabic words
presented binaurally at a rate of 60 per minute [6]. The first 12 scans were dis-
carded for T1 effects, leaving with 84 scans for analysis. SPM8 was the main tool
for image pre-processing. All volumes were realigned to the first volume and a
mean image was created using the realigned volumes. A structural image, ac-
quired using a standard three-dimensional weighted sequence (1×1×3mm3 voxel
size) was co-registered to this mean (T2) image. Finally all the images were spa-
tially normalized [7] to a standard Tailarach template [8] and smoothed using a
6mm full width at half maximum (FWHM) isotropic Gaussian kernel. And we
use the default (FWE) to detect the activated voxels.

3 Temporal Stability

Though SPM can be used to detect the activated regions, as shown in Fig.1
(a), we know little on the temporal relationship between the stimulus and the
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Fig. 2. The temporal stability of fast rewiring. For convience, only the upper triangle
part of the binary similarity matrix is show, and the threshod coefficients are (a)η =
0.4,(b)η = 0.5. The rectangle wave above each matrix denotes the stimulus onset in
the block design. The local maximum (denoted by black dots) show that there is a
huge jump between the first and the second scan after each stimulus onset. And the
periodicality of local maximums, which is consistent with the periodicality of stimulus
onset, shows that the delay between the stimulus onset and the corresponding cortical
activation is very stable. And the delay is about 7 14 seconds (dt=2 scans, TR=7
seconds). Not that there are some “noise”, like the missing of local maximums (red
circles) or priming phenonmenon (red numbers), please see the text for explainations.

response. So, in order to facilitate the analysis, we need to extract those activated
voxels for post-processing. And the extracted activated regions, also known as
region of interest (ROI), is shown in Fig.1 (b).

The ROI provided by SPM are the most activated voxels responding to the
stimulus. In order to reduce the noise and also facilitate the latter analysis, we
expand the ROI at firstly, because the essential voxels that play an important
role in rewiring may be not included in the ROI, as it shown in latter sections.
We adopt the morphological dilation [9]and the 3×3×3 cubic structural element
is used. The dilated ROI, denoted as M , is shown in Fig.1 (c).

Due to the adaptation effects or the descending of blood oxygenated level
of the functional regions, the energy intensity of fMRI signal varies with large
amplitude. To facilitate the comparison between scans, we have to normalize the
energy of eachscan. Let fi be the ith scan, and gi be the normalized image, then
the normalization can be depicted as

gi = fi

max
i

{〈fi〉}
〈fi〉 (1)

where 〈·〉 stands for the mean energy. Then we can extracted the voxels of
interests using the mask M ,

Gi = [gi]M (2)

where Gi is the masked image.
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Even when the brain is at the resting state, the intensities of voxels are very
large. So the baseline activities of voxels are very high, and the stimulus only
makes the voxels more active or less active. Compared with the mean activities,
the energy changes are very small, so it is better not to use the original voxels
intensities. We differentiate the images as follow,

dGi = Gi − Gi−1 (3)

By the way, the baseline activity of each voxel is described by a constant factor in
the design matrix. Threshold the differential images with some θ and transform
the images into binary vectors, then we can obtain the similarity matrix by
calculating the inner product of any two binary vectors. That is,

dist (Gi, Gj) = 〈sgn (dGi − θ) , sgn (dGi − θ)〉 (4)

where θ = η · max {dist (Gi, Gj)}ijand ηis a coefficient.
If the onset of stimulus can induce remarkable change in fMRI signal, there

would be a steep peak in the corresponding differential vector. And if the change
is also stable, then there would be periodic local maximums. In Fig.2, we show
the local maximums using different thresholds. For convenience, we only show the
upper triangle part of the binary similarity matrix. See the caption for details.

As it can be seen from Fig.2, there are periodic local maximums in the sim-
ilarity matrix. So the periodic stimulus can induce the periodic enhancement
and recession of fMRI signal. So the dynamic rewiring of functional network is
temporal stable.

What’s more, we found that the local maximums don’t appear immediately
when the stimulus set, and there is always 2-period delay. Because the scanning
period, 7 seconds, is too large when compared with the cognitive processing
speed of the brain, and the volumes were pre-processed by slice-timing, the
time delay is estimated to be about 7∼14s, which coincides with the theoretical
value [6]. The stable time delay phenomenon reminds us that we can study the
mechanisms and rules underlying the fast rewiring by scrutinizing these first
2-scans after each stimulus onset, which would be described in the next section.

It is also interesting to note that there are two kinds of noise in the similarity
matrix. The first one is the pseudo local maximums, like 1-4 and 6-8 in Fig.2
(a) and 1 in Fig.2 (b). The pre-activation behaviors may be relevant to the
priming phenomenon [10]. By the way, in SPM, these activities are captured by
the derivative of HRF function [11].

The second is the absence of some local maximums. It is worth nothing that
the absences can’t be understood as the deactivation of these regions. There
are two ways to look at the issue: the first is that the results largely depend on
the threshold, with lower ones produces more local maximums; and the second is
that the basic assumption, the brain is at resting state when stimulus disappears,
may not hold some time, due to the activity changes induced by the adaptation
or any physiological noise.
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Fig. 3. The transition matrix(a) and its eign values(b). Only one eigen value is much
large than other eigen values. So approximately, there exists an linear relationships
between the column of the transformation matrix.

4 Skeleton Voxels

Let Gj
i be the jth scanned fMRI image after the onset of the ith stimulus. All

the first scans are denoted as G1 = [G1
1, · · ·, G1

S ], the second scans as G2 =
[G2

1, · · ·, G2
S ], where S is the number of stimulus. The transition matrix is A,

then
G2 = AG1, (5)

Using the simple pseudo-inverse rule, we have

A = G2G1T
(
G1G1T

)−1

. (6)

The transition matrix is shown in Fig.3(a). To analyze the characteristics of the
transition matrix, we decompose the matrix by SVD (singular matrix decompo-
sition) and the eigen values are plotted in Fig.3(b). The first eigen value is much
larger than any other eigen values. So the matrix nearly has only one princi-
ple direction. It demonstrates that there is an approximately linear relationship
between the columns. It accords with what we see from Fig.3, the rows of the
transition matrix are very similar, but the columns are very different.

Turn formula (8a) to its add-and-sum form,

G2
in =

K∑
m=1

anmG1
im, (7)

where anm can be seen as the weight of the m th voxel.
As described in Section 2, there is a rest block before each stimulus onset, so

in statistics, we consider the activity of each voxel to be random. Then formula
(8b) can be simply reduced to

G2
in ≈ G1

i·

K∑
m=1

anm, (8)
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Fig. 4. Skeleton voxels and the connections between them. Note that the connections
are obtained by threshod the connection weights anm.

Fig. 5. Voxel Degree follows truncated exponential distribution. Thr stands for differ-
ent threshold coefficients.

where G1
i· stands for the mean energy of the first scan after the onset of the

ith stimulus. Then anm can also be seen as the contributions of the mth voxel.
As discussed above, the columns of the trasition matrix differs much, so it is
probably that only a subset of voxels, which have larger contributions, play
essential roles. Threshold the transform matrix shows that only several voxels
are very important in function network rewiring, as shown in Fig.4. We named
them “skeleton voxels”.

Similarly, anm can be seen as the connection weight between voxel m and n .
If we threshold the weight and only take the presence or absence of these connec-
tions into consideration, the degree distribution of voxels can also be obtained.
As shown in Fig.5, the degrees follow a truncated exponential distribution, which
supports the conclusion of Achard et al. [12]. It says that only a small subset of
voxels have large degree, while the others have small degree, and which is the
typical characters of scale-free network. We also found that most of the voxels
with large degree belong to skeleton voxels, so skeleton voxels might support
stable fast rewiring by widespread connections.

We also analyzed the neighbor distribution of single voxels. In most cases,
their activations are mainly determined by few local neighboring voxels and
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their counterparts in the opposite hemisphere, which supports the sparse coding
hypothesis and the connection role played by the callose. A sample is shown in
Fig.6. It should be noted that skeleton voxels have more neighbors, and we think
it may have something to do with the stability requirements.

Of course, the “closest” neighbors correlate with the specific tasks brain un-
dertakes. But our analysis shows that some voxels may be essential for the stable
fast rewiring.

5 Discussions and Conclusions

Our brain experiences complex changes every day. When stimulus set, peripheral
sense organs send information into the central neural system. Then we formu-
late the cognition by functional complex network dynamics [13]. Cognition to
different objects or concepts relies on different functional works. So analyzing the
switching mechanisms between networks is not only essential for disclosing the
formulation of function networks, but also for revealing the relationship between
structural network and function networks. They are all heuristic for artificial
networks.

The emergence of fMRI technology provides us the opportunity to analyze
the network mechanisms in a micro-macro scale. The paper mainly discusses the
stability of fast rewiring in functional network by analyzing the fMRI signal, and
many interesting and heuristic conclusions are drawn. Firstly, we verified that
there is a 2-scans time delay between the stimulus onset and the activation of
corresponding functional region. The most important is that we found that the
delay is very stable. Secondly, we proposed for the first time that there might be
skeleton voxels that induces the stable fast rewiring. What’s more, our analysis
on the degree distribution of voxels supports the scale-free hypothesis.

Also recently, we note that Tomasi et al [14][15] proposed that some “hubs”
areas are essential for the brain network architecture by calculating the density of
functional connectivity. Our analysis supports their conclusions. But our method
provides a new way to analyze the activation pattern of each sub-network. Our
future work will focus on the statistical test of skeleton voxels, exploration of
skeleton voxels in other modals and reasoning the origination skeleton voxels.
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