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Abstract. Function connectivity analysis is set to probe the whole-
brain network architecture. Only several specific areas have to be fo-
cused when a specific modal is considered. To explore the microscopic
subnetworks in auditory modality, the mean shift algorithm is proposed
to cluster the fMRI time courses in the corresponding activation areas
and several heuristic conclusions are obtained. 1) The voxel degree dis-
tribution supports scale-free hypothesis, but the exponential is relatively
small. 2) More global subnetworks appear in the more abstract cognition
process. 3) At least half of the subnetworks are local networks and they
seldom cross with each other, acting as independent modules.
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1 Introduction

Our brain experiences continuous and complex cognition processes every day.
The cortical network dynamics could be peeked from fMRI, which digitize the
blood oxygen level dependent (BOLD) signal. Exploring the network architec-
ture, the mechanisms underlying neuronal signal integration and modularization
not only do help to the understanding of the human cognition, but also are
heuristic for artificial intelligence.

The whole-brain functional connectivity supports complex network hypothesis
[1]. Egúiluz et al.[2] firstly reported the scale-free topological structure of a large-
scale brain network by calculating the temporal correlation between voxels. By
calculating the degree distribution of voxels, Buckner et al. [3] proposed there
may be hierarchical function hubs in the brain networks. And interesting, latter,
Tomasi et al. [4] obtained similar results by calculating the function connection
density, enhancing the scale-free hypothesis.

Besides, the brain has hierarchical modular network architecture in macro-
scopic scale. Adams et al. [5] used visual and auditory object matching tasks
to identify the brain areas underlying basic and subordinate cognition process.
Davis et al. [6-7] used multiple speech conditions to explore the brain regions
that are involved in spoken language comprehension, found that the hierarchi-
cal auditory system could be fractionated into sound based and more abstract
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Fig. 1. Activated areas for S-B and A-S contrasts in auditory modality is shown in (a)
and (b) respectively. The ROIs are shown in (c) and (d).

higher-level process. Later, Okada’s experiments [8] also supported the experi-
ment results.

But what’s the network likes in each area and in each modality? Only sev-
eral specific areas have to be focused when a specific modal is considered. For
example, if we are mainly interested in semantic dynamics, it’s better to ana-
lyze the network structure in the corresponding areas. In this paper, we try to
explore the function subnetwork architecture in auditory task study. Our con-
clusions on scale-free network and local subnetwork modularization are heuristic
for auditory function subnetwork modeling.

To explore the function subnetwork architecture, we detect the activation
area by SPM8 [9] and then the function subnetworks is analyzed by mean shift
[10] clustering. The experiment material is introduced in Section 2. Mean shift
algorithm is introduced and applied to functional space clustering in Section
3. We discuss in detail the subnetwork architecture in Section 4. Finally, we
conclude in Section 5.

2 Material

Analysis were conducted based on an open dataset available at the fMRIDC
site[11], which was used by Adams and Janata in 2002 to compare the neural
circuits of auditory and visual object categorization[5]. Briefly, 12 undergraduate
volunteers were presented with 3 runs, each consisting of 4 blocks of stimulus
trials. Each bock represented a different task (auditory, visual, or semantic)
and was divided into 2 epochs of 15 trials each. During one epoch, participants
matched objects to subordinate-level words and in the other they matched ob-
jects to basic-level words. 270 acquisitions were made in each run from each
subject. Each acquisition consisted of 64 contiguous slices using a gradient EPI
pulse sequence with the following parameters: TR = 2s; TE =35 ms; matrix size
=64 × 64; resolution =3.75 × 3.75 × 5.0 mm3; interslice spacing = 0 mm. Two
sets of high-resolution T1-weighted anatomical images were also obtained. And
we only adopted the high resolution set with 124 sagittal slices.

SPM8 was the main tool for image pre-processing [9]. All runs were realigned
to the first volume of the first run. The structural image was co-registered to this
mean (T2) image. Finally all the images were spatially normalized to a standard
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Tailarach template [12] and smoothed using a 6mm full width at half maximum
(FWHM) isotropic Gaussian kernel. And also, we use the default p > 0.05(FWE)
to detect the activated voxels. Subordinate-Basic (S-B)contrasts for auditory
modality and Auditory-Semantic (A-S) contrasts were computed. And the
contrasts were then entered into a random-effects analysis and SPMs for the
group data were created. SPMs were thresholded at p < 0.01 (uncorrected).

The statistical significant cortex areas are shown in Fig.1. With S-B con-
trast, the areas mainly located in IFS (inferior frontal sulcus) and IFG (inferior
frontal gyrus) , and with the A-S contrast, the activated areas mainly located in
STG(superior temporal gyrus), STS (superior temporal sulcus) and FG (fusiform
gyrus). The two contrasts seldom overlap with each other, A-S contrast mainly
reflects the basic-level auditory cognition whereas the S-B contrast reflects the
subordinate-level auditory cognition.

3 Mean Shift Clustering

To explore the fMRI time courses, we have to learn their distribution at first.
Though many clustering techniques, like Fuzzy C-Means (FCM) and Gussian
Mixture model (GMM), have been applied to fMRI time courses analysis, the
similarity measure and cluster number are hard to choose [13]. The mean shift
algorithm estimates the density adaptively [11], and we use it to analyze the
fMRI time courses. We firstly briefly review it as follows.

3.1 Basic Mean Shift

Assume xi,i = 1, · · · , N are in d dimensional space Rd. The multivariate kernel
density estimator
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Input: Normalized xi,i = 1, · · · , N
1 for i = 1; i ≤ N ; i + + do
2 x← xi;
3 Initialize m (x) w.r.t ‖m(x)‖ > ε;
4 while ‖m(x)‖ > ε do

5 m (x) =

N∑
i=1

fx(xi)g

(
d2(x,xi)

hx

)

N∑
i=1

g

(
d2(x,xi)

hx

) − x;

6 x = f−1
x (x + m (x));

7 Save x;

8 end

9 end
Output: All x

Algorithm 1. Basic Mean Shift Algorithm

is called the mean shift vector. Since mean shift always points to the higher
density regions, it can be used as a hill climbing method in optimization, for
example, clustering. In some condition, mapping the samples into another space
would facilitate the analysis. If fx (xi) is the mapping function, and fx

−1 (xi)
is the inverse mapping, then formulae (2) could be written as shift calculation
formulae (line 5) in Algorithm 1. And d (x,xi) is the distance measure in mapping
space.

3.2 Functional Mean Shift

The fMRI signal at location i is denoted si =
(
s1

i , · · · , sL
i

)
, i = 1, · · · , N . L is

the length of scans. Since the functional networks are widely considered as the
synchronization between remote issues, we try to probe the similarities between
fMRI courses.

Similar to [14], it’s better to discuss the time courses in functional space, which
is a unit sphere �N−2 with N normalized points. In fMRI study, each normalized
time course could be considered as a point scattered in the functional space. In
Riemannian geometry, the sphere is a simple manifold, and geodesic distance
(formulae (4)) could be used to describe how close two points are [13]

d(x, y) = θ, cos (θ) = 〈x, y〉 . (3)

With exponential mapping function

y = expx (v) = x cos θ + v sin θ/‖v‖, (4)

where θ = ‖v‖, and logarithm inverse mapping

v = logxy = θ (y − x cos θ)/‖y − x cos θ‖, (5)
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(a) (b)

Fig. 2. All subnetworks in the activation areas for run 1 and subject 1. No matter in
S-B (left), or in A-S (right), some subnetworks are limitted in a single region but other
subnetworks extends over multiple regions.

the mean shift vector (2) could be written as

mG(x) =

N∑
i=1

logx (xi) g
(

d2(x,xi)
hx

)

N∑
i=1

g
(

d2(x,xi)
hx

) . (6)

When the mean shift iteration stops, the voxels points to the same target voxel
having very similar time courses and could be considered to belong to the same
subnetwork. Then the activation areas could be fractionated to many subnet-
works. The clustered subnetworks for run 1 and subject 1 are shown in Fig.2.
According to the extent, the subnetworks could be divided into local networks
and global networks. The local networks are limited into a continuous activa-
tion region but the global extends to several regions. And the local networks
seldom overlap with each other. We will analyze these statistical features of the
subnetworks.

4 Characterize the Function Subnetwork

According to the above analysis, the activation areas could be fragmented into
many subnetworks. And we would like to quantify these issues in this part.

4.1 Scale-Free Subnetwork

If one voxel points to another voxel in one mean-shift step, we draw a direction
edge between them1. Then the voxel degrees are calculated by summing the
income edges. It is curious that the voxels with larger degree seldom have stable

1 The edge could be understood as the correlation between voxels. When many voxels
converge to the same voxel, they could be seen as the deformations of the voxel.
The deformations may be induced by physical movement, biochemical process, or
channel noises. And note that only one-step mean-shift-vector is used.
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Fig. 3. The average voxel degrees for all subjects for A-S and S-B are shown in (a)
and (b). The size of degree is represented by the size of red sphere. And the degree
distributions are plotted in (c).

income edges. That is, for example, voxel A coverges to voxel B in one subject,
but it converges to voxel C in another subject. This may be explained by the
local function area differences between brains. The same cortical sub-area may
play different roles between subjects.

But, the phenomenon is not random. Because in statistics, it can be found
easily from Fig.3(a) and (b) that some voxels have larger income degrees, while
some other voxels have smaller income degrees. So we speculate that these “hub”
voxels may have very similar roles for all subjects.

The voxel distribution is plotted in Fig.3(c). It’s interesting that S-B and
A-S are scale-free networks with very similar fitting curves. Furthermore, the
exponentials, -1.2876 for A-S and -1.1084 for S-B, are smaller when compared to
[2], which demonstrates that much less voxels have very large degree and much
more voxels have very small degree in auditory areas. Whether these statistical
features are universe in all modalities is waiting for future work.

4.2 Global Subnetworks

One of the aims of original name verification experiments is to identify the neu-
ral circuitry involved in the process of auditory identification and categorization.
Generally speaking, the subordinate categorization needs more widespread par-
ticipation of regions, because subordinate cognition may involve the feedback
from high-level cortical areas, like IFS, IFG, and so on. To integrate neural in-
formation from related cortical regions, more remote interactions are necessary.
So, more global subnetworks would appear in S-B case. We calculate the propor-
tion of global network for both S-B and A-S cases. And the bar map is shown
in Fig.4 (a). As it easily can be seen, the proportion of global networks in S-
B is far more than that in A-S case. The average rate is 14.28% for A-S, and
38.84% for S-B. Our result could be seen as neurobiological evidence for the
global participation in more abstract cognition process.

4.3 Network Modularization

Though many global works exists in the activated areas, we should note that
at least half subnetworks are local networks (Fig.4 (a)). What’s more, the most
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Fig. 4. Features of subnetworks. The proportion of global subnetworks for all runs and
all subjects are plotted in (a). And the overlaps between the 100 largest subnetworks
are shown in (b) (S-B case) and (c) (A-S case).

interesting is that these local subnetworks nearly don’t cross with each other. To
explore the relationships between subnetworks, we calculated overlaps between
the 100 largest subnetworks for all runs and all subjects. When calculating the
overlap matrix, the isolated voxels are excluded. Now that the overlap matrix is
symmetric, only the above triangle part is shown in Fig.4 (b) and Fig.4(c) for
convenience.

Two conclusions can be drawn easily. Firstly, comparison of the overlap matrix
between S-B case and A-S case shows that more network intersections appears
in more abstract cognition process, which support the conclusion of section 4.2.
Secondly, larger networks tend to overlap with several other larger networks,
while the smaller networks are nearly isolated. So the ROI network may be
constructed by a few larger intersected sub-networks and many modularized
smaller sub-networks.

Modularization means that these local subnetworks play more independent
roles in cognition process, which is a necessary base for hierarchical architecture
hypothesis and is typical for scale-free networks [1].

5 Conclusions

In this paper, we try to explore the function subnetwork architecture in auditory
modality. We re-analyze the name verification experiments and many heuristic
conclusions are obtained. It should be noted that there must be some suppres-
sion mechanism in the thalamencephalon that activate cortical areas selectively.
But it is beyond our topic here and only the network architecture in auditory
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activated areas is focused. The conclusions on scale-free network and modular-
ization would be heuristic for artificial networks. Our future works will focus on
the function subnetworks modeling and the more microscopic level architecture
analysis.
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