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ARTICLE INFO ABSTRACT
Keywords: Metabolic brain network, which is based on functional correlation patterns of 18F—ﬂuorodeoxyglucose (FDG)
FDG-PET positron emission tomography (PET) images, has been widely applied in both basic and clinical neuroscience.
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Exploring the properties of the metabolic brain network can provide valuable insight to the physiologic and
pathologic processes of the brain. Based on the network theory, modular architecture has the ability to limit the
spread of local perturbation impact and therefore modular networks are more robust against external damage.
However, whether the metabolic brain network has modular architecture remains unknown.

Methods: 77 rats performed '®F-FDG PET brain imaging. The metabolic brain network was then constructed by
measuring interregional metabolic correlation in inter-subject manner. Afterwards, modular architecture of the
network was detected by a greedy algorithm. Further, we perturbed the metabolic brain network by inducing
focal photothrombotic ischemia in the bilateral motor cortex and then measured the glucose metabolic change of
each brain region using FDG-PET.

Results: A significant modular architecture was found in the metabolic brain network. The network could be
divided into four modules which corresponding approximately to executive, learning/memory, visual/auditory
and sensorimotor processing functional domains. After inducing the focal ischemia on the bilateral motor cortex,
most of the significantly changed brain regions (13 of 17) belong to the sensorimotor module.

Conclusion: Our results revealed an inherent modular architecture in the metabolic brain network and gave an
experimental evidence that the modularity of the metabolism brain network could limit the spread of local
perturbation impact.

1. Introduction investigate brain glucose metabolism during physiologic and pathologic
processes. In recent years, metabolic brain network based on FDG-PET

The brain is a complex system, which utilizes glucose as its main images is emerging as a useful tool for both basic and clinical neurosci-
source of energy (Mergenthaler et al., 2013). Positron emission tomog- ence (Yakushev et al., 2017), providing valuable insights into working
raphy (PET) with 18F-Fluorodexyglucose (FDG) has been widely used to memory (Zou et al., 2015), brain development (Choi et al., 2015) and
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pathophysiology and diagnosis of many diseases such as epilepsy (Choi
et al., 2014), Parkinson's disease (Huang et al., 2007; Tang et al., 2010),
dementia with Lewy bodies (Caminiti et al., 2017) and Alzheimer's dis-
ease (Arnemann et al., 2018; Ballarini et al., 2016; Herholz et al., 2017;
Morbelli et al., 2013; Perani et al., 2017).

Modularity, a network property that measured the tendency of nodes
to cluster, has been revealed in various complex networks such as
ecological networks (Olesen et al., 2007), cellular metabolism networks
(Ravasz et al., 2002), and protein interaction networks (Han et al., 2004).
In neuroscience, the modular architecture has also been discovered in the
anatomical neural networks of elegans (Towlson et al., 2013) and the
functional brain network of the human brain (He et al., 2009; Salvador
et al.,, 2005; Schwarz et al., 2008). Moreover, further studies have
revealed that each module of the human functional brain network often
perform discrete cognitive function (Bertolero et al., 2015). Detecting
modules can provide fundamental insights into the organization and
function of the complex networks. However, the existence of modules in
metabolic brain network is still largely unknown.

One advantage of modular architecture in the network is that it can
limit the spread of local perturbations impact, and therefore the modular
network is more resistant to external damage (Variano et al., 2004). This
theoretical result has been recently verified in ecological networks
(Gilarranz et al., 2017). Hence, if the metabolic brain network has a
modular architecture, it is reasonable to hypothesize that the impact of
focal damage would be largely limited to the module within which they
originate. However, this hypothesize has remained untested.

In the present study, we constructed the metabolic brain network by
77 rats FDG-PET images and explored its modular architecture using a
greedy algorithm. Then we perturbed the network by inducing a focal
ischemia in the motor cortex and measured glucose metabolic change of
each brain region after perturbation using FDG-PET. We hypothesized
that (1) the metabolic brain network has a modular architecture; (2) the
modularity of the network would limit the spread of local perturbation
impact and therefore the impact of the motor cortex ischemia would be
largely limited within the module to which motor cortex belonged.

2. Materials and Methods
2.1. Metabolic brain network construction and its modularity detection

2.1.1. Animals

77 adult male Sprague-Dawley rats (13-15 weeks old, weighing
280-320g, Experimental Animal Center of the Academy of Military
Medical Sciences, Beijing, China) were used for the metabolic brain
network construction. All animals were kept in standard laboratory
conditions (temperature at 23 +2°C and 12-h light/dark cycles) with
free access to food and water. The rats were fasted for 12-15 h before ‘8F-
FDG injection. All animal experiments were performed with the approval
of the Animal Care and Use Committee of the Chinese Academy of
Sciences.

2.1.2. PET scanning

PET scanning was performed to get FDG-PET images. For each rat,
18F_FDG (18.5 MBq/100 g of body weight) was injected via tail vein.
Then the rats were kept in their home cages for 40 min. Then the rats
were anesthetized with isoflurane (5% for induction and 2% for main-
tenance) and placed in a prone position on the scanning bed. The scan-
ning was performed on a micro-PET system (E-plus 166, Institute of High
Energy Physics, CAS, China) for 20 min. Afterwards, the images were
reconstructed by Filtered Back projection algorithm and the recon-
structed image matrix size was 128 x 128 x 63 with the voxel size of
0.5 x 0.5 x 1 mm?®.

2.1.3. FDG-PET image preprocessing
All the 77 images were preprocessed using the spmratIHEP toolbox
(Nie et al., 2014) based on SPM8 (Wellcome Department of Clinical
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Neurology, London, UK). First, the voxel size of all images was magnified
10 times in each dimension to approximate human brain size. Then, each
image was spatially normalized to a standard FDG-PET rat brain template
using the affine transformation and subsequent nonlinear warping.
Finally, the partial volume effect was corrected by using PETPVE12
Toolbox (Gonzalez-Escamilla et al., 2017), and the intensity of the images
was globally normalized.

2.1.4. Construction of metabolic brain networks

To generate the metabolic brain network, 48 anatomical brain regions
(Table 1) were predefined by a 3D digital map based on the Paxinos &
Watson atlas (Nie et al., 2013), and the average image intensity of each
brain region of all subjects was extracted. Afterwards, the metabolic
brain network was constructed by calculating Pearson correlation coef-
ficient between each pair of brain regions in an inter-subject manner
(Horwitz et al., 1984; Yakushev et al., 2017). The node of the network
was represented by the brain region. The edge of the network was
defined as the connection of each pair of nodes, and the weight of the
edge was defined as the absolute value of correlation coefficients. The
metabolic brain network was finally constructed as Fig. 1.

2.1.5. Modular architecture detection

The objective of the modular architecture detection algorithm is to
find the partition that maximizes the modularity Q. The modularity Q is a
scalar value that measures the density of links inside modules as
compared to links between modules. In the case of weighted undirected
network, the modularity Q is defined as (Newman, 2004):

Q

1 kik;
EZ[A” - z—n;]é(m,»7m,)
ij

where Aj; represents the weight of the edge between node i and node j, k;
is the sum of weights attached to ties belonging to node i, m; is the
module to which node i is assigned, the Kronecker delta function 5(m;, m;)
is 1 if m; = m; (and O otherwise) and m = %ZAU

i

Here, we adopted a greedy algorithm (Blondel et al., 2008) to
maximize Q and detect the modular architecture of the metabolic brain

Table 1
Brain regions used for network construction.

Brain regions Abbreviations Paxinos Coordinates (mm)
X" y z

Anterior lobe of cerebellum AL 1.98 4.74 —10.68
Amygdala Amy 4.34 9.18 —3.24
Auditory cortex Aud 6.99 4.62 —4.92

Cingulate gyrus CG 0.86 1.73 1.08
Caudate putamen (striatum) CPu 2.94 5.93 -0.12
Dentate gyrus DG 3.56 5.34 —4.92
Entorhinal cortex Ent 5.96 6.57 —7.08
Flocculonodular lobe FL 5.13 6.63 -11.16

Frontal association cortex FrA 1.69 3.12 5.77
Hippocampus Hip 3.89 5.06 —5.40
Inferior colliculus IC 2.03 4.35 —8.52

Insular cortex INC 4.75 6.26 0.36

Motor cortex Mot 2.23 1.69 2.28
Periaqueductal gray PAG 0.78 5.60 —7.08

Prefrontal cortex PFC 1.43 4.63 4.36
Posterior lobe of cerebellum PL 2.77 5.04 -12.60
Posterior parietal cortex PPC 5.71 2.39 —4.92
Parietal association cortex ParA 3.15 1.49 —-3.72
Retrosplenial cortex RSC 1.31 2.07 —5.64
Superior colliculus SC 1.60 4.53 —6.60
Sensory cortex Sen 5.11 3.12 —0.60
Temporal association cortex TeA 6.65 4.73 —7.08
Thalamus Tha 2.11 6.15 —3.96

Visual cortex Vis 3.97 1.82 —6.84

# We only showed the brain regions centroid coordinates in the right hemi-
sphere since the brain has bilateral symmetry.
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Fig. 1. Metabolic brain network acquired by calculating the absolute value of the Pearson correlation coefficient between each pair of brain regions.

network. In brief, the algorithm was divided into two iterative steps. At
the first step, each node was treated as a different module. For each node
i, it was moved into a module for which the increase of the Q is maximum
and positive, and the process was repeated for all nodes. At the second
step, a new weighted network was built. In the new network, the nodes
were the modules found at the first phase. The weights of the edges be-
tween the new nodes were the sum of the weights of the edges between
nodes in the corresponding two modules, and edges between nodes of the
same module led to self-loops. Once the second step was completed, the
first step of the algorithm was reapplied to the resulting weighted
network and to iterate. The iteration was completed until no positive gain
of Q.

The statistical significance of modularity of the metabolic brain
network was evaluated by comparing it with 1000 comparable random
networks. The random networks were generated by starting with a set of
48 unconnected nodes and randomly reorganizing the weighted-edges of
the metabolic brain network between pairs of nodes. Then we used one-
sample t-test to determine whether the modularity in the metabolic brain
network was significantly different with that in random networks.

Once the optimized modular partition of the network was identified,
we computed within-module degree z; of each node (Guimera and
Amaral, 2005). z; measures how well-connected node i is to nodes in its
own module, and g; is defined as:

K;
i =

— Ko

i

0, Koy

where k; = Y Ay;6(m;, m;) is the sum of the weight between node i and
#
other nodes in its module m;. k, is the average of k over all the nodes in
m;, and oy, is the standard deviation of k in m;. A node was defined as hub
node if z; > 1. The hub nodes have stronger connections to other nodes
within its own module than non-hub nodes, thus the hub nodes might
play important roles in information integration and communication
within modules (van den Heuvel and Sporns, 2013). Therefore,
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computing hub nodes of each module can help us to identify the function
of each module in brain.

2.2. Modular metabolic brain network perturbation

To test whether the modular architecture of the metabolic brain
network could limit the spread of the local perturbation impact, we
induced focal photothrombotic ischemia in the bilateral motor cortex to
mimic the local perturbation, and then measured the metabolic change of
each brain region.

Photothrombotic model is a quick, minimally-invasive technique for
inducing small and well-delimited ischemia in a highly reproducible
manner (Labat-gest & Tomasi, 2013). Ten rats (nine for FDG-PET scan-
ning and one for histological analysis) were used to establish the pho-
tothrombotic  ischemia model. Seven rats were performed
sham-operation and then underwent FDG-PET scanning. These 17 rats
had the same age range, body weight range and feeding conditions as for
the 77 rats described before.

2.2.1. Photothrombotic ischemia model

Photothrombotic ischemia was induced according to a previously
published protocol (Diederich et al., 2014). A schematic was shown in
Fig. 2. In brief, under deep anesthesia with Sodium pentobarbital (8
mg/100 g of body weight, intraperitoneal injection), rats were infused
with Rose Bengal (4 mg/100 g of body weight, Sigma-Aldrich) via tail
vein. After 10 min, a laser beam was stereotaxically positioned at a dis-
tance of 1 mm from the skull on the bilateral hemisphere (x = +2.0mm
and z = 2.0mm in Paxions space) through an optic fiber (1 mm interior
diameter), using two diode-pumped solid-state DPSS crystal lasers
(CL-2000; Reno, NV 89502, U.S.A) working at 473 nm. The skull was
irradiated for 20 min. Body temperature was kept at 37 °C using a ther-
moregulated pad during experiments. Sham-operated animals underwent
the same procedure including Bengal Rose injection but without illumi-
nation. All rats survived from brain ischemia.

After modeling 24 h, one rat was TTC (2,3,5-triphenyltetrazolium
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Fig. 2. A schematic for inducing photothrombotic ischemia. (A) A flowchart for
modeling. (B) The modeling location showed on the coronal plane of rat brain
atlas. (C) TTC staining for showing photothrombosis-induced focal ischemia in
24 h after modeling.

chloride) stained to show the ischemic area (Fig. 2C). The rat was
anesthetized and perfused with saline buffer and 4% paraformaldehyde
dissolved in phosphate buffer saline. The brain was removed from the
cranium and incubated for 30 min at 37 °C in 1% TTC solution. Brain
sections (400 pm) obtained by vibratome (Leica VT1000) were imme-
diately immersed into 1% TTC solution at 37 °C for 15 min.

2.2.2. Metabolic change of each brain region after local perturbation

After establishing the photothrombotic model, the rats were kept in
their home cages for 24h, then PET scanning was performed. PET
scanning and image preprocessing were consistent with the previous
description. Nine rats which performed photothrombotic ischemia were
assigned to the model group and seven sham-operated rats were assigned
to the control group. To detect the significantly metabolic changed re-
gions after bilateral motor cortex lesions, we extracted mean intensity of
the 48 brain regions of each rat. Two-sample t-test was then performed
between model and control group on all brain regions, and the significant
level was set at P < 0.05 (two-tailed).

To quantitatively test whether nodes in different modules respond to
the local perturbation differently, the t value from two-sample t-test of a
given region was regarded as the magnitude of the metabolic change for
this region, and Kruskal-Wallis H test followed by Dunn's test for post hoc
analysis was performed on the t values. The Kruskal-Wallis H test
(Kruskal and Wallis, 1952) is a non-parametric version of classical
one-way analysis of variance (ANOVA) for testing whether three or more
independent groups differ. In this study, the nodes in different modules
were regarded as different groups. The null hypothesis of the
Kruskal-Wallis test is that the medians of groups are all equal. Therefore,
a significant test statistics (H < 0.05) indicates that at least the median of
one group is different from the median of at least one other group. After
Kruskal-Wallis test, Dunn's test (Dunn, 1964), a post hoc non parametric
test, was used to do multiple pairwise comparisons between groups and
to find out which pairs of them are significant. Dunn's test calculates a P
value for each pair of groups. A value of P < 0.05 was considered sta-
tistically significant. All statistical analyses were performed using IBM
SPSS Statistics 23.

Further, to test the hypothesis that the modular architecture of the
metabolism brain network could limit the spread of local perturbation
impact, a permutation test was performed. We regarded the number of
the brain regions whose metabolism was significantly changed in other
modules (modules except the module that contains motor cortex) as the
test statistic. Then we randomly reassigned the brain regions into
different modules 10° times without changing the number of modules
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(four modules, see Results 3.1), number of modules’ regions (8,8,14,18
respectively, see Results 3.1) and the magnitude of the metabolic change
of each region. If the observed number of the significantly changed re-
gions in other modules (4 of 17, see Results 3.2) is significantly less than
that in the random cases, we considered the hypothesis is acceptable.

3. Results
3.1. Modular architecture of rat metabolic brain network

We constructed the metabolic brain network using 77 awake rat brain
FDG-PET images and then detected its modular architecture. The
maximum modularity (Q =0.16) was reached when the network was
separated into 4 modules (Fig. 3A-B) and significant modularity
(P < 0.001) was found in the network (Fig. 3B-C). Therefore, the meta-
bolic brain network could be divided into four modules based on the
maximum modularity without any prior knowledge of regional functions.

Four modules and the hub nodes of each module were shown in Fig. 4.
Module I (red) comprised four pairs of bilateral brain regions, including
the prefrontal cortex, posterior lobe of cerebellum, flocculonodular lobe
and thalamus. The hub nodes of module I were the left posterior lobe of
cerebellum. Module II (green) comprised four pairs of the bilateral brain
regions which were the hippocampus, dentate gyrus, amygdala and su-
perior colliculus. The hub nodes of module II were the bilateral hippo-
campus. Module III (blue) comprised seven pairs of bilateral brain
regions which were the visual cortex, auditory cortex, retrosplenial
cortex, temporal association cortex, parietal association cortex, posterior
parietal cortex and insular cortex. The hub nodes of module III were the
right visual cortex and bilateral retrosplenial cortex. Module IV (yellow)
comprised nine pairs of bilateral brain regions including the motor cor-
tex, sensory cortex, anterior lobe of cerebellum, cingulate gyrus, inferior
colliculus, entorhinal cortex, striatum, frontal association cortex and
periaqueductal gray. The hub nodes were the bilateral motor cortex and
left sensory cortex.

3.2. Metabolic change after local perturbation

We perturbed the metabolic brain network by inducing focal ischemia
in the bilateral motor cortex (Fig. 2) and then measured the glucose
metabolic change of each brain region (Fig. 5A). We found that the
glucose metabolism of 17 brain regions (13 brain regions belonged to
module IV, 2 brain regions belonged to module II and 2 brain regions
belonged to module III) was significantly (P < 0.05, two-tailed) changed
after ischemia (Fig. 5B). Force-directed graph layout (Fruchterman and
Reingold, 1991) of the metabolic brain network also provided an intui-
tive way to visualize the impact of perturbation on modular network in a
topological space, and visualizations were provided at a threshold which
used the least edges that preserved full connectedness (Fig. 5C).

To quantitatively test whether the brain regions in the different
modules respond to the local perturbation differently (see Materials and
Methods 2.2.2), we performed Kruskal-Wallis H test followed by Dunn's
test for post hoc analysis. Kruskal-Wallis H test showed that the impact of
local perturbation on the bilateral motor cortex among four modules was
significantly different (H = 0.004). Then, Dunn's test found that module
IV was significantly different with module I (P =0.001) and module III
(P =0.010), and the comparisons of the rest four pairs were not signifi-
cantly different (module I vs. module II: P = 0.056; module I vs. module
III: P = 0.284; module II vs. module III: P = 0.278; module II vs. module
IV: P=0.299). Together with the result that most of the significantly
changed brain regions (13 of 17) belonged to the module IV (Fig. 5C),
these results indicated that different modules respond to the local
perturbation on the bilateral motor cortex differently and module IV was
the most affected module.

Further, to test whether the modular architecture of the metabolic
brain network would limit the spread of the local perturbation, we per-
formed a permutation test. If the modular architecture could limit the
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Fig. 3. Identification of the modular architecture in the metabolic brain network. (A) Dendrogram of the modules identification progress determined by modularity Q.
(B) Progress of the network modularity Q for the metabolic brain network (red line) and mean Q of 1000 matched random networks (gray line) as regions were merged
into modules. The maximum modularity (Q = 0.16) was reached when the metabolic brain network was separated into 4 modules, indicated by the blue arrow. (C)
Correlation matrix whose nodes were ordered by module assignments. The color bar indicates the connection strength.

impact of perturbation, the number of the significantly changed regions
outside module IV (4 of 17) would be significantly less than that in the
random cases. Indeed, after 10° times random reassignment of the
module labels to the brain regions, the mean and standard deviation
number of significantly changed regions outside module IV is
10.63 £ 1.62, and that the cases that the number of significantly changed
regions outside the module IV was less than or equal to four only
occurred 54 times, so the P value was estimated as 54,/10° = 5.4 x 107°.
Therefore, these statistical results supported that the modular architec-
ture of metabolic brain network could limit the spread of the local
perturbation.

4. Discussion

In the present study, we first constructed a metabolic brain network
using 77 rat brain FDG-PET images and detected the modular architec-
ture of the metabolic brain network by using a greedy algorithm. The
network was divided into four modules, and the brain regions as well as
the hub nodes of each module were then identified. These results
demonstrated an intrinsically cohesive modular architecture in the
metabolic brain network. Further, we measured metabolic changes of
each brain region after perturbing the network by inducing focal
ischemia in the bilateral motor cortex, and found that the brain regions
with significant metabolic change were mostly located in the module to
which motor cortex belonged. These findings provided an evidence that
the modular architecture of the network could limit the spread of
external perturbations.

Modularity is a general hallmark of complex biological systems
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(Sporns and Betzel, 2016). The highly modularized architecture of brain
metabolic brain network elucidated in this study represents a general
organizational principle of metabolic brain networks, which is consistent
with the concept that modularity is a key property of brain networks
(Sporns and Betzel, 2016). Modularity in brain networks have also been
revealed by other neuroimaging techniques such as functional magnetic
resonance imaging (fMRI) (He et al., 2009; Salvador et al., 2005),
structural magnetic resonance imaging (Chen et al., 2008), diffusion
spectrum imaging (Hagmann et al., 2008), and EEG studies (Liu et al.,
2014). These studies using different techniques consistently demon-
strated that the brain functional and anatomical networks have modular
architectures.

Detecting modules in the brain networks can uncover major building
blocks, which are often corresponding to functional components (Ber-
tolero et al., 2015). The hub nodes have stronger connections in their
own modules than non-hub nodes. Therefore, the hub nodes might be
crucial to maintain the communication within the modules (van den
Heuvel and Sporns, 2013), thus, their function might partly determine
the main function of their module. In this study, we detected four mod-
ules in the metabolic brain network, and identified the hub nodes of each
module. The hub node of module I was left posterior lobe of cerebellum.
Although the cerebellum's role in motor function is well recognized,
cumulative evidences from studies of neuroanatomy, neuroimaging and
neuropsychology has indicated the cerebellum plays an important role in
executive function (Koziol et al., 2014; Sokolov et al., 2017; Stoodley and
Schmahmann, 2009; Strick et al., 2009). Other brain regions in module I
are also known to be associated with executive functions (Dalley et al.,
2004; Haber and Calzavara, 2009). The hub nodes of module II were the
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Fig. 4. Four modules and the brain regions of each module. Module I, II, III, IV were presented in the upper left, upper right, lower left and lower right of the figure
respectively. The hub nodes and non-hub nodes of each module are marked by black annulus.

bilateral hippocampus. The hippocampus and other regions in module II
such as amygdala and dentate gyrus are primarily involved in learning
and memory (Bliss and Collingridge, 1993; Cahill et al., 1995), which
indicates that the main function of module II is learning and memory.
The hub nodes of module III were the right visual cortex and bilateral
retrosplenial cortex. Visual cortex is the central region for processing
visual information. A recent study also showed that the retrosplenial
cortex could receive and process both sound and scene information from
auditory cortex and visual cortex respectively (Li et al., 2018). Other
brain regions in module III are also associated with visual and auditory
processing (Bamiou et al., 2003; Kravitz et al., 2011; Shomstein and
Yantis, 2006). Therefore, the main function of module III is likely to be
visual and auditory processing. The hub nodes in module IV were the
bilateral motor cortex and left sensory cortex, which are well known to be
crucial for sensorimotor processing (Penfield and Boldrey, 1937; Sanes
and Donoghue, 2000). Some other brain regions in module IV, such as
striatum and anterior lobe of cerebellum, are also the critical components
of the sensorimotor systems (Heimer et al., 1982; Schmahmann, 2007).
Thus the primary function of module IV might be sensorimotor pro-
cessing. Taken together, the metabolic brain network could be divided
into four modules, which mainly associated with executive, learning/-
memory, visual/auditory and sensorimotor processing.

The brain needs to be robust to adapt to a changing environment.
Meanwhile, brains are physically expensive systems and they need high
metabolic costs to maintain the normal physiological processes (Bull-
more and Sporns, 2012). Therefore, the architecture of the metabolic
brain network is likely to reflect a trade-off between increasing robust-
ness and minimizing wiring costs. The modular architecture itself might
contribute to the adaptability and robustness of the brain system
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(Kashtan and Alon, 2005; Kashtan et al., 2007). Meanwhile, our results
showed that each module closely overlapped with known functional
domains. These results might reflect an evolutionary drive to place
functionally related brain regions into the same module, therefore
reducing the total cost of wiring. Moreover, a simulation study showed
the modular networks were much more efficient than non-modular net-
works if connective density must be kept low to reduce energy needs
(Tosh and McNally, 2015).

A benefit of modular organization is increased robustness in response
to sudden perturbations. In the present study, the network was perturbed
by inducing focal ischemia in the bilateral motor cortex, and only 4 of 17
brain regions were significantly changed outside modules IV, which was
less than that in most of the random cases. This result suggests that the
modular metabolic brain network could buffer the spread of local
perturbation impact, and is consistent with prior studies that the modular
architecture could increase the robustness and flexibility of the system
(Kashtan and Alon, 2005). However, the glucose metabolism of some
regions in module IV were not significantly changed, which might indi-
cate that although modular architecture can limit the spread of local
perturbation, not all regions in the module would be significantly
affected. This result might explain why the Dunn's test between module
IV and module II are not statistical significant. Meanwhile, most
extremely changed brain regions after perturbation were located in the
sensorimotor module (module IV). This result supports the concept
derived from recent studies evaluating the effect of local perturbation on
functional brain networks that the brain regions which functionally
connect with perturbed regions could be more easily affected than other
regions (Chan et al., 2017; Grayson et al., 2016). The damage of a brain
region mainly caused alteration of brain regions in the damaged module,
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suggesting the autonomy of modules' functions (Bertolero et al., 2015).
Moreover, several studies of patients with focal brain lesions have
demonstrated that the effect of focal damage extends beyond the lesion
area (Gratton et al., 2012; Nomura et al., 2010). Our results implied that
the local brain lesions may have widely impact on the brain regions
within the same module, which may explain some of nonspecific func-
tional deficits in diseases with local pathologies such as brain tumor or
stroke.

To ensure that proximity to the perturbed regions was not a deter-
mining factor to the results, we computed the distance between per-
turbed regions (bilateral motor cortex) and other brain regions. The
distance of a brain region to bilateral motor cortex was defined as the
average distance of the region to left motor cortex and right motor cortex.
The statistical difference of the mean distances of the affected regions
and unaffected regions was tested. Although the mean distance
(8.37 £ 4.02 mm) of affected regions to perturbed regions were slightly
shorter than that of unaffected regions (9.21 + 3.16 mm), the result was
not statistically significant (P = 0.473, two-tailed t-test). Therefore, we
speculated that the spatial distance to the perturbation regions might
slightly affect the results but might not be a determining factor.

In this study, we gave an experimental evidence that the modularity
of the metabolism brain network could hinder the global spreading.
However, it should be noticed that some brain regions which have high
connection strength to the perturbation regions were barely affected
(such as right sensory cortex and right parietal association cortex), and
some brain regions which have weak connection to the perturbation
regions were significantly affected (such as left temporal association
cortex and left superior colliculus). These uncoupling between the
magnitude of impacts and the connection strength to the perturbation
regions might reflect the complexity of perturbation impact spreading in
the complex network. Many factors such as the location of the pertur-
bation site, the interaction of different subnetworks and the global to-
pology of the network might affect the spread of the impact (Misic et al.,
2015; Nematzadeh et al., 2014). Therefore, the relationship between the
magnitude of impacts and the strength of the connections to the per-
turbed regions might be non-linear. In the future, more precise and subtle
models of spreading dynamics should be developed to describe and
predict the spread of the perturbation impact in the metabolic brain
network.

Several methodological considerations need to be stated about this
study. First, most studies of modularity of brain networks removed
negative edge weights from the analysis because very few modular
detection algorithms are capable of dealing with negative edge weight
(Sporns and Betzel, 2016). Similarly, we defined the edge weights of the
network as the absolute value of correlation coefficients instead of cor-
relation coefficients themselves, It should be noted that this step might
unintentionally discard neurobiological information. Second, since the
problem of modularity optimization is non-deterministic poly-
nomial-time hard (NP-hard) (Brandes et al., 2008), numerous maximize
modularity algorithms have been developed and different algorithms
may yield different results. In this study, we adopt a widely used algo-
rithm developed by Blondel et al. (2008). The accuracy of the algorithm
was verified on ad hoc modular networks that had a known community
structure in their article. Third, in this study, we perturbed the network
by inducing focal ischemia on bilateral motor cortex to test the hypoth-
esis that the modular architecture could limit the spread of local
perturbation. However, many other factors, such as the perturbation
method or the magnitude of the perturbation, may affect the spread of
the impact and thereby possibly affect the outcomes. Furthermore, the
location of the perturbed regions may be also crucial to the results
(Gratton et al., 2012). Therefore, further investigations are needed to
examine the hypothesis more thoroughly by, e.g., using a variety of
perturbation methods and regulating various additional brain regions. In
future applications, it will be important to investigate how the modu-
larity of the metabolic brain network change in the animal models with
focal brain damage such as stoke, traumatic brain injury or brain tumors.
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5. Conclusion

In this study, we constructed a metabolic brain network and explored
its modular architecture. Significant modular architecture was found in
the metabolic brain network, and the network could be divided into four
modules, which closely overlapped with executive, learning/memory,
visual/auditory and sensorimotor processing functional domains. Then
we perturbed the network by inducing focal ischemia on bilateral motor
cortex and measured the glucose metabolic changes of all brain regions.
We found that most of the significantly changed brain regions were
located in the sensorimotor module. Together, these results revealed an
intrinsically cohesive modular architecture in the metabolic brain
network, and provided an experimental evidence that the modular ar-
chitecture can limit the spread of local perturbation impact.
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