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Abstract 

 
Large-scale plastic changes of brain networks in the 

spinal nerve ligation animal model of neuropathic 

pain 

 

Chang-Eop Kim 

Department of Physiology 

The Graduate School 

Seoul National University 
 

Pain is a multidimensional experience emerging from the flow of information 

in the brain. It is reasonable therefore to understand pathological pain in terms of 

plasticity of the distributed brain network. Understanding altered connectivity 
patterns of the whole-brain network in pathological pain would give an opportunity 

to diagnose subjective pain disorders in an objective manner. Here, we 

acquired [18F]fluorodeoxyglucose micro-positron emission tomography (FDG 
microPET) images in awake rats with spinal nerve ligation (SNL) (SNL group, n = 

13; sham group, n = 10). In order to investigate the altered functional connectivity 

pattern of the brain network, we developed a node set search algorithm that defines 
the optimal node set representing the whole brain in given brain images and 

constructed resting-state brain networks with the defined nodes. Graph theoretical 

analyses revealed that SNL resulted in decreased small-worldness and more 

fragmented modular structure compared to sham group. Connectivity pattern 
analyses showed that the regions in the brainstem, sensorimotor cortex, and some of 

the prefrontal cortex became highly connected following SNL, whereas the 

cerebellum and some prefrontal regions showed decreased connections. In addition, 
we found close relationships between characteristics of connectivity and metabolic 

changes. Based on our findings, we developed a connectivity pattern-based 

diagnostic tool for neuropathic pain, and could classify neuropathic brain with high 
accuracy (92.31 % sensitivity, 90.00 % specificity, and 91.30 % total accuracy). 

These results suggest that neuropathic pain is associated with connectional plasticity 

of the resting-state brain and this enables to develop an objective diagnostic tool.  

 

Keywords: neuropathic pain, brain network, brain plasticity, FDG microPET, 

diagnosis of pain 

Student Number: 2007-22001 
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Introduction 

 
 

Pathological pain is caused and manifested by maladaptive plastic 

changes of the peripheral and central nervous system (Kuner, 2010). 

Numerous studies have investigated the plastic changes in somatosensory 

pathways, particularly primary sensory neurons and the spinal cord using 

animal models. In contrast, recent human brain imaging studies have 

revealed that brain undergoes plastic changes of resting-state functional 

connectivity between various brain regions during chronic pain (Baliki et al., 

2008; Baliki et al., 2011; Baliki et al., 2012; Cauda et al., 2009; Cauda et al., 

2010; Cifre et al., 2012; Mainero et al., 2011; Napadow et al., 2010). These 

results support the concept that pathological pain is a complex, 

multidimensional experience emerging from the flow of information in the 

brain network, not merely a reflection of amplified nociceptive input from 

the spinal cord, or simple impairment of specific “pain centers” (Apkarian et 

al., 2011; Baliki et al., 2011). Compared to growing evidence of connectional 

plasticity in the human brain with pathological pain, however, investigations 

in animal models of pain are very sparse in spite of their tremendous use and 

contribution in translational research of pain.  

Given the subjective nature of pain, there has been a high demand for 
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developing an objective biomarker in clinical, preclinical and basic research. 

At present, pain assessment is exclusively based on behavioral measures 

such as visual analog rating scales (in humans) or withdrawal reflex (in 

animals) and their unreliability has been indicated as one of the major 

obstacle for pain research. This might be one of the reasons why so few 

candidate drugs from animal studies have been proven in clinical trials 

(Dolgin, 2010). Brain imaging has great potential to complement current 

subjective assessment of pain (Borsook et al., 2011; Dolgin, 2010; Sakoglu 

et al., 2011). Indeed, a number of studies using functional brain imaging 

have suggested potential biomarkers for pathological pain in the brain. 

However the development and validation of diagnostic tools for use still 

remains to be achieved (Borsook et al., 2011). 

 Considering the multidimensional characteristics of pain, it would be 

more efficient strategy to capture the altered connectional patterns of the 

brain network than finding single discriminative regions as biomarkers 

(Borsook et al., 2011). In order to capture the patterns of the brain network, 

pairwise connections between many brain regions should be simultaneously 

considered, and this is best achieved by employing a graph theory-a 

mathematical representation of a network as a set of nodes and edges (links) 

(Bullmore and Sporns, 2009).  In functional brain network analyses, nodes 
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represent voxels or brain regions, and edges between the nodes indicate 

functional correlations between the nodes. More and more studies are 

implementing graph theoretical approach to understand brain pathologies 

including chronic pain, providing valuable insights into the pathological 

brain in terms of disrupted connectional patterns (Agosta et al., 2013; Cauda 

et al., 2010; Cifre et al., 2012; Supekar et al., 2008). However, applying this 

powerful method into the brain network analysis is not straightforward due 

to the difficulty in defining nodes in brain imaging data and the critical 

influence of this step to the resultant description of the network (Butts, 2009; 

Wig et al., 2011; Zalesky et al., 2010). Optimally, nodes should represent 

functional “unit” of the brain which exhibits dissociable processing of 

information, so that node set representing the whole brain network should be 

composed of nodes without any redundancies and omissions. For example, 

construction of the brain network with arbitrarily selected regions (i.e. ROI) 

or all voxels of the imaging data leads to omitting many of the nodes or 

selecting nodes in a redundant manner, respectively. Among many of the 

proposed techniques to solve this problem, attempts to define nodes based on 

their patterns of connections to other brain areas are increasingly accepted in 

recent studies (Cohen et al., 2008; Johansen-Berg et al., 2004; Nelson et al., 

2010; Power et al., 2011; Wig et al., 2011). These approaches are based on 
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the assumption that discrete functional “units” have their connectional 

patterns distinct from those of adjacent other nodes. Despite of the validity of 

these approaches, the application is limited to partial areas of the brain at 

present due to a large computational demand or difficulty in applying to 3D 

space of subcortical regions.  

Here, we hypothesized pathological pain would induce the connectional 

plastic changes of resting-state brain in animal models, and revealing the 

altered pattern of the brain network would enable to develop an objective 

diagnostic tool. To address our hypothesis, we used fluorodeoxyglucose 

micro positron emission tomography (FDG microPET) and spinal nerve 

ligation (SNL) animal models of neuropathic pain. FDG microPET imaging 

enabled us to investigate the changes of regional metabolic activity and 

connectional pattern simultaneously in the resting-state brain of awake, 

behaving animals. To analyze the brain network using graph theory, we 

developed “blind” node set search algorithm which automatically defines an 

optimal node set of given imaging data without any priori knowledge. Using 

this algorithm, we could search a node set representing the whole brain areas 

including the brainstems. SNL-induced connectional plasticity of the 

metabolic brain network was investigated and relationships between 

characteristics of connectivity patterns and metabolic changes were 
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examined. Based on our findings, we developed a diagnostic algorithm for 

neuropathic pain, which captures the connectional patterns of sham-operated 

and SNL groups from training samples, and classifies test samples by their 

patterns. The accuracy was validated by leave-one-out cross-validation tests.  
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Materials and Methods 

 

All experiments were approved by the Experimental Animal Care and 

Ethics Committee of Seoul National University, Seoul, Republic of Korea. 

 

Animals and surgery  

Adult, male Sprague-Dawley rats (Samtako CO., Osan, Korea) 

weighing 260-320 g were used. Spinal nerve ligation (SNL) was performed 

as described previously (Kim and Chung, 1992). Briefly, the right L5 spinal 

nerve was exposed and tightly ligated with 4-0 silk under isoflurane (2.5 % 

for induction and 2 % for maintenance) anesthesia (n = 13). Sham surgery 

was identical to SNL, except that the nerves were not ligated (n = 10). 

 

Behavioral tests  

To confirm the successful induction of neuropathic pain, all rats were tested 

for mechanical allodynia of the right hindpaw 2 days before surgery, and on 

postoperative days 1, 4, 7, and 14. Rats were placed in transparent acryl 

cages on a wire mesh floor, and allowed to acclimate for 20 min before tests. 

Mechanical allodynia was assessed using von Frey filaments. The filaments 
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were applied to the plantar surface of the hindpaw and brisk withdrawal or 

flinching response was regarded as positive. There are many methods to 

determine the withdrawal thresholds. Here, we applied the up-down method 

(Dixon, 1980). A series of filaments (0.4, 0.7, 1.2, 2.0, 3.6, 5.5, 8.5 and 15.0 

g) were applied to the hindpaw. Starting with a filament in the middle of the 

series, weaker or stronger filaments were applied based on the prior response 

(positive or negative). The resulting response pattern was used to calculate 

the 50 % likelihood of a paw withdrawal response (50 % threshold) (Chaplan 

et al., 1994). Only rats which showed thresholds less than 4 g in 1 day or 4 

days after surgery were included in the analysis. Repeated-measures ANOVA 

followed by Bonferroni’s t-test was conducted for comparison between sham 

and SNL groups. 

 

Image acquisition 

FDG microPET images of the rat brain were acquired 12-14 days after 

SNL surgery. All rats were deprived of food for 12-18 hrs before the 

scanning to enhance FDG uptake in the brain (Fueger et al., 2006). Rats were 

placed in acryl cages (13 cm  10 cm 10.5 cm) on a wire mesh floor, and 

allowed to acclimate for 30 min before FDG injection. Afterwards, FDG 

(500 μCi/100 g in 0.5 ml) was administered via tail vein injection under light 
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isoflurane anesthesia and the rats were moved back to the plastic cages. Rats 

woke up promptly from anesthesia and stayed in the plastic cages in a quiet 

room with a dim light for 60 min uptake period. After uptake period, a 60 

min static acquisition was performed in 3D mode under isoflurane (1.5 %) 

anesthesia. The acquired images reflected the metabolic activity of the awake 

rat brain before the saturation of FDG uptake. Image acquisition was 

performed using a dedicated small-animal PET scanner (eXplore VISTA, GE 

healthcare), which provides 4.6 cm axial and 6.7 cm transaxial field of view, 

with spatial resolution of 1.6 mm in full width at half maximum. 3D 

volumetric images were reconstructed using VISTA OSEM algorithm in a 

128  128 matrix with a pixel width of 0.385 mm and a slice thickness of 

0.770 mm. 

 

Image preprocessing  

Data preprocessing was carried out in MATLAB (Mathworks) using 

statistical parametric mapping (SPM2) software 

(http://www.fil.ion.ucl.ac.uk/spm/). First, 15 FDG microPET images of naïve 

rats were coregistered to the T2-weighted MR template provided by 

Schweinhardt et al. (2003), which was placed into stereotaxic space, and then 

averaged to make a FDG rat brain template. All individual FDG microPET 
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images were spatially normalized using this template and resliced (0.2 mm 

 0.2 mm  0.2 mm). FDG microPET images were smoothed with a 

Gaussian kernel (full-width at half-maximum (FWHM) = 1.2 mm) to 

increase the statistical power. Proportional scaling was used for global 

normalization of voxel values between scans (global mean to 50, gray matter 

threshold of 0.8). 

 

 Voxel-wise metabolic comparison  

To investigate the regional metabolic changes of metabolism between 

sham and SNL groups, voxel-wise two-sample t-test was conducted and p-

values were corrected for multiple comparisons using the Benjamini-

Hochberg control. The statistical threshold of p-value was set to 0.005 and 

the cluster-size threshold was set to 100. 

 

“Blind” node set search algorithm 

Nodes in a functional brain network are functional units that behaves 

independently. Nodes’ behavior in the network is connectivity patterns with 

other nodes. Therefore, defining appropriate nodes form the brain imaging 

data means finding a set of regions that have independent connectivity 

patterns. There are two concerns in defining appropriate node sets –
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redundancy and omission. For example, if every voxels were treated as 

individual nodes, many of the nodes from adjacent areas would share 

connectivity patterns each other, and fail to define independent node set 

(redundancy). On the other hand, insufficient selection of nodes would fail to 

represent the whole brain network (omission). With the goal of identifying 

optimal node set which represents the brain network without any 

redundancies and omissions, we developed an algorithm that automatically 

searches voxels corresponding to optimal nodes across the whole brain in a 

data-driven manner.  

 

-“Neighborhood” search function 

First, we defined “neighborhood” search function f , which takes a 

node (a voxel) iv , and returns functionally connected “neighborhood” nodes 

 if v  by searching voxels satisfying following two conditions; 1. 

significant correlation with iv  (p < 0.05), 2. local maximum values in the 

3D correlation map of iv  (Figure 1a, top). To obtain  if v , we computed 

Pearson correlation coefficients between voxel iv  and the rest of the voxels 

within gray matter volume (about 218,000 voxels), constructing a 3D 

correlation map of iv . A peak finding algorithm was used to detect the 



１１ 

 

voxels with local maximum correlation values. Peak voxels were excluded 

unless p < 0.05. It is important to note that if f  takes suboptimal node 'iv   

near optimal node 
iv , f  would return similar results with  if v  because 

two adjacent voxels share similar correlation patterns (Figure 1a, bottom). 

Figure 1c depicts an example of the similar correlation pattern of adjacent 

voxels using 2D maps.  

 

-“Neighborhood set” search function 

We further defined “neighborhood set” search function F , which takes 

node set V  and returns union of  if v , iv V . To obtain  F V , we 

constructed a cumulative score map of “neighborhood” by giving voxels 

scores when they were chosen as “neighborhoods” in repetitive performance 

of function f  across iv , iv V . To avoid redundant selection of nodes in 

very adjacent areas, the cumulative score map was smoothed with a Gaussian 

kernel (FWHM = 1.6 mm) and peak voxels with local maximum scores were 

searched. 

 

-“Blind” node set search  

Logically, if function F  takes optimal node set opV , the returned 
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 opF V  would be the same with opV  itself (Figure 1b). Therefore, we 

assumed, conversely, if a node set V  satisfies  V F V  , V  could be 

considered to be optimal node set, opV . We expected that node sets 

approximately satisfying this condition could be searched by applying 

function F  to arbitrary node sets 
iV  (node set in i th iteration) in an 

iterative manner until  i iV F V , because updated iV  could find novel 

optimal nodes and remove suboptimal nodes at every step, and finally 

converge into the condition  i iV F V  (Figure 2a). Indeed, when the 

iterative algorithm was applied to arbitrary node sets with various size (2, 60, 

110, 205, and 404 nodes), updated results finally converged into  i iV F V  

(accordance rate > 89 %) (Figure 2b). Accordance rate between two node 

sets were computed by measuring how many nodes of the larger node sets 

were colocalized with one of smaller node sets within 1.6 mm in the 

stereotaxic space. The searched node sets were independent of the initial 

node sets (Figure 2c). 

In order to define finalized optimal node sets from the node sets 

satisfying  i iV F V  (accordance rate > 89 %), we constructed a 

cumulative map of optimal nodes by cumulating node sets satisfying 
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 i iV F V  (accordance rate > 89 %; n = 44) among the data we obtained. 

The cumulative map was smoothed with a Gaussian kernel (FWHM = 1.6 

mm) and peak voxels with local maximum values were identified to define 

optimal nodes. We obtained 91 nodes across the whole brain including the 

brainstem and the cerebellum. Euclidean distances between all of the nodes 

were measured and 6 nodes located within 1.6 mm of adjacent nodes were 

removed, which resulted in 85 finalized optimal node sets (Figure 2d and 

Table 1). 

 

Construction of resting-state metabolic brain networks 

To construct resting-state metabolic brain networks, functional 

connectivity (edges of the network) between 85 nodes was evaluated by 

computing Pearson correlation coefficients using inter-subject metabolic 

variability in sham and SNL groups. The connectivity patterns were 

represented by cross-correlation matrices (85  85, weighted). Negative 

correlations of the matrices were set to zero due to the mathematical 

intractability in graph analyses (Kaiser, 2011; Power et al., 2010). We used 

both of the binary networks and weighed networks for our analyses. To 

construct binary networks, the matrices were binarized to a number of 

adjacency matrices having only 1 or 0 as elements (1 = connected, 0 = 
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unconnected) by applying thresholds in increments of 0.001 from 0.001 to 

0.999. This binarizing process makes the networks tractable for subsequent 

graph-theoretical analysis. For binary network comparisons between sham 

and SNL groups, each matrix was paired with the matrix that had the same 

edge density (the proportion of edges that exists relative to the number of 

potential edges of a network) in the other group (total 1784 pairs), so that the 

difference of network properties did not arise from the difference in edge 

density. Networks with 15 % and 30 % edge densities were used 

representatives for visualization, but all the analyses in binary networks were 

performed over a wide range of edge densities (between 5 % and 30 %) to 

avoid biased results from networks with a fixed edge density. Networks were 

visualized by layout algorithms using Cytoscape (www.cytoscape.org).  

 

Global network properties 

To describe the altered global properties of the resting-state metabolic 

brain network between sham and SNL groups, clustering coefficients ( ), 

characteristic path length ( ), and small-worldness ( ) were examined. 

Modular structures were also identified. Brain Connectivity Toolbox 

(BCT)(Rubinov and Sporns, 2010) was used for these analyses. The 

clustering coefficient of the network ( ) is the mean of clustering 

C

L 

C
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coefficients ( ) of every node in the network.  of node  was 

calculated as the number of edges between the neighbors of node  (nodes 

connected to node ) divided by the total number of possible edges between 

its neighbors. The characteristic path length ( ) is defined as the averaged 

shortest distance between every two nodes in the network. To normalize 

these parameters of the networks, 1000 different random networks with the 

same numbers of nodes and degree (number of edges to a given node) 

distributions for each group were constructed.  and  of these random 

networks were calculated and averaged. Normalized clustering coefficient 

( ) and characteristic path length ( ) were given by  and 

, respectively, where  and  are  and  of real 

networks, and  and  are averaged  and  of random 

networks. Small-worldness ( ) is defined as the ratio between  and  

( / ), indicating the simultaneous efficiencies of information flows in the 

networks on both global and local scales. The value of  is typically above 

1 in the small-world networks. The parameters were obtained across the wide 

range of edge densities (between 5 % and 30 %). 

Modular structures of the networks were examined using the 

optimization algorithm maximizing the number of within group edges, and 

iC iC i

i

i

L

C L

  /real randomC C

/real randomL L realC realL C L

randomC randomL C L
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minimizing the number of between-group edges (Newman, 2006). The 

weighted matrices were partitioned into modules and represented by circular 

layouts, where nodes were arranged by modular memberships.  

 

Relations between connectional properties and metabolic 

changes 

We assigned t-values obtained in our previous voxel-wise metabolic 

comparison analysis to corresponding 85 optimal nodes in absolute form, 

which indicate the magnitudes of metabolic changes of the brain regions 

regardless of the direction. The absolute t-values were mapped on the force-

directed layouts at 15 % edge densities using colors for visualization. Two 

correlational relationships were statistically examined.  

First, a correlation between degree centrality of nodes and their SNL-

induced metabolic changes was tested. Degree centrality of a node indicates 

the number of edges belonging to the node. We computed degree centrality 

of nodes in binary matrices by summing columns of each matrix. Correlation 

analyses were performed across 5 % - 30 % edge densities in both groups 

(binary networks-based correlation analysis).  

Second, a correlation between mean connectional changes and 

metabolic changes of the nodes following SNL was tested. We used both of 
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the weighted and binary network-based correlation analyses. In weighted 

network-based correlation analysis, correlation coefficients of the cross-

correlation matrices were converted to z-values using Fisher’s r-to-z 

transformation and the between-group difference matrix was created by 

comparing the converted matrices. Mean connectional changes of nodes 

were calculated by averaging the absolute column values of the between-

group difference matrix. Weighted network-based correlation analysis was 

also performed using only strong or weak connections in the network by 

setting the values of the between-group difference matrix to 0 except for the 

connections in the range of specific strengths in each matrix. For binary-

network-based correlation analysis, a number of between-group difference 

matrices were created by subtractions between paired matrices with sham 

and SNL. Mean connectional changes were calculated in the same way with 

that of weighted network-based analysis. Correlation analyses were 

performed across 5 % - 30 % edge densities.  

 

Connectivity patterns 

SNL-induced changes of connectivity patterns were investigated by 

identifying brain regions showing profound connectional changes and 

examining the altered connectivity patterns of the individual regions. To 
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determine magnitudes of connectional increases and decreases of 85 nodes 

after SNL, between-group difference matrices were created by subtractions 

as described above. Only positive or negative values in the matrices were 

extracted and each column was summed to compute the magnitude of 

connectional increases or decreases of each node. The obtained magnitudes 

were averaged across 5 % - 30 % edge densities and standardized to z-values. 

Nodes with z-values > 1.645 were chosen for further investigation of altered 

connectivity pattern in each set (increases and decreases of connections).  

Increased or decreased connectivity patterns of selected nodes were 

examined by identifying the regions that became connected or disconnected 

with the nodes. Pie charts were used to demonstrate relative proportions of 

altered connections in terms of the functional system.   

 

Connectivity pattern-based diagnosis 

Due to our limited number of samples, we used leave-one-out cross-

validation tests to evaluate the performance of our connectivity pattern-based 

diagnosis. Each of the samples was excluded from the analysis in turn, and 

for the remaining training samples, connectivity patterns for sham and SNL 

groups were modeled. Test samples were fitted to each model and classified 

into sham or SNL group. This procedure was repeated until every sample 
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once served as test samples. 

Based on our findings that “hot spots” in metabolic changes belong to 

the optimal node set and metabolic changes accompany connectional 

changes of strong connections in the resting-state brain network following 

SNL, peak voxels in metabolic comparison between training samples were 

selected as feature voxels (p < 0.001, uncorrected). Cross-correlation 

matrices of sham and SNL groups were constructed from these voxels using 

training samples. Between-group difference matrix was created by 

comparing z-transformed matrices of sham and SNL groups. Then, all 

connectional pairs of the matrix were assigned into “sham-dominant” (if z < 

0) or “SNL-dominant” (if z > 0). Because connectivity measured by inter-

subject variability cannot be examined in a single brain, we inferred 

connectivity between feature voxels using their absolute difference values, 

instead of Pearson’s correlations. We assumed that if a connection pair 

between two nodes has high inter-subject correlation, the difference values 

between the nodes, which can be measured within individual samples, would 

be relatively constant across multiple samples than has low correlation. To 

model the connectivity patterns of sham and SNL brain from training 

samples, cross-“difference” matrices were created for individual training 

samples, which represent the absolute values of metabolic difference 
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between feature voxels. Then, mean and SD matrices of cross-“difference” 

matrices were derived, providing standard normal distributions of difference 

values between every pair of feature voxels for each group. To classify test 

sample, each value of the cross-“difference” matrix of the test sample was 

converted to z-values using one of the standard distribution trained by sham 

or SNL, according to which type the connection pairs belong to, “sham-

dominant”, or “SNL-dominant”. Diagnostic score was obtained by 

subtracting the averaged z-value for “sham-dominant” connections by one 

for “SNL-dominant” connections. The test brain was diagnosed as 

neuropathic brains when the diagnostic score was above zero.   
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Table 1. Optimal node set and their metabolic changes following SNL surgery.  
  

Node ID Regions Coordinates (mm) Metabolic 

changes 

x y z t-values 

1 Insular cortex/piriform cortex (IC/PC) -6.0 -7.8 -0.4 3.12 

2 Anterior olfactory nucleus (AON) -0.8 -7.6 4.0 4.60 

3 Insular cortex/piriform cortex(IC/PC) 6.8 -7.2 -1.8 2.99 

4 Anterior olfactory nucleus/piriform cortex (AON/PC) 1.4 -6.4 4.4 4.53 

5 Insular cortex (IC) 4.6 -6.2 2.6 5.29 

6 Anterior olfactory nucleus (AON) -2.0 -5.2 4.8 4.44 

7 Insular cortex (IC) -4.6 -4.8 3.2 2.36 

8 Orbitofrontal cortex/insular cortex (OFC/IC) 3.0 -4.0 4.6 2.36 

9 Prefrontal cortex (PFC) 2.0 -3.2 3.0 4.21 

10 Prefrontal cortex (PFC) 0.2 -2.4 5.6 2.30 

11 Amygdala/piriform cortex (AMY/PC) -5.2 -9.8 -4.4 3.63 

12 Amygdala/piriform cortex (AMY/PC) 5.2 -9.6 -1.8 4.06 

13 Amygdala/piriform cortex (AMY/PC) 4.4 -9.4 -4.0 3.35 

14 Basal forebrain/preoptic area (BF/POA) -2.2 -9.4 -0.6 5.10 

15 Basal forebrain/preoptic area/piriform cortex (BF/POA/PC) 3.6 -9.4 0.4 4.52 

16 Basal forebrain/preoptic area/piriform cortex (BF/POA/PC) -3.8 -9.0 1.2 4.96 

17 Hypothalamus (HT) -1.2 -8.8 -3.4 6.12 

18 Preoptic area (POA) 0.6 -8.8 0.2 6.20 

19 Amygdala (AMY) -3.4 -8.4 -2.6 4.06 

20 Basal forebrain/caudate putamen (BF/CPu) 4.2 -7.0 -3.4 2.92 

21 Basal forebrain/caudate putamen (BF/CPu) -3.2 -7.0 3.0 6.39 

22 Bed nucleus of the stria terminalis (BNST) 1.2 -6.2 -0.2 4.95 

23 Thalamus (TH) 1.4 -6.0 -3.4 1.76 

24 Thalamus (TH) -2.0 -5.8 -3.2 1.18 

25 Caudate putamen (CPu)/claustrum -3.0 -5.4 1.6 2.08 

26 Septal area (SA) 0.0 -4.8 -0.4 5.60 

27 Thalamus/ hippocampal formation (TH/HP) 3.6 -4.2 -3.2 1.65 

28 Thalamus (TH) -2.0 -4.2 2.8 2.22 

29 Thalamus/hippocampal formation (TH/HP) -0.4 -3.8 -3.4 2.98 

30 Thalamus/hippocampal formation (TH/HP) 1.0 -3.8 -1.8 3.60 

31 Caudate putamen (CPu)/sensorimotor cortex  4.0 -3.8 1.2 3.16 

32 Hippocampal formation (HP)/colliculus 2.0 -3.6 -5.6 3.12 

33 Hippocampal formation (HP)/colliculus -2.2 -3.4 -5.4 0.26 

34 Hippocampal formation (HP) -3.2 -3.2 -6.8 2.31 

35 Medulla  0.4 -10.8 -14 3.10 

36 Medulla -1.8 -10.4 -11.4 3.06 

37 Medulla 1.8 -10.4 -11.2 4.44 

38 Pons 0.4 -9.6 -7.6 4.57 

39 Ventral midbrain (VMB) 1.4 -8.6 -6.4 4.59 

40 Ventral midbrain (VMB) -2.8 -8.6 -5.6 5.25 

41 Pons -3.0 -8.2 -8.8 1.42 
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42 Pons -0.4 -7.4 -9.4 3.8 

43 Medulla 0.6 -7.2 -14.8 2.98 

44 Medulla -1.8 -7.2 -14.4 1.47 

45 Midbrain reticular formation 0.6 -6.6 -6.2 2.72 

46 Pons/crebellum (CBL) 3.0 -6.4 -9.2 4.04 

47 Secondary somatosensory cortex (S2) -6.0 -5.0 -1.0 3.67 

48 Primary motor cortex (M1) 4.4 -2.8 3.0 2.21 

49 Primary somatosensory cortex (S1) -5.6 -2.4 -0.8 3.60 

50 Primary somatosensory cortex (S1) 5.2 -2.2 -0.6 1.58 

51 Primary somatosensory cortex (S1) -3.8 -1.6 1.0 4.33 

52 Primary somatosensory cortex (S1) 3.2 -1.0 0.0 3.72 

53 Secondary motor cortex (M2) -1.2 -1.0 1.8 3.69 

54 Secondary motor cortex (M2) 0.8 -0.8 0.0 4.00 

55 Primary somatosensory cortex (S1) -2.8 -0.6 -2.2 3.92 

56 Perirhinal cortex -6.8 -8.2 -3.0 3.75 

57 Entorhinal cortex -7.0 -8.0 -6.6 1.54 

58 Perirhinal cortex -7.4 -7.0 -4.8 2.05 

59 Entorhinal cortex -6.2 -6.4 -8.0 1.39 

60 Ectorhinal cortex 7.4 -6.2 -6.6 1.80 

61 Temporal cortex (TC) 7.4 -6.0 -4.4 2.12 

62 Temporal cortex/secondary somatosensory cortex (TC/S2) 6.4 -4.6 -3.2 2.02 

63 Temporal cortex/secondary somatosensory cortex (TC/CBL) -6.2 -4.2 -3.2 5.77 

64 Occipital cortex/temporal cortex (OC/TC) -7.0 -3.6 -7.0 5.25 

65 Parietal cortex (PrtC) 5.8 -3.0 -5.2 4.97 

66 Occipital cortex (OC) 5.8 -2.4 -7.6 5.57 

67 Parietal cortex (PrtC) -4.8 -2.0 -4.2 4.42 

68 Occipital cortex (OC) -3.6 -1.0 -7.4 4.56 

69 Occipital cortex (OC) 2.6 -0.8 -8.0 5.42 

70 Retrosplenial cortex (RSC) -1.0 -0.6 -7.0 5.58 

71 Occipital cortex (OC) -2.2 -0.6 -5.4 5.72 

72 Occipital cortex (OC) 3.2 -0.6 -4.4 4.99 

73 Retrosplenial cortex (RSC) -0.6 -0.6 -3.2 3.98 

74 Cerebellum (CBL) 4.6 -7.8 -11 0.94 

75 Cerebellum (CBL) -3.6 -6.6 -13.4 1.15 

76 Cerebellum (CBL) -4.8 -6.6 -12.0 2.47 

77 Cerebellum (CBL) -3.8 -5.6 -10.0 3.73 

78 Cerebellum/periaqueductal gray (CBL/PAG) 0.6 -5.4 -9.0 2.76 

79 Cerebellum (CBL)-lobule 7, 8 -1.4 -4.4 -14.4 4.80 

80 Cerebellum (CBL) -4.6 -4.2 -12.4 4.71 

81 Cerebellum (CBL) 1.2 -3.8 -14.4 3.73 

82 Cerebellum (CBL) 4.0 -3.8 -12.8 4.77 

83 Cerebellum (CBL)-lobule 4 -1.8 -2.8 -10.0 4.37 

84 Cerebellum (CBL) -1.8 -2.4 -12.6 4.01 

85 Cerebellum (CBL) 0.6 -2.0 -11.8 5.08 
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Figure 1. Defining “neighborhood” search function f  and “neighborhood set” 

search function F . a. f  takes node iv  and returns functionally connected 

“neighborhood” nodes (red circles). In this schematic example, f  takes 1v  and 

returns the connected neighbors 
2v , 3v , and 4v  (top). If f  takes suboptimal 

node 'iv  near optimal node iv , f  returns similar results with  if v  because 

two adjacent voxels share overlapping connectivity patterns (bottom). b. illustrates 

an example of the similar connectivity pattern of two adjacent voxels using 2D 

maps for the purpose of visualization. Two adjacent voxels (in thalamus) and 

remote voxels (in insular cortex) are indicated by open circles on the cross-sectional 
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2D metabolic map of a naïve rat (in box). The 2D correlation map of each of these 

voxels is represented (2nd, 3rd and 4th). Note that correlation maps of adjacent voxels 

(thalamus) share similar patterns (2nd and 3rd), but not with remote voxel (insular 

cortex) (4th). c. F  takes node set V  and returns union of  if v , 
iv V . If 

F  takes optimal node set opV  -comprised of nodes without redundancies and 

omissions,  opF V  would be the same with opV  itself (top). On the other hand, if 

V  has redundant nodes or insufficient nodes,  F V  would be the same with V  

itself (middle and bottom, respectively). The color bar indicates the correlation 

values.  
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Figure 2. Applying “Blind” node set search algorithm and the searched optimal 

nodes. a. Optimal node set satisfying  op opV F V  can be searched by applying 

function F  to node set iV  (node set in i th iteration) in an iterative manner. In 

this schematic example, initial node set 0V  (left, red circles) is comprised of 

redundant and insufficient nodes. However, iterative applying of function F  to 

V  removes redundant nodes and adds omitted nodes gradually, finally leading to a 
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node set satisfying  i iV F V . b. Arbitrary initial node sets of various size (2, 60, 

110, 205, and 404 nodes) were defined by sampling voxels at regular intervals (30, 

15, 12, 10, and 8 interval, respectively) throughout non-zero voxels of 3D 

volumetric imaging data and entered into the iterative algorithm. All node sets we 

tested showed saturated accordance rates above 89 % after 2 - 4 iterations, 

satisfying the condition  op opV F V  approximately (left). For the purpose of 

visualization of accordance, 
11V  and 

12V  derived from 404 initial node sets 

( 11,int 404V  , green circles and 12,int 404V  , blue circles, respectively) and their 

accordance (cyan colors in overlapping) are represented in the 3D metabolic cut-out 

brain map for example (right). c. Accordance rates with 12,int 404V   were tested 

across the other node sets derived from iterative algorithm to examine whether the 

results of b depend on the initial node sets or not. d. Finalized 85 optimal node sets 

are represented on the 3D metabolic map of brains.  
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Results 

 

Induction of neuropathic pain by SNL  

SNL (n = 13) and sham (n = 10) surgery was performed for FDG 

microPET imaging. Behavioral responses to mechanical stimuli (mechanical 

allodynia) were assessed to confirm the successful induction of neuropathic 

pain. Significant mechanical allodynia developed 1 day after surgery and 

were maintained during the 2 weeks observation period (Figure 3). 

 

Regional metabolic changes of resting-state brain in SNL 

animals  

Regional metabolic changes of resting-state brain were measured by 

performing a whole brain voxel-wise comparison between sham and SNL 

groups 12-14 days after surgery. Significantly increased metabolism was 

observed in the prefrontal-limbic-brainstem networks, including the bilateral 

anterior olfactory nucleus (AON), right insular cortex (IC), bilateral piriform 

cortex (PC), septal area (SA), bilateral basal forebrain/preoptic area 

(BF/POA), left hypothalamus (HT), bed nucleus of the stria terminalis 

(BNST), bilateral amygdala (AMY), right ventral subiculum (VS), left 
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ventral midbrain (VMB), rostral ventromedial medulla (RVM), pontine 

reticular nucleus (PN) and the right lateral reticular nucleus (LRN) (Figure 4 

and Table 2). Due to limited spatial resolution and close proximity of 

subcortical and brainstem structures, it was difficult to separate or indicate 

precise regions in VMB and BF/POA. VMB includes the ventral tegmental 

area (VTA), interpeduncular nucleus and substantia nigra. BF/POA includes 

the ventral pallidum, horizontal limb of the diagonal band, vertical limb of 

the diagonal band, medial septal nucleus, substantia inominata and the 

preoptic area. By contrast, significantly decreased metabolism was observed 

in widespread cortical areas including the left primary somatosensory cortex 

(S1), left secondary somatosensory cortex (S2), bilateral primary motor 

cortex (M1), bilateral occipital cortex (OC), bilateral temporal cortex (TC), 

bilateral retrosplenial cortex (RSC), and the cerebellum (vermis and bilateral 

hemispheres) (CBL) (Figure 4 and Table 2). Most of the regions showed 

bilateral metabolic changes although the neuropathy was developed by 

unilateral nerve lesions.  

 

Defining node set by “blind” node set search algorithm 

To understand connectional plastic changes of resting-state brain 

network following SNL, we employed graph theoretical approach in which 
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brain network is represented as a set of nodes and edges between the nodes. 

Currently there is no gold standard for defining nodes in functional brain 

imaging data, but there is an increasing acceptance for defining nodes using 

the connectivity pattern of areas (Cohen et al., 2008; Johansen-Berg et al., 

2004; Nelson et al., 2010; Power et al., 2011; Wig et al., 2011). Based on this, 

we developed a “blind” node set search algorithm which searches optimal 

node set automatically in terms of connectivity pattern. Optimal node set 

should represent the whole brain network without redundancies and 

omissions considering the limited resolution of the data. For given arbitrary 

selected initial node sets, the algorithm searches updated node sets iteratively 

until it converges on a stable node set, which is independent of the initial 

nodes selection. The convergent node set is considered as an optimal node 

set of given imaging data based on our assumption (see Materials and 

methods). There is no need for any priori biological knowledge or predefined 

number of nodes in this process. Using our node set search algorithm, we 

detected 85 nodes across the whole brain including cortical and subcortical 

areas, brainstems and cerebellum (Table 1). We examined colocalization of 

optimal node set with 34 peak voxels in voxel-wise comparison of 

metabolism between sham and SNL groups. The peak voxels were located 

within 1.16 mm of optimal nodes on average. The significance of 
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colocalization was tested by permutation testing with 10000 repetitions (p < 

0.0001), indicating optimal nodes were significantly colocalized with the 

peak voxel (Figure 2). As a result, peak voxels of metabolic changes can be 

considered as a subset of optimal node sets approximately. This result 

supports the reliability of the node set search algorithm considering the 

commonly used approaches which define node set as a collection of peak 

voxels across variety of task-related activation studies (Wig et al., 2011). 

 

Construction of resting-state metabolic brain networks and 

altered global properties following SNL 

We constructed resting-state metabolic brain networks of SNL and sham 

rats for graph theoretical analysis. Nodes were defined as 85 voxels 

identified by our node set search algorithm and edges were defined by 

Pearson correlation coefficients between pairs of nodes. Networks were 

represented by cross-correlation matrices (85 85, weighted) and the 

different patterns were observed between the matrices, implying the altered 

pattern of the metabolic brain network following SNL (Figure 5a). In most of 

the brain network studies, weighted networks are converted into binary ones 

by applying thresholds for tractability of analysis. In this study, we used both 

of the weighted and binary networks. Binary networks with 15 % and 30 % 
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edge densities were used as representatives for visualization, but we 

performed all the analyses of binary networks over a wide range of edge 

densities (between 5 % and 30 %) because network property measurements 

are dependent on the selected edge density (see Materials and methods).  

To examine altered global organizations of resting-state brain network 

during pathological pain, we first measured small-worldness ( ) which is 

defined as a ratio between normalized clustering coefficient ( ) and 

normalized characteristic path length ( ). The clustering coefficient 

quantifies the local density of connections in a node’s neighborhood, 

therefore the mean clustering coefficient of the network ( ) reflects the 

local connectivity of the network. On the other hand, characteristic path 

length ( ) is the average of shortest path length between all pairs of the 

network and reflects the level of global integration in the network. In small-

world networks with high  value ( / ), information flow is 

simultaneously efficient on both local and global scales (Watts and Strogatz, 

1998). Figure 5b shows the results of , , and small-worldness  for 

varying edge densities in the resting-state network of SNL and sham groups. 

It is worth to note that  and cannot be computed for disconnected 

networks, so the absence of these measurements implies the networks have 

fragmented nodes in the given edge densities. Over a wide range of edge 
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densities, sham group showed typical features of small-worldness; higher 

while retaining relatively small increase of  compared to random 

networks with the same degree distribution. These are consistent with the 

previous results of functional magnetic resonance imaging (fMRI) studies 

conducted in humans (Achard et al., 2006) and rats (Liang et al., 2011). In 

contrast, SNL group showed robust decreases of and increases of λ 

compared to sham group, and these resulted in highly decreased small-world 

characteristics in the network with SNL. Furthermore, the absence of 

measurements for relatively higher edge densities implies more fragmented 

organization of the brain network with SNL compared to one of sham. 

Together, these data suggest that SNL-induced neuropathic pain resulted in 

impaired global communications between brain regions and more 

fragmented structure of the resting-state brain network.  

We then investigated the altered modular structures of the resting-state 

metabolic brain network following SNL. Using an optimization algorithm 

that maximizes the number of within group edges and minimizes the number 

of between-group edges, weighted networks of sham and SNL group were 

partitioned into four and two modules, respectively (Figure 5c). Network 

with SNL showed more segregated modular structure compared to one of 

sham, which is thought to underlie impaired small-world characteristics 
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following SNL observed above. 

 

Relations between topological organization of the resting-state 

metabolic brain network and SNL-induced regional metabolic 

changes 

 Interestingly, we found a relation between modular structure of the 

resting-state networks and the direction of SNL-induced regional metabolic 

changes. Among two modules of SNL group, the first module mainly 

consisted of the brain regions with increased metabolism following SNL - 

the prefrontal areas, limbic areas, basal ganglia, and the brainstem areas, 

whereas the second module was dominated by the regions showing 

decreased metabolism - the cerebral cortical areas and the cerebellum (Figure 

5c). Although less marked than SNL group, the relation was also observed in 

sham group. We represented the brain networks as force-directed layouts at 

30 % edge density and mapped the directions of regional metabolic changes 

onto the layouts (Figure 5d). It was clearly demonstrated that nodes (brain 

regions) sharing the same direction of metabolic changes are densely 

connected each other, forming modules in both of the networks. The 

relationship was confirmed by chi-square tests across the wide range of edge 

densities (0.74 < c  < 0.94, 0.000001 < p < 10-6 for sham group and 0.78 < 
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c  < 0.98, p < 10-6 for SNL group; Figure 5e).  

To better characterize the relations between topological organization of 

the brain network and SNL-induced metabolic changes, we represented the 

brain networks as force-directed layouts at sparser edge density (15 %) and 

mapped the magnitudes of regional metabolic changes onto the layouts 

(Figure 6a). It was observed that nodes with higher degree centrality (having 

more connections) in both of the network undergo more metabolic changes 

following SNL, independently of the changing direction, and confirmed by 

correlation tests (r = 0.62, p < 10-6 for sham group and r = 0.48, p < 0.000003 

for SNL group; Figure 6b). The correlation was also confirmed across the 

wide range of edge densities (0.54 < r <0.64, p < 10-6 for sham group and 

0.40 < r < 0.49, 0.000002 < p < 0.0005 for SNL group; Figure 6c). These 

findings suggest close relations between connectional characteristics of brain 

areas and their metabolic changes during pathological pain. 

 

Relations between connectional changes and metabolic changes 

of the resting-state metabolic brain network following SNL 

Based on our findings, we further hypothesized that brain areas showing 

high magnitude of metabolic changes would accompany profound 

connectional changes during SNL-induced neuropathic pain. To test this 
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hypothesis, we measured mean connectional changes of 85 nodes using 

weighted networks (weighted network-based correlation analysis; see 

Materials and Methods) and examined the correlation between metabolic 

changes and connectional changes. Against our expectation, we failed to find 

a significant correlation between two types of changes following SNL 

(Figure 7a). However, when we performed the analysis using connectional 

changes defined by subtraction between binary networks across the wide 

range of edge densities –instead of weighted networks (binary network-based 

correlation analysis; see Materials and Methods), we observed significant 

correlations, but in a biphasic manner across the edge densities; positive 

correlations at low edge densities and negative correlations at high edge 

densities (Figure 7c). This raised a possibility that the correlation between 

connectional changes and metabolic changes are dependent on the 

connection strength of the networks because the connectional changes 

defined by the subtraction method reflect the changes of connections with 

specific strength; changes at low edge densities reflect the changes of strong 

connections, and changes at high edge densities reflect the changes of weak 

connections. Accordingly, we repeated the weighted network-based 

correlation analysis using only strong or weak connections in the network. 

Figure 6b shows a significant correlation between changes of strongest 10 % 
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connections and metabolic changes (r = 0.48, p <10-6), indicating high 

magnitudes of metabolic changes accompany profound changes of strong 

connections. The significant correlations were also shown when investigated 

using strongest 20 %, 30 %, 40 % and 50 % connections (p < 0.05) (Figure 

7d). We could not find any significant correlation in the weak connection-

specific analysis. To avoid the potential bias due to removal of negative 

connections in the construction of the networks (see Materials and Methods), 

we also performed above analyses in the networks with negative connections 

but the results were not different.   

 

Identifying altered connectivity patterns of the resting-state 

metabolic brain networks following SNL 

Coming back to the investigation of altered connectional topology of 

the resting-state brain network during neuropathic pain, we investigated the 

degree centrality of the brain regions in sham and SNL groups and compared 

them by examining the connectional changes of the regions. Degree 

centralities of 85 nodes were computed in the binary networks at the wide 

range of edge densities and represented as colored matrices (Figure 8a, left). 

The increases and decreases of connections were also investigated (Figure 8a, 

right). Overall, the sensorimotor cortical area and the brainstem area showed 
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profound increases of connections, becoming highly connected (having high 

degree centrality) in the network with SNL. By contrast, the cerebellum 

showed high degree centralities in sham group, but lost many connections 

following SNL. The cortical areas including OC, TC, parietal cortex (PrtC), 

and RSC and the limbic areas such as BF/POA and PC showed high degree 

centrality in both groups. The prefrontal areas showed mixed effects 

following SNL; some regions labeled as prefrontal cortex (PFC) showed 

increased connections, while IC showed decreased connections.  

We then identified the altered connectivity patterns of the individual 

regions which showed profound connectional changes in our results (z > 

1.645) (Figure 8b). The increased connections of PFC, S1, and M2 were 

dominated by the connections with the sensorimotor and other cortical areas, 

while the brainstem areas including the pons and the medulla showed mainly 

increased connections with the limbic area/basal ganglia, brainstem area, and 

the prefrontal area. The decreased connections of IC, thalamus/ hippocampal 

formation (TH/HP), and M1 mainly consisted of the connections with the 

limbic area/basal ganglia and the prefrontal areas. The decreased connections 

of cerebellum were dominated by the cerebellum and the other cortical areas.  

 

Connectivity pattern-based diagnosis of SNL  
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Finally, we developed a connectivity pattern-based diagnostic tool for 

neuropathic pain. Because the functional connectivity between brain regions 

was calculated using inter-subject variability in our PET study, it was not 

possible to measure the connectivity patterns of individual brains directly. 

Instead, we inferred the connectivity patterns from the difference values 

between pairs of brain regions in an indirect manner (see Materials and 

Methods). To evaluate the accuracy of our diagnosis algorithm, we used 

leave-one-out cross-validation test. Each of the 23 brain image data was used 

as the test sample and the remaining data as the training sample. 

Connectivity pattern models for each group were built and then used to 

estimate a “new” training sample’s diagnostic score; a positive score 

indicated the sample’s connectivity pattern was more similar to one of SNL 

group, a negative score indicated the pattern was more similar to one of sham 

group. The results are shown in Figure 9 (left). The connectivity pattern-

based diagnosis algorithm successfully classified 12/13 brains with SNL 

(92.31 %) and 9/10 normal brains (90.00 %), with a total accuracy of 21/23 

(91.30 %). The probability of a 91.30 % or better accuracy obtained by 

chance was calculated from binomial distribution (p = 3.3010-5).  
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Table 2. Brain regions showing significant changes of the metabolism following SNL (p < 

0.005, FDR-corrected, cluster size > 100) and shortest distance to their nearest optimal nodes. 
 

  

Brain regions Peaks in metabolic comparison Nearest optimal nodes 

t-values Coordinates (mm) Distance 

(mm) 

Coordinates (mm) 

x y z x y z 

Increased metabolism in: 

 

Anterior olfactory nucleus (AON), left 5.59 -1.4 -6.6 4.2 1.18 -0.8 -7.6 4.0 

Anterior olfactory nucleus (AON), right 5.01 2.0 -6.6 5.2 1.02 1.4 -6.4 4.4 

Insular cortex (IC), right 5.87 5.4 -6.0 2.2 0.92 4.6 -6.2 2.6 

Piriform cortex (PC), left 6.91 -2.8 -7.2 2.8 0.49 -3.2 -7.0 3.0 

Piriform cortex (PC), right 6.76 3.4 -7.4 2.8 1.71 4.6 -6.2 2.6 

Septal area (SA) 7.18 -0.4 -4.6 -0.2 0.49 0.0 -4.8 -0.4 

Basal forebrain/Preoptic area (BF/POA), left 6.58 -1.0 -7.6 0.4 2.01 0.6 -8.8 0.2 
Basal forebrain/Preoptic area (BF/POA), right 6.81 0.6 -8.8 1.2 1.00 0.6 -8.8 0.2 

Hypothalamus (HT), left 6.38 -1.2 -8.8 -3.0 0.4 -1.2 -8.8 -3.4 

Bed nucleus of the stria terminalis (BNST) 5.70 1.0 -5.8 -0.8 0.75 1.2 -6.2 -0.2 

Amygdala (AMY), left 5.09 -4.0 -10.2 -2.4 1.91 -3.4 -8.4 -2.6 

Amygdala (AMY), right 4.55 4.8 -9.4 -2.6 0.92 5.2 -9.6 -1.8 

Ventral subiculum (VS), right 4.96 4.0 -8.6 -5.8 2.01 4.4 -9.4 -4.0 

Ventral midbrain (VMB), left 7.52 -0.6 -9.2 -6.8 1.34 0.4 -9.6 -7.6 

Rostral ventromedial medulla (RVM) 4.86 0 -10.6 -11.2 1.81 1.8 -10.4 -11.2 

Pontine reticular nucleus (PN) 4.68 -0.2 -10.4 -9 1.72 0.4 -9.6 -7.6 

Lateral reticular nucleus (LRN), right 5.58 2.8 -10 -11.4 1.10 1.8 -10.4 -11.2 

 

Decreased metabolism in: 

 

Primary somatosensory cortex_1 (S1_1), left 5.00 -3.8 -1.2 -3.0 1.41 -2.8 -0.6 -2.2 

Primary somatosensory cortex _2 (S1_2), left 4.40 -3.6 -1.6 0.8 0.28 -3.8 -1.6 1.0 

Secondary somatosensory cortex (S2), left 6.77 -6.0 -4.8 -2.8 0.75 -6.2 -4.2 -3.2 

Primary motor cortex (M1), left 4.41 -1.8 -1.8 1.8 1.00 -1.2 -1.0 1.8 

Primary motor cortex_1 (M1_1), right 4.41 1.8 -2.8 3.2 0.49 2.0 -3.2 3.0 

Primary motor cortex_2 (M1_2), right 4.38 1.4 -0.6 0.2 0.66 0.8 -0.8 0.0 

Occipital cortex_1 (OC_1), left 5.94 -4.4 -1.4 -8.0 1.08 -3.6 -1.0 -7.4 

Occipital cortex_1 (OC_1), right 5.98 5.4 -2.6 -9.2 1.66 5.8 -2.4 -7.6 

Occipital cortex_2 (OC_2), left 4.96 -4.4 -2.0 -5.2 1.08 -4.8 -2.0 -4.2 

Occipital cortex_2 (OC_2), right 4.76 4.6 -1.8 -5.2 1.70 5.8 -3.0 -5.2 
Temporal cortex (TC), left 5.37 -6.6 -3.2 -6.2 0.98 -7.0 -3.6 -7.0 

Temporal cortex (TC), right 7.54 6.8 -3.8 -5.6 1.34 5.8 -3.0 -5.2 

Retrosplenial cortex (RSC), left 6.59 -1.6 -1.6 -7.8 1.41 -1.0 -0.6 -7.0 

Retrosplenial cortex (RSC), right 6.31 1.4 -1.6 -8.8 1.65 2.6 -0.8 -8.0 

Cerebellum_1 (CBL_1),  6.73 -0.4 -2.4 -13.4 1.61 -1.8 -2.4 -12.6 

Cerebellum_2 (CBL_2), left 4.84 -4.4 -4.2 -12.6 0.28 -4.6 -4.2 -12.4 

Cerebellum _2(CBL_2), right 5.59 3.8 -4.4 -13.8 1.18 4.0 -3.8 -12.8 
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Figure 3. Pain behaviors following SNL. Hind paw withdrawal thresholds to 

mechanical von Frey stimulation were assessed following SNL. Data are means 

±SEM, *p < 0.01 (One-way repeated measures ANOVA followed by Bonferroni’s 

t-test).  
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Figure 4. Bran regions showing metabolic changes at resting-state in SNL group 

compared to sham. The color bars indicate t-values. AON, anterior olfactory nucleus; 

M1, primary motor cortex; IC, insular cortex; PC, piriform cortex; SA, septal area; 

BF, basal forebrain; POA, preoptic area; S2, secondary somatosensory cortex; HT, 

hypothalamus; AMY, amygdala; RSC, retrosplenial cortex; VMB, ventral midbrain; 

CBL, cerebellum; RVM, rostral ventromedial medulla; L, left; R, right.   
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Figure 5. Altered small-world characteristic and modular structure of the resting-

state brain network following SNL. a. Weighted correlation matrix from 85 optimal 

nodes. b. Networks with SNL showed decreased clustering coefficient (  ), 

increased characteristic path length (  ), and decreased small-worldness ( ). 

There are no measurements in the range of densities with which the binary networks 

get fragmented or have disconnected nodes. c. Modular structures are visualized by 

circular-layouts (binarized at 30 % edge density for the purpose of visualization). 

Note that nodes are located according to their modular memberships in each 

network (not necessarily located in the same position between networks). Network 

with SNL shows more segregated modular structure compared to sham. The color of 

nodes indicates the functional system memberships in the brain. Red bars indicate 

the distinction of the modules. d. The close relation between modular structure and 

direction of SNL-induced metabolic changes are shown by force-directed layout 

(binarized at 30 % edge density for the purpose of visualization). The color of nodes 

indicates the directions and magnitudes of metabolic changes following SNL. e. The 

relationship was confirmed by chi-square tests across the wide range of edge 

densities (5 % - 30 %).  
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Figure 6. A relation between topological organization of the resting-state brain 

network and regional metabolic changes following SNL. a. Magnitudes of regional 

metabolic changes are mapped on the force-directed layouts of sham and SNL 

networks at 15 % edge density. The color corresponds to absolute t-values in the 

voxel-wise metabolic comparison analysis. b. There was a significant correlation 

between degree centrality of nodes and the magnitudes of their metabolic changes 

following SNL. c. The correlation was also confirmed across the wide range of edge 

densities. For the numbers of nodes, see Table 1.  
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Figure 7. Correlation between connectional changes and metabolic changes 

following SNL. There was no significant correlation between connectional changes 

and metabolic changes in weighted network-based correlation analysis (a), but 

binary network-based correlation analysis showed edge density dependent 

correlations in a biphasic manner (b). c. Weighted network-based correlation 

analysis using only 10 % strongest connections showed significant correlation 

between connectional changes and metabolic changes. The significant correlations 

were also shown when investigated using strongest 20 %, 30 %, 40 % and 50 % 

connections (d).  
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Figure 8. Altered connectivity patterns of the resting-state brain networks following 

SNL. a. Degree centrality of the 85 nodes were computed in the binary networks at 

the wide range of edge densities and demonstrated by colored matrices (left). The 

magnitudes of increased and decreased connections of 85 nodes are also displayed 

(right).  Nodes are arranged by their functional system membership. The colors 

indicate standardized z-values of degree centrality or connectional changes. Nodes 

with z-values > 1SD of degree centrality or z-values > 1.645 of connectional 

changes are labeled. b. Altered connectivity patterns of individual regions with 

profound connectional changes (z-values > 1.645) are shown for the wide range of 

edge densities. Upper line shows the patterns of brain regions with profound 

increases of connections and lower line shows the patterns of regions with profound 

decreases of connections. Pie charts below the matrices indicate the relative 

distributions of the functional system memberships that consist of the altered 

connections. The colors indicate the functional system membership. See Table 1 for 

abbreviations of the regions. 
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Figure 9. Connectivity pattern-based classification. Brains were successfully 

classified as SNL group or sham group in leave-one-out cross-validation test. 
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Figure 10. Edge densities of binary networks across correlation thresholds. 

Networks with SNL show higher edge densities when compared to that of sham 

with the same correlation thresholds.  
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Discussion 

 

 In this study, we hypothesized that neuropathic pain alters the pattern 

of functional connectivity of the resting-state brain and examining the pattern 

enables identification of the brain with neuropathic pain. We acquired FDG 

microPET images in awake animal models of SNL-induced neuropathic pain 

and investigated the changes of connectivity pattern relating to their 

accompanying metabolic changes. We were able to identify the brain with 

SNL by fitting the connectivity pattern to the trained models from sham and 

SNL groups.  

 

Data-driven node set search algorithm 

In order to construct the brain network representing the whole brain, we 

developed a data-driven node set search algorithm, which automatically 

defined the optimal node set. Each optimal node should represent 

functionally distinct brain region without redundancies and omissions. For 

example, construction of the brain network with arbitrarily selected voxels 

(i.e. ROI) would omit information of many brain regions. In contrast, if 

every voxel of the imaging data were considered to be an individual node, 
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many nodes would represent the functionally single regions in a redundant 

manner. Our algorithm, under the limitation of available information of given 

data –connectivity measurement between voxels in images with limited 

resolution, identified all of the distinct nodes in terms of connectivity pattern 

without redundancies and omissions. The obtained nodes were colocalized 

with the peak voxels in our voxel-wise metabolic comparison analysis, 

which supports the reliability of the algorithm considering the commonly 

used approaches which define node set as a collection of peak voxels that 

have been shown to be activated across variety of task-related activation 

studies (Wig et al., 2011). We expect that our approach is also applicable to 

graph theoretical analyses of the human brain imaging data.  

 

Relations between connectivity and metabolism 

Interestingly, it turned out that there are close relationships between 

characteristics of connectivity and metabolic changes following SNL; brain 

regions in the same module tend to undergo the metabolic changes into the 

same direction and brain regions with more connections in each network 

show more metabolic changes. Our results were obtained from neuropathic 

pain-induced brain, but it may be that these findings are general relationships 

between regional activation and topological characteristics of the brain 
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network. Indeed, it has been demonstrated that brain regions coactivated 

during tasks or resting-state integrate into interconnected networks 

(Dosenbach et al., 2007; Greicius et al., 2003; Nelson et al., 2010). Hebbian-

like plasticity could be the underlying mechanism of this relationship 

(Nelson et al., 2010).  

 

SNL-induced alterations of the brain network organization 

property 

It has been shown that many complex brain networks across multiple 

species have small-world characteristics and modular structure (Achard et al., 

2006; Hilgetag et al., 2000; Liang et al., 2011; Salvador et al., 2005). 

Furthermore, there have been growing reports that many neuropsychiatric 

diseases such as Alzheimer’s disease and schizophrenia alter small-

worldness of the brain network (Micheloyannis et al., 2006; Stam et al., 2007; 

Supekar et al., 2008). Here, to our knowledge, we provide the first report of 

altered global properties- decreased small-worldness and enhanced modular 

organization in the brain network with neuropathic pain. It should be noted 

that all the comparison between binary networks were performed at the same 

edge densities, not the same correlation thresholds, which means the altered 

global properties are irrelevant to the changes of overall connections between 
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groups. In fact, the network with SNL showed increased edge densities when 

compared to that of sham with the same correlation thresholds, implying 

increased overall connectivity (Figure 10). Therefore, it should be interpreted 

that the organization of the neuropathic brain is less efficient while having 

increased communications overall. It is, however, uncertain how these 

changes are related to the mechanisms of neuropathic pain in our study. 

Future studies are needed to understand the influence of the altered global 

properties on the induction and maintenance of neuropathic pain. 

 

SNL-induced alterations of connectivity patterns of the brain 

network 

The regions in the brainstem, sensorimotor cortex, and some of the 

prefrontal cortex became highly connected following SNL, whereas the 

cerebellum and some prefrontal regions showed decreased connections. In 

particular, the increased connections of the brainstem mainly occurred at the 

prefrontal-limbic-brainstem areas, which engage in cognitive/emotional 

modulation of pain (Apkarian et al., 2009; Apkarian et al., 2010; Borsook et 

al., 2010; Lee and Tracey, 2010). These areas correspond to the regions 

showing increased metabolism in our voxel-wise comparison. There have 

been functional imaging studies observing the activation and the altered 
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connectivity of brainstems in response to experimental pain (Becerra et al., 

2011; Dunckley et al., 2005; Zambreanu et al., 2005) or during the 

modulation of pain (Ploner et al., 2010; Valet et al., 2004). The 

prefrontal/limbic regions are reciprocally connected with brainstems and 

exert top-down modulation of spinal processing of pain. Our data imply 

neuropathic pain is related to altered cognitive/emotional modulation of pain 

via prefrontal-limbic-brainstem networks, but how these alterations underlie 

the pathological pain remains to be clarified. The sensorimotor cortical areas 

became highly connected by SNL, but showed decreased metabolism. It 

might reflect altered function of pain modulation and perception. The 

sensorimotor cortex not only plays an essential role in discriminative aspect 

of pain perception, but also modulates pain via corticofugal outputs (Eto et 

al., 2011; Wang et al., 2009).  

 

Brain imaging-based diagnosis of neuropathic pain 

There is an urgent need for better measurements of pain in preclinical 

pharmacological studies. Most of the candidates that work well in animal 

studies have failed to be translated into clinical drugs, and at least in part, 

this failure is due to the commonly used behavioral measures that cannot 

reflect the multi-dimensional nature of pain (Dolgin, 2010). Our connectivity 
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pattern-based approach using FDG microPET, to our knowledge for the first 

time, demonstrated the feasibility of the brain imaging-based diagnosis of 

pathological pain animal models. Our approach could bridge the gap 

between preclinical and clinical studies in translational research. 

Furthermore, brain imaging-based diagnosis provides opportunities to study 

chronic pain model that is difficult to evaluate the pain due to the lack of 

motor response, such as phantom pain, headaches, and spinal cord injury 

induced pain (Zhuo, 2011). In addition to the potential for the practical 

usages, our successful identification of individual neuropathic brain by 

connectivity pattern-based approach, conversely, supports our investigation 

about SNL-induced connectional plasticity which was obtained in relatively 

small number of animals.    
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국 문 초 록 

 

척수신경 결찰에 의한 신경병증성 통증 동물 모델의 뇌 

네트워크에서 나타나는 거시적 수준의 가소적 변화 

 

통증은 뇌에서 발생하는 다양한 정보의 흐름으로부터 

창발하는 다차원적인 경험이다. 따라서 병리적 통증을 분산된 뇌 

네트워크의 가소적 변화의 관점에서 이해하는 것은 타당하다고 할 

수 있다. 병리적 통증을 경험하는 뇌 네트워크의 연결 패턴의 

변화를 이해하는 것은 주관적인 통증질환을 객관적으로 진단할 

수도 있는 기회를 제공할 수 있을 것이다. 본 연구에서, 우리는 

깨어있는 척수신경 결찰 (spinal nerve ligation, SNL) 모델 쥐의 

[18F]fluorodeoxyglucose micro-positron emission tomography (FDG 

microPET) 영상을 획득하였다 (SNL 그룹, n=13; sham 그룹, n=10). 뇌 

네트워크의 기능적 연결패턴의 변화를 조사하기 위하여, 주어진 뇌 

영상으로부터 전체 뇌를 대표할 수 있는 이상적인 노드 집합을 

정의하여주는 노드 집합 검색 알고리즘을 개발하였으며, 이를 

이용하여 안정 시의 뇌 네트워크를 구성하였다. 그래프 이론을 

이용한 분석을 통하여 척수신경 결찰이 뇌 네트워크에서 작은 

세상 네트워크의 속성(small worldness)을 감소시키고, 보다 파편화된 

모듈 구조를 유발함을 알 수 있었다. 또한 연결 패턴 분석을 

통하여 뇌간, 감각운동피질, 그리고 전전두피질 일부의 연결이 

크게 증가하는 반면, 소뇌와 일부 전전두피질의 연결이 감소하는 

것을 확인하였다. 뿐만 아니라 네트워크의 연결적 특성과 통증에 

의한 뇌대사량 변화 사이에 밀접한 연관성이 있음을 발견할 수 

있었다. 이상의 발견들을 바탕으로, 우리는 뇌의 연결 패턴에 

기반하는 신경병증성 통증의 진단기법을 개발하였으며 높은 

정확도로 신경병증성 통증 동물을 분류할 수 있었다 (민감도 

92.31 %, 특이도 90.00 %, 정확도 91.30 %). 이상의 결과들은 



６９ 

 

신경병증성 통증이 안정 시 뇌 연결성의 가소적 변화와 관련되어 

있으며, 이를 이용하여 객관적인 신경병증성 통증 진단기법을 

개발할 수 있음을 제시한다.   

 

주요어: 신경병증성 통증, 뇌 네트워크, 뇌 가소성, FDG microPET 

학번: 2007-22001 
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