'," frontiers

in Human Neuroscience

ORIGINAL RESEARCH
published: 27 December 2016
doi: 10.3389/fnhum.2016.00659

OPEN ACCESS

Edited by:
Joshua Oon Soo Goh,
National Taiwan University, Taiwan

Reviewed by:
Sebastien Helie,
Purdue University, USA
Ying Wang,
Macquarie University, Australia

*Correspondence:
Haixian Wang
hxwang@seu.edu.cn

Received: 06 September 2016
Accepted: 12 December 2016
Published: 27 December 2016

Citation:
Wang J and Wang H (2016) A
Supervoxel-Based Method for

Groupwise Whole Brain Parcellation

with Resting-State fMRI Data.
Front. Hum. Neurosci. 10:659.
doi: 10.3389/fnhum.2016.00659

Check for
updates

A Supervoxel-Based Method for
Groupwise Whole Brain Parcellation
with Resting-State fMRI Data

Jing Wang and Haixian Wang *

Key Laboratory of Child Development and Learning Science dflinistry of Education, Research Center for Learning Scieeg
Southeast University, Nanjing, China

Node de nition is a very important issue in human brain netwik analysis and functional
connectivity studies. Typically, the atlases generateddm meta-analysis, random criteria,
and structural criteria are utilized as nodes in related apigations. However, these atlases
are not originally designed for such purposes and may not betstable. In this study, we
combined normalized cut (Ncut) and a supervoxel method catl simple linear iterative
clustering (SLIC) to parcellate whole brain resting-statBViRI data in order to generate
appropriate brain atlases. Speci cally, Ncut was employedto extract features from
connectivity matrices, and then SLIC was applied on the exacted features to generate
parcellations. To obtain group level parcellations, two gmoaches named mean SLIC
and two-level SLIC were proposed. The cluster number varieth a wide range in order
to generate parcellations with multiple granularities. Ehtwo SLIC approaches were
compared with three state-of-the-art approaches under dfierent evaluation metrics,
which include spatial contiguity, functional homogeneityand reproducibility. Both the
group-to-group reproducibility and the group-to-subject reproducibility were evaluated
in our study. The experimental results showed that the propged approaches obtained
relatively good overall clustering performances in diffent conditions that included
different weighting functions, different sparsifying sa&mes, and several confounding
factors. Therefore, the generated atlases are appropriat¢o be utilized as nodes for
network analysis. The generated atlases and major source a®s of this study have been
made publicly available at http://www.nitrc.org/projecs/slic/.

Keywords: resting-state fMRI, functional connectivity, who le brain parcellation, spectral clustering, supervoxel

INTRODUCTION

The functional organization of human brain could be chamted by brain networksporns

et al., 2005; Bullmore and Sporns, 2))08is therefore of great signi cance to construct functaln
connectivity networks at system level for the brain. To futhis purpose, nodes should be de ned
in prior (Wig et al., 201)L. The nodes could be de ned at voxel scale or whole brairescaxtreme
conditions. When nodes are de ned at voxel scale, the raasttietwork would be computationally
expensive, vulnerable to noise, and di cult to be interpretéale to the intrinsic property of fMRI
data Craddock et al., 20)20n the other hand, when nodes are de ned at whole brainesdhle
resultant network might be too coarse to reveal some cordeabnnectome characteristiose(
Reus and Van den Heuvel, 2013; Shen et al., R &tBintermediate approach, i.e., to parcellate the
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Wang and Wang Supervoxel-Based Whole Brain Parcellation

brain into a speci c number of regions and treat each of theraas is treated as a 2D sheet rather than a 3D volume. In such
node, could alleviate the above problems. However, no causen analysis, the abrupt transitions in RSFC patterns are used to
has been reached on how the brain should be parcellated. identify putative boundaries between cortical areas, kn@asn

In existing studies, some typical ways to generate wholthe boundary mapping approachCphen et al., 2008 Other
brain atlases are based on meta-analysis, random criterimethods such as hierarchical clusterifgjumensath et al., 20).3
structural criteria, and functional connectivity\(ig et al., 2011; and spectral clustering@risot et al., 20)@&lso could be applied
de Reus and Van den Heuvel, 2013; Fornito et al., 2018 parcellate the cortical surface.
Sporns, 2013; Stanley et al., 20Rarcellation by meta-analysis  Moreover, some related studies are applying clustering
of peak activations Josenbach et al.,, 2010; Power et al.algorithms on di usion MRI data to perform connectivity-based
201) is laborious and inaccurate, and lacks reproducibilityparcellation Behrens et al., 2003; Johansen-Berg et al.,)2004
(Craddock et al., 20)2Parcellation based on random criteria Although di usion MRI data is quite di erent from resting-
(Hagmann et al., 2008; Zalesky et al., 20%@rves as an state fMRI data, the clustering algorithms could be implemented
e ective tool to study network statistics at dierent node similarly once connectivity is de ned. For example, K-means
scales. Unfortunately, its resultant atlases do not contaig  (Johansen-Berg et al., 2004; Klein et al., Y(péctral clustering
neurobiological meanings. Hence, their usages are limitedVenkataraman et al., 2009; Fan et al., 2014, 2016; Zhang et al
Parcellation based on structural criteria such as cytagecture 2019, hierarchical clusteringGorbach et al., 2011; Moreno-
(zilles and Amunts, 2079 myelin content GGlasser and Van Dominguez et al., 20)4and some other clustering algorithms
Essen, 20)1and tractography Eehrens et al., 20Dprovides (Behrens et al., 2003; Jbabdi et al., 2@?e applied to perform
standardized atlases which have been widely applied in v&riostructural connectivity-based parcellation.
studies. Since brain function is closely related with bedincture Recently, Glasser et al. (2016used a semi-automated
(Honey et al., 2009 it is expected that the structurally de ned approach to parcellate the human cerebral cortex into 180
brain atlas contains functional meanings and could be used tareas per hemisphere based on multi-modal magnetic resonance
construct functional connectivity networks. Strictly spemf images. Speci cally, the parcellation was determined both by
however, structural homogeneity does not necessarilyajuae a clustering algorithm and by experienced neuroanatomists; it
functional homogeneity, i.e., some functionally heteroggus utilized information related to four areal properties incling
time courses might be mixed in a single node in a structurallycortical architecture, function, connectivity, and topaghy. The
de ned brain atlas, thus greatly a ecting network estimattiand  study represents a new milestone in the research area of brain
some topological attributes of the brain network/éng et al., parcellation.
2009; Smith et al., 201.1The above limitations necessitate the As discussed above, parcellation approaches could be
application of resting-state functional connectivity (RSHE) implemented in di erent ways, e.g., on di usion MRI data or
whole brain parcellation. on resting-state fMRI data, on the cortical surface or on the

The basic idea of connectivity-based parcellation is tdrain volume, on a ROI or on the whole brain. Among these
aggregate voxels with similar connectivity patterns intestgrs.  studies, only few({raddock et al., 2012; Blumensath et al., 2013;
Previous studies concerning RSFC-based parcellation main§hen et al., 2013; Moreno-Dominguez et al., 2014; Thirioh. et a
focus on subdividing a region of interest (ROI) rather thareth 2014; Parisot et al., 20)lgenerate whole brain atlases at multiple
whole brain. Plenty of clustering algorithms have been applie granularities. The potential to extend other clustering nueth
including but not limited to, independent components analysisto ful ll the purpose might be limited by high computational
(ICA; McKeown et al., 1998; Beckmann et al., 2005; Damoiseacomplexity due to huge data size and complicate parameters. This
et al., 2006; De Luca et al., 2006; Smith et al., RGierarchical paper focuses on parcellating the whole brain based on RSFC in
clustering Goutte et al., 1999; Cordes et al., 2002; Stanbergrder to reveal the functional organization of the human ibra
et al., 2003; Salvador et al., 2005; Mumford et al., 2010ichhir We combined Ncut and SLIC to address this task.
et al., 201} spectral clusteringv@n den Heuvel et al., 2008;  Ncut (Shi and Malik, 200Pis a graph theoretic approach.
Shen et al., 2010, 2013; Craddock et al., pKAneans Kim It has many advantages over other clustering algorithms such
et al., 2010; Kahnt et al., 2012; Chang et al., p0dégion as being easy to implement, being robust to outliers, and
growing (u et al., 2003; Heller et al., 200&on Mises-Fisher achieving good clustering performancesii Luxburg, 200) It
distributions (Yeo et al., 2011; Ryali et al., 2)1self-organizing is theoretically designed to partition a graph into two disjoi
maps Peltier et al., 2003 Infomap (Power et al.,, 20)Land sets. In order to obtain multiple clusters, there are dierent
modularity detection Chang et al., 20)4Some studies combine methods including bipartitioning the graph recursivelyt(i and
di erent clustering algorithms together to perform parcel@i.  Malik, 2000, applying K-means on the eigenvectors of the graph
For exampleFilzmoser et al. (1999 roposed a hierarchical K- Laplacian (g et al., 2002; von Luxburg, 200@nd the multiclass
means approactiellec et al. (2006gombined region growing spectral clustering (MSC) algorithmY (1 and Shi, 2003 All
with hierarchical clustering; anéellec et al. (2010dombined of these methods treat the eigenvectors of the graph Laplacian
region growing, K-means, and hierarchical clustering. as features for further clustering. These features conless

A special case of RSFC-based parcellation is to parcellaedundancy and are less sensitive to noises than the origatal d
the cortical surface rather than the brain volum@ohen et al., From this viewpoint, Ncut could be regarded as a dimensiopalit
2008; Nelson et al., 2010; Wig et al., 2014; Gordon et al6)201reduction and feature extraction algorithm that serves as a
It is a convention in surface-based analysis where the brainecessary step prior to clustering. As for applications of Ncut
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in brain parcellation,Fan et al. (2014and Zhang et al. (2014) (TE)D 3.39 ms, inversion time (TP 1100 ms, ip angle (FAP
applied K-means on the features extracted by variants of Ncu?, , eld of view (FOV)D 256 256 mn?, slicedD 144, thickness
Craddock et al. (201@pplied the MSC algorithm that integrated D 1.33mm, voxelsizB 1.3 1.0 1.3 mn?. Resting-state fMRI
Ncut with a clustering algorithm, anghen et al. (201&xtended images were acquired using a Gradient Echo type Echo Planar
MSC to a formulation known as the multigraph K-way spectrallmaging (GRE-EPI) sequence: TR2000 ms, TED 30 ms, FA
clustering (MKSC) algorithm which processed multiple sulgectD 90 , in-plane resolutiorD 64 64, FOVD 200 200 mn¥,
simultaneously. Both MSC and MKSC wrap a feature extractiothicknessD 3.5 mm, slice gap 0.7 mm, acquisition voxel siZ2
step in the clustering algorithm. For clarity, the corresdolg 3.1 3.1 3.5mn?. Thirty-three slices were used to cover the
clustering algorithms without the feature extraction stepe  whole brain. Two hundred volumes of resting-state fMRI data
referred to as MSC and MKSC in the following paper. were collected for each subject. During the resting-staarsag,

SLIC is an important supervoxel method. The supervoxeall subjects were instructed to close their eyes and relax.
method originates from its 2D counterpart, the superpixel
method (Achanta et al., 20)2The superpixel method has drawn Preprocessing
increasing interest in the eld of computer vision in recent The resting-state fMRI data was preprocessed by the Data
years. Its basic idea is to partition an image into perceptuallProcessing Assistant for Resting-State fMRI (DPARSE&) @nd
meaningful patches, termed superpixels, wherein the pixelgang, 201pwhich was built on Statistical Parametric Mapping
have similar intensity or colors. This method could e eclive (SPM;Friston et al., 1994 Structural and functional data were
extract image structure and capture image redundancy. Hencest visually inspected for imaging errors such as signalgbots
it could be used as an e ective segmentation or clusteringind ghosting. No images were removed. The rst 10 volumes
algorithm. Among dierent superpixel methods, SLIC is awere discarded to allow signal stabilization. Then all fioral
very popular one due to its simplicity, e ectiveness, and goodime series were processed by slice timing correction andanot
segmentation performancesi¢hanta et al., 20)2 Another  correction. The structural data was coregistered to the mean
important advantage of SLIC is that it is straightforward tofunctional data so that the mutual information between them
be extended to a supervoxel generation methbdc¢hi et al., was maximized. The coregistered structural data was setgahen
2012, which makes it suitable to parcellate the brain volumeinto gray matter (GM), white matter (WM), and cerebrospinal
Previously, we had presented a studyvirang et al. (2016by  uid (CSF) using the default tissue probability maps in SPM
directly applying the SLIC algorithm on resting-state fMRI timeas priors. The Di eomorphic Anatomical Registration using
series to perform whole brain parcellation. Only the indivédu Exponentiated Lie algebra (DARTEL) toolba¥shburner, 200y
subject level parcellation was investigated in that study. was used to compute transformations between individualveati

In the current study, we incorporated Ncut and SLIC to space and Montreal Neurological Institute (MNI) space. Finally,
perform whole brain parcellation. To generate group levethe slice-time corrected and motion corrected functionaital
parcellations, two approaches, i.e., the mean SLIC and tve-lewvas processed by the following steps: normalized to the MNI
SLIC approaches, were proposed. To evaluate the performanggace at 4 4  4mm® resolution by DARTEL; spatially
of the proposed approaches, we compared them with three statemoothed by a Gaussian kernel with a full width at half maximu
of-the-art Ncut-based approaches under dierent evaluation(FWHM) of 6 mm; linear detrended; bandpass Itered with
metrics. The in uences of several confounding factors werg@assband 0.010.08 Hz; denoised by regressing out nuisance
carefully investigated in order to demonstrate the ratilityeof  covariates including six head motion parameters, autorsgive

the proposed approaches. models of motion (the Friston 24-parameter modeliston et al.,
1996; Yan et al., 20),3and the mean time courses of WM signal

MATERIALS AND METHODS and CSF signal.

Participants and Imaging Data Acquisition Parcellation Approaches

Forty healthy Chinese college students (19 females and Bsma The proposed parcellation approaches included two group level
19-27 years old, mean aDe?2.8 yearsSDD 1.37) were recruited clustering approaches that were achieved by combining Ncut
for the study. All of them had normal or corrected-to-normal and SLIC. To apply these approaches, a weight matrix should
vision and reported no history of psychiatric or neurologicalbe de ned in prior. We conducted a normalization step before
diseases. Two additional participants were recruited butebet!  de ning the weight matrix in order to facilitate subsequent
from analysis due to large head motion2 mm and 2). Written  calculation.
informed consent was obtained from each participant after
explaining the study purpose and procedure. This study wablormalization
approved by the Institutional Review Boards of Beijing NormalAfter preprocessing the resting-state fMRI data, we focused on
University. gray matter only, to be consistent witliC(addock et al., 20)2

All structural and resting-state functional MRI imageslt is by no means indicating that other brain regions such as
were collected on a 3-Tesla Siemens Trio system. Highhe white matter is less important in ful lling brain activits
resolution T1-weighted structural images were acquirethwi (Gawryluk et al., 2014 and our approaches could certainly
a Magnetization Prepared Rapid Acquisition Gradient-Echde extended to include those regions. The choice was made
(MPRAGE) sequence: repetition time (TR)2530 ms, echo time mainly based on the methodological consideration of reducing
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the computation time. For thé&h voxel in the gray matter mask,
denote its time course ag, i D 1, 2, :::, N. Each time course

wheres was set to be the median of all functional distances. To
make this weight matrix sparse, only a certain number of the

within the gray matter was normalized to have zero mean andhrgest values in each row and each column were reserved.

unit length (Shen et al., 20)0Speci cally, for a raw time course
vin the gray matter, it was normalized to be

vV V
kv \7k2 '

wherev denotes the mean value of this time coulsé&, denotes
L2-norm of a vector. After normalization, the Pearson céation
coe cient between two time courseg andv; equals their dot
product

corr(vi, vj) D vi .

AssumeV is the resting-state fMRI data wherein each row i
a normalized time course. Then the correlation matrix could
be calculated by/VT. This trick helps to reduce computational
time. In addition, it is easy to validate that

2o

corr(vi, vj)D 1 2

Vi VJ
This relationship bridges the gap between the Pearson letioa

coe cient and the Euclidean distance, making it reasonatae
use either of them as the similarity measure when constngcti

the weight matrix.

Individual Subject Level Weight Matrix

Three typical de nitions of the weight matrix are describesl a
follows. For theith voxel in the gray matter mask, denote its
coordinate in the MNI space as,i D 1, 2,:::, N. By adopting
the original formulation in Shi and Malik, 200)) the weight on
the edge connecting voxelandj could be de ned as

< ki ijg Kui Ujkg
wj D e s st if U Ui, r,
0 otherwise

wheres,, sy andr are three tuning parameters. IrC(addock

et al., 201}, the weight was de ned by the Pearson correlation
coe cient with a spatial constraint and a hard threshold
ifuou o, P 3and cor(vi, vj) D 0.5

corvi, vj)
0 otherwise

wij D

S

Based on the above de nitions, we conclude that there are
three principles that should be followed in de ning the weight
matrix. First, the weighting function should be negativefiated
to the functional distance and the spatial distance. It is ratu
since the weight should re ect the likelihood that two voxels
belong to one clusterghi and Malik, 200)) and the likelihood
tends to be negatively related to the two distances. Strictly
speaking, some weighting functiorisien et al., 2010; Craddock
et al., 201pdo not involve the spatial distance. They are variants
of the weight inShi and Malik (200Q)Second, the weight matrix
should be sparse in order to reduce computational burden.
A full weight matrix is usually unmanageable with limited
computational capacities. Third, the weight matrix should be
symmetrical since parcellation approaches are generally applied
on undirected networks.

It is notable that the de nition of the weight matrix could
be decomposed into two steps. The rst step is to choose a
weighting function, and the second step is to sparsify theytitei
matrix. This procedure is illustrated ifrigure 1A wherein a
downsampled fMRI data is used for clarity. In our study, we
chose the Pearson correlation coe cient as the default wengh
function. The Gaussian kernel function and a constant fumicti
were tested for comparison later. For the sparsifying sch&8g, (
three choices were tried. They were, applying a spatial constrain
to the weight matrix, reserving a certain number of the latge
values in each row and each column of the weight matrix, and
setting a threshold to the weight matrix. The three sparsdyi
schemes are referred to as SS1, SS2, and SS3 for short in order
All of the generated weight matrices follow the three prinegpl
in de ning the weight matrix.

To make the three sparsifying schemes comparable, we tried to
ensure that they had similar sparse rates. In the rst sparsify
scheme, the spatial constraint was chosen to be the 26-ctethec
neighborhood Craddock et al., 20)2as shown irfFigure 1B We
calculated a sparse rate based on this scheme and applied it to the
other two schemes. For the second scheme, the largest 1&svalu
in each row and each column of the weight matrix were reserved
which would lead to a similar sparse rate. For the third scheme,
the exact threshold was calculated based on the raw weighixma
and the sparse rate. To examine a sparsi ed weight matrix, we
extracted the non-zero elements from it to form a new vectat a
calculated the sparse rate after applying di erent thresholds to

sparse, and to exclude the negative and weak correlations.
potential change of the above formula is to replace the coicglat

between two fMRI time series with the correlation betweenrtheiWV!

connectivity pro les Cohen et al., 2008but this change would

sparsifying schemes. The reserved elements were genargdy |
than 0.5 and smaller than 1.0. Therefore, these weight oesri
ere di erent from the trivial weight matrix used for random
parcellation inCraddock et al. (2012)The rst two sparsifying

not improve the parcellation performance according to studie§chemes were closely related to thos€addock et al. (2012)

(Craddock et al., 2012; Blumensath et al., 20Hence, it was
not applied. In Ehen et al., 2010, 201 3he weight was de ned
by a Gaussian function of the Euclidean distance

ku k2

wjDe -,

and Shen et al. (2013Fespectively. Hence, we expected them to
obtain similar results as in the previous studies.

Among the above de nitions of the weight matrix and many
other alternatives@heng et al., 20)4which one is the best still
remains to be an open problem. It is often di cult to pick a
suitable weighting functionghi and Malik, 200)) and there does
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FIGURE 1 | (A) Generating weight matrices by the three sparsifying schense It consists of two steps. The rst step is to calculate the fulweight matrix from the
preprocessed fMRI data by correlating two fMRI time seriesThe second step is to apply one of the three different sparsifng schemes on the full weight matrix.

(B) The spatial constraint.(C) By pulling together the non-zero elements in each sparsi ed wight matrix, we could obtain a new vector. Sparsity is de nedy the ratio
of zero elements in the vector when different thresholds arset to the vector. The results are averaged across subjects.

not exist a theoretical relationship between the choice @gWt  solving a generalized eigenvalue problem. To be speci &/ Ibe
matrix and the clustering resulvpn Luxburg, 200). Therefore, anN N symmetrical weight matrix witW(i,j) D wjj, D be an
it is suggested that more attention should be placed on degign N N diagonal matrix with
a clustering algorithm that could achieve stable perfornssnc
with di erent weights. Ncut has an evident advantage in this o
respect according to the studies. D@.i) D wi,

jD1
Ncut
After constructing the weight matrix, Ncut was employed to@nd then the generalized eigenvalue problem is given by
extract features and reduce data dimensionality. We briey
review Ncut Ghi and Malik, 200pas follows. Denote fMRI data (D W)yD Dy,
by an undirected weighted complete gra@hD (V,E), wherein
the nodesV correspond to the voxels in fMRI data and an edg
in E is formed with a weight between a pair of voxels. In th
binary case when the graph is intended to be partitioned into tw
disjoint clustersA and B, Ncut minimizes the following criterion

wherey is the indicator vector to be solved. This problem could
gbe transformed into a standard eigensystem

D %(D W)D izD z,

Ccut(A, B) Cut(A, B) WherﬁzLD ID%.y. D %t(D S\/.V)D t%h.is knotvyn .astthhe notrmalllliz;d

) graph Laplacian matrix. Since this matrix is theoreticallykran
assoA,V) -~ assofB, V) de cient, a small positive regularization term should be addo
where cut(A,B) is the sum of weights on edges connectingit Prior to eigendecomposition in practice. Once the eigenvect
voxels inA to voxels inB, assofd, V) is the sum of weights Zis obtained by eigendecomposition, the indicator vegtoould
on edges connecting voxels i to all voxels in the graph, be calculated by D D %z, and then it is further normalized to
and assoB,V) is similarly de ned. The criterion minimizes have unit norm. For more details of the Ncut algorithm, please
the between-cluster similarity and maximizes the withlaster  refer to Shi and Malik, 2000; von Luxburg, 2007
similarity simultaneously. This optimization problem is Nfard. Conventionally, the diagonal elements of the weight maivix
Fortunately, an approximate discrete solution for itis aafalié by are set to be zero{lang and Horvath, 2005In practice, we

Ncut(A,B) D
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followed this convention except for the third sparsifyingsoie.  TABLE 1 | The algorithm procedure of the SLIC supervoxel algo  rithm.

This scheme might generate empty rows and columns in the .

weight matrix since a threshold is set aloballv to the wei hnput: the features extracted by Ncut and the initialized clusterumber.
g_ X g_ y R 9 utput: the cluster labels.

matrix. Then there might be zero elements in the diagonal3,of

and1 they would cause the division by zero errors when cali®iga  |itialize the cluster centers.

D 2. To x the problem, we set the diagonal elements in thelnitialize label iy D 1 for each voxeli.

empty rows and columns to be ones. We had also tried to sétitialize distance di/ D1 for each voxeli

. . while not converged do
all diagonal elements to be ones and obtained nearly the same'(, .. uster centercy do

clustering performances. Therefore, the parcellation appresc for each voxeliinthe 3 3S  3S region aroundCy do

are not sensitive to a slight adjustment of the diagonal elets Compute the uni ed distance D betweenCy and i.
To parcellate the brain intd clusters,K indicator vectors ifD<d.if then

corresponding to th& smallest non-trivial eigenvalues (10 ) :et L "_/DD"[')

were computed. These indicator vectors constitute a feature end?f e

matrix X of size N by K wherein each row is a feature end for

corresponding to a voxel and each column is an indicator vecto  end for

The feature matrix was then input into dierent clustering Compute new cluster centers.
algorithms, i.e., MSC, MKSC, and SLIC, to do clustering. Fof"® "

MSC and MKSC, we followed the algorithm procedure\in

and Shi (2003and Shen et al. (201 3jespectively. For SLIC, the

algorithm procedure will be described in the following seatio  nominally ~ 6-connected segmentation which is expected
to facilitate subsequent postprocessing, thus being more

SLIC preferred Figures 2A,Bshow illustrations of the two approaches
After extracting features by Ncut, SLIG¢hanta et al., 20)2vas  where an image is intended to be initialized with 35 cluster
applied on the features to perform clustering. SLIC is actuallgenters. The actual cluster number might be dierent from
an adaptation of K-means. Two important di erences betweerthe initialized cluster number. Nevertheless, the di erenis
SLIC and K-means are that SLIC limits the search space to thigvial, especially when the initialized cluster number isgkar
neighborhood of a cluster center and creates a uni ed distan and when the space to be parcellated is irregular as in brain
metric by integrating the spatial distance and the intensityparcellation.
distance. The algorithm procedure of SLIC is stated as folldas The rst approach is straightforward to be extended to 3D
parcellate the brain int& clusters, we rst initializeK cluster case l(ucchi et al., 2012 That is, we Il 3D space with cubes
centers. LeS D “N=K, for each voxel inthe8 3S 3S whose side length 8D * N=K and initialize the cluster centers
region around a cluster center, a distance between the vl by the cube centers. The extension of the second approach is
the cluster center was calculated. This distance was &skign indirect. Note that the same cluster centers asFigure 2B
the voxel as a measure to judge which cluster it should belongpuld be obtained by lling 2D space with circles tightly and
to. If the distance decreased comparing to the result in thénitializing the cluster centers by the circle centers, asashin
previous iteration, then associated the voxel to the curotugter  Figure 2C Accordingly, the second approach could be extended
center. This procedure was repeated for all cluster centerseO to 3D case by lling 3D space with spheres tightly and initiali
completed, the features and coordinates of the voxels wéhoh the cluster centers by the sphere centers, as showigumre 2D.
new cluster were averaged separately to represent the feaitdre We had tried the two approaches and found that their clustering
coordinate of the new cluster center correspondingly. Thevab performances were very similar. In this paper, we chose the
assignment and update steps were repeated until the changesafcond approach since spheres have higher symmetry than cubes.
the cluster centers was lower than a certain thresh@&hle 1 Figure 2Eshows the searching step of the SLIC approach.
summarizes the algorithm procedure. Note that the searchespac The variants of these initializations might introduce
was enlarged from the traditional2 2S 2Sregion to the & translations and rotations to the cluster centers, or eveerdnt
3S 3Sregion in this study because the brain shape is irregulaspatial models rather than cubes and spheres. Additionally,
so that the traditional search region is too small to captureghe initialized clusters are not necessarily to be positioned
some border voxels. This enlargement made little chang#®eto periodically in the 3D space. A typical example is to move
parcellation results other than capturing the border vox@ither  the initialized cluster centers to the locally optimal posito
shapes of search space were not tried since the cubic seareh sgdchanta et al., 2012; Blumensath et al., J0However, in
was adequate. practice, we found this approach would generate many empty
Ideas for initialization of SLIC supervoxels could beclusters. Therefore, it was not applied.
borrowed from those of SLIC superpixels. There are two The MSC and MKSC approaches also encounter initialization
typical approaches for initialization of the SLIC superpixelproblems since there is a rotation matrix that should be
method, i.e., initializing the cluster centers by the cesitef initialized before iteration. Nevertheless, it was repdrthat
square grids Achanta et al., 20)2or hexagonal grids (http:// these approaches are relatively robust to random initialiresi
www.peterkovesi.com/matlabfns/index.html#segmentgtio (Yuand Shi, 2003; Shen et al., 2DTherefore, we initialized the
Initialization by the second approach would result in arotation matrices randomly.
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FIGURE 2 | (A-D) lllustration of the initialization approaches in 2D and 3D sges. The cluster centers are initialized by the centers ¢R) square grids, (B) hexagonal
grids, (C) circles, and (D) spheres, respectively. All of the units are stacked tightlyn 2D or 3D space. The approach in(B) is an alternative to that in(A), the approach
in (C) is equivalent to that in(B), and the approach in(D) is obtained by extending the approach in(C) from 2D to 3D space. (E) The searching step of the SLIC
approach in whole brain parcellation. For each cluster, SLIGearches inthe 3 3S  3S region around its center to update the labels of all voxels ithe search
space. A uni ed distance is calculated between each voxel andhe cluster center to judge whether the voxel should belonga the cluster. The uni ed distance is
composed of the feature distance and the spatial distance, Werein the feature distance is calculated between the featas of two voxels extracted by Ncut. Note that
the supervoxel is displayed as a cube for simplicity, but isiunnecessary to be a cube.

The SLIC approaches operate on a mixed space that @Group Level Clustering
composed of the feature space and the Euclidean spackhe group level clustering was achieved by adapting the two
Therefore, we should de ne a uni ed distance by integratingapproaches irCraddock et al. (2012yielding two approaches
the feature distance and the spatial distance between twels'ox which were called mean SLIC approach and two-level SLIC
Di erent from previous studies where the feature space ispproach.Figure 3 shows the algorithm procedures of the two
represented by the CIELAB color spadglfanta et al., 20)2 approaches.
or the image intensity spacé.{cchi et al., 2012 the feature For the mean SLIC approach, we rst generated a group-
space in our study is composed of features extracted by Ncut. Faveraged weight matrix aslfeo et al. (2011Kahntetal. (2012)
thei th voxel in the gray matter mask, denote its correspondingSpeci cally, the individual weight matrices were conveiited z-
feature computed by Ncut as and denote its coordinate in the maps by Fisher's r-to-z transformation to increase the nditya
MNI space asl;. Then the uni ed distance between two voxels isof the distribution of the correlations, then the z-maps were

de ned as averaged across subjects, and nally an inverse Fishéoszr-
s transformation was applied to the averaged z-map to generate
XX g Uy ; the group-averaged weight matrix. After obtaining the group-
dj D 2 C 52 ) averaged weight matrix, we applied Ncut on it to extract feaure

and then applied SLIC on the features to generate a group level
wherem and Sare two tuning parameters. In this de nition, the parcellation.
feature distance is normalized Iy and the spatial distance is  For the two-level SLIC approach, we rst applied Ncut and
normalized byS The parametem is suggested to be xed rather SLIC on the subject level weight matrix to generate a paraafiat
than to be dynamically estimated¢hanta et al., 20)2lt should ~ for each subject separately. Then for each parcellation, an
be carefully chosen because it adjusts the relative weighiseen ~adjacency matrixA was calculated by setting the elemext
the two distances and would lead to di erent clustering silns. ~ to be one if voxels; andv; belonged to the same cluster and
In our study, we normalized each feature vector to have zergero otherwise. The adjacency matrices were averagedsacros
mean and unit length before calculating the uni ed distan@ed ~ subjects to generate an averaged adjacency matrix that could
then we setn D 1 empirically. The paramet&is determined by be regarded as the second level weight matrix. Finally, we
the average cluster size that depends on cluster number s doapplied Ncut and SLIC on the averaged adjacency matrix to

not depend on cluster shape. Therefore, weSBt ° N=K asin generate a group level parcellation. The idea of parcellatiag th
Lucchi et al. (2012) brain in this two-level manner had been employed in studies
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FIGURE 3 | The algorithm procedures of the mean SLIC and two-le  vel SLIC approaches. For both approaches, the calculations are operating at thendividual
subject level before the averaging step and at the group leVeafter the averaging step. The parcellations are visualidevith the BrainNet Viewer (http://www.nitrc.org/
projects/bnv; Xia et al., 2013.

such asvan den Heuvel et al. (2008Ryali et al. (2013, 2015) criteria exist to evaluate the rationality of a brain atld$at
previously. is, the clusters in a brain atlas should be spatially contiguou
In our experiments, the competing approaches includedunctionally homogeneous, and reproducibler@ddock et al.,
the mean approach and the two-level approachdreddock 2012; Shen et al., 2013Therefore, we evaluated the clustering
et al. (2012) and the MKSC approach ishen et al. (2013) performances of the parcellation approaches mainly by the three
The two approaches fronCraddock et al. (2012are termed criteria.
the mean MSC approach and the two-level MSC approach The rst criterion, i.e., spatial contiguity, is a necessary
respectively in our study since the MSC algorithm is the vblga property of a “hard” parcellation §mith et al., 2013 A hard
clustering algorithm in their parcellation procedures. Thean parcellation approach generally requires that the clusters@me
MSC approach was modi ed by employing the Fisher's r-to-zoverlapping, each cluster contains only one spatially contiguou
transformation, which slightly improved the reproducibjliof  region, and all voxels in the brain are assigned to their retype
the group parcellations. For the two-level MSC approach and thelusters. This paper focuses on hard parcellation approaches.
two-level SLIC approach, the cluster number at the individualThe proposed SLIC approaches are based on Ncut and SLIC.
subject level was set to be the same as at the group levek In thhe Ncut-based approaches are reported to have good spatial
group level clustering, di erent sparsifying schemes codiba contiguity in related studiesQraddock et al., 2012; Shen et al.,
be applied to the mean and second level weight matrices to mak&13. Besides that, SLIC stresses great emphasis on spatial
them sparser\an den Heuvel et al., 20D&Since these weight structures by initializing an ideal geometric pattern, igitating
matrices were sparse already, for not introducing more tgnin the spatial distance into the uni ed distance, and searching i
parameters, we did not perform any further processing on themlocal space. Therefore, we expect that it also would lead to good
spatial contiguity. Few spatially discrete regions that bgltm
The Number of Clusters the same cluster might still exist in the generated atlaseseH
The selection of the optimal number of clusters remains to bewo regions are spatially discrete means that we could not nd
an open problem in whole brain parcellation studi€sgddock one voxel from each of them such that the two voxels are in
et al., 2012; Moreno-Dominguez et al., 2014; Thirion et althe 26-connected neighborhoods of each other in 3D space. If
2019. In our experiments, we initialized the cluster number byso, we should identify these regions and assign a uniqué tiabe
varying it from 50 to 1000 with a step of 50 in order to make aeach of them. The increased cluster number is termed the $patia
direct comparison with previous studieSiaddock et al., 2012; discontiguity index. A small number close to zero indicatesdy
Blumensath et al., 20).3From the viewpoint of neurobiological spatial contiguity.
interpretability, it is generally agreed that the two sidéshis For the second criterion, the clusters in a brain atlas are
range represent two extremes in which cases the cluster numbequired to be functionally homogeneous, namely that thesl®x
is either too small or too large, and the appropriate compromisén each cluster should have similar time cours&si(g et al.,
lies inside this rangeHan et al., 2016; Glasser et al., 2016; Gordon004. The homogeneity of the brain atlas could be de ned by the

etal., 2015 average within-cluster similarity. Assume that there lreoxels
being parcellated int& clusters; the voxel number in theth
Evaluation Criteria clusterCy is g, k D 1,2,:::,K; the similarity between voxels

The purpose of the whole brain parcellation is to generateeglasi andj is s; which in our study equals the Pearson correlation
for human brain network analysis and RSFC studies. Threemaj@oe cient corr vi, vj ,i, j D 1, 2,:::,N. The average similarity
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within the k th cluster is repeated 10 times, resulting in 10 pairs of groups. For each
1 X parcellation approach, each sparsifying scheme, each cluster
akD ——— . number, and each pair of groups, we obtained two group level
ng(ne 1) 112G 160 parcellations based on the two groups of dafégures4 5

show the illustrations of the atlases with di erent parcellatio
approaches, di erent sparsifying schemes, and di erent cluster
numbers. These methods were applied on a random group of
1X k subjects. Supplementary Figures 1, 2 show the same atlases by
Homogeneit)DR ‘D1 a(k). mapping them onto the in ated cortical surface. From the gsre
SS1 and SS2 tended to generate clusters with similar sizes and

Clusters that contain only one voxel are omitted in caldolat  "€gular shapes while SS3 behaved di erently.
To avoid circular analysis, we trained an atlas and caledlat

its homogeneity on two separate groups of data. The higher tk@‘?tual C_|USter Number
homogeneity results the better. With a desired parcellation approach, the actual cluster number

For the third criterion, the reproducibility of a clustering Of the resultantatlases should be the same as the initibdizester
algorithm could be evaluated by Dice coe cienb{ce, 1943, number. However, they are usually di erent due to the intrinsic
measuring the similarity between two atlasB&inensath et al., properties of the parcellation approaches. Therefore, the hctua
2013; Shen et al., 2018r between two adjacency matrices cluster number should be counted when evaluating a paroefiati
derived from the two atlasesCtaddock et al., 2032 In approach. By subtracting the initialized cluster number frdre t
the former scheme, one should iteratively match the regiondverage actual cluster number, we could obtain their di ersic
between two atlases and then calculate a weighted average Dfi9Ure 6Ashows the average results of the di erences for the ve
coe cient across all matched pairs. This scheme is prone t@arcellation approaches and the three sparsifying schemes.
su er from instabilities since the numbers of regions of two FOr the mean MSC, two-level MSC, and MKSC approaches,
atlases might be di erent, region shapes and voxel numbere di erences were negative because these approaches geherat
of two matching regions might be di erent, and the matching Many empty clustersraddock et al., 20)2Another property
order might change. The alternative scheme, that is, mémgur Of the three approaches was that the absolute values of
Dice coe cient between two adjacency matrices could escap@elr di erences were increasing with the initialized cluste
from these problems, thus being adopted in this study. For tw&Umber. For the mean SLIC and two-level SLIC approaches,
adjacency matriceA and B derived from two atlases, the Dice the di erences were uctuating near zero, and the magnitudes

Then the functional homogeneity of the brain atlas is caited
by averaging the similarity across clusters

coe cientis were smaller than the other three approaches in most cases.
Therefore, the SLIC approaches outperformed the other three
DiceD 2A\ B approaches in approximating the initialized cluster number. The
jAiCig’ three sparsifying schemes had few in uences on the resutespx

when they were combined with the two-level MSC approach.
wherej j denotes the number of ones in an adjacency matrix,
A\ B denotes the union of the two adjacency matrices. To b&patial Contiguity
specic, deneCD A\ B, thenGj is set to be one if and only To calculate the spatial discontiguity index, we separatet th
if Aj and Bjj are both ones, an@j is set to be zero otherwise. spatially discrete regions belonging to the same cluster and
When evaluating reproducibility, the two atlases being coraga counted the increased cluster number for each brain atlas. T
should be generated independently in order to avoid biass Thiresults were averaged across all 400 atlases for each pameella
was achieved by separating the subjects into two sets amiitgai  approach and each sparsifying scheme, as listdine 2 The
an atlas on each of them. In our study, both the group-to-groupaverage increased cluster numbers of SS1 were much smaller
reproducibility and the group-to-subject reproducibility vee than the corresponding results of SS2 and SS3, especiallyefor th
investigated. Since we aim to obtain brain atlases thatadvbal mean MSC, two-level MSC, and MKSC approaches. It supports
widely applicable, high reproducibility results are more prefd.  the conclusion inCraddock et al. (20124yhich stated that it is
necessary to apply spatial constraint to the weight matrix ireord
RESULTS to enforce spatial contiguity to a parcellation.
Both SS2 and SS3 did not impose spatial constraint on the
In the experiments, we combined the three sparsifying schemeseight matrix, but SS2 performed much better than SS3. To
i.e., SS1, SS2, and SS3, with the ve parcellation approachesplain the result, we examined the subject level weightioestr
i.e., the mean MSC, two-level MSC, MKSC, mean SLIC, angenerated by the three sparsifying scherr&ure 1A shows an
two-level SLIC approaches, to yield fteen kinds of parcediasi illustration of the three kinds of weight matrices. Most (687.5
and then compared their clustering performances under di dren 1.59%) of the non-zero elements in the weight matrices géegra
evaluation metrics. by SS2 fell into the spatial constraint while the proportion
Resting-state fMRI data from 40 subjects were utilized ircorresponding to SS3 was much smaller (42.88.97%). For
the experiments. The 40 subjects were randomly separated in852, the coincidence is not surprising because voxels close in
two groups, 20 subjects in each group. This procedure wabe Euclidean space tend to have high functional connegtivit
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FIGURE 4 | lllustration of the atlases computed by the ve parc ellation approaches with SS1 when the cluster number is set to be 50, 200, and 1000.
Each atlas is represented by its three orthogonal cross seins. The colormap for each atlas is randomly generated, andach color represents a cluster.

and then the largest values in each row and each column terldunctional Homogeneity
to fall into the spatial constraint. In other words, though2SS Then we investigated the homogeneity of the parcellations. For
does not employ spatial constraint explicitly, it has a subséhnt each parcellation approach, each sparsifying scheme, and each
relationship with spatial constraint. This is the reason vidfiyen  cluster number, there were 10 pairs of atlases. For each atlas
et al. (2013geclared to obtain spatially contiguous parcellationshomogeneity was calculated based on the atlas and the gestin
without applying spatial constraint. For SS3, since the thoesh state fMRI data of the remaining 20 subjects that did not
is set globally to the weight matrix, much more non-zeroparticipate in generating the atlas. Then the homogeneityltes
elements fall outside the spatial constraint. Consequeilily  were averaged across the 20 atldSigsire 6Bshows the averaged
parcellations of SS3 contain much more spatially discretemsg homogeneity results. Note that homogeneity was plottedresgai
For SS1, there are very few (0.060.04%) negative elements the average actual cluster number rather than the initéliz
and very few (3.50 1.16%) elements smaller than 0.5 within cluster number. It could be observed that homogeneity gelher
the spatial constraint. With the negative and weak weiglts, t increased with increasing cluster number, which is consistent
corresponding parcellations still exhibit good spatial cguiy. with Craddock et al. (2012)Gordon et al. (2016)In addition,

When comparing the spatial contiguity across the vethe homogeneity of a parcellation was in uenced both by the
parcellation approaches, the mean SLIC and two-level SLigarcellation approach and the sparsifying scheme.
approaches greatly outperformed the other three approaches For SS1, the homogeneity results of the ve approaches tted
when SS2 and SS3 were applied. It indicates that the SLt@ the same curve. That is to say, when SS1 is employed,
approaches intrinsically enforce spatial contiguity and ttieeo homogeneity has little relevance to the parcellation approach.
three approaches do not possess this ability. The reason is thatis similar to the results inCraddock et al. (2012where
SLIC incorporates spatial structures in the clustering praced the modi ed silhouette width turns out to be very close for
while the MSC and MKSC algorithms do not. various clustering methods. The homogeneity results ofitkan

In conclusion, the spatial contiguity largely depends on theMSC, two-level MSC, and MKSC approaches tted to the same
spatial structures, which could be introduced by the weighturve for SS2, but were quite di erent for SS3. The two SLIC
matrix or by the SLIC algorithm. Only with appropriate spatial approaches obtained similar homogeneity results with anjef t
structures, the resultant parcellations could have satigfypatial three sparsifying schemes. By putting the homogeneity esult
contiguity. of the mean SLIC approach for the three sparsifying schemes
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FIGURE 5 | lllustration of the atlases computed by the ve parc ellation approaches and the three sparsifying schemes when th e initialized cluster
number is 200. Each atlas is represented by its three orthogonal cross seiins. The colormap for each atlas is randomly generated, andach color represents a
cluster.

together, we obtaineBligure 7. The results of SS2 and SS3 wereonstraint and the SLIC algorithm introduces spatial stoues
close, both of which were slightly better than the result§8fL. in the clustering procedure. Therefore, the homogeneityltss
Based on this comparison, we infer that the best homogeneityould be explained by the spatial structures to a certain
results are obtained by the mean MSC, two-level MSC, andegree.
MKSC approaches with SS2; the second best homogeneity resultsThe calculation of homogeneity involves not only the
are obtained by the mean SLIC and two-level SLIC approachgsarcellation, but also the functional connectivity of the fMRI
with SS2 or SS3. data that does not participate in generating the parcellation.
The cluster homogeneity tends to decrease with increasingome related factors that in uence the fMRI data are the partial
cluster size Gordon et al., 2016 This could be derived from volume e ects and susceptibility artifacts due to low image
the fact that the homogeneity of a brain atlas tends to inseea resolution Craddock et al., 20)2and the smoothing e ects
with increasing cluster number since increasing clustembar in the preprocessing procedure. These factors might diminish
indicates decreasing cluster size. With the considerativa the dierences of the homogeneity results between dierent
tried to explain the homogeneity results from the distritoriiof  conditions.
cluster sizesFigure 8 shows the histograms of the cluster sizes
for dierent parcellation approaches and di erent sparsifying Group-To-Group Reproducibility
schemes when the initialized cluster number is 200. Except fahe group-to-group reproducibility was evaluated by the Dice
the mean MSC, two-level MSC, and MKSC approaches witboe cient (Dice, 1945; Craddock et al., 201Speci cally, we
SS3, the histograms of the other methods all tted well torst calculated a Dice coe cient for each pair of independentl
normal distributions with similar parameters. It indicatéisat generated atlases and then averaged the Dice coe cientssacr
the clusters in the resultant parcellations have compardbéss the 10 pairsFigure 6C shows the average Dice coe cient for
The homogeneity results corresponding to the three exceptioreach parcellation approach, each sparsifying scheme, and each
were the worst among all methods. Therefore, the homoggneit|uster number. Similarly, it was plotted against the ave@gjual
of a brain atlas is in uenced by the distribution of its clest cluster number.
sizes. The distribution of cluster sizes depends on spatial The SLIC approaches greatly outperformed the other three
structures in the sense that SS1 and SS2 are related Wi'[l‘a|8p8§pproaches regardless of the sparsifying scheme. The reason
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FIGURE 6 | The results of different evaluation metrics of the v e parcellation approaches and the three sparsifying schemes. The four rows correspond
to (A) the difference between the actual cluster number and the itialized cluster number,(B) the functional homogeneity,(C) the group-to-group reproducibility, and
(D) the group-to-subject reproducibility in order. The three olumns correspond to SS1, SS2, and SS3 in order.

is likely to be that SLIC introduces spatial structures invery close results. For SS1, two-level MSC outperformed mean
the clustering procedure while MSC and MKSC do not. ItMSC, which is consistent witiraddock et al. (2012However,
demonstrates that the atlases generated by the SLIC appmacle SS2 and SS3, mean MSC generally outperformed two-
generalize well between dierent groups of data. Comparindevel MSC. Therefore, which one is better in the two MSC
between the two SLIC approaches, two-level SLIC outperformegbproaches is largely determined by the sparsifying scheme. A
mean SLIC when SS3 was employed. With either of the othesimilar conclusion could be obtained when MKSC is added for
two sparsifying schemes, the two SLIC approaches obtain@@mparison since MKSC outperformed the two MSC approaches
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TABLE 2 | The spatial discontiguity indices of the ve parcel  lation indicates that the group-to-group reproducibility reliesdaty on
approaches and the three sparsifying schemes. spatial structures.

> > . Group-To-Subject Reproducibility
Mean MSC 0.05 8.46 2209 To assess the ability of a group level parcellation to gerzerdi
Two-level MSC 2.14 11.74 37404 an individual subject level parcellation, we calculated theeD
MKSC 0.53 5.71 20631  coe cient between the group level atlas generated by a group
Mean SLIC 1.00 1.23 148  Of subjects and the individual subject level atlases gezebiay
Two-level SLIC 1.06 1.43 2.25 the subjects in the complementary group. The results were then

averaged across subjects and groups. Note that the mean SLIC
and two-level SLIC approaches reduced to the same approach

when parcellating an individual subject. Similarly, the mea
075} MSC, two-level MSC, and MKSC approaches reduced to the same
- approach when parcellating an individual subjeEtgure 6D
’ shows the results of group-to-subject reproducibility. The®i
.. 065 coe cients decreased comparing to the corresponding results
’é L Figure 6C Nevertheless, most of conclusions frdfigure 6C
% were applicable to the results Figure 6D. Most importantly,
£ 0851 ) the two SLIC approaches still greatly outperformed the other
T o5l }0 J three approaches regardless of the sparsifying scheme. The
3 —E&—ss1 results demonstrate the consistency between the group-topgro
0451 & +§2§ ] reproducibility and the group-to-subject reproducibility.
0.4r . ’ . ) 1 In conclusion, the proposed SLIC approaches could obtain
0 200 400 600 800 1000 relatively good overall clustering performances with diete
K evaluation metrics. The SLIC approaches combine Ncut and
SLIC. Ncut e ectively captures the spatial structures from \Wweig
FIGURE 7 | Homolgeneity result‘s of the three sparsifying schemes matrices, and leads to good results in terms of spatial cuhy'g
when the parcellation approach is xed to be the mean SLIC appr oach. and functional homogeneity consequently. On the other hand,

SLIC greatly improves reproducibility, which indicates bette
generalization ability across di erent groups of data. Then by

for SS3 but did not show any advantages over them for SSbmbining Ncut and SLIC, the resultant parcellations could
and SS2. obtain good results in all of the three evaluation critexidich

The Dice coe cients of the mean MSC, two-level MSC, andful lls our original purpose well.
MKSC approaches were generally decreasing with increasing
cluster number, which is consistent wittraddock et al. (2012) In uences of Confounding Factors
Blumensath et al. (2013Bhen et al. (2013)in Blumensath  Considering that many confounding factors might a ect the
et al. (2013) the Dice similarity increased with increasing parcellation results, itis valuable to investigate theinémces, as
cluster number for most approaches except the MSC approacktated below. Another two sparsifying schemes by which e tri
The causes are suggested to be the spatial constraint and teematch the sparsifying schemes@iaddock et al. (20123nd
restriction on cluster size. This explanation is applicabl&&1 Shen et al. (2013)ere also investigated. See the Supplementary
and SS2 since the two sparsifying schemes are closely relajggkerials. In these experiments, we only randomly separated t
to the spatial constraint and their resultant clusters arerngro subjects into two groups twice in order to save computational
to have comparable sizes and shapes, as showFigares 4  time. Table 3 lists the results of dierent evaluation metrics
5, 8. For the two SLIC approaches, the Dice coe cients werepf all experiments in order to make a full comparison. They
relatively stable with dierent cluster numbers. Their t@$ were calculated by averaging the results across di erenterlus
are not only inuenced by the spatial constraint, but alsonumbers for each parcellation method.
in uenced by the additional spatial structures introduced b
SLIC. In uences of Global Signal Regression

By comparing the Dice coe cients across di erent sparsifying In our study, we had applied a standard pipeline to preprocess the
schemes for each parcellation approach, we found that in mosésting-state fMRI data. Changes in the preprocessing steps such
cases, the results of SS2 were worse than the results off8iS1, @s coregistration and spatial smoothing are likely to a ect the
the results of SS3 were even worse. Considering the retiiios  nal parcellations Craddock et al., 2012; Shen et al., 20bsit
between their weight matrices and the spatial constraint, wé is di cult to investigate the in uences of all potential cdinges.
could infer that the Dice coe cients are positively in uenddoy  Possibly the most controversial step in the preprocessing pipeli
the spatial constraint. is global signal regression (GSRyn et al., 201)3 Therefore,

As discussed above, the Dice coe cients could be explainedie tried to investigate the in uence of GSR on parcellations
by spatial structures from three di erent kinds of viewpoints. by incorporating GSR in the preprocessing pipeline. The three
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FIGURE 8 | The histograms of the cluster sizes for the ve parcel lation approaches and the three sparsifying schemes when the i nitialized cluster
number is 200. A normal distribution is tted to each histogram in red.

sparsifying schemes and the ve parcellation approaches weveas set to be the same as that at the group level by
applied likewise. The results of di erent evaluation metrice a default. Howeveryvan den Heuvel et al. (200&laimed that
shown in Figure 9 and Table 3 Most of the results were very overclustering (OC) at the individual subject level wouldt no
close to the corresponding results on data without GSR exoept fchange the nature of the group clustering results. We tried to
that the functional homogeneity results became much lowke  validate this claim since it could reduce many computations.
reason might be that GSR leads to anticorrelations. Theegfee  Speci cally, we xed the cluster number at the individual
chose to preprocess the resting-state fMRI data without GSR. subject level to be 1000 and varied the cluster number at the
group level from 50 to 1000 with a step of 50. With this
In uences of Overclustering setting, the two two-level approaches and di erent sparsifying
For the two-level MSC approach and the two-level SLIGchemes were employed to generate parcellations. The results of
approach, the cluster number at the individual subject levetli erent evaluation metrics are shown iigure 10andTable 3
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FIGURE 9 | The results of different evaluation metrics of the v e parcellation approaches and the three sparsifying schemes w hen GSR is included in
the preprocessing pipeline.  The four rows correspond to the difference between the actubcluster number and the initialized cluster number, the fustional
homogeneity, the group-to-group reproducibility, and thegroup-to-subject reproducibility in order. The three colmns correspond to SS1, SS2, and SS3 in order.

wherein the two-level approaches without overclusteringadse  level invan den Heuvel et al. (2008 very small, i.e., from 15 to
included for comparison. On the one hand, with or without 45, butitis much larger in our study.

overclustering, the parcellations achieved very closelteesu

in terms of homogeneity. On the other hand, overclusteringin uences of Different Weighting Functions

produced deteriorated reproducibility. Therefore, we didt no Then we proceeded to investigate the in uences of dierent
apply overclustering by default. The in uences of overcltstg  weighting functions. To do this, we changed the weighting
in van den Heuvel et al. (200&hd in our study are di erent. The function from the Pearson correlation coe cient to the Gagian
reason might be that the cluster number in the individual@dd  kernel function. The Gaussian kernel function with SS2 would
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FIGURE 10 | The results of different evaluation metrics of thet  wo-level approaches and the three sparsifying schemes. The two-level approaches, i.e.,
the two-level MSC approach and the two-level SLIC approach, wth and without overclustering (OC) are displayed for comp#son. The four rows correspond to the
difference between the actual cluster number and the initlezed cluster number, the functional homogeneity, the grgorto-group reproducibility, and the
group-to-subject reproducibility in order. The three colmns correspond to SS1, SS2, and SS3 in order.

generate the weight matrix irshen et al. (2013)The three kernel function would hardly aect the clustering

sparsifying schemes and the ve parcellation approaches weparformances.

then applied likewise. The results of di erent evaluation ner A major reason for the result is that the clustering

are shown irFigure 11andTable 3 performance of a Ncut-based approach is stable with di erent
From those results, changing the weighting functionweighting functions £hi and Malik, 2000 To explain further,

from the Pearson correlation coe cient to the Gaussianthe Gaussian kernel function is positively related to the Rears
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FIGURE 11 | The results of different evaluation metrics of the ve parcellation approaches and the three sparsifying schemes when the weighting
function is chosen to be the Gaussian kernel function. The four rows correspond to the difference between the actubcluster number and the initialized cluster
number, the functional homogeneity, the group-to-group reroducibility, and the group-to-subject reproducibilityin order. The three columns correspond to SS1, SS2,
and SS3 in order.

correlation coe cient by the following equation could obtain comparable results in terms of homogeneity
and reproducibility Craddock et al., 20)2 It is known

kv vk2 .1 comviy/] 2 as the random parcellation, and it brings quite a lot of
e < De & . doubts to the rationality of the connectivity-based pardéias

(Craddock et al., 2012; Blumensath et al., 2013; Shen et al.,

However, when SS1 is employed, even if the weighting functiod013; Gordon et al, 20)6 To sum up, when SS1 is
is set to be a constant value one, the MSC approach&mployed, dierent weighting functions such as the Pearson
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correlation coe cient, the Gaussian kernel function, and aPearson correlation coe cient or the Gaussian kernel fuoaot
constant function would not greatly aect the clustering would obtain very similar results in terms of the actual cérst
performances. number, though still not the same. Under the premise that the
Then it is interesting to investigate whether the other twodi erences are negligible, we could compare the corresponding
sparsifying schemes also possess this property. To do this, wesults. The results in this table demonstrate that the two
constructed trivial weight matrices (all reserved weighbtsl)  weighting functions obtain very close clustering performamnce
for the three sparsifying schemes. It was achieved by sdtiang
non-zero elements in the three kinds of sparse weight mairiquISCUSSION
constructed by the Pearson correlation coe cient to be orEss
operation was only applied to the individual subject level weig Alternative Algorithm Procedures
matrix, but not to the second level weight matrix. The trivia The SLIC algorithm could be directly applied on the resting-
weight matrices with SS1 was equal to the spatial constrairgtate fMRI time series to perform parcellation, similar to the
which was identical for di erent subjects. In this case, thean case when SLIC is applied to segment 3D imagesdhi et al.,
MSC, two-level MSC, and MKSC approaches reduced to the sarif1). By this way, the intensity information rather than the
approach that was denoted as the MSC approach. Meanwhilepnnectivity information is utilized. A study which builtrothis
the mean SLIC and two-level SLIC approaches reduced to thdea and focused on individual subject level parcellation had
same approach that was denoted as the SLIC approach. Asgen previously presented iVang et al., 2016 By extending
each of the two approaches, there was only one parcellatidhe idea, we could construct the mean approach and the two-
for each initialized cluster number. Therefore, no corrasgiog  level approach accordingly in order to generate group level
reproducibility was calculated. The results of di erent exsllon  parcellations. For the mean approach, the fMRI time series
metrics on these trivial weight matrices corresponding te th were concatenated or averaged across subjects. For the two-
three sparsifying schemes are showifrigure 12and Table 3 level approach, a two-level weight matrix was de ned by the
The homogeneity results of the MSC approach on the spatialveraged adjacency matrix, and then SLIC was applied on the
constraint were close to the homogeneity results of the meatwo-level weight matrix to perform parcellation. We had tried
MSC and two-level MSC approaches on the weight matrix withhe two approaches and found that they tended to be worse
SS1, which is consistent witraddock et al. (2012For SS2 and than the connectivity-based parcellation approaches under the
SS3, the di erences between the initialized cluster numipel a three evaluation metrics. The reason might be that connégti
the actual cluster number of the mean MSC approach becanieformation is much richer than intensity information.
lower, the reproducibility results of the mean MSC and mean Another category of parcellation approaches is to perform
SLIC approaches became lower, and the spatial discontiguiparcellation directly on the connectivity matrices. Namehge
indices of all of the ve approaches became larger. The remgini skipped the step of extracting features from the connectivity
results were close to the corresponding results when therothenatrices by Ncut. Except for this change, all of the other steps
two weighting functions were employed. To sum up, changingvere the same as in the algorithm procedures-igure 3. The
the weighting function from the Pearson correlation coeasit  major problem of this thought is that the dimensionality of
or the Gaussian kernel function to the constant function Wbu the connectivity matrices is very high and it becomes much
lower some of the clustering performances, but most of theltes harder to compute in practice. In fact, Ncut is very important
would be similar. in the parcellation procedure not only because it could extract
A potential reason of this nding is that the reserved weightsrelevant features but also because it could e ectively redate
with the Pearson correlation coe cient are large, all close dimensionality.
ones, thus leading to similar clustering performances. hnca
fully explain the results, as shown iRigure 1C. Then the Factors That Determine the Parcellation
underlying reason might be the spatial structures incorpedat The factors that determine the functional connectivityskd
in the parcellation approaches, which are invariant with diete parcellation could be concluded into ve major aspects. The
weighting functions. The spatial structures corresponding t rst aspect is the choice of the preprocessing pipeline of fMRI
di erent sparsifying schemes are di erent. This could explaindata. The impacts of dierent preprocessing steps such as
why the results of the three sparsifying schemes have sigmi ¢ coregistration and spatial smoothing had been discussed in
di erences. In conclusion, all of the ve parcellation approash Craddock et al. (2012)Shen et al. (2013)in our study, we
might rely heavily on spatial structures. This is the majorhad examined the in uences of GSR and found that GSR led

limitation of the Ncut-based approaches. to worse homogeneity results. Therefore, we did not apply GSR
in the preprocessing procedure by default. Generally, we made
Average Results our parcellations reasonable by utilizing a standard prepssicey

Table 3 concentrates the average results of di erent evaluatiopipeline (van and Zang, 2010; Yan et al., 2nThe second aspect
metrics. Since the actual cluster numbers of di erent paatedh  is the selection of the cluster number. Since there is no agltim
methods are not the same, it is generally not appropriate tehoice as far as we know, we varied the cluster number from 50
compare these methods by the overall results. An excepticlw 1000 with a step of 50 to generate parcellations at multiple
is that with the same parcellation approach and the samgranularities. To achieve group level parcellations, we set th
sparsifying scheme, setting the weighting function to be theluster numbers at the individual subject level and at theugr
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FIGURE 12 | The results of different evaluation metrics of the ve parcellation approaches and the three sparsifying schemes when the weighting
function is set to be a constant value one. The four rows correspond to the difference between the actulbcluster number and the initialized cluster number, the
functional homogeneity, the group-to-group reproducibity, and the group-to-subject reproducibility in order. Tl three columns correspond to SS1, SS2, and SS3in

order.

level to be the same. From the results of functional homoiygne of the weight matrix. It includes the choice of the weighting
and reproducibility, we still could not nd an optimal cluster function, the choice of the sparsifying scheme, the choice of
number. Therefore, parcellations with dierent granulaes parametersinthe weighting function and the sparsifying sohge
might be applied to dierent studies in accordance with whether to set the diagonal elements in the non-empty rows and
requirements. Note that they are not hierarchically cotesis columns to be zeros or ones, and whether to apply the sparsifying
which is a property possessed only by parcellations generatsdhemes to the mean and second level weight matrices or not.
from hierarchical clustering. The third aspect is the deiait ~ These factors were carefully investigated in our experiméitts
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fourth aspect is the parcellation approaches utilized. Atardi adequate to guarantee the spatial contiguity of whole brain
should be paid to the initialization of the SLIC supervoxelsl an parcellation approaches. Generally, spatial structures might
the de nition of the uni ed distance in SLIC. We initializethe be unnecessary when parcellating a small ROI, but are
supervoxel centers by the centers of tightly stacked spheresmecessary when parcellating the whole brain. Therefore, it
3D space. The unied distance is composed of the functionals urgent to nd a proper way to tackle the limitations
distance and spatial distance, and we set the parammtér introduced by the spatial structures for whole brain parcéiat

the uni ed distance to be one empirically. The fth aspect isapproaches.

postprocessing. After obtaining the atlases by these paioalla  With the limitation, the proposed approaches are still
approaches, we might separate the spatially distinct regiods anvell-suited to fulll the original purpose of parcellating the
merge some small clusters to make the atlases more reasondmiain into spatially contiguous, functionally homogeneoasd
(Achanta et al., 20)2However, from the results iflable 3and  reproducible clusters. Consequently, they could nd applicagion
Figure 8, there were only few spatially distinct regions and smalin various studies. For example, the atlases generated by the
clusters except when the mean MSC, two-level MSC, and MKSdcut-based approaches had been successfully applied in tracking
approaches were combined with SS3. To avoid the in uencesngoing cognition Gonzalez-Castillo et al., 201 5dentifying

of the postprocessing steps on functional homogeneity anthdividuals (Finn et al., 201 measuring sustained attentional
reproducibility, we did not apply postprocessing on the atlasesbilities (Rosenberg et al., 20)l6etc. Therefore, we remain
Considerations on the above aspects guarantee the ratipioéli optimistic about our approaches and expect the generated atlase
our parcellations. to facilitate related studies.

Limitation of the Parcellation Approaches Alternatives of the Evaluation Metrics
The SLIC approaches yield clusters with comparable shapes aAd far as we know, there is no gold standard to evaluate a
sizes, which are unlikely to be the functional unifa§sser et al., functional connectivity-based parcellation. In other wortisw
2019 in the brain. This is a common problem encounteredto judge whether a parcellation is good or not still remains
by all of the Ncut-based approacheSréddock et al., 2012; to be an open problem. A comprehensive review of di erent
Shen et al., 20)3ince they incorporate strong spatial structuresevaluation criteria and many related metrics could be found i
represented by the spatial constraint in the clustering proced Eickho etal. (2015) The review claimed that it is natural for the
The spatial constraint is necessary in order to guarantedapatconnectivity-based parcellation analysis to resort to evgitiry
contiguity for the MSC and MKSC approaches, as shown istatistics rather than inferential statistics, becauss idiicult
the experiments. For the SLIC approaches, additional spatiéd formulate a null hypothesis for a parcellation to test agains
structures are introduced by initializing an ideal geonetr and consequently itis di cult to assess the statistical sicgmnce
pattern, integrating the spatial distance into the uni edtdisce, of the parcellation. The exploratory statistics include vasio
and searching in a local space. The additional spatial strastu cluster validity criteria, i.e., various evaluation crige and there
lead to improved reproducibility, but are likely to aggravétte are many di erent choices for each criterion. It is suggested
aforementioned problem. Recentlyarisot et al. (2016pplied that a parcellation should be assessed globally and syrdhgtic
spectral clustering with spatial constraint on supervertit®s using di erent cluster validity criteria, as done in this sty
perform whole brain parcellation and encountered the samé&ome alternatives of the evaluation metrics employed in our
problem. It is because spatial structures were introducechby t experiments are discussed as follows.
supervertex generation procedure and the spatial constraint. Several alternative  metrics concerning  functional
Except for Ncut, a major category of whole brain parcellatiorhomogeneity are presented in related studies. viln den
approaches is based on hierarchical clusteriBigifiensath et al., Heuvel et al. (2008the Ncut cost is employed as an evaluation
2013; Moreno-Dominguez et al., 2014; Thirion et al., 2014metric which measures inhomogeneity. I6raddock et al.
Parisot et al., 20)61n order to guarantee spatial contiguity of (2012) a modi ed silhouette width Rousseeuw, 19Band an
resultant clusters, spatial structures should be incorpatdiy accuracy of representation are de ned. The modi ed silhaeet
only merging the neighboring regions. This rule also applidst  width considers not only within-cluster homogeneity but also
means in whole brain parcellatioérisot et al., 20)6For these between-cluster heterogeneity. The accuracy of represemtat
clustering algorithms, the in uences of the spatial struetsion intends to evaluate the ability of a brain atlas to represéet t
the resultant parcellations are yet to be investigated. functional connectivity patterns at the voxel scale, andetult
When subdividing a small ROI into a few clusters, thedepends on the seed region chosen in priorShmen et al. (2013)
parcellation approach could be purely data-driven withoutan inhomogeneity metric is de ned by the average withinstlr
incorporating spatial structures. For exampem et al. (2010) dissimilarity wherein the dissimilarity is de ned by Eud#an
applied K-means to parcellate the medial frontal cortex intadistance. InGordon et al. (2016)principal component analysis
two subregionsFan et al. (2016ppplied spectral clustering is applied on the whole brain connectivity patterns of each
to parcellate each of the 82 seed regions in the Desikamiuster, then the cluster homogeneity is de ned by the petcen
Killiany atlas into 2-12 clusters. In these studies, no spati of variance explained by the largest principal component, and
constraint was applied. Since fMRI data are typically noisynally the cluster homogeneity results are averaged to iohitze
and smooth, the generated clusters could have good spatiamogeneity of a brain atlas. These metrics are closelyedktat
contiguity. However, these properties of fMRI data are nothe functional homogeneity.
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Alternative metrics for evaluating reproducibility incladbut  cluster number. Related metrics such as the modi ed silhteuet
are not limited to, Jaccard index, Hausdor distance, mutuawidth and the accuracy of representation also behaved like
information, variation of information, and Rand indexshen this in Craddock et al. (2012)Therefore, it is worthwhile
et al., 2013; Thirion et al., 2014; Ryali et al., J0lrbour study, to seek or design a metric that could evaluate homogeneity
we focus on the Dice coe cient since it is widely used and verywith higher discriminative power. Attentions should be paid
typical. to the factors that might inuence functional connectivity

One way to extend the class of evaluation criteria is to measusince it is a key role other than the atlas in de ning
the overlap between the clusters generated by connectivithomogeneity.
based parcellation approaches and the regions generated fromThe third criterion, i.e., reproducibility represented by the
task activation, myelin maps, cortical thickness, topogramny Dice coe cient, could distinguish di erent methods. Howeke
electrical cortical stimulationglumensath et al., 2013; Laumann a problem exists that we cannot de nitely claim the higher the
et al.,, 2015; Wang et al., 2015; Parisot et al., P@t€. It reproducibility the better. A high reproducibility result inchtes
provides external validity dierent from the aforementioned more commonalities across subjects while a low reprodugybilit
evaluation metrics. However, it is based on the assumptiai th result indicates more idiosyncrasies from each subjecthis
neuroimaging data with di erent modalities should yield the study, we aim to obtain group parcellations that would be
similar parcellations, which has long been suspectabheunts  widely applicable. Therefore, high reproducibility resulte ar
et al., 2014; Eickho et al., 20).9RecentlyGlasser et al. (2016) more preferred. From this viewpoint, the purposed approaches
treated the spatially overlapping gradient ridges in at least t achieve good performances. Nevertheless, it should beocsuti
independent modalities as an areal border and found that e v that reproducibility might rely on spatial structures hegvénd
majority of areal borders satis ed this requirement. It pidgs a render the in uence of fMRI data very weak. This problem is
strong evidence for that assumption. Therefore, the ratiipna di cult to be avoided in whole brain parcellation since it is
of the connectivity-based parcellations could be validdbyd necessary to incorporate spatial structures in order to guae
comparing with multi-modal areal features. Neverthelesss i the spatial contiguity of the generated atlases.

dicult to quantify this evaluation criterion at whole brai In conclusion, both spatial contiguity and reproducibilitylye
level for parcellations with multiple granularities. Thisli of  on spatial structures. When spatial structures are dominant i
evaluation is beyond the scope of our study. the parcellation procedure, the generated atlases might only

Another independent evaluation criterion is the hieraraic weakly relate with fMRI data, as demonstrated by the random
consistencyi{ahnt et al., 2012 Thatis, with an ideal hierarchical parcellation Craddock et al., 20)2Measuring to what degree
structure, the clusters in a ne parcellation should alwategrs fMRI data is utilized in a parcellation is the task of homogeneity
from the clusters in a coarse parcellation. This parent-childelated metrics, but these metrics typically do not have gou
congruency is perfectly guaranteed by hierarchical cligger power to distinguish dierent parcellation approaches. The
(Blumensath et al., 2013; Moreno-Dominguez et al., }014limitations of the evaluation metrics complicate the stugie
but unlikely possessed by other kinds of clustering methodsf brain parcellation since the suitabilities of these nuetri
especially when the cluster number is large. Hence, it is nare yet to be evaluated. Moreover, parcellation approaches

discussed in this study. are usually designed to t the purposes represented by these
o _ _ evaluation metrics. Then inappropriate evaluation metricgni
Limitation of the Evaluation Metrics increase the risk of overtting or bias. It is therefore very

We used three di erent evaluation criteria, i.e., spatialtigmity, urgent to seek or design some evaluation metrics that are
functional homogeneity, and reproducibility, to evaluatenecessary and su cient to judge whether a parcellation is good
di erent classes of properties of a brain atlas. The evaluationr not. This is the prerequisite for a good brain parcellation
metrics are majorly inherited fronCraddock et al. (20125hen  approach and consequently good brain parcellations. As things
et al. (2013)in order to make a direct comparison with these stand, the most credible evaluation criterion is to compare
studies. However, from the experiments, we nd that thesea parcellation with multi-modal areal features manually by
evaluation metrics have some inherent limitations. experienced neuroanatomistSi@sser et al., 20).6

The rst criterion, i.e., spatial contiguity, is generally
reasonable. It is unlikely that the clusters in a good paatieth ~ Future Directions
contain many spatially discrete regions, though few ones arfeor validation and application of the proposed approaches,
tolerable. There might be paired clusters across hemispldeies it is meaningful to evaluate them on an independent dataset
to the symmetrical property of the brain. However, they tend tocollected with a dierent scanner Qraddock et al., 2012;
be recognized as separate clusters due to long spatial distanc Gordon et al., 2006and to apply the approaches to data
exception is that some paired clusters might be joined togethewith di erent modalities such as architecture, function, dan
around the midline. topography Blumensath et al., 2013; Finn et al., 2015; Wang

The second criterion, i.e., functional homogeneity, su erset al., 201} Integrating multi-modal neuroimaging data to carry
from the problem that it could hardly dierentiate various outparcellation naturally guarantees the rationality of itdings
methods. As long as the clusters are spatially contiguogs, e.(Glasser et al., 20),6&hus also being worthwhile to explore. In
when the sparsifying scheme is chosen to be SS1 or SS2, #uglition, the inter-individual variability of the parceliahs is
homogeneity of a brain atlas is largely determined by thavorth studying since it is particularly important in applicatisn
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such as development, aging, disease, and personalized needicdf GSR, overclustering, dierent weighting functions, and

(Wang et al., 2015; Glasser et al., 2016 di erent sparsifying schemes on clustering performances. The
For improving whole brain parcellation approaches, sinceesults demonstrate the superiority of the proposed approaches.

existing approaches tend to rely heavily on spatial structureherefore, the resultant atlases could be applied in related

it is necessary to nd a way to weaken this dependence. Istudies. Since our study did not nd an optimal cluster

addition, the lack of a gold standard in evaluating a wholenumber, the cluster number could be set according to one's

brain parcellation makes the e orts in algorithm design andrequirements.

evaluation very di cult, and thus it is very urgent to be deal

with. AUTHOR CONTRIBUTIONS

CONCLUSION JW and HW designed the study. JW analyzed the data and drafted

the manuscript under the supervision of HW. HW critically

This paper presents two novel approaches, i.e., the med@avised the manucript. Both authors approved the nal version

SLIC approach and the two-level SLIC approach, to parcellaf the manuscript.

whole brain resting-state fMRI data into spatially contigupus

functionally homogeneous, and reproducible clusters. THRACKNOWLEDGMENTS

proposed approaches integrated Ncut and SLIC. Speci cally,

Ncut was employed to extract features from Connec[ivityThe authors would like to thank Gui Xue, Chunhui Chen, Xiao

matrices, and then SLIC was applied on the features tghao, and Qiang Wang for kindly sharing the imaging data and

generate parcellations. Three existing Ncut-based paticgila 9iving indispensable help; Li Zhang and Xuan Li for helpful

approaches, i.e., the mean MSC, two-level MSC, and MKSgiscussions about paper submission; the reviewers and editor

approaches, were compared with the proposed approacht(y their valuable comments and suggestions. This work was

in the study. The two SLIC approaches obtained relativelpupported in part by the National Basic Research Program of

good overall performances. In terms of spatial Contiguityphina under Grant 2015CB351704, by the National Natural

the SLIC approaches had evident advantages over the thr&gience Foundation of China under Grant 61375118 and Grant

competing approaches when the spatial constraint was nct1130025.

employed. In terms of functional homogeneity, the SLIC

approaches obtained the second best results that were JSUPPLEMENTARY MATERIAL

slightly lower than the best ones. In terms of reproduciilit

the SLIC approaches greatly outperformed the three competinghe Supplementary Material for this article can be found

approaches, both in the group-to-group aspect and the groupenline at: http://journal.frontiersin.org/article/10389/fnhum.

to-subject aspect. In addition, we had investigated the émaes ~ 2016.00659/full#supplementary-material

REFERENCES

Achanta, R., Shaji, A., Smith, K., Lucchi, A., Fua, P., andt®&iik, S. (2012).

parcellation of the brain with resting-state fMRNeuroimage76, 313-324.
doi: 10.1016/j.neuroimage.2013.03.024
Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph thealeti

SLIC superpixels compared to state-of-the-art superpixel metHB&E Trans.
Pattern Anal. Mach. IntelB4, 2274—2282. doi: 10.1109/TPAMI.2012.120

Amunts, K., Hawrylycz, M. J., Van Essen, D. C., Van Horn, J. D., HdrePoline,
J. B., et al. (2014). Interoperable atlases of the human bx&oroimage99,
525-532. doi: 10.1016/j.neuroimage.2014.06.010

Ashburner, J. (2007). A fast dieomorphic image registration aldont
Neuroimage8, 95-113. doi: 10.1016/j.neuroimage.2007.07.007

Beckmann, C. F., DeLuca, M., Devlin, J. T., and Smith, S. M. [2b0estigations
into resting-state connectivity using independent componemilgsis.Philos.
Trans. R. Soc. B Biol. S860, 1001-1013. doi: 10.1098/rstb.2005.1634

Behrens, T. E., Johansen-Berg, H., Woolrich, M. W., Smith, S. Meelér-
Kingshott, C. A. M., Boulby, P. A., et al. (2003). Non-invasivapping of
connections between human thalamus and cortex using di usiorgimg.Nat.
Neurosci6, 750-757. doi: 10.1038/nn1075

Bellec, P., Perlbarg, V., Jbabdi, S., Pélégrini-Issac, M., Adtdn, Doyon, J.,
et al. (2006). Identi cation of large-scale networks in the brasing fMRI.
Neuroimage9, 1231-1243. doi: 10.1016/j.neuroimage.2005.08.044

Bellec, P., Rosa-Neto, P., Lyttelton, O. C., Benali, H., and EvAnsC.
(2010). Multi-level bootstrap analysis of stable clusters innigsstate fMRI.
Neuroimagél, 1126-1139. doi: 10.1016/j.neuroimage.2010.02.082

analysis of structural and functional systerst. Rev. NeurosclO, 186-198.
doi: 10.1038/nrn2575

Chang, L. J., Yarkoni, T., Khaw, M. W., and Sanfey, A. G. (2@&}oding the
role of the Insula in human cognition: functional parcellation andge-scale
Reverse Inferenc€ereb. Corte3, 739—-749. doi: 10.1093/cercor/bhs065

Chang, Y. T., Pantazis, D., and Leahy, R. M. (2014). To cutabrtm cut?
Assessing the modular structure of brain networkieuroimage91, 99-108.
doi: 10.1016/j.neuroimage.2014.01.010

Cheng, H., Wu, H., and Fan, Y. (2014). Optimizing a nity measureg fo
parcellating brain structures based on resting state fMRI data:lidati@n
on medial superior frontal cortexJ. Neurosci. Methodg37, 90-102.
doi: 10.1016/j.jneumeth.2014.09.004

Cohen, A. L., Fair, D. A., Dosenbach, N. U., Miezin, F. M., DéerkD., Van
Essen, D. C., et al. (2008). De ning functional areas in irdlial human
brains using resting functional connectivity MRNeuroimage41, 45-57.
doi: 10.1016/j.neuroimage.2008.01.066

Cordes, D., Haughton, V., Carew, J. D., Arfanakis, K., and MiaiaK. (2002).
Hierarchical clustering to measure connectivity in fMRI restingte data.
Magn. Reson. Imagirgf, 305-317. doi: 10.1016/S0730-725X(02)00503-9

Craddock, R. C., James, G. A., Holtzheimer, P. E. I, Hu, X. P., andbdtg, H.

Blumensath, T., Jbabdi, S., Glasser, M. F., Van Essen, D. CrbilJgu
K., Behrens, T. E. J., et al. (2013). Spatially constrained hi@alch

S. (2012). A whole brain fMRI atlas generated via spatially constlapectral
clusteringHum. Brain Mapp33, 1914-1928. doi: 10.1002/hbm.21333

Frontiers in Human Neuroscience | www.frontiersin.org 23 December 2016 | Volume 10 | Article 659



Wang and Wang

Supervoxel-Based Whole Brain Parcellation

Damoiseaux, J. S., Rombouts, S. A., Barkhof, F., Scheltensn®.CS J., Smith,
S. M., et al. (2006). Consistent resting-state networks acreaishly subjects.

Heller, R., Stanley, D., Yekutieli D., Rubin, N., and Benjamini, Y
(2006). Cluster-based analysis of FMRI dakeuroimage33, 599-608.

Proc. Natl. Acad. Sci. U.S.A03, 13848-13853. doi: 10.1073/pnas.06014 doi: 10.1016/j.neuroimage.2006.04.233

17103

De Luca, M., Beckmann, C. F., De Stefano, N., Matthews, P. nd.,Smith,
S. M. (2006). fMRI resting state networks de ne distinct modéslomg-
distance interactions in the human braifNeuroimage29, 1359-1367.
doi: 10.1016/j.neuroimage.2005.08.035

de Reus, M. A, and Van den Heuvel, M. P. (2013). The parcellation-

based connectome: limitations and extensioheuroimage80, 397-404.
doi: 10.1016/j.neuroimage.2013.03.053

Dice, L. R. (1945). Measures of the amount of ecologic assutlziween species.
Ecology6, 297-302. doi: 10.2307/1932409

Dosenbach, N. U., Nardos, B., Cohen, A. L., Fair, D. A., Power, Church, J. A.,
et al. (2010). Prediction of individual brain maturity using fMR3cienc829,
1358-1361. doi: 10.1126/science.1194144

Eickho, S. B., Thirion, B., Varoquaux, G., and Bzdok, D. (201Zonnectivity-
based parcellation: critique and implicatioffum. Brain Mapp36, 4771-4792.
doi: 10.1002/hbm.22933

Fan, L., Li, H., Zhuo, J. J., Zhang, Y., Wang, J. J., Chen, &t &.,(2016). The
human brainnetome atlas: a new brain atlas based on connectiaiatesture.
Cereb. Corte26, 3508-3526. doi: 10.1093/cercor/bhw157

Fan, L., Wang, J. J., Zhang, Y., Han, W., Yu, C. S., and Jiang, (R014).
Connectivity-based parcellation of the human temporal pole usingision
tensor imagingCereb. Corte24, 3365-3378. doi: 10.1093/cercor/bht196

Filzmoser, P., Baumgartner, R., and Moser, E. (1999). A hiecalchiustering
method for analyzing functional MR image#lagn. Reson. Imaging7,
817-826. doi: 10.1016/S0730-725X(99)00014-4

Finn, E. S., Shen, X. L., Scheinost, D., Rosenberg, M. D., Hudanghun,
M. M., et al. (2015). Functional connectome ngerprinting: idéying
individuals using patterns of brain connectivitylat. Neuroscil8, 1664-1671.
doi: 10.1038/nn.4135

Fornito, A., Zalesky, A., and Breakspear, M. (2013). Graph anabfsihe
human connectome: promise, progress, and pitfélisuroimage30, 426—444.
doi: 10.1016/j.neuroimage.2013.04.087

Friston, K. J., Holmes, A. P., Worsley, K. J., Poline, J. P., Fritth.Cand
Frackowiak, R. S. (1994). Statistical parametric maps in fundtiomaging:

a general linear approachlum. Brain Mapp.2, 189-210. doi: 10.1002/hbm.

460020402

Friston, K. J., Williams, S., Howard, R., Frackowiak, R. S., and T,UrR¢1996).
Movement-related e ects in fMRI time-serigglagn. Reson. Mea5, 346—-355.
doi: 10.1002/mrm.1910350312

Gawryluk, J. R., Mazerolle, E. L., and D'Arcy, R. C. N. (2014). boesional MRI
detect activation in white matter? A review of emerging evidersseies, and
future directionsFront. NeuroscB:239. doi: 10.3389/fnins.2014.00239

Glasser, M. F., Coalson, T. S., Robinson, E. C., Hacker, C.abwyeH, J., Yacoub,
E., et al. (2016). A multi-modal parcellation of human cerebral corature
536, 171-178. doi: 10.1038/nature18933

Glasser, M. F., and Van Essen, D. C. (2011). Mapping Human corteaia vivo
based on myelin content as revealed by T1- and T2-weighted, MRleurosci.
31,11597-11616. doi: 10.1523/JNEUROSCI.2180-11.2011

Gonzalez-Castillo, J., Hoy, C. W., Handwerker, D. A., Robinsark )VBuchanan,
L.C., Saad, Z. S., et al. (2015). Tracking ongoing cognitimdividuals using

brief, whole-brain functional connectivity patterrdroc. Natl. Acad. Sci. U.S.A.

112, 8762-8767. doi: 10.1073/pnas.1501242112

Gorbach, N. S., Schitte, C., Melzer, C., Goldau, M., Sujazow,JiBev, J.,
et al. (2011). Hierarchical information-based clustering for cectivity-based
cortex parcellationFront. Neuroinform5:18. doi: 10.3389/fninf.2011.00018

Honey, C. J., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J. Ruli,Me
R., et al. (2009). Predicting human resting-state functionahneativity
from structural connectivity.Proc. Natl. Acad. Sci. U.S.A06, 2035-2040.
doi: 10.1073/pnas.0811168106

Jbabdi, S., Woolrich, M. W., and Behrens, T. E. (2009). Multiplgesis

connectivity-based parcellation using hierarchical Dirichlet qass mixture

models Neurolmagel4, 373-384. doi: 10.1016/j.neuroimage.2008.08.044

Johansen-Berg, H., Behrens, T. E., Robson, M. D., Drobnjakishworth, M. F.,
Brady, J. M., et al. (2004). Changes in connectivity pro les ddurectionally
distinct regions in human medial frontal corteRroc. Natl. Acad. Sci. U.S.A.
101, 13335-13340. doi: 10.1073/pnas.0403743101

Kahnt, T., Chang, L. J., Park, S. Q., Heinzle, J., and Haynes, (R0D2).
Connectivity-based parcellation of the human orbitofrontal estl. Neurosci.
32, 6240-6250. doi: 10.1523/JINEUROSCI.0257-12.2012

Kim, J.-H., Lee, J.-M., Jo, H. J., Kim, S. H., Lee, J. H., Kim, S. Tl, et a
(2010). De ning functional SMA and pre-SMA subregions in humarF®
using resting state fMRI: functional connectivity-basedaedlation method.
Neuroimage9, 2375-2386. doi: 10.1016/j.neuroimage.2009.10.016

Klein, J. C., Behrens, T. E., Robson, M. D., Mackay, C. E., Higltand.,
and Johansen-Berg, H. (2007). Connectivity-based parcellaifohuman
cortex using di usion MRI: establishing reproducibility, valigiand observer
independence in BA 44/45 and SMA/pre-SMAeuroimage34, 204-211.
doi: 10.1016/j.neuroimage.2006.08.022

Laumann, T. O., Gordon, E. M., Adeyemo, B., Snyder, A. Z., Jod].,S.
Chen, M. Y., et al. (2015). Functional system and areal orgtoiz
of a highly sampled individual human brainNeuron 87, 657-670.
doi: 10.1016/j.neuron.2015.06.037

Lu, Y. L., Jiang, T. Z., and Zang, Y. F. (2003). Region growinghade
for the analysis of functional MRI dataNeuroimage 20, 455-465.
doi: 10.1016/S1053-8119(03)00352-5

Lucchi, A., Smith, K., Achanta, R., Knott, G., and Fua, P. 220Supervoxel-
based segmentation of mitochondria in EM image stacks with leashege
features.IEEE Trans. Med. Imaging1, 474-486. doi: 10.1109/TMI.2011.
2171705

McKeown, M. J., Makeig, S., Brown, G. G., Jung, T. P., Kinderm&n
S., Bell, A. J,, et al. (1998). Analysis of fMRI data by blind separati
into independent spatial componentddum. Brain Mapp. 6, 160-188.
doi: 10.1002/(SICI)1097-0193(1998561%0::AID-HBM5> 3.0.CO;2-1

Moreno-Dominguez, D., Anwander, A., and Knésche, T. R. (20A4jierarchical
method for whole-brain connectivity-based parcellatiblum. Brain Mapp 35,
5000-5025. doi: 10.1002/hbm.22528

Mumford, J. A., Horvath, S., Oldham, M. C., Langfelder, P., GesahwD.
H., and Poldrack, R. A. (2010). Detecting network modules in fMRieti
series: a weighted network analysis approdd¢buroimage52, 1465-1476.
doi: 10.1016/j.neuroimage.2010.05.047

Nelson, S. M., Cohen, A. L., Power, J. D., Wig, G. S., Miezikl. RFNheeler, M.
E., et al. (2010). A parcellation scheme for human left lateral parietédx
Neuron67, 156-170. doi: 10.1016/j.neuron.2010.05.025

Ng, A. Y., Jordan, M. I., and Weiss, Y. (2002). “On spectral diimsfeanalysis

and an algorithm,” inAdvances in Neural Information Processing Systems 14

(Vancouver, BC: MIT Press), 849—-856.

Parisot, S., Arslan, S., Passerat-Palmbach, J., Wells, W. M. dllRaerckert,
D. (2016). Group-wise parcellation of the cortex through multi-scale
spectral clusteringNeuroimagel36, 68—83. doi: 10.1016/j.neuroimage.2016.
05.035

Gordon, E. M., Laumann, T. O., Adeyemo, B., Huckins, J. F., Kelley, WPeltier, S. J., Polk, T. A., and Noll, D. C. (2003). Detecting l@gtfency functional

M., and Petersen, S. E. (2016). Generation and evaluation afrticat
area parcellation from resting-state correlatio@ereb. Corte26, 288—303.
doi: 10.1093/cercor/bhu239

Goutte, C., Toft, P., Rostrup, E., Nielsen, F. A., and HanserK.L(1999).

On clustering fMRI time serieNeuroimaged, 298-310. doi: 10.1006/nimg.

1998.0391

Hagmann, P., Cammoun, L., Gigandet, X., Meuli, R., Honey, C. J.e@fed/.,
et al. (2008). Mapping the structural core of human cerebral coRéxS Biol.
6:e159. doi: 10.1371/journal.pbio.0060159

connectivity in fMRI using a self-organizing map (SOM) algonthHum.
Brain Mapp.20, 220-226. doi: 10.1002/hbm.10144

Power, J. D., Cohen, A. L., Nelson, S. M., Wig, G. S., Barnes, Khérch, J. A,
et al. (2011). Functional network organization of the human braieuron72,
665—-678. doi: 10.1016/j.neuron.2011.09.006

Rosenberg, M. D., Finn, E. S., Scheinost, D., Papademetris, hin, X.
L., Constable, R. T., et al. (2016). A neuromarker of sustainezhtin
from whole-brain functional connectivity.Nat. Neurosci.19, 165-171.
doi: 10.1038/nn.4179

Frontiers in Human Neuroscience | www.frontiersin.org 24

December 2016 | Volume 10 | Article 659



Wang and Wang

Supervoxel-Based Whole Brain Parcellation

Rousseeuw, P. J. (1987). Silhouettes - a graphical aid to tbepretation
and validation of cluster-analysis]l. Comput. Appl. Math.20, 53-65.
doi: 10.1016/0377-0427(87)90125-7

Ryali, S., Chen, T. W., Padmanabhan, A., Cai, W. D., and Menor(2¥15).
Development and validation of consensus clustering-based framefeoork
brain segmentation using resting fMRJ. Neurosci. Method®10, 128-140.
doi: 10.1016/j.jneumeth.2014.11.014

Ryali, S., Chen, T. W., Supekar, K., and Menon, V. (2013). A atica
scheme based on von mises- sher distributions and markov randofds e
for segmenting brain regions using resting-state fMIRéuroimageé5s, 83-96.
doi: 10.1016/j.neuroimage.2012.09.067

Salvador, R., Suckling, J., Coleman, M. R., Pickard, J. D., Mebon,
and Bullmore, E. (2005). Neurophysiological architecture of fuomati
magnetic resonance images of human bralereb. Cortex5, 1332-1342.
doi: 10.1093/cercor/bhi016

Shen, X., Papademetris, X., and Constable, R. T. (2010). Graph-thesed
parcellation of functional subunits in the brain from restingt&dMRI data.
Neuroimagé0, 1027-1035. doi: 10.1016/j.neuroimage.2009.12.119

Shen, X., Tokoglu, F., Papademetris, X., and Constable, R. T. (ZoxtRjpwise
whole-brain parcellation from resting-state fMRI data for networkde

Wang, D. H., Buckner, R. L., Fox, M. D., Holt, D. J., Holmes, A. Jecgiein, S.,
et al. (2015). “Parcellating whole brain for individuals by simpledinieerative
clustering,” in International Conference on Neural Information Processing
(Kyoto), 131-139.

Wang, J., Hu, Z. L., and Wang, H. X. (2016). Parcellating whole brain f
individuals by simple linear iterative clusterinigt. Conf. Neural Inf. Process.
9949, 131-139. doi: 10.1007/978-3-319-46675-0_15

Wang, J. H., Wang, L., Zang, Y. F., Yang, H., Tang, H. H., Gong,, @t &l. (2009).
Parcellation-dependent small-world brain functional networks: aimgsstate
fMRI Study.Hum. Brain Mapp 30, 1511-1523. doi: 10.1002/hbm.20623

Wig, G. S., Laumann, T. O., and Petersen, S. E. (2014). An apdaraercellating
human cortical areas using resting-state correlatibieuroimag®3, 276-291.
doi: 10.1016/j.neuroimage.2013.07.035

Wig, G. S., Schlaggar, B. L., and Petersen, S. E. (2011).pBoacel principles
in the analysis of brain networksAnn. N. Y. Acad. Scil224, 126-146.
doi: 10.1111/j.1749-6632.2010.05947 .x

Xia, M. R., Wang, J. H., and He, Y. (2013). BrainNet viewer: a n&two
visualization tool for human brain connectomicfLoS ONE8:e68910.
doi: 10.1371/journal.pone.0068910

Yan, C. G., Cheung, B., Kelly, C., Colcombe, S., Craddock, R. ®laffino, A.,

identi cation. Neuroimag®2, 403-415. doi: 10.1016/j.neuroimage.2013.05.081 et al. (2013). A comprehensive assessment of regional variatibe impact of

Shi, J. B., and Malik, J. (2000). Normalized cuts and image segtivent&EE
Trans. Pattern Anal. Mach. InteR2, 888—905. doi: 10.1109/34.868688

Smith, S. M., Beckmann, C. F., Andersson, J., Auerbach, Bjslert®sch, J.,
Douaud, G., etal. (2013). Resting-state fMRI in the human eastome project.
Neuroimag®0, 144—168. doi: 10.1016/j.neuroimage.2013.05.039

Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C., Fox, P. M., hg¢c
C. E., et al. (2009). Correspondence of the brain's functionahitcture
during activation and restProc. Natl. Acad. Sci. U.S.A06, 13040-13045.
doi: 10.1073/pnas.0905267106

Smith, S. M., Miller, K. L., Salimi-Khorshidi, G., Webster, M.cBaann, C. F.,
Nichols, T. E., etal. (2011). Network modelling methods for FM&uroimage
54, 875-891. doi: 10.1016/j.neuroimage.2010.08.063

Sporns, O. (2013). Network attributes for segregation and integran the

human brain.Curr. Opin. Neurobiol23, 162-171. doi: 10.1016/j.conb.2012.

11.015

Sporns, O., Tononi, G., and Kétter, R. (2005). The human corumeet
a structural description of the human brairPLoS Comput. Bioll:e42.
doi: 10.1371/journal.pchi.0010042

Stanberry, L., Nandy, R., and Cordes, D. (2003). Cluster anabfsiRI
data using dendrogram sharpenindgdum. Brain Mapp. 20, 201-219.
doi: 10.1002/hbm.10143

Stanley, M. L., Moussa, M. N., Paolini, B. M., Lyday, R. G., Btedd. H.,
and Laurienti, P. J. (2013). De ning nodes in complex brain netvgoFkont.
Comput. Neurosct.:169. doi: 10.3389/fncom.2013.00169

Thirion, B., Varoquaux, G., Dohmatob, E., and Poline, J. B. (R0Wvhich
fMRI clustering gives good brain parcellation§?ont. Neurosci.8:167.
doi: 10.3389/fnins.2014.00167

van den Heuvel, M., Mandl, R., and Pol,
cut group clustering of resting-state fMRI dat&®LoS ONE 3:e2001.
doi: 10.1371/journal.pone.0002001

Venkataraman, A., Van Dijk, K. R. A., Buckner, R. L., and Gollgnd(2009).
“Exploring functional connectivity in fMRI via clustering,” ifProceedings
of IEEE International Conference on Acoustics, Speechjgmad Brocessing
(Taipei), 441-444.

von Luxburg, U. (2007). A tutorial on spectral clusteringtat. Comput.17,
395-416. doi: 10.1007/s11222-007-9033-z

head micromovements on functional connectomibiuroimage’6, 83—-201.
doi: 10.1016/j.neuroimage.2013.03.004

Yan, C. G.,, and Zang, Y. F. (2010). DPARSF: a MATLAB toolbox for
“pipeline” data analysis of resting-state fMRHront. Syst. Neurosci:13.
doi: 10.3389/fnsys.2010.00013

Yeo, B. T. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., lrigsiika
Hollinshead, M., et al. (2011). The organization of the human caleiortex
estimated by intrinsic functional connectivity. Neurophysiol06. 1125-1165.
doi: 10.1152/jn.00338.2011

Yu, S. X., and Shi, J. B. (2003). “Multiclass spectral clustemi&EE International
Conference on Computer Visj@13-319.

Zalesky, A., Fornito, A., Harding, I. H., Cocchi, L., Yicel, M.nteés, C., et al.
(2010). Whole-brain anatomical networks: does the choice ofesadatter?
Neuroimag&0, 970-983. doi: 10.1016/j.neuroimage.2009.12.027

Zang, Y. F., Jiang, T. Z., Lu, Y. L., He, Y., and Tian, L. X. (20Répional
homogeneity approach to fMRI data analysiNeuroimage22, 394-400.
doi: 10.1016/j.neuroimage.2003.12.030

Zhang, B., and Horvath, S. (2005). A general framework for weighte
gene co-expression network analys&tat. Appl. Genet. Mol. Biok:17.
doi: 10.2202/1544-6115.1128

Zhang, Y. Q., Fan, L. Z,, Zhang, Y., Wang, J. J., Zhu, M. H., ZhénC., et al.
(2014). Connectivity-based parcellation of the human posteroaieztirtex.
Cereb. Corte4, 719-727. doi: 10.1093/cercor/bhs353

Zilles, K., and Amunts, K. (2010). Centenary of brodmann's map - eption and
fate.Nat. Rev. Neuroscdil, 139-145. doi: 10.1038/nrn2776

Conict of Interest Statement: The authors declare that the research was

H. H. (2008). Normalizedconducted in the absence of any commercial or nancial relatidps that could

be construed as a potential con ict of interest.

Copyright © 2016 Wang and Wang. This is an open-access articleutésl
under the terms of the Creative Commons Attribution Licé@€eBY). The use,
distribution or reproduction in other forums is permittedoypded the original
author(s) or licensor are credited and that the originallipation in this journal
is cited, in accordance with accepted academic practicaséJdlistribution or
reproduction is permitted which does not comply with tleesest

Frontiers in Human Neuroscience | www.frontiersin.org

25

December 2016 | Volume 10 | Article 659



