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A B S T R A C T

This paper proposes a data-driven analysis method to accurately partition large-scale
resting-state functional brain networks from fMRI data. The method is based on a
spectral clustering algorithm and combines eigenvector direction selection with Pearson
correlation clustering in the spectral space. The method is robust at different noise levels
and is capable of maintaining the true locations of active brain networks, even at the
noise level of real fMRI data.

c© 2020 Elsevier B. V. All rights reserved.

1. Introduction

The brain, even during rest, exhibits spontaneous neural ac-
tivity. This intrinsic activity manifests as temporally correlated
signal fluctuations across different brain regions, frequently re-
ferred to as resting-state brain networks, in functional magnetic
resonance imaging (fMRI) and neuroscience studies. The co-
herent neural activity in brain networks reflects the brain’s func-
tional organization.

Seed-based correlation analysis (SBA) is the most frequently
used approach for extracting the brain networks (Biswal et al.,
1995). It detects these brain networks by identifying the vox-
els whose time courses are correlated with the time course of a
selected seed voxel or seed region of interest (ROI). However,
SBA requires prior knowledge of the brain functional anatomy
or task fMRI methods to select the location for a reliable seed
because the location of a seed ROI affects the quality of detected
brain networks.

Independent component analysis (ICA) is a data-driven
approach for separating the brain networks (Beckmann and
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Smith, 2004). It decomposes the fMRI image time series into
non-Gaussian and statistically independent components (ICs),
which are either sources of interest (brain networks) or artifac-
tual noise. Due to the lack of criteria for prioritizing the com-
ponents, it is difficult to determine which ICs correspond to true
brain networks.

Another data-driven approach that can potentially prioritize
the fluctuating signals of brain functional images is the spectral
clustering algorithm (SCA) (Luxburg, 2007). SCA was origi-
nally used to identify groups of “similar behavior”. It has re-
cently been applied to isolate brain networks (including default
mode network, visual network, motor network, and dorsal at-
tention network) and has demonstrated very promising results
mit. SCA has also been combined with spatial constraints to
partition brain into homogeneous functional ROIs (Craddock
et al., 2011). However, it is not clear how the identified brain
networks or functional ROIs correspond to the true brain net-
work locations, especially when a large number of partitions is
needed to partition the fluctuations from fMRI images.

Here, we propose an SCA-based algorithm that is capable of
robustly identifying large-scale brain networks at different lev-
els of noise. Compared to the classical method that implements
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SCA with Euclidean distance as a k-means clustering metric in
the spectral space (SCA-ED), the proposed method uses Pear-
son correlation as the k-means clustering metric (SCA-PC). In
the spectral space, we enhance the performance of brain net-
work identification by selecting the directions of eigenvectors
to avoid the randomness of their signs. The paper is laid out
as follows. First, we review the theory of the SCA method, the
Nyström method, a computationally efficient approximation to
the SCA method for a large number of brain voxels, and the
normalized SCA method for improved separation of brain net-
works. Second, we demonstrate the theoretical benefit of SCA-
PC over SCA-ED. Third, we introduce the eigenvector direction
selection method for improving the performance of SCA-PC.
Fourth, we use simulations to show that SCA-PC is more robust
in retaining the true locations of brain networks than SCA-ED.
Fifth, real fMRI data are used to assess the relative performance
of SCA-PC and SCA-ED. The brain networks from SBA serve
as references to compare with SCA-PC and SCA-ED.

2. Theory

2.1. Spectral Clustering Algorithm

We are interested in partitioning brain voxels into different
groups such that brain voxels within each group are similar to
each other according to their temporal correlation. A similarity
graph G = <V, E,W> can be used to represent the brain voxels
and their temporal correlation. V is the set of nodes where each
node represents a brain voxel, E is the set of edges between
brain voxels vi and v j. W is an n×n weighted adjacency matrix,
where n is the number of brain voxels and its component wi j

is the Pearson correlation coefficient of the signal time courses
between brain voxels vi and v j. The brain network identification
problem can be restated as finding a partition of the graph nodes
into groups such that the edges between different groups have
low weights and the edges within the group have high weights.

The problem of finding a partition from a similarity graph can
be solved using the spectral clustering algorithm based on the
spectral graph theory (Luxburg, 2007). When there exist k well
separated connected components (clusters) in the graph G (no
edge between the connected components), the graph Laplacian
matrix has the eigenvalue 0 with multiplicity of k (Mohar, 1991,
1997). Without loss of generality, we assume that the nodes are
ordered according to the connected components to which they
belong. Therefore, our Laplacian matrix L is of block diagonal
form and can be written as:

L =


L1 0 . . . 0
0 L2 . . . 0
...

...
. . .

...
0 0 . . . Lk


where each submatrix L j is the Laplacian matrix of the jth con-
nected components. As a result, ~v j, defined as the jth eigenvec-
tor for the eigenvalue 0, can be written as:

~v j = (~0L1 , ...., ~0L j−1 , ~eL j , ~0L j−1 , ..., ~0Lk)

where ~0L1 is a |Li|-dimensional row vector with all elements as
zero, and ~eL j is a |L j|-dimensional row vector with all elements
as one. By this, the eigenvector ~v j determines the nodes be-
longing to the jth connected component, and consequently, af-
ter composing the n × k matrix with the ~v j

′s ( j = 1, . . . , k) as
columns, each node in the graph can now be represented by a
k-dimensional feature vector (0, . . . , 0, 1, 0, . . . , 0), which con-
tains a single element as 1 and the rest of elements as 0 and the
position of 1 indicates the connected component to which this
node belongs.

The similarity graph in real applications (e.g., the identifi-
cation of brain networks) does not contain k well-separated
clusters because each pair of two nodes has a nonzero cor-
relation (weight). The eigenvalues of the graph Laplacian
matrix for the similarity graph cannot be perfectly zero. In
fact, it is even difficult to distinguish the eigenvalues close
to zero from those which are not close to zero. Therefore,
it remains a challenge how to determine the number of clus-
ters in real applications, which is not the focus of the paper.
Even if the number of clusters k is given, the k-dimensional
feature vectors for the nodes are no longer ideal vectors like
(0, . . . , 0, 1, 0, . . . , 0) although one can expect the feature vector
to be near (0, . . . , 0, 1, 0, . . . , 0). Consequently, a k-means clus-
tering algorithm is frequently used to identify the clusters and
centroids (centers of the clusters).

2.2. The Nyström Approximation

The spectral clustering method faces serious computational
challenges when applied to brain networks. The weighted ad-
jacency matrix W grows as the square of the number of nodes.
Even for a low-resolution fMRI image with a voxel resolution
of 4mm × 4mm × 4mm, which has over 32,000 brain voxels, it
is infeasible to fit such a large matrix W in memory and com-
pute its eigenvector decomposition. The Lanzos method (Lanc-
zos, 1950) and Nyström method (Nyström, 1930; Fowlkes et al.,
2004) are two methods for approximating the eigenvalue de-
composition for a large matrix. The Lanzos method uses the
tridiagonal approximation of the matrix and then calculates the
eigenvalues, while the Nyström method samples a random por-
tion of the data to approximate the eigenvalues of the matrix.
The Nyström method has been applied in earlier work for the
identification of brain networks (Venkataraman et al., 2009).
It is fast and achieves accurate eigenvalue decomposition and
therefore is adopted in the paper.

2.3. Normalized Spectral Clustering

Several spectral clustering methods have been proposed, in-
cluding unnormalized versions and normalized versions Ng
et al. (2002); Luxburg (2007); Fowlkes et al. (2004). The main
difference is that they use different graph Laplacian matrices.
We adopt the normalized spectral clustering algorithm from Ng
et al. (2002) because the normalized Laplacian matrix can mini-
mize the dissimilarity between clusters as well as maximize the
similarity within clusters, while unnormalized Laplacian ma-
trix only implements the first objective (Luxburg, 2007). We
use the row normalized Laplacian matrix, which were formally
justified in their perturbation theory section (Ng et al., 2002).
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In summary, for the similarity graph of real applications, the k-
dimensional feature vectors contain a large value (correspond-
ing to the member cluster) and smaller nonzero values. Us-
ing matrix perturbation, the row normalization proposed by Ng
et al. (2002) attempts to correct for the non-zero values in the
row vectors that do not correspond to the optimal cluster. By
normalizing the rows of the eigenvector matrix, the values cor-
responding to nonmember clusters are sufficiently small, allow-
ing us to better separate the eigenvectors with large elements
from those close to zeros. This serves as an approximation
of k-dimensional feature space in k well-separated connected
components.

With row normalization supported by matrix perturbation
theory, the k-dimensional feature vectors (points) cluster around
k-dimensional orthonormal basis vectors (centroids). However,
it is possible for points to be equidistant from several centroids
in real-life noisy data. The findings of Luxburg (2007) acknowl-
edge that such points may be considered as outliers, and we may
not care about which cluster such a point is assigned to. How-
ever, since the voxels from the real brain fMRI image data are
noisy because of the physiological noise and motion artifacts,
we may have many of these points. When the noisy voxels lie
around the border of two brain networks, assigning the voxels
to either network does not affect the central locations of the two
networks. However, with a large number of such points, after
applying the traditional k-means, the central locations of brain
networks may not be retained. Instead, we may observe a large
false cluster which does not correspond to any brain network,
multiple clusters which are split from one network, or one clus-
ter which is combined from multiple separate networks. In this
case, the identified locations of the clusters will be influenced
by the noisy voxels and hence different from true locations of
the clusters; In this paper, we aim to develop an algorithm that
can retrieve the true locations of the clusters (i.e., centroids are
close to the ground-truth centroids and are robust against those
"noisy" nodes).

2.4. K-Means: Pearson Correlation vs Euclidean Distance

After performing the eigendecomposition and row normal-
ization, with each node vi now represented by k-dimensional
feature vector yi, the k-means clustering algorithm is used to
identify the clusters. The most frequently used clustering metric
for k-means clustering is Euclidean distance. However, when
the noise distribution is unknown or a large number of nodes
have quasi equidistance from the centroids, k-means clustering
using Euclidean distance as clustering metric may distort the
locations of the cluster centroids. Instead, k-means clustering
using Pearson correlation as the clustering metric is more ro-
bust in dividing the noisy nodes towards the true locations of
the clusters.

To demonstrate this, let us first consider the 3-dimensional
(3D) feature space. ~u = (u1, u2, u3) and ~v = (v1, v2, v3) are
points on a unit sphere (because all nodes have unit length after
row normalization). The Euclidean distance of ~u and ~v can be

represented as follows.

ED2(~u,~v) = Σ3
i=1(ui − vi)2

= Σ3
i=1u2

i − 2Σ3
i=1uivi + Σ3

i=1v2
i

= 2 − 2Σ3
i=1uivi

= 2 − 2 · cos(~u,~v)

(1)

In Equation 1, the Squared Euclidean distance between two
points on a unit sphere is proportional to the cosine similarity
between them, which is defined as the cosine of the angle be-
tween the two vectors. Pearson correlation between two points
can also be expressed as cosine similarity.

corr(~u,~v) =
(~u − ū1)>(~v − v̄1)∥∥∥(~u − ū1)

∥∥∥ ∥∥∥(~v − v̄1)
∥∥∥

= cos(~u − ū1,~v − v̄1)
(2)

where ū and ū are the mean of ~u and ~u, respectively, and 1

is the n × 1 vector whose elements all equal 1. In this work,
we propose to use the Pearson correlation corr(~u,~v) to replace
cos(~u,~v) to represent the "distance" in k-mean method.

Let us show that for a vector ~u, ū1 = ~up, where ~up is the
projection of ~u on the vector ( 1

√
3
, 1
√

3
, 1
√

3
)>.

ū · 1 =


1
3 (u1 + u2 + u3)
1
3 (u1 + u2 + u3)
1
3 (u1 + u2 + u3)

 =


1
3~u · 1
1
3~u · 1
1
3~u · 1

 (3)

1
3
~u · 1 =

1
3

∥∥∥~u∥∥∥ · ‖1‖ · cos(α)

=
1
3

∥∥∥~u∥∥∥ · cos(α) · ‖1‖

=
1
3

∥∥∥ ~up

∥∥∥ · ‖1‖
=

√
3

3

∥∥∥ ~up

∥∥∥
(4)

where α is the angle between ~u and 1. Then we can have: ū1 =( √3
3 ‖ ~up‖
√

3
3 ‖ ~up‖
√

3
3 ‖ ~up‖

)
, so ‖ū1‖ =

√
(
√

3
3

∥∥∥ ~up

∥∥∥)2 · 3 =
∥∥∥ ~up

∥∥∥. Since ū1 and ~up

are of the same length and direction, ū1 = ~up.

Next, we know that:

~u − ū · 1 = ~u − ~up = ~u⊥ (5)

where ~u⊥ is the vertical component of ~u.

Let us look at any semicircle lying on the unit sphere whose
endpoints are ( 1

√
3
, 1
√

3
, 1
√

3
) and (− 1

√
3
,− 1
√

3
,− 1
√

3
) like the one shown in

Fig. 1a. For any two vectors ~u,~v on the semicircle, corr(~u,~v) =

cos( ~u⊥, ~v⊥) = 1. This is because ~u⊥ and ~v⊥ are parallel. There-
fore, for any two points on the semicircle, they have perfect cor-
relation, meaning we can choose one point as a representative
for all points on the semicircle.
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Fig. 1: Visualization of correlation on the 3D unit sphere. (a) the vectors ~u,~v on
a semicircle that has endpoints ( 1

√
3
, 1
√

3
, 1
√

3
) and (− 1

√
3
,− 1
√

3
,− 1
√

3
). ~up and ~vp are

the projection of ~u,~v onto the vector ( 1
√

3
, 1
√

3
, 1
√

3
)>; the vectors ~u⊥ and ~v⊥ are the

vectors corresponding to ~u − ū1,~v − v̄1. (b) a reorientation of our unit sphere,
with the vector ( 1

√
3
, 1
√

3
, 1
√

3
)> in the direction of the z-axis and origin O. Here,

four points A, B,C,D lie on 4 unique semicircles with endpoints ( 1
√

3
, 1
√

3
, 1
√

3
)

and (− 1
√

3
,− 1
√

3
,− 1
√

3
), with points A′, B′,C′,D′ lying on their respective semi-

circles and around the point ( 1
√

3
, 1
√

3
, 1
√

3
).

Without loss of generality, we can rotate the vector
( 1
√

3
, 1
√

3
, 1
√

3
)> to the z-axis so that all such semicircles can be

better visualized (see Fig. 1b). For instance, we have
four points A′, B′,C′,D′, which are very close to ( 1

√
3
, 1
√

3
, 1
√

3
)

and from the semicircle clusters represented by A, B,C,D.
ED-based k-means is to distinguish between the vectors
OA′,OB′,OC′,OD′. The four vectors are very close and there-
fore are difficult to separate due to the very small distances.
Correlation-based k-means is to distinguish between the vec-
tors O′A,O′B,O′C,O′D where O′ is the common projection on

the vector ( 1
√

3
, 1
√

3
, 1
√

3
). In this case, it is clear that the differences

between the four vectors are much larger and can be separated
into the four clusters represented by A, B,C,D.

The points around ( 1
√

3
, 1
√

3
, 1
√

3
), mostly from artifacts, may af-

fect the location of the chosen centroids if Euclidean-based
k-means is used. ( 1

√
3
, 1
√

3
, 1
√

3
) is the point on the unit sphere

with equal distance to the ideal centroids (1, 0, 0), (0, 1, 0) and
(0, 0, 1), and it becomes difficult to assign nearby points to a
centroid. As we show in Section IV.A, if the data is suffi-
ciently noisy, k-means will classify such points as their own
cluster since these points are relatively close on the sphere.
But such a cluster is obviously not very informative since it
is mostly composed of noise. However, with the correlation-
based k-means algorithm, the points A′, B′,C′,D′ can be better
separated into the circle passing through A, B,C,D, despite the
fact that A′, B′,C′,D′ are very close in distance on the sphere.
Therefore, the location of the clusters that we identify are in
more close proximity to the ground truth clusters, and so the
original centroids will be better preserved.

2.5. Eigenvector Direction Selection

The direction (or sign) of a eigenvector is arbitrary from the
eigendecomposition algorithms: if the eigenvector v satisfies
Av = λv for some eigenvalue λ, so does -v. However, if we
use SCA-PC, the directions of these vectors influence our clus-
tering results. Considering k-dimensional unit vectors, flipping
the sign of any dimension will affect the correlation between
two unit vectors. Therefore, we consider the orientation of the
eigenvectors that can enhance the clustering performance.

The issue of arbitrary sign of eigenvectors has been studied
before. The solution has been proposed and it showed improve-
ment on a computer-vision segmentation problem (Bro et al.,
2008). In short, the sign of an eigenvector (positive or nega-
tive) should be similar to the sign of the majority of vectors.
We adopt the eigenvector direction selection idea into our al-
gorithm. Specifically, we project the preprocessed data matrix
M (each row stands for a data point) into the eigenvector direc-
tion. The signed projections (keep the sign of the projections
but square their amplitudes) for each eigenvector vi are added
together. The sign is selected based on the major energy di-
rection. The eigenvector direction selection algorithm is listed
below.
For each vector vi:

1. Compute xi = M · vi

2. Calculate si = Σ j sign(xi j) · (x2
i j)

3. If si < 0, set xi = −xi

3. Methods

3.1. Simulations

To compare the performance of the SCA-PC and SCA-ED,
we generate clusters in 3D space for clear visualization. Three
clusters are centered around the three standard basis vectors
(1,0,0), (0,1,0) and (0,0,1). We simulate each cluster with 1000
points on a unit sphere centered at a standard basis vector. The
points on a sphere can be represented by (ρ, θ, φ) where ρ is
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the distance from the origin, θ is the angle of the corresponding
vector and z-axis, and φ is the angle on the x-y plane projec-
tion of the vector and the y-axis (Fig. 2). In our simulation, for
the points centered around (0,0,1), φ is given randomly from a
uniform distributionU(0, 2π) and θ from a normal distribution
N(0, σ), where σ = π

4 ,
π
2 , π. For all points, ρ = 1. For the points

centered around the other basis vectors, θ and φ are defined rel-
ative to the basis vectors as in the basic vector (0,0,1).

Fig. 2: Visualization of sphere population during simulation. With reference to
the point R, we generate a point P on the sphere using randomly generated φ, θ.

To display our results from the simulation, we set up the
plane tangent to the point ( 1

√
3
, 1
√

3
, 1
√

3
)> on the sphere equidistant

from our three chosen standard vectors. For each point on the
sphere, we project it onto this plane and compute the direc-
tion from that tangent point to the projected point. We then
determine the length of that vector by computing the spherical
distance from the tangent point to the point on the unit sphere,
thereby yielding the location of that point on our 2-dimensional
projection.

After performing the k-means clustering using the Pearson
correlation and Euclidean distance metrics (k = 3), we obtain
a partition of three clusters using Pearson correlation metrics
P = P1, P2, P3 and using Euclidean distance metrics E = E1,
E2, E3. We compare their clustering performance with the
ground-truth partition G. Several popular similarity indexes
between two partitions, including the Rand index (RI), the
Variation of Information index (VII), the van Dongen index
(VDI), the Centroid Similarity index (CSI), and Centroid-
Matched Jaccard (CMJ) index (Fränti et al., 2014; Rezaei and
Franti, 2016; Wu et al., 2009), are adopted for the comparisons.
Normalized versions of the indexes are used to remove the
similarity of two partitions which merely originates from
chance (Vinh et al., 2009). The RI is the pair counting index,

which is based on counting the pairs of points on which the
two partitions agree or disagree. The VII is defined as the sum
of conditional entropies of H(P|G) and H(G|P), where H(P|G)
stands for the number of bits needed to store the partition P
given the ground-truth partition G. H(P|G) is zero if P and
G are the same partition because no bit is needed to store P
if G is given. H(P|G) is large if P and G are very different
because knowing G does not provide much information for
storing P. The VDI is based on matching each set in P with a
set in G with the maximum intersection of nodes. The three
indicies consider the average set matching between one set
in P with all the sets in G. CSI and CMJ are the similarity
measures based on one-on-one set matching between P and
G. CSI and CMJ matches the sets by permutating the sets in
P and choosing the permutation which maximizes the total
number of nodes overlapping between G and P. CSI is based
on the total number of nodes overlapping between G and P
after the set matching. CMJ is the summed Jaccard similarity
between paired sets after set matching. That is, for each pair
of set G and P, the size of their intersection divided by the
size of their union is calculated. CMJ is the summation of
these derived values for all matched sets. CSI and CMJ reflect
how well the cluster locations are preserved according to the
ground-truth partition. Among the five index metrics, higher
values of the RI, CSI, and CMJ indicate better clustering
performance, while lower values of the VII and VDI, based
on distance notation,indicate better clustering performance.
1-VII and 1-VDI are used in the clustering evaluation together
with the other three measures to ensure the consistency among
the metrics: the higher values, the better performance. We
expect that the first three metrics will not show much difference
between SCA-ED and SCA-PC. We compared the differ-
ent similarity indexes to show the comprehensive perspective
for how the two algorithms SCA-PC and SCA-ED are different.

3.2. Human Subjects, Scanning, and Image Analysis
We test the performance of SCA-PC and SCA-ED on a pre-

existing resting-state blood oxygen level dependent (BOLD)
fMRI dataset (Dai et al., 2015). Twenty healthy subjects (8
females/12 males, 22–38 years old 30.3±4.6) were imaged on a
3 Tesla HDxt (GE Healthcare, Waukesha, WI, USA) magnetic
resonance scanner using an 8-channel head coil receive array
and the body coil for transmission. For resting-state BOLD
fMRI, 28 axial slices with a thickness of 4 mm, a gap of 1 mm,
field-of-view of 24 cm and a matrix size of 64×64 covering the
whole brain were obtained using gradient-echo EPI with TR=2
s and TE=25 ms. Three hundred BOLD image volumes were
collected in 10 min and 4 s. Axial T1-weighted magnetization
prepared rapid gradient echo (MPRAGE) images covering the
whole brain were acquired in 3 min 58 s (96 slices with Matrix:
192 × 192; thickness: 2.0 mm, TE: min Full, TR: 25 ms, TI:
1100 ms, FOV: 24 cm, rBW: 31.25 kHz).

The BOLD fMRI images are motion corrected and registered
to the standard MNI space using T1-weighted MPRAGE im-
ages as intermediate images. Each subject’s BOLD fMRI time
series is represented as 2D time × space matrix. Global sig-
nal fluctuations are removed by regressing out the global mean
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signals over the entire brain. All subjects’ data are concate-
nated along the time dimension by stacking all global-signal-
regressed 2D matrices of every single subject on top of each
other. Each voxel is normalized with mean of 0 and vari-
ance of 1. The correlation matrix is then reconstructed using
pair-wise correlation of all brain voxels. A normalized Lapla-
cian matrix is formed from the correlation matrix, and singular-
value decomposition is performed on the Laplacian matrix. The
k=20 smallest eigenvalues are selected and the corresponding
20 eigenvectors are calculated using Nyström algorithm. We
normalize the 20-dimensional feature vectors to unit length.

The directions of the eigenvectors are corrected as in Section
2.5. SCA-PC is applied to the direction-corrected eigenvector
space to produce 20 clusters. SCA-ED is directly applied to the
eigenvector space for comparison with SCA-PC. The direction
correction is not applied for the SCA-ED method because it
does not affect the performance of SCA-ED. We then rank the
clusters by their average intra-cluster correlations of member
voxels obtained from the correlation matrix.

To evaluate the quality of our results, we compare our clus-
ters to those obtained by traditional seed-based analysis. We
acquire the MNI coordinates of the seed voxels for the brain net-
works: the Default Mode (Posterior Cingulate Cortex), Medial
Visual (Primary Visual Cortex), Lateral Visual (Lateral Visual
System), Left and Right Lateral (Left Dorsolateral Prefrontal
Cortex, Right Dorsolateral Prefrontal Cortex), Sensory Motor
(Primary Motor Cortex), and Dorsal attention (Left Posterior
Intraparietal Sulcus) and Auditory attention networks (Primary
Auditory Cortex) from Song et al. (2016), Adriaanse et al.
(2014), and Campbell et al. (2015). We then produce 2-cm3

seed ROIs and compute voxel-wise correlation maps for each
subject. The correlation maps are Z-transformed to conform
with the normal distribution. The voxels with Z scores signif-
icant different from zero (voxel-level p < 0.001 and multiple-
comparison corrected cluster-level p < 0.05) are reported as sig-
nificant clusters.

4. Results

4.1. Simulation Results

When the noise variance is set to be relatively low, σ = π
4 ,

simulations do not show much difference in clustering perfor-
mance between SCA-PC and SCA-ED (Fig. 3a-3b). This is
consistent with the quantitative comparison, showing no statis-
tically significant difference in all five clustering metrics from
1000 simulations (Fig. 4). When σ = π

2 , SCA-PC exhibits
slightly better performance compared to SCA-ED (Fig. 3c-3d).
A few orange dots (appearing near the centroids of blue and yel-
low dots in the 2D projection plot) are close to equidistance on a
3-D sphere from the centroids and hence does not matter which
clusters they are divided into. Only the Normalized VDI shows
statistically better performance in SCA-PC (p = 4.964 × 10−7),
(Fig. 4). Due to the large range of the VDI across different noise
levels, the clustering performance difference using normalized
VDI is not clearly visible in the figure. Supplementary Fig.
S1a is shown to visualize the superior clustering performance
of SCA-PC compared to SCA-ED using normalized VDI.

But when the variance is set to a higher value π, the clustering
methods yield different results. SCA-PC produces clusters with
centroids close to the ground truth, whereas SCA-ED does not

Fig. 3: Clustering results of spectral clustering algorithm with Euclidean dis-
tance (SCA-ED) and spectral clustering algorithm with Pearson correlation
(SCA-PC) with different noise levels: σ = π

4 ,
π
2 , π. (a)-(b): clustering results

from SCA-ED and SCA-PC with σ = π
4 . (c)-(d): clustering results from SCA-

ED and SCA-PC with σ = π
2 . (e)-(f): clustering results from SCA-ED and

SCA-PC with σ = π. Black dots and x’s correspond to the ground-truth stan-
dard vectors in R3 and the derived centroids from either SCA-ED or SCA-PC.

produce corresponding centroids with the ground truth: a clus-
ter (orange color) contains two of our ground-truth centroids,
another cluster has no centroid (Fig. 3e-3f). All five cluster
measures show a significant difference between the two meth-
ods (RI: p = 0.00178; VII: p = 0.0308; VDI: p = 0.00930;
CSI: p = 0.215 × 10−231; CMJ: p = 0.148 × 10−258) (Fig. 4).
The CSI and CMJ measures demonstrate a markedly better per-
formance in SCA-PC, which is clearly visible in Fig. 4d-4e.
The clustering performance differences using normalized RII,
VII, and VDI are not clearly visible in Fig. 4a-4c. Supplemen-
tary Fig. S1b-S1d are shown to visualize the superior clustering
performance of SCA-PC than SCA-ED using normalized RII,
VII, and VDI. Although the clustering performance of SCA-PC
is statistically better than SCA-ED using the normalized RII,
VII, and VDI, there exists large overlap in their performance
in the three measures. These are expected because the mea-
sures consider only the averaging matching between any two
sets from different clustering methods. The markedly large im-
provement of SCA-PC using the CSI and CMJ indexes suggests
that the SCA-PC can retain the ground-truth cluster locations
even when analyzing the data with large noise.
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Fig. 4: Clustering performance of spectral clustering algorithm with Euclidean
distance (SCA-ED) and spectral clustering algorithm with Pearson correlation
(SCA-PC) on the simulation with difference noise levels: σ = π

4 ,
π
2 , π. Red and

blue bars stand for scores of clustering results calculated from SCA-ED and
SCA-PC, respectively. Clustering performance is evaluated using (a) normal-
ized RI, (b) normalized VII, (c) normalized VDI, (d) CSI, and (e) CJI measures.

4.2. Human Subject Results

When the SBA method is applied to our in-vivo rs-fmri data,
brain networks that are relatively consistent to the literature are
found Fig. 5 (Damoiseaux et al., 2006; Rosazza and Minati,
2011; Zhu et al., 2013). However, the left lateral network and
right lateral network appear to be more noisy than those fre-
quently reported from the large-scale lateral networks (Damoi-
seaux et al., 2006; Rosazza and Minati, 2011; Zhu et al., 2013);
the location of the dorsal attention network appears to be more
posterior compared to its frequently reported location. Further
investigation shows that the brain networks detected from SBA
are sensitive to the seed locations (not shown). Therefore, the
networks detected from SBA cannot be taken as ground-truth
networks to be compared against the clustering performance of
SCA-PC and SCA-ED.

Our proposed SCA-PC method yields brain networks that
highly overlap with those frequently reported in the literature
(Damoiseaux et al., 2006; Rosazza and Minati, 2011; Zhu et al.,
2013), even compared with the exact anatomical locations in
the corresponding brain networks (Fig. 5). This indicates that
SCA-PC, as predicted by the simulation, is a robust method
to maintain the true location of the cluster. In contrast, SCA-
ED fails to include the anterior portion of the default mode

Fig. 5: Clusters derived from 20 BOLD fMRI volumes using seed-based anal-
ysis (SBA), spectral clustering algorithm with Euclidean distance (SCA-ED),
and spectral clustering algorithm with Pearson correlation (SCA-PC). The De-
fault Mode, Medial Visual, Lateral Visual, Left Lateral, Right Lateral, Sensory
Motor, Dorsal Attention, and Auditory Attention networks were retrieved from
our data.

network, whereas SCA-PC and SBA produce the network in
one cluster. A further investigation shows that SCA-ED yields
the anterior portion of the default mode network as a separate
cluster. SCA-ED also fails to include the posterior portions of
both the left lateral network and the right lateral network (Fig.
5). The missing portions of the two lateral networks have been
mostly combined into the dorsal attention network using SCA-
ED. SCA-ED clustering that splits one networks into two (e.g.,
default mode network) and combines several network portions
into one cluster (e.g. posterior portions of both the left lateral
network and the right lateral network, and dorsal attention net-
work), occurs as predicted by the simulation when the images
are sufficiently noisy. The appearance of this phenomenon also
indicates that the real fMRI imaging data is noisy and the cur-
rent state-of-art clustering algorithm may suffer from unreliable
partitioning of large-scale brain networks. With SCA-PC, we
are not able to completely separate the noise clusters from the
brain networks using the mean intra-cluster correlation value as
a rank score, although the noise clusters 14-20 tend to rank last
(Fig. 6). Noise clusters 8 and 11 still mix with the brain net-
works. The SCA-PC is promising in separating noise clusters
from clusters formed by brain networks, if the noise level of
BOLD fMRI can be improved.

5. Conclusion

We have proposed a SCA-PC method, which is based on
the SCA method and using Pearson correlation as a k-means
clustering metric in the spectral space. The SCA-PC method
is compared with the current state-of-art SCA method, SCA-
ED, using theory, simulation, and real fMRI data. We have
demonstrated that SCA-PC is a robust method for the partition
of brain networks using real fMRI data. It can maintain the true
locations of brain networks with different levels of noise.



8 Jason Barrett et al. / Medical Image Analysis (2020)

Fig. 6: Clusters derived from 20 BOLD fMRI volumes using spectral clustering
algorithm with Pearson correlation (SCA-PC) ordered by mean intra-cluster
correlation.
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Appendix. Additional details on clustering performance

Fig. A.1: Clustering performance of spectral clustering algorithm with Eu-
clidean distance (SCA-ED) and spectral clustering algorithm with Pearson cor-
relation (SCA-PC) on the simulation with selected noise levels. Red and blue
bars stand for scores of clustering results calculated from SCA-ED and SCA-
PC, respectively. Clustering performance was evaluated using (a) 1 - normal-
ized VDI at σ = π/2, (b) normalized RI at σ = π, (c) 1 - normalized VII at
σ = π, (d) 1 - normalized VDI at σ = π.
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*Graphical Abstract



 We introduce a method for partitioning brain into different resting-state networks. 
 

 The method is a data-driven analysis method without the need of prior knowledge of 
brain anatomy. 

 

 The method shows improved accuracy compared to current methods. 
 

 The method can retain the true locations of brain networks in real fMRI data. 
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