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Abstract Diffusion imaging and brain connectivity analyses can reveal the under-
lying organizational patterns of the human brain, described as complex networks 
of densely interlinked regions. Here, we analyzed 1.5-Tesla whole-brain diffusion-
weighted images from 64 participants—15 patients with behavioral variant fron-
totemporal (bvFTD) dementia, 19 with early-onset Alzheimer’s disease (EOAD), 
and 30 healthy elderly controls. Based on whole-brain tractography, we recon-
structed structural brain connectivity networks to map connections between cortical 
regions. We examined how bvFTD and EOAD disrupt the weighted ‘rich club’—a 
network property where high-degree network nodes are more interconnected than 
expected by chance. bvFTD disrupts both the nodal and global organization of the 
network in both low- and high-degree regions of the brain. EOAD targets the global 
connectivity of the brain, mainly affecting the fiber density of high-degree (highly 
connected) regions that form the rich club network. These rich club analyses suggest 
distinct patterns of disruptions among different forms of dementia.

1 Introduction

Rapid advances in neuroimaging have revolutionized the study of brain connectivity, 
also known as ‘connectomics’ [1], revealing organizational principles in fiber 
connections and how these contribute to the functional and structural integrity of
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the brain. Structural and functional imaging can be used to create connectivity maps
of the brain. To analyze these maps, advanced mathematical methods have been
employed, such as graph theory, to better understand connectivity patterns in the
healthy [2, 3] and diseased brain [4].

Diffusion weighted imaging (DWI) can be used in structural brain connectivity
studies to assess the global and local breakdown of network integration in degener-
ative disease. Recent concepts that describe network properties—such as the “rich
club” effect—can provide important information on the complexity and higher-
order structure of the brain network. The rich club network is composed of densely
interconnected components that are more heavily interconnected among themselves
than would be expected by chance. Rich club components are highly central and
interconnected regions of the brain [5] that have also been identified as “brain
hubs” [2]. Studying the role and function of these hubs allows us to describe the
brain in terms of a hierarchical ordering, specialization, and level of resilience [3]—
identifying properties of brain networks in health and disease.

In this study we analyzed the nodal and global weighted rich club network in
behavioral variant frontotemporal dementia (bvFTD) and early onset Alzheimer’s
disease (EOAD), as compared to the healthy brain. Prior work suggests that if
in particular the rich club organization is altered, it can cause damage to the
cortical synchronization of the brain [3, 6]. Here, we hypothesize that the rich club
network may be disrupted in both forms of dementia, perhaps leading to disrupted
communication among cognitive systems of the brain. We expected frontal cortical
regions to be disrupted in bvFTD [7], while in EOAD, we hypothesized differences
in the posterior cingulate and precuneus regions [8]. Overall, we aimed to detect
distinct patterns of disruption in the nodal and global organization of the rich club
network. We found, for the first time, severely disrupted global connectivity in
bvFTD participants with lower fiber density in both low- and high-degree cortical
regions. This was accompanied by altered connectivity across more than 60 % of
the nodal connections of the brain. On the other hand, EOAD mainly affected the
global connectivity of the network, and some of the high-degree cortical regions that
form the rich-club. However, unlike in bvFTD, the overall organization of the brain
network in EOAD was relatively preserved.

2 Methods

2.1 Participants and Diffusion-Weighted Brain Imaging

We analyzed diffusion-weighted images (DWI) from 30 healthy controls and
34 dementia patients—15 bvFTD subjects and 19 age-matched EOAD subjects
(Table 1). All 64 subjects underwent whole-brain MRI scanning on 1.5-Tesla
Siemens Avanto scanners, at the MRI Center at UCLA. Standard anatomical T1-
weighted sequences were collected (256 � 256 matrix; voxel size D 1 � 1 � 1 mm3;
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Table 1 Demographic information for the 30 healthy controls, 15 bvFTD and 19 EOAD patients.
The mean age and sex are listed for each diagnostic group

CTL bvFTD EOAD Total

Age 59.5 ˙ 9.6 SD 61.3 ˙ 10.8 SD 57.9 ˙ 4.3 SD 59.5 ˙ 8.7 SD
Sex 13M/17F 7M/8F 7M/12F 27M/37F

TI D 900, TR D 2,000 ms; TE D 2.89 ms; flip angle D 40ı), and diffusion-weighted
images (DWI) using single-shot multisection spin-echo echo-planar pulse sequence
(144 � 144 matrix; voxel size: 2 � 2 � 3 mm3; TR D 9,800 ms; TE D 97 ms; flip
angle D 90; scan time D 5 min 38 s). 31 separate images were acquired for each
DTI scan: 1 T2-weighted images with no diffusion sensitization (b0 image) and 30
diffusion-weighted images (b D 1,000 s/mm2). Image preprocessing was performed
as described in [4]. This was not included here due to space limitations.

2.2 N � N Connectivity Matrix Computation

We performed whole-brain tractography as described in [4]. We used a method
based on the Hough transform to recover fibers, using a constant solid angle
orientation distribution function to model the local diffusion propagator [9].

Each subject’s dataset contained �10,000 useable fibers (3D curves) in total. 34
cortical labels per hemisphere, as listed in the Desikan–Killiany atlas [10], were
automatically extracted from all aligned T1-weighted structural MRI scans with
FreeSurfer (http://surfer.nmr.mgh.harvard.edu/).

For each subject, a 68 � 68 connectivity matrix was created whereby each
element represented the total number of detected fibers, in that subject, that passed
through each pair of ROIs. The connectivity matrices were normalized by the total
number of fibers extracted for each brain.

2.3 Weighted Rich Club Networks

Graph theory metrics were used to examine the topology of the connectivity matri-
ces. We used the Brain Connectivity Toolbox measures as described previously [11].

The weighted rich club coefficient is a function of the nodal degree, k—the
number of edges that connect to a node. At a particular k level the nodal degree
is computed as:

k D
X

j 2N
aij (1)

http://surfer.nmr.mgh.harvard.edu/
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where ki is the degree of a node i, and aij is a connections status between nodes i
and j (aij D 1 if nodes i and j are connected and aij D 0 otherwise) [4, 12].

We computed the rich club coefficient for each subject’s anatomical network at a
range of k value thresholds (i.e., k D 1–22). To do this, we examined subnetworks,
M, in the connectivity matrix, and computed the nodal degree by counting the links
that interconnected each node i in the subnetwork with k other nodes. Nodes that
had a nodal degree �k were removed from the network. Then, we ranked all the
connections in the network as a function of weight and stored them in a vector,
Wranked. Within M, we selected the degrees larger than k; the number of links
between the components of the subnetwork was counted, E>k, as well as the sum
of their collective weight, W>k. Then, the weighted rich club, �w(k), was computed
as the ratio between W>k and the sum of the ranked weights from Wranked (from the
whole network) given by the top strongest connections in E>k [3].

�w .k/ D W >k
XE>k

lD11
wranked

l

(2)

To normalize the measures, we compared the observed values to a rich club
coefficient computed on an average calculated from 100 randomized networks of
equal size and similar connectivity distribution. This is an important step in the
analysis, as the absolute values provide limited information on network integration
in the brain [2] (Fig. 2a).

�w
norm .k/ D �w .k/

�w
rand .k/

(3)

Rich club subnetworks, as described throughout the study, were set at a high-
degree k-levels (k > 15), as previously reported [3]. As part of our nodal analysis,
we investigated the rich club networks at k D 16 by thresholding the connectivity
matrices at nodal degree, k. We computed the nodal degree on the rich club networks
at k D 16 and compared it between bvFTD and controls, using a linear regression,
with healthy coded at 0 and diseased coded as 1; we covaried for age, sex and
brain volume. Similarly, we compared the EOAD group to controls and, separately,
bvFTD to EOAD. For our global analyses, we tested how the unnormalized and
separately, normalized, rich club coefficients at all 22 k-levels differed in bvFTD,
relative to controls, using the same setup for the linear regression as described
above. Then, we compared EOAD to controls and finally, bvFTD to EOAD. We
used the false discovery rate procedure (FDR) to correct for the multiple tests
performed at each cortical region and at each k level. In addition, we corrected
for the three comparisons between diagnostic groups by adjusting the significance
threshold to 0.05/3.
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3 Results

3.1 Nodal Analysis

In our nodal analysis of the rich club network (at k D 16), over 60 % of the
cortical regions in the bvFTD brain network were less interconnected (43 regions
of 68), relative to healthy controls (FDR critical p-value D 0.016). Among these,
the most affected regions (p-value < 10�10) were the left and right hemisphere
caudal and rostral anterior cingulate, lateral orbitofrontal, rostral middle frontal
and superior frontal regions. In addition, the left hemisphere insula and pars
triangularis were also less interconnected in bvFTD, as was the precentral gyrus
in the right hemisphere (p-value < 10�10) (Fig. 1). Not all regions are listed due
to space limitations. On the other hand, 20 % of the cortical regions (14 regions
of 68) in the rich club had a lower nodal degree in EOAD participants, relative to
healthy controls (FDR critical p-value D 0.010) with most affected regions found in
the left hemisphere posterior cingulate, precuneus and superior frontal region (p-
value < 10�4) (Fig. 1).

When compared to each other, the brain network of bvFTD participants
was significantly less interconnected than the EOAD brain (FDR critical p-
value D 0.013). The left and right hemisphere caudal and rostral anterior cingulate,
lateral orbitofrontal, rostral middle frontal and superior frontal, pars triangularis
had a lower nodal degree in bvFTD (p-value < 10�5); furthermore, the left
hemisphere lateral and medial orbitofrontal and insula were also more affected
in bvFTD. Overall, the left hemisphere was most affected in both bvFTD and
EOAD, indicating that it might be more vulnerable to network disruptions than the
right.

3.2 Global Analysis

The unnormalized rich club coefficient was lower in the diseased groups, relative
to healthy controls (Fig. 2). The unnormalized rich club coefficient was lower
in bvFTD participants, relative to controls (FDR critical p-value D 0.010), but
no difference was detected in EOAD. Furthermore, the bvFTD group had a
lower unnormalized rich club coefficient than EOAD participants (FDR critical
p-value D 5 � 10�4).
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Fig. 1 Average pattern of network connections and group differences in the nodal degree (at
k D 16) between bvFTD and controls (CTL) (top), and EOAD and CTL (bottom). Nodes and
connections in red indicate the presence of rich club components (at k D 16) averaged across all
subjects for bvFTD and EOAD participants; components in black are in the low-degree k-level
regime (k < 16), not included in the rich club network. Most affected cortical regions in disease
with a decrease in nodal degree are indicated in blue along with their connections to neighboring
nodes; blue large spheres are part of the rich club network, but small spheres are not. The bvFTD
network shows a visibly sparse organization, especially in the frontal lobe; EOAD targets the rich
club components of the left hemisphere, but the overall organization of the rich club network is
preserved

In a separate analysis, the normalized weighted rich club coefficient was higher
in the diseased groups, relative to healthy controls (Fig. 2). The normalized rich
club was significantly higher in bvFTD subjects across most of the k-value regime
(FDR critical p-value D 0.016). Similarly, the normalized rich club coefficient was
also higher in EOAD subjects, relative to healthy controls, but mostly in the high
k-level network (k > 13) (FDR critical p-value D 0.016). When we compared the
diseased global networks to each other, bvFTD participants had a significantly
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Fig. 2 (a) Shows the rich club curves, including the unnormalized (�w), normalized (�w
norm)

and randomized rich club (�w
rand) as a function of nodal degree, k, for the weighted group

average networks in healthy controls; a rich club is formed at k > 15. (b) Shows significant
differences (red) in the normalized (FDR critical p-value D 0.016) and unnormalized rich club
coefficient (FDR critical p-value D 0.010) between bvFTD (green) and controls (blue) across
most of the k-value regime. (c) Shows significant differences in the normalized (FDR critical
p-value D 0.016) rich club coefficient between EOAD (purple) and controls mostly in the
high-level k-value regime. (d) Shows significant differences in the normalized (FDR critical
p-value D 0.016) and unnormalized rich club coefficient (FDR p-value D 5 � 10�4) between
bvFTD and EOAD participants. Gray dots on the curves indicate that no differences were detected.
Error bars indicate standard error

higher normalized rich club coefficient than EOAD across the low and high k-level
regime (FDR critical p-value D 0.016).

4 Discussion

Here we analyzed structural brain connectivity by examining the weighted rich
club organization in cognitively healthy controls and participants with dementia
(bvFTD and EOAD). The weighted rich club curves revealed distinct patterns of
disruption in each disease group—bvFTD subjects showed severe nodal and global
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network disruptions in fiber density across the entire k-value regime, while EOAD
participants showed disruptions mainly in the rich club network (i.e., high k-value
regime), suggesting an overall more robust network than bvFTD.

The rich club phenomenon describes the hierarchical “assortative” organization
of the human brain where high degree nodes are more likely to be interconnected
among themselves than expected by chance [3, 13]. The human brain, in both health
and disease, exhibits networks with high connectivity density indicating that the
communication hubs of the brain operate collectively, and not as individual entities
[3]. The findings from our nodal analysis are in line with prior reports that the
central hubs of the human and non-human brain, often called the ‘central brain
module’, include the superior frontal regions, precuneus, posterior cingulate and
insula [2, 5, 14]. We found that these rich club regions are disrupted in disease:
bvFTD participants showed severe alterations in the left and right hemisphere frontal
regions and insula, while EOAD participants showed greatest disruptions in the left
hemisphere precuneus, posterior cingulate and superior frontal region (Fig. 1).

Failure of the central brain module may severely affect global network efficiency,
and the communication among network components [3, 15]. Meanwhile, EOAD
targets the rich club cortical regions of the left hemisphere, which is in line with
some prior work suggesting that the left hemisphere structural connectivity might
be more affected in late-onset AD than the right [4].

The global analysis of the weighted right club coefficient takes into account the
interconnectivity of the densest subnetworks of the brain, as a function of weight
(i.e., fiber density), at each k-level, relative to the top k ranked weights across of
the whole network. Hence, the unnormalized rich club coefficient decreased with
increasing k-value thresholds as nodes are “peeled off” (Fig. 2). When normalized,
using random networks of the same size and degree distribution, this pattern
inverts. The bvFTD brain network is more vulnerable to the erosive decomposition
method of the rich club showing disruptions in fiber density throughout most of
the k-value regime (Fig. 2b). This is indicated by a lower unnormalized rich club
coefficient and higher normalized rich club coefficient, relative to healthy elderly.
In contrast, the early stages of AD showed a more robust network, unaffected in
the low k-value regime, but fiber density was disrupted among the rich club nodes
of the EOAD network, relative to controls (Fig. 2c). Similarly, this is indicated
by a higher normalized rich club coefficient while no differences were detected
in the unnormalized rich club coefficient, compared to controls. Finally, among
the two disease groups, bvFTD seemed to have a more drastically altered global
connectivity, with lower fiber density compared to EOAD (Fig. 2d).

There is room for possible speculation regarding the biological origins of the
low and high-degree k-value regime. It may be that the low-degree k-value regime,
where low degree nodes are eliminated from the rich-club subnetwork, may reflect a
high level of specialization of these nodes [3]. Meanwhile, the high-degree k-value
regime may indicate the absence of a densely interconnected connectome, where
low-degree connections between cortical regions are missing; this may also reflect
levels of differentiation between the densely connected hubs of the network [3].
In our analyses, bvFTD participants had a severely impaired fiber density across
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both the low- and high-degree k-value regime; the lower fiber density may have
eliminated some of the potentially highly specialized low-degree nodes and reduced
the connections among the high-degree nodes, leading to a more sparse rich club
network. This may impair communication with neighboring nodes, and possibly
function. Although EOAD affects the fiber density of major hubs in the network,
the organizational integrity of the high-degree nodes in the rich club network is,
however, relatively preserved.

One limitation of this study is the low spatial resolution of connectome—we
represented the human brain as a network of 68 segmented cortical regions. This
low network resolution may affect the topological properties of the recovered
network [3]. In addition, the number of tractography fibers (�10,000) may also
impact the detection of changes in complex structure and architecture of the white
matter bundles. Overall, our analyses have successfully outlined distinct patterns of
disruption in two different forms of dementia, providing insight into how damage to
the human connectome may occur in degenerative brain disorders.
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