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Abstract

The human brain is a complex network, in which some brain regions, denoted as ‘hub’ regions, play critically important
roles. Some of these hubs are highly interconnected forming a rich-club organization, which has been identified based on
the degree metric from structural connectomes constructed using diffusion tensor imaging (DTI)-based fiber tractography.
However, given the limitations of DTI, the yielded structural connectomes are largely compromised, possibly affecting the
characterization of rich-club organizations. Recent progress in diffusion MRI and fiber tractography now enable more reli-
able but also very dense structural connectomes to be achieved. However, while the existing rich-club analysis method is
based on weighted networks, it is essentially built upon degree metric and, therefore, not suitable for identifying rich-club
organizations from such dense networks, as it yields nodes with indistinguishably high degrees. Therefore, we propose a
novel method, i.e. Rich-club organization Identification using Combined H-degree and Effective strength to h-degree Ratio
(RICHER), to identify rich-club organizations from dense weighted networks. Overall, it is shown that more robust rich-club
organizations can be achieved using our proposed framework (i.e., state-of-the-art fiber tractography approaches and our
proposed RICHER method) in comparison to the previous method focusing on weighted networks based on degree, i.e., RC-
degree. Furthermore, by simulating network attacks in 3 ways, i.e., attack to non-rich-club/non-rich-club edges (NRC2NRC),
rich-club/non-rich-club edges (RC2NRC), and rich-club/rich-club edges (RC2RC), brain network damage consequences have
been evaluated in terms of global efficiency (GE) reductions. As expected, significant GE reductions have been detected
using our proposed framework among conditions, i.e., NRC2NRC < RC2NRC, NRC2NRC < RC2RC and RC2NRC < RC2RC,
which however have not been detected otherwise.
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Introduction

The human brain is a complex network, in which interacting
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demonstrated to be more densely interconnected among
themselves, together forming a core structure or ‘rich-club’
of the structural brain network (van den Heuvel and Sporns
2011; Colizza et al. 2006; Zhou and Mondragon 2004).!
In this study, we investigate rich-club phenomenon based
on this common description while other valid descriptions
could be employed as well. Importantly, it has been shown
that the disruption of the rich-club topology can be the
underlying cause of global brain connectivity loss induced
by brain diseases (van den Heuvel and Sporns 2011; van den
Heuvel et al. 2013; McColgan et al. 2015).

The identification of rich-club architecture relies on the
characteristics of the structural connectome. In the seminal
study of brain rich-club organization (van den Heuvel and
Sporns 2011), streamlines tractograms were reconstructed
using diffusion tensor imaging (DTI) (Basser et al. 1994).
This approach, however, is now recognized due to its failure
to resolve fiber-crossing when tracking through areas with
multiple fiber populations (Tournier et al. 2011). Further-
more, quantification of structural connectomes based on
streamlines tractograms is known to be problematic (Jones
et al. 2013). Issues related to the reconstruction of streamlines
tractograms can be addressed using state-of-the-art tech-
niques that have been specifically developed to correct for
different sources of errors (Girard et al. 2014; Daducci et al.
2015; Smith et al. 2013; Pestilli et al. 2014). The application
of these advanced techniques has been shown to improve
the overall biologically plausibility and accuracy of connec-
tome quantification (Smith et al. 2015). Furthermore, it has
been demonstrated that these sources of tractogram biases/
errors can alter the connectomic metrics significantly when
using graph theory analysis (Yeh et al. 2016). Therefore, such
tractogram bias/error corrections might also have major con-
sequences in the characterization of rich-club organization.

Both the choice of tractogram algorithm (Bastiani et al.
2012) and brain parcellation (Zalesky et al. 2010) have been
shown to have a major influence in the resulting network
density for the structural connectome, e.g., from ~ 30% in
van den Heuvel and Sporns (2011) to ~ 85% in Yeh et al.
(2016), using the common atlas-based brain parcellation
scheme (Desikan et al. 2006). Notably, some important net-
work models, such as the small-world network architecture
(Bullmore and Sporns 2012), are derived from the sparse
network density of human brains. Accordingly, in order to
conform with such inferences, sparse networks are com-
monly assumed in tractogram-based connectomic studies

! Although rich-club formation could alternatively be present as a
disassortative network, i.e., hubs tend to be more likely to be con-
nected to low-degree nodes (Colizza et al. 2006), this is unlikely the
case in the human brain network which has been proposed to be an
assortative network (van den Heuvel and Sporns 2011) and therefore
will not be considered in this study.
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(Bullmore and Sporns 2009; Latora and Marchiori 2001,
2003). While arbitrary thresholding is usually applied to
reduce network density through filtering out weak stream-
line connections, such processing has been demonstrated
to cause detrimental effects on connectome characteristics
(Drakesmith et al. 2015). To address this issue, a data driven
approach was recently described to turn highly connected
and weighted brain networks into sparse networks via
thresholding, the method however requires the assumption
that brain networks are sparse. Specifically, the underly-
ing hypothesis of sparse structural network cannot be veri-
fied since a ground-truth fiber connectivity of the human
brain currently does not exist. In fact, dense (66%) weighted
structural networks have been confirmed in macaque corti-
cal graphs using the retrograde tract tracing technique (Ken-
nedy et al. 2013; Markov et al. 2011, 2013a). Given the high
concordance between human and macaque brain systems
shown in previous studies (Hutchison et al. 2012; Goulas
et al. 2014), it is reasonable to infer that weighted structural
networks of the human brain are also likely to be dense.
Recently, Bassett and Bullmore 2016 advocated the use of
weighted instead of binary networks, and they emphasized
that such weighted and dense brain networks, including
strong and weak connections, should provide a deeper and
broader understanding of the brain network.

The key consequence of a highly-connected connectome
is that one of the most fundamental network metrics, node
degree, is no longer informative since most of the brain
nodes have undistinguished high degrees (see Supplemen-
tary Fig. S1). More generally, such degree-based rich-club
analysis could fail when degree parameter by which nodes
are ranked provides limited resolution, regardless if net-
works are dense or sparse. Specifically, we focus on dense
brain networks in this study. As a result, the computation
of degree-related metrics or higher-order analyses need to
be revisited (Yeh et al. 2016). Moreover, some important
inferences limited to sparse network architecture might be
no longer appropriate, such as the small-world network
model, which was challenged by a recent study (Markov
et al. 2013b). Likewise, the computation of the weighted
rich-club coefficient (van den Heuvel and Sporns 2011), in
which nodes are ranked using the degree metric, may not be
appropriate for analyzing dense networks. Degree metric is
likely to be more appropriate for binarized (i.e., unweighted)
and sparse networks than for weighted and dense networks,
which already unfavorably discards the important informa-
tion of inter-areal weight heterogeneity (Markov et al. 2011).

When performing weighted analyses of structural con-
nectomes, the node strength, typically defined as the number
of streamlines directly linked to a node or the sum of inverse
streamline lengths (Hagmann et al. 2008), is often used as
edge weight (Barrat et al. 2004; Newman 2004; Opsahl
et al. 2008). However, for any given network node, this
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simple strength metric discards important information about
the connection heterogeneity to the other relevant nodes.
This issue can potentially be alleviated by the application
of h-degree (Hirsch 2005) that has been shown to provide
additional information in weighted network analyses (Zhao
et al. 2011). The h-degree ranks a node by considering the
connection strength between the relevant node pairs, which
should therefore help to capture the weight heterogeneity
that is fully neglected in the node strength metric. To help
reader appreciate the issue of the application of traditional
rich-club analysis approach to dense and weighted brain net-
works with different thresholds, traditional rich-club curves
have been plotted without and with thresholds (see Supple-
mentary Fig. S2).

In this study we extend the idea of h-degree and propose a
novel method for identification of rich-club architecture from
weighted connectomes (named RICHER, see “Methods”
below), without making any assumptions on the brain net-
work density. The performance of the proposed technique is
evaluated with the following experiments: Firstly, we compare
this new method with the commonly-used weighted rich-club
analysis approach (van den Heuvel and Sporns 2011) for find-
ing rich-club structures, by applying both approaches to the
weighted connectomes generated from advanced tractogram
reconstructions using anatomically-constrained tractography
(ACT) (Smith et al. 2012) combined with spherical-deconvo-
lution informed filtering of tractograms (SIFT) (Smith et al.
2013). Secondly, we compare the results with those derived
from conventional DTI-based tractography, as employed by
the pioneering work on rich-club architecture (van den Heuvel
and Sporns 2011). Lastly, we perform permutation tests and
simulations of network disruption to evaluate the significance
and reliability of the resultant rich-club connectivity obtained
from these methods of tractogram reconstructions and rich-
club analyses.

Materials and Methods
The Proposed Method: RICHER

We propose a novel method for identifying rich-club organi-
zation from weighted and dense structural networks, which
is referred to as Rich-club organization /dentification using
Combined H-degree and Effective strength to h-degree Ratio
(denoted as RICHER hereafter).

The Effective Strength to h-Degree Ratio

The network metric, H-index (or h-degree), possesses
advantages in analyzing weighted networks (Hirsch 2005;
Zhao et al. 2011). The h-degree H of a node i in a weighted
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Fig. 1 Illustration of the relationships among network strength (S),
h-degree (H) and effective strength to h-degree ratio (E). Each cir-
cle represents a node, and each line an edge (with strength given by
the corresponding number); nodes with the same color have equal
h-degree. Overall, node B is considered as the most important node
among all 10 nodes, characterized by highest H and E. Furthermore,
this example shows that while nodes F and G possess equivalent
total strength (= 81), node G is characterized by a higher h-degree
(i.e., H = 3 in comparisons to H = 1 for node F), demonstrating its
more important role than that of strength; this suggests that 4-degree
is more capable of analyzing weighted networks. On the other hand,
h-degree might not always be able to differentiate the importance of
some nodes. For example, nodes A and G are both characterized by H
= 3; however, node G is characterized by higher effective strength to
h-degree ratio, i.e. E(G) = 26.3, than node A, E(A) = 16, indicating
the more important role that node G might play in comparisons to A.
Overall, nodes C, D, E, F, H, I & J are characterized by low h-degree
H=1

network is H(i) if H(i) is the largest number such that node

i has at least H edges each with strength not less than H(i).
In addition to h-degree, we introduce a complementary

network metric, effective strength to h-degree ratio, E(i):

E(i) = S.q(i)/H(i) 1)
where (i) is effective strength of node i (i.e. total connec-
tion strength of only the edges that contribute to h-degree),
i.e., E(i) corresponds to the average connection strength for
the edges contributing to the h-degree.

This newly-defined metric can complement h-degree to
distinguish between nodes with similar s-degree but differ-
ent effective strength (see Fig. 1 for an illustrative exam-
ple), with the underlying premise that a rich-club member
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Fig. 2 Illustration of the proposed method, RICHER, for identifying
rich-club organization. A searching region is continuously contracted
if the current searching region does not constitute a rich-club organi-
zation, which is achieved by iteratively increasing thresholds for both
h-degree (H) and effective strength to h-degree ratio (E). For simplic-
ity’s sake, only 2 instances (i.e., regions R/ & R2) are exemplified. If

should fulfill two network characteristics (see Fig. 2): (1)
high H, and (2) high E, i.e. a candidate rich-club should
have high h-degree and high strength per edge at the same
time. Note that the latter criterion should be strictly com-
plied with the former, as brain regions merely having large
E are not necessarily rich-club members. As illustrated
in Fig. 1, for instance, ‘node H’ is a segregated node that
has relatively low H but with high E due to only one spe-
cific strong connections to its neighboring ‘node G’; since
‘node H’ fails to satisfy the high h-degree criterion, it is
not considered a rich-club member despite its high E.

Implementation

Criteria for Identifying Rich-Club Organization In practice,
appropriate criteria are required to identify candidate nodes
from a given (H, E) ‘searching region’ (i.e., an area confined
by high H and E on a 2D graph, see Fig. 2). In previous stud-
ies, rich-club organization has been defined as a tendency
for high-degree nodes to be more densely interconnected
than nodes of a lower degree (van den Heuvel and Sporns
2011). Given that the degree metric is no longer appropri-
ate for weighted and dense connectomes, the original strat-
egy for identifying rich-club members is not applicable for
RICHER. In this study, we therefore propose an analogous
strategy for identifying rich-club nodes within a searching
region: a rich-club member (i.e., a node among those having
both higher H and E, as described in the previous section)
must have stronger connections to the rich-club member set
(RC) (i.e., total connection strength to potential rich-club
organization divided by total number of potential rich-club
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a searching region R/ is first selected as follows: H > HI and E > El
(including area I, II, III and IV encircled with solid black and blue
lines); a subsequent contracted searching region R2 is then selected
as follows: H> H2 and E > E2 (including area III only encircled with
dashed black and blue lines). The arrows demonstrate the contracted
direction while running RICHER to identify rich-club organization

members) than to the non-rich-club member set (NRC). This
can be formulated as the following equation:

S N S, /N
vn € RC, R(a) = w(m)/Ngc _ 2pere Snp/Nre 51
Sp(m/Nxre  Zgenre Sng/Nare
)

where S,,(n) is the sum of connection strengths between
node n and other rich-club member p in RC, i.e., Sn,p; S,(n)
is the sum of connection strengths between node n and other
non-rich-club member ¢ in NRC, i.e., S, ;; Nycand Nygce
are total number of members in RC and NRC, respectively.
We consider that the ratio R > 1 is a necessary but non-
sufficient condition that any n belonging to RC (i.e., within
the ‘searching region’) must satisfy. Accordingly, we use
this criterion to evaluate every candidate rich-club member
within the searching region.

When the criterion of R > 1 is not fulfilled by all nodes
in RC, we iteratively contract the ‘searching region’ (ini-
tialized by the area determined by H > HI and E > EI;
see Fig. 2, region I + II + IIT + IV, and next section for
the choice of H1 and E1 values) by gradually increasing
E; for each E, we then iteratively increase H and tem-
porarily store every set of potential rich-club members
that all satisfy the R > 1 condition. Essentially, this pro-
cedure is repeated across a range of E and H values and
generates all potential sets of RCs. In order to determine
the optimal RC across the predefined ranges of E and H
values, i.e. among all potential sets of RCs, we propose
choosing as the final rich-club organization the one that
produces the largest Average Value of ratio R, denoted as
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Fig.3 The illustration of RICHER is shown in the flowchart. This
flowchart should help reader understand RICHER better along with
the pseudo code provided in the manuscript. Relevant parameters:
R ratio coefficient, H h-degree, E H-degree ratio, N total number of
brain regions, Ny total iteration steps of h-degree, N total iteration
steps of E

AVR (AVR = % Y here R(), with N the total number of
potential rich-club members). Note that we assign AVR =0
if the R > 1 criterion is violated. The implementation of
the RICHER approach is described with the following

pseudo-code along with the flowchart (see Fig. 3):

In summary, the following criteria should be simulta-
neously satisfied for successfully extracting a rich-club
organization.

1. The ‘searching region’ satisfies: HI <H< H,,,,, and E]
<E<E, ..
2. R > 1 for every node within the searching region;
3. AVR of the preferred (final) rich-club organization
should be equal to AVR .., as computed above.
Defining a Range of Searching Regions The rich-club organ-
ization is formed only by a group of most important brain
nodes (or so-called hubs), so it is reasonable to assume that
the total number of rich-club members in the brain do not
exceed half of the total nodes (Nigam et al. 2016; Crossley
et al. 2013) while it might not be applicable to all network
scenarios. Accordingly, the median value of H calculated
from the connectome is selected as the starting values for
H1, which is iterated until the maximum of H. We choose
the range of E to lie between 0 and the median of E, i.e., E
=0.

Addressing h-Degree Degradation to Degree Notably,
one should be aware that h-degree might be unfavorably
degraded to degree in certain situations. Taking an excep-
tional scenario as an example, when none of (or only a few
of) the connection strengths are below the total number of
nodes, the obtained h-degree metric is equivalent to the
degree metric. To address this issue, we therefore propose
the following approach to rescale the connectivity matrix to
avoid h-degree degradation:

(1) Calculating median, minimum and maximum connec-
tion strength (S,,.4 S,,;, and S,,,,, respectively) across
all connections;

(2) Applying linear rescaling mapping to all existing con-
nections (i.e. with non-zero weight) with number of

ForE= 0:1000*1/1000(median(Ey), Ey : E values of all nodes (We choose 1000 as the

maximum number of iterations because E higher than its median value are excluded to avoid

unfavorably discarding a subset of true rich-club members that have relatively high H but with

E lower than their median values)

For H = median(H): maximum(H)-1

Compute AVR(H,E) = %Zne rc R(n) (see Figure 2)

End

Seek AVRuax (E) across H: the first peak of AVR(H, E)

End

Seek AVRuax across E subject to AVRmax # AVR(H, E=0)

@ Springer
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streamlines S less than S, [Smin, Smed] - [1,N/2],

and calculating the scaling factor SF = (N/2 — 1)/(S,,,.4
— S,.in)» Where N is the number of nodes in the parcel-
lation (Note: N = 82 for the parcellation scheme used
in our study);

(3) Each connection with § larger than S, is then rescaled
as follows: S,,.caiea(i) = (S@J) = S,00) * SF + N/2,
with i and j representing brain nodes. This rescaling
approach aims to prevent h-degree from degrading to
degree, thus ensuring the effectiveness of the RICHER
method in identifying rich-club organizations from
human brain structural connectomes.

To assess the suitability of the proposed rescaling approach,
the original connections from the in vivo data included in
this study were multiplied by a global scaling (approxi-
mately corresponding to a corresponding scaling to the value
for the total number of streamlines used) to simulate the case
of h-degree degradation. Furthermore, to incorporate the
effect of noise, a small random per-edge scaling factor was
also incorporated. Specifically, three simulated datasets were
generated using three per-edge scaling factors obtained from
a normal distribution with the mean (i.e., the global scaling
factor) of 0.5, 4 or 10 and the standard deviation of 0.005,
0.04 or 0.1 respectively; these three scenarios are meant to
simulate an analysis corresponding to half, 4 times and 10
times the total number of streamlines, respectively.

MRI Acquisition

Twenty-two healthy volunteers were recruited to participate
in this study (females/males = 11/11; 32.5 + 6.5 years old;
all right-handed). All subjects provided written, informed
consent, and all protocols were approved by the local Insti-
tutional Review Board. MRI data were acquired using a
Siemens 3T Tim Trio system (Erlangen, Germany). Ana-
tomical T1-weighted images were acquired using the three-
dimensional magnetization-prepared rapid gradient echo
sequence (MPRAGE) sequence (Mugler and Brookeman
1990) as follows: TR/TE/TI = 1900/2.6/900 ms, flip angle
= 9°, field-of-view (FOV) = 230 x 230 mm?, matrix size =
256 x 256, 192 sagittal slices, 0.9 mm isotropic resolution.
Diffusion-weighted images (DWIs) were acquired using a
twice-refocused spin-echo echo-planar imaging sequence
(Reese et al. 2003) with the following parameters: TR/TE =
8400/110 ms, parallel imaging acceleration factor = 2, phase
partial Fourier factor = 6/8, FOV = 240 x 240 mm?2, matrix
size = 96 X 96, 60 axial slices at 2.5 mm isotropic voxel
dimension, 60 diffusion sensitization directions with b =
3000 s/mm?, and 8 b = 0 images. An additional pair of b =0
images with reversed phase encoding polarity was acquired
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to enable correction of image distortion due to magnetic
susceptibility effects.

Data Analysis
Data Pre-processing

DWIs were processed as follows: (1) Correction for sus-
ceptibility, eddy currents, and inter-volume motion artefacts
using FSL’s TOPUP and EDDY tools (Andersson et al.
2003; Smith et al. 2004); (2) Correction for B; bias field
based on the mean » = 0 DWI using N4ITK (Tustison et al.
2010).

Anatomical T1 images were processed with the follow-
ing steps: (1) Coregistration of T1 volumes to pre-processed
mean b = 0 DWIs using SPM12 (http://www.fil.ion.ucl.
ac.uk/spm/software/spm12/); (2) Estimation of tissue par-
tial volume maps (PVMs) for brain WM, gray matter (GM),
and CSF using FSL’s segmentation tool (Smith et al. 2004);
segmentation of subcortical GM using FSL’s FIRST tool
(Patenaude et al. 2011) in conjunction with a PVM estima-
tion algorithm (Smith et al. 2012); merging all the PVMs
together as required by ACT (Smith et al. 2012); (3) GM
parcellation using the default FreeSurfer reconstruction
pipeline (Dale et al. 1999) with 82 connectome nodes (i.e.,
excluding cerebellum) defined by the Desikan-Killiany cor-
tical atlas segmentation (Desikan et al. 2006) (see Appen-
dix for the complete list of labelled structural connectome
nodes); replacing subcortical parcellations with estimates
from FSL FLIRT (see Smith et al. 2015 for the full process
of this step).

Tractogram Reconstruction

Fiber tracking was carried out using MRtrix (Tournier et al.
2012), with two different tracking strategies considered:

ACT + SIFT Fiber orientation distributions (FODs) were
estimated using constrained spherical deconvolution (CSD)
with a maximum spherical harmonic order of 8§ (Tournier
et al. 2007). Whole brain tractography was performed using
the 2nd order integration over fiber orientation distributions
(iIFOD2) probabilistic tracking algorithm (Tournier et al.
2010) combined with the ACT framework (Smith et al.
2012), using the following relevant parameters: step size =
1.25 mm, maximum curvature = 45° per step, streamlines
length = 5-250 mm, FOD cutoff threshold = 0.1, and with
the ‘back-tracking’ mechanism of the ACT framework. For
each scan, tractograms of 10® streamlines were generated
through seeding from WM mask. SIFT (Smith et al. 2013)
was then applied to filter the reconstruction from 10% to 10’
streamlines. Hereafter, this tracking strategy will be referred
to as advanced tractography (AT).
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Table 1 Eight results of rich-club organization investigated in this
study: two methods, RICHER and RC-degree, were applied to the
four connectomes, ATSelAv, ATDirAv, DTSelAv and DTDirAv, respec-
tively

Connectomes Methods
RC-degree RICHER

ATSelAv ATSelAv + RC-degree ATSelAv + RICHER

ATDirAv ATDirAv 4+ RC-degree ATDirAv +
RICHER

DTSelAv DTSelAv + RC-degree DTSelAv + RICHER

DTDirAv DTDirAv + RC-degree DTDirAv +
RICHER

DTI + FACT Conventional deterministic fiber-tracking was
performed to generate 10 streamlines using the fiber assign-
ment by continuous tracking (FACT) algorithm (Mori et al.
1999) with seeding from WM mask, step size = 0.25 mm,
maximum curvature = 9° per step, length = 5-250 mm,
fractional anisotropy cutoff = 0.1. Hereafter, this tracking
strategy will be referred to as DTI tractography (DT); this
tracking algorithm is also included in this study, for facili-
tating a more direct comparison to findings from the initial
rich-club studies, which were based on this approach.

Connectome Construction

Individual-level connectomes were constructed by combin-
ing the streamline tractograms with subject GM parcella-
tion. For AT, streamlines were assigned to the closest node
within a 2-mm radius of the streamline endpoint (Smith et al.
2015). For DT, streamlines were assigned to the node at
the voxels where track endpoints were located. To aggre-
gate individual-level connectomes to group-level connec-
tomes, two different ways were employed, following the
methods described in van den Heuvel and Sporns (2011):
(i) Direct Averaging (DirAv): The group-level connectome
was obtained by averaging the connectomes across all sub-
jects; (ii) Selective Averaging (SelAv): The group-level con-
nectome was calculated by averaging those edges that were
present in at least 75% of the subjects, i.e., all other entries
were set to zero.

Therefore, four group-level connectomes were generated
from two tractography (i.e. AT and DT) and two connectome
averaging approaches (i.e., SelAv and DirAv). For conveni-
ence purposes, we used the abbreviations termed ATSelAv,
ATDirAv, DTSelAv, and DTDirAv to denote these combi-
nations in this article. Note that the purpose of employing
SelAv and DirAv to generate group-level connectomes were
twofold: (a) to assess if the identification of rich-club organi-
zation was affected by the way in which the group-level con-
nectomes were aggregated; (b) to assess fault-tolerance of
methods for identifying rich-club organization (see below).

Analyses of Rich-Club Characteristics

Identification of Rich-Club Organization For each group-
level connectome, two methods were applied to identify
the associated rich-club organization: (i) the traditional
weighted rich-club analysis method based on degree met-
ric (van den Heuvel and Sporns 2011), even though nodes
are ranked based on strength, we use “RC-degree” to denote
this technique, in order to differentiate it with h-degree
employed in our proposed approach, and (ii) our proposed
method, RICHER. Table 1 summarized the 8 conditions
considered for rich-club analyses and comparisons in this
study. For visualization purpose, rich-club brain regions are
mapped onto Desikan-Killiany Atlas (Desikan et al. 2006)
by using the BrainNet Viewer (http://www.nitrc.org/proje
cts/bnv).

Statistical Significance of Detected Rich-Club Organiza-
tion To assess the statistical significance of the identified
rich-club organization, permutation testing was employed
(van den Heuvel and Sporns 2011). To achieve this goal,
1000 random networks were obtained by randomizing the
network connections while keeping the degree distribution
of sequence of the matrix unchanged (Rubinov and Sporns
2010). RICHER was then applied to identify potential rich-
club organization from each of the randomized networks.
The level of significance value, p, was computed by the
fraction of rich-club detections, i.e., p = n/1000, where n is
the total times of rich-club organization identified from the
1000 random networks. Thereby, p < 0.05 suggests that the
identified rich-club organization was statistically significant.

Global Efficiency (GE) of Networks at Different‘Damage’Lev-
els The rich-club regions have been shown to be critical
for global communication of human brains (Harriger et al.
2012). The importance level of brain regions, such as the
rich-club members, can be assessed by simulating network
disruption caused by regional attacks with reduction in con-
nection density among these regions. In this study, GE was
employed to characterize the degree of network disruption
following network attacks. Similar to the initial rich-club
study (van den Heuvel and Sporns 2011), three different
types of network attack were simulated: (i) Random attacks
to connections within non-rich-club (NRC) regions, denoted
as NRC2NRC; (ii) Random attacks to hub connections
between rich-club (RC) and non-rich-club regions, denoted
as RC2NRC; (iii) Targeted attacks to connections within
rich-club regions, denoted as RC2RC.

Two network damage levels, the proportion T (50 and
100%) of original weights, were simulated using Eq. (3)
below:

W = W,(1 = 7/100). 3)
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W, and WE indicated the edge intensity between nodes i and

Jj before and after the network attack of damage level t (van
den Heuvel and Sporns 2011). Given the important role of
rich-club members, it is therefore expected that RC2RC
should have much stronger impact on GE than NRC2NRC
and RC2NRC do. To evaluate the consequences of network
attacks fairly, the total weight loss for RC2RC, NRC2NRC
and RC2NRC should strictly match each other. Specifically,
total loss of RC2RC is thus employed as a reference, while
forcing total weight loss of NRC2NRC and RC2NRC to be
equivalent to that of RC2RC. Note: Since this condition is
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however not always achievable due to excessively exagger-
ated number of rich-club members in some conditions, com-
puting GEs for those cases where this condition is not met,
therefore, were excluded from the study.

The statistical significance of GE reduction following
three network attacks (i.e. NRC2NRC, RC2NRC and RC2RC)
was evaluated using the following analyses (van den Heuvel
and Sporns 2011). For each level of damage t, 1000 random
samples were generated for both NRC2NRC and RC2NRC by
randomly attacking network edges while matching the total
weight of damaged edges of both NRC2NRC and RC2NRC
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Table2 Number of rich-club members identified using RC-degree
and RICHER from the following four connectomes: ATSelAv,
ATDirAv, DTSelAv and DTDirAv

Connectomes Network  Number of rich- Number of rich-club

Results

Rich-Club Organization from the RC-Degree Method

density club members members identified . . P . . .
% identified using using RICHER Figure .4.shows rich-club orgamzatl(?ns 1dent1ﬁ§d using
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members have been identified from DTSelAv (Fig. 4c),
ATSelAv 81 61 19 over half of the 82 brain regions have been unfavorably
ATDirAv 88 74 19 classified as rich-club members from networks obtained
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to the reference value of RC2RC; otherwise, no random sam-
ples were generated. Permutation tests were then conducted
to test statistical significance of GE decrease caused by the
network attacks, i.e., NRC2NRC, RC2NRC and RC2RC.

Fig. 4b), and DTI tractography with direct averaging
(DTDirAv, Fig. 3d), i.e., 61, 74 and 59, respectively; fur-
ther inspections reveal that these three connectomes are
overall characterized by much higher network density than
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that of DTI tractography with selective averaging (DT Se-
[Av) (see Table 2).

Rich-Club Organization from RICHER

Figure 5 shows the corresponding rich-club organizations
identified using RICHER. In contrast to RC-degree, the
number of rich-club members are much more consistent for
all the four connectomes (see also Table 2). Notably, rich-
club organizations identified from advanced tractography
(i.e., ATSelAv and ATDirAv) using the RICHER method are
exactly the same (see Fig. 5a, b), while rich-club organi-
zations identified using the RICHER method from DTI
tractography (i.e., DTSelAv vs. DTDirAv) are distinct (see
Fig. 5c, d). Furthermore, permutation tests showed that
these rich-club organization using RICHER are statistically
significant with p = 0 (i.e., no rich-club organization was
identified out of 1000 randomized networks).

Effect of Connectome Rescaling

Given the similarity between ATSelAv and ATDirAv results,
the assessment of the rescaling approach for dealing with
possible h-degree degradation (i.e. generating three simu-
lated networks with different scaling factors) was done based
on ATSelAv. Exactly the same rich-club members were
obtained by applying the RICHER method to each of the
three rescaled simulated networks (see Supplementary Fig.
S3) in contrast to the obvious difference of identified rich-
club members from simulated networks without rescaling,
suggesting the proposed rescaling approach is able to avoid
the h-degradation problem.

@ Springer

RC-Degree Versus RICHER and Effects
of Tractography Methods

To further probe the differences in identifying rich-club
organization between the proposed and the traditional
approaches, the outcomes of the comparisons between (I)
DTI tractography with selective averaging (DTSelAv) + RC-
degree (Fig. 4c) and (II) advanced tractography with selec-
tive averaging (ATSelAv) + RICHER (Fig. 5a) are shown
in Fig. 6a. Note that the result of DTDirAv + RC-degree
is not considered for such comparisons since this approach
does not provide a meaningful rich-club organization, as
shown previously in Fig. 4d. Specifically, comparing to
(I) DTSelAv + RC-degree, the following rich-club regions
(labelled green in the figure) are not present in (II) ATSe-
[Av + RICHER: L.LOG, L.LG, LMOFG, L.HI, R.PA, R.HI,
R.LOG and R.LG; the following rich-club regions (labeled
blue) are only present in (II) ATSelAv + RICHER: L.IPG,
L.IN, L.CA, R.CA and R.IPG. Figure 6a suggests that there
are considerable differences between the conventional and
the proposed framework to extract rich-club organizations.

To further segregate such differences that potential
caused by tractography methods, the outcomes of the com-
parisons between (III) DTSelAv and (II) ATSelAv using
RICHER (originated from Fig. 5a, c respectively) are shown
in Fig. 6b. Comparing to the former, the latter does not
have the following rich-club regions (green): L.FG, L.ITG,
L.LOG, LMTG, L.PoCG, L.STG, R.LOG, RMTG, R.PreCG,
R.PoCG and R.STG; the following ones (blue) are only pre-
sent in the latter: L.IN, L.CA, L.PU, L.TH, R.CA, R.IPG,
R.PU and R.TH. This reveals that the application of con-
ventional or advanced tractography methods can have unne-
glectable effects on the computation of rich-club regions
using RICHER.



Brain Topography (2019) 32:1-16

Table 3 Global efficiencies (GEs) calculated from original networks
and damaged networks attacked in three ways, i.e., NRC2NRC,
RC2NRC and RC2RC, from eight conditions, i.e., ATSelAv + RC-
degree, ATDirAv + RC-degree, DTSelAv + RC-degree, DTDirAv +
RC-degree, ATSelAv + RICHER, ATDirAv + RICHER, DTSelAv +
RICHER and DTDirAv + RICHER

Damage  Original GE  GEygconge GErcanre GEgcare
level (%)
ATSelAv + RC-degree
50 3728.7 NA NA NA
100 3728.7 NA NA NA
ATDirAv 4+ RC-degree
50 3728.7 NA NA NA
100 3728.7 NA NA NA
DTSelAv + RC-degree
50 1741.9 1583.9 +31.1 1536.3 + 21.3 1544.4
100 1741.9 15259 + 474 1436.6 + 45.4 1437.3
DTDirAv + RC-degree
50 1741.9 NA NA NA
100 1741.9 NA NA NA
ATSelAv + RICHER
50 3728.7 3461.0 + 58.7 33553+ 36.9 3175.3
100 3728.7 3317.1 + 117.8 3184.5 + 62.1 2955.6
ATDirAv + RICHER
50 3728.7 34579 + 67.7 3355.1+39.1 3175.3
100 3728.7 33183+ 714 31853 +78.0 2955.6
DTSelAv + RICHER
50 1741.9 1527.4 +35.3  1406.6 + 17.7 1457.3
100 1741.9 1430.4 +77.8 1300.8 + 51.2 1181.0
DTDirAv + RICHER
50 1741.9 NA NA NA
100 1741.9 NA NA NA

Rows with bold numbers were further plotted as bar graphs in Figs. 7
and 8

NA indicates that global efficiency (GE) cannot be calculated because
total weight loss of damaged edges for either NRC2NRC or RC2NRC
cannot match that of damaged edges to RC2RC

RC-Degree Versus RICHER Global Efficiency
Reduction Following Network Attacks

The results of GE reduction following network damages (at
two levels, 7 = 50 and 100%,) are summarized in Table 3;
this corresponds to the scenario that network attack targeted
all connections among all identified rich-club members (van
den Heuvel and Sporns 2011). For each of the eight con-
ditions (see Table 1), four average values of GE (among
1000 samples), i.e., GEprio» GEnrconres GE reanre and
GEgc2rce- are shown with standard deviations (ORIG: origi-
nal network; NRC2NRC: Random attacks to connections
within non-rich-club; RC2NRC: Random attacks to hub

2500 [NRC2NRC
[CIRC2NRC
IRC2RC
g
o 2000 ns
2] 1 *
-E ns —
Ty ns 'L\
— — ns
S 1500 !
o
(]
1000
50% 100%

Damage level

Fig.7 Network attack targeted all connections among all identi-
fied rich-club members: Damage effects of three different ways, i.e.,
NRC2NRC, RC2NRC and RC2RC for DTSelAv, of which rich-club
organization was identified using RC-degree at two damage levels
(i.e., 50 and 100%). Permutation tests were employed to test whether
comparisons of GE between the following conditions were signifi-
cant or not: (i) RC2RC < NRC2NRC; (ii) RC2RC < RC2NRC, (iii)
RC2NRC < NRC2NRC. *0.001 < p < 0.05; **p < 0.001; ns non-
significant. AT advanced tractography, DT DTI tractography, SelAv
selective averaging, DirAv direct averaging—see Sect. “Methods” for
definitions

connections between rich-club and non-rich-club regions;
RC2RC: Random attacks to connections within rich-club).

For a simpler representation of these results, Fig. 7 shows
reductions in GEs under three attacking ways, NRC2NRC,
RC2NRC and RC2RC, in DTSelAv + RC-degree (the com-
bination traditionally most commonly used) at two dam-
age levels, 50 and 100% (see Table 3 for more information
about the other three conditions). Statistical analyses showed
that significant differences are only present for GEgop- <
GEnrconre 8t 7 = 100%.

Figure 8 shows the corresponding results for RICHER
in 3 conditions: ATSelAv ATDirAv and DTSelAv, at 2 dam-
age levels, 50% and 100% (see Table 3 for more informa-
tion about DTDirAv + RICHER). Specifically, the findings
are as follows:

(i) Significant difference for each of the three
comparisons, i.e., GEgrerope < GEyrconres
GEgcare < GEgcanre and GEgeonge < GEngeanges
has been favorably detected at 7 = 50% in both AT Se-
[Av and ATDirAv using RICHER.

(i1)) Significant differences have been detected for
GEgrcore < GEngrconre and GEgeore < GEgeonge
at 7 = 100% in both ATSelAv and ATDirAv using
RICHER.

(iii) However, no significant difference has been detected
for GEgcore < GErcanre at either damage level in
DTSelAv using RICHER.
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Fig.8 Network attack targeted all connections among all identified
rich-club members: Damage effects of three different ways, i.e., NRC-
2NRC, RC2NRC and RC2RC for three conditions: ATSelAv, ATDirAv
and DTSelAv, of which rich-club organization was identified using
RICHER at two damage levels (i.e., 50 and 100%). Permutation tests
were employed to test whether the following comparisons were sig-
nificant or not: (i) RC2RC < NRC2NRC; (ii) RC2RC < RC2NRC;
(iii) RC2NRC < NRC2NRC. #0.001 < p < 0.05; **p < 0.001; ns non-
significant. AT advanced tractography, DT DTI tractography, SelAv
selective averaging, DirAv direct averaging

Discussion

Robust identification of rich-club organization from
structural networks plays an important role in further our
understanding of network organization in the brain. In this
study, Advanced Tractography (A7, i.e. using CSD, ACT
and SIFT), instead of DTI-based Tractography (DT), was
employed to achieve more accurate estimation of struc-
tural connectomes (Smith et al. 2012, 2013), which in turn
yielded weighted and dense networks. To tackle the prob-
lems of detecting rich-club organizations from such dense
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networks using the existing method, i.e. the traditional RC-
degree method (van den Heuvel and Sporns 2011), a novel
method, RICHER, relying on h-degree, has been proposed
to robustly identify rich-club organizations. Our results
highlight the necessity of applying new methods for robust
definition of rich-club organization from weighted and dense
networks; while RICHER was used here, it is by no means
the only option, and other variants might be explored to
achieve the same goal.

Rich-Club Mapping: Effects of Tractography
and Rich-Club Identification Methods

Overall, by comparing among conditions, it has been shown
in Figs. 4 and 5 that bilateral RMFG, SFG, PCU, SPG,L.
PrCG and R.IN are identified as common rich-club members
when using all approaches considered, indicating that these
are more robust rich-club brain regions than others with
respect to the methodology used to determine them. Spe-
cifically, five extra rich-club members (bilateral CA, IPG and
L.IN), have been identified as rich-club members, character-
ized by relatively high h-degrees as well as high degrees
(see Supplementary Table S1); however, these regions are
unfavorably characterized by relatively low degrees from
networks generated using DTSelAv (see Supplementary
Table S1).

On the other hand, the bilateral LOG are identified as
rich-club members from DTSelAv, irrespective of the rich-
club computation method used, i.e., for both DTSelAv +
RC-degree (Fig. 4c) and DTSelAv + RICHER (Fig. 5c¢),
but are absence in ATSe/Av + RICHER (Fig. 6b), suggests
that disparities can also be caused by different tractography
approaches used. Importantly, bilateral HI, L.MOFG and
R.PA are only classified as rich-club members in DTSelAv
+ RC-degree (Fig. 4c), suggesting that, even if the network
is sparse, identified rich-club organizations could still be
largely affected by the method employed, i.e. RC-degree or
RICHER. Notably, for those brain regions identified as rich-
club members using the conventional DTSelAv + RC-degree,
even though some of them have relatively high degree and/
or h-degree, they are unfavorably characterized by relatively
low effective strength to h-degree ratio (E) (i.e. bilateral HI
and right PA; see Supplementary Table S1), thus discourag-
ing them from being identified as rich-club members. This
actually highlights the benefit of RICHER in which A-degree
is used in conjunction with the metric E to effectively iden-
tify rich-club organization.

In summary, the abovementioned evidence indicates that
identification of rich-club members is significantly affected
not only by the rich-club computation algorithm (i.e. RC-
degree and RICHER) but also by the tractography method
(i.e.,AT and DT).
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Evidence Advocating the Use of Both AT and RICHER
for Rich-Club Mapping

Our results have shown that the RC-degree method is not
suitable for networks with high density, in which overestima-
tion of rich-club organizations has been obtained from dense
networks (see Table 2). In contrast, the RICHER method has
more consistently identified reasonable number of rich-club
members (e.g. number of rich-club members less than half
of the total number of brain regions), whether the network
density is high or low (see Table 2), suggesting that the
RICHER method is more capable of identifying rich-club
organizations from both sparse and dense networks.

Furthermore, identical rich-club members identified in
ATSelAv and ATDirAv using RICHER (Fig. 5a, b) imply that
the combination of advanced tractography and the RICHER
method is robust to identifying rich-club organizations
despite variations introduced by the averaging process. In
contrast, rich-club members identified in DT using RICHER
are quite different depending on the averaging method (SelAv
vs. DirAv, shown in Fig. 5c, d), with associated number of
rich-club members as follows: 22 versus 31, respectively.
Overall, this is consistent with the outperformance of AT in
comparison to DT. Importantly, these observed disparities
in identified rich-club organizations collectively demonstrate
that different fiber tracking approaches could lead to largely
different rich-club organizations. Given the well-known
limitations of DTI tractography (see Sect. “Introduction”),
this advocates that more reliable fiber tracking techniques be
employed to ensure that more robust networks are obtained
for subsequent identification of rich-club organization.
However, it should be noted that a robust identification of
rich-club organization might only be achieved by combining
robust fiber tracking approaches (such as AT in this study)
and robust approaches for identifying rich-club organization
(such as RICHER).

This is not the first study to avoid the limitation of DTI
tractography when computing rich-club organizations. For
example, CSD (Tournier et al. 2007) was recently employed
to estimate the fiber orientation distribution, which was
then used to investigate rich-club organizations (Wirsich
et al. 2016; Roberts et al. 2016). Our study, however, also
employed advanced tractography methods, such as ACT
and SIFT, to correct tracking biases, so that more accurate
structural connectomes can be achievable (Smith et al. 2015;
Yeh et al. 2016). Of particular note, given that the h-degree
based method, RICHER, is employed in our study, it is no
longer restricted by the requirement that networks should
be of relatively low (or medium) density, which might not
be in fact the case. Practically, it has been shown in the cur-
rent study that the network density of DTDirAv connectome
could be very high (i.e., 78%), while network density of
DTSelAv connectome is much lower (36%), due mainly to

large inter-subject variability. In contrast, network densities
of ATSelAv and ATDirAv connectomes are consistently high
(i.e., 81 vs. 88%). Overall, this, therefore, strongly advo-
cates the employment of the framework for combining AT
and RICHER in robustly identifying rich-club organizations
without being subject to the controversial restriction that the
brain network is sparse (Kennedy et al. 2013; Markov et al.
2011, 2013a).

Simulated Attacks: Greatest GE Reductions Support
the Proposed Framework

Furthermore, the validity of ATSelAv + RICHER and
ATDirAv + RICHER in identifying rich-club organiza-
tions has been quantitatively demonstrated by statistically
significant differences among simulated conditions (i.e.,
GEgcorc < GEnrcanrer GEreare < GEgcange at both dam-
age levels (i.e., 50 and 100%), and GEgconre < GEngeange
at T = 50%) (see Fig. 8). In contrast, the absence of sig-
nificant differences (GEgcore < GErcanre: GErcanre
< GENgcange at both damage levels, 50 and 100%, and
GErcore < GEngeaongre at T = 50%) using the RC-degree
method (see Fig. 7) indicates that those identified rich-
club members might not be as expected to have signifi-
cantly stronger impact on GE of brain networks than the
rest of the brain regions if they are disrupted, contradict-
ing the expected key role rich-club members should play.
Therefore, these results provide further quantitative evi-
dence that identified rich-club organizations using the RC-
degree method might not be reliable when used with dense
weighted networks, while the proposed framework leads
to more robust findings.

Brain Networks Not Necessarily Sparse

While previous rich-club studies have exclusively focused
on sparse networks, it should be noted that these networks
were either intentionally converted from dense networks
by setting thresholds (McColgan et al. 2015), or con-
structed based on tractography methods known to have
a number of limitations, such as DTI-based tractography
(Tournier et al. 2011). In fact, weighted network density
as high as 88% was found in our study and, as described
in the Sect. “Introduction”, high density can indeed occur
in the brain (Kennedy et al. 2013; Markov et al. 2011,
2013a). Notably, while brain networks have been popu-
larly considered to be sparse (Bullmore and Sporns 2009;
Latora and Marchiori 2001, 2003), accumulating evidence
has revealed that brain networks could be much denser
than previously reported (Markov et al. 2013a, b; Yeh et al.
2016). Although obtained brain networks might be forced
to be sparse by setting thresholds, this might, unfavorably,
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alter the topology of the reconstructed brain networks with
respect to the underlying true topology, therefore dramati-
cally affecting the identification of rich-club organizations.
Furthermore, the common approach to obtain sparse net-
works by removing relatively weak connections (i.e. those
edges with strength below certain thresholds) has been
challenged by the recent claim that weak connections are
critically important in understanding neural systems (Bas-
sett and Bullmore 2016).

Importantly, the proposed method, RICHER, avoids the
need to constrain network density by somewhat arbitrarily
setting connection strength thresholds. As such, by combin-
ing advanced tractography techniques with RICHER, it is
reasonably expected that more accurate and robust identifi-
cation of rich-club organizations can be favorably achieved,
which might ultimately provide new insight into mechanisms
underlying brain damage from a network point of view.

It should be noted that our study is conducted based on
low-resolution region-based parcellations (Desikan et al.
2006). Intuitively, network density should decrease while
increasing the resolution of brain parcellation (Zalesky et al.
2010). Therefore, one should be aware that, when discuss-
ing network density, it should be interpreted in the context
of the specific brain parcellation employed. Nonetheless, as
shown in our data, RICHER is capable of identifying rich-
club organizations from either dense or sparse networks.

Limitations

In this study, our aim is to develop a viable rich-club analysis
approach specifically for weighted and dense brain networks,
as those obtained with more advanced fibre-tracking algo-
rithms. We chose to compare our proposed method only with
the outcomes obtained from the technique used in van den
Heuval et al. (2011) based on the method proposed origi-
nally by Opsahl et al. (2008), since the latter is currently by
far the most frequently-used approach to investigate the rich-
club organization of the human brain. However, it would be
interesting to perform systemic comparisons across a range
of rich club computational techniques, which is beyond
scope of the present manuscript.

In this study, our global connectome rescaling method
attempts to empirically approximate the complex nonlinear
problem to a more practically linear one, but this approach
might not be an ideal solution. Nevertheless, as demon-
strated by our simulated results (shown in the Supplemen-
tary Fig. S3), this rescaling approximation works well on
mapping rich-club organization under a realistic range of
experimental settings, suggesting that the proposed rescaling
approach is a feasible practical solution for RICHER.

Recently, a weighted rich-club computation technique
has been proposed, which enables generalization of various
metrics into a single unified framework (Alstott et al. 2014).

@ Springer

Although it might be beneficial to adapt RICHER to the
definition formalized as in that study, the implementation
is not likely to be simple. In practice, while implementing
RICHER, the ratio R per node is computed iteratively for
the detection of putative rich-club organizations, in order to
find the greatest AVR to indicate the final outcome. Nota-
bly, since the underlying principle of RICHER is different,
how feasible the relevant parameters could potentially be
expressed by the metrics defined within the unified frame-
work remains a topic of further investigation; this however
is beyond the scope of the present study.

Conclusion

In this study, we have employed a sophisticated fiber trac-
tography method, i.e., CSD-based calculation of fiber ori-
entation followed by tracking biases correction strategies
using ACT and SIFT, to ensure more accurate estimation
of structural connectomes, yielding weighted and very
dense networks. Importantly, it has also been demonstrated
that the traditional method, RC-degree, is incapable of
identifying rich-club organizations from such dense net-
works. Therefore, a novel method, RICHER, has been
proposed to address this issue. Our results have shown
that RICHER is capable of identifying rich-club organiza-
tions from not only sparse but also very dense networks,
which has been further corroborated by the evidence that
greatest global efficiency reductions have been caused by
simulated damages in rich-club organizations identified
using RICHER among all simulations. Overall, our study
has demonstrated that upon application of state-of-the-
art fiber tractography methods and the RICHER method,
robust rich-club organizations can be reliably identified
from diffusion MRI data without having to rely on a binary
approach or an arbitrary threshold strategy to impose low
density. This might, therefore, be more beneficial for
future brain connectome research that focuses on identi-
fying dysfunctional rich-club members from cohorts with
brain disorders.
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