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ABSTRACT

Diffusion-weighted magnetic resonance imaging can be used to non-invasively probe the brain mi-
crostructure. In addition, recent advances have enabled the identification of complex fiber configurations
present in most of the white matter. This has improved the investigation of structural connectivity with
tractography methods. Whole-brain structural connectivity networks, or connectomes, are reconstructed
by parcellating the gray matter and performing tractography to determine connectivity between these
regions. These complex networks can be analyzed with graph theoretical methods, which measure their
global and local properties. However, as these tools have only recently been applied to structural brain
networks, there is little information about the reproducibility and intercorrelation of network properties,
connectivity weights and fiber tractography reconstruction parameters in the brain. We studied the re-
producibility and correlation in structural brain connectivity networks reconstructed with constrained
spherical deconvolution based probabilistic streamlines tractography. Diffusion-weighted data from 19
subjects were acquired with b = 2800s/mm? and 75 gradient orientations. Intrasubject variability was
computed with residual bootstrapping. Our findings indicate that the reproducibility of graph theoretical
metrics is generally excellent with the exception of betweenness centrality. A reconstruction density of
approximately one million streamlines is necessary for excellent reproducibility, but the reproducibility
increases further with higher densities. The reproducibility decreases, but only slightly, when switch-
ing to a higher order in constrained spherical deconvolution. Moreover, in binary networks, using suffi-
ciently high threshold values improves the reproducibility. We show that multiple network properties and
connectivity weights are highly intercorrelated. The experiments were replicated by using a test-retest
dataset of 44 healthy subjects provided by the Human Connectome Project. In conclusion, our results
provide guidelines for reproducible investigation of structural brain networks.

© 2018 Published by Elsevier B.V.
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1. Introduction

Diffusion-weighted (DW') magnetic resonance imaging (MRI)
can be used to noninvasively investigate the microstructural prop-
erties of the brain. Diffusion in fiber tracts is anisotropic, i.e. larger
parallel to the tract than perpendicular to it, which enables the
reconstruction of neural pathways in the brain with fiber track-
ing (Basser et al, 2000; Jeurissen et al, 2017). Diffusion ten-
sor imaging (DTI) is traditionally the most common method used
for the analysis of DW-MRI data (Basser et al., 1994a; 1994b).
However, its major limitation is the inability to correctly de-
scribe complex fiber configurations such as crossing fibers, present
in the majority of white matter (WM) (Jeurissen et al, 2013;
Vos et al., 2011). This limitation dramatically impairs the inves-
tigation of structural brain connectivity. However, novel analy-
sis methods, such as constrained spherical deconvolution (CSD),
are able to estimate the full fiber orientation distribution func-
tion (fODF) (Tournier et al., 2004; 2007). This allows for tractog-
raphy to continue through regions with complex fiber configura-
tions (Tournier et al., 2007; 2012), which enables a more accurate
investigation of structural connectivity in vivo (Farquharson et al.,
2013; Kristo et al., 2013; Tournier et al., 2008).

Whole-brain structural connectivity networks, or connectomes,
are constructed by first parcellating the gray matter (GM) of the
brain and then performing whole brain tractography to deter-
mine connectivity weights between each pair of regions (Bullmore
and Sporns, 2009; Hagmann et al., 2008). The subsequent anal-
ysis of these networks can be performed with graph theoreti-
cal tools, originally developed for other applications, such as so-
cial networks (Bullmore and Sporns, 2009; Rubinov and Sporns,
2010). Graph theoretical analysis produces global and local met-
rics describing the integration, segregation and centrality of the
networks (Rubinov and Sporns, 2010). The reliability of these met-
rics in structural brain networks has recently been investigated in
several studies (Andreotti et al., 2014; Bassett et al., 2011; Bastiani
et al., 2012; Buchanan et al., 2014; Cheng et al., 2012; Dennis et al.,
2012; Dimitriadis et al., 2017; Drakesmith et al., 2015; Duda et al.,
2014; Owen et al., 2013; Parker et al., 2014; Rodrigues et al., 2013;
Smith et al., 2015a; Vaessen et al., 2010; Zalesky et al., 2016; Zhong
et al,, 2015). However, most of these studies were performed with
DTI-based tractography (Andreotti et al., 2014; Bassett et al., 2011;
Cheng et al, 2012; Duda et al., 2014; Vaessen et al., 2010) lack-
ing the ability to identify complex fiber configurations. Moreover,
none of the previous studies has specifically investigated the re-
producibility of different network metrics, connectivity weights or
reconstruction parameters for CSD-based tractography using high
b-value acquisitions, which is becoming one of the more popular
strategies to investigate brain connectivity.

The effects of various tractography algorithms on the network
properties were investigated by Bastiani et al. (2012), and are thus
outside the scope of this article. Bastiani et al. (2012) performed
tractography with global and local, deterministic and probabilis-
tic, and DTI, CSD and diffusion orientation distribution function

T Abbreviations: ACT: anatomically constrained tractography, BC: betweenness
centrality, CC: clustering coefficient, CoV: coefficient of variation, CSD: constrained
spherical deconvolution, DG: degree, DTI: diffusion tensor imaging, DW: diffusion-
weighted, DWI: diffusion-weighted image, EPI: echo-planar imaging, FA: fractional
anisotropy, FIRST: FMRIB Integrated Registration and Segmentation Tool, fODF: fiber
orientation distribution function, FOV: field of view, FSL: FMRIB Software Library,
GM: gray matter, HCP: The Human Connectome Project, ICC: intraclass correlation
coefficient, LE: local efficiency, MPRAGE: magnetization-prepared rapid gradient-
echo, MRI: magnetic resonance imaging, nCC: normalized clustering coefficient,
nCPL: normalized characteristic path length, nGE: normalized global efficiency, NEX:
number of excitations, SH: spherical harmonics, SIFT: spherical deconvolution in-
formed filtering of tractograms, STR: strength, SW: small-worldness, TE: echo time,
TI: inversion time, TR: repetition time, WM: white matter

based algorithms, and analyzed the effects of different tractogra-
phy algorithms on the network properties using DW data acquired
with b = 3000s/mm?2 and 120 gradient directions. They reported
that the choice of tractography method and parameters had a large
effect on network density and concluded that multiple fiber di-
rection models should be preferred over single direction models,
probabilistic over deterministic, and global over local tractography
methods. In addition, Parker et al. (2014) compared two state-of-
the-art pipelines for analysis of DW data with b = 1000 s/mm? and
60 gradient orientations. The first pipeline included a CSD-based
and the second a “ball and sticks” model based tractography ap-
proach. The authors found a highly robust consensus network be-
tween these two pipelines.

To the authors’ knowledge, only six studies have analyzed
the reproducibility of graph theoretical analysis in structural con-
nectomes constructed with recent methods capable of identify-
ing complex fiber configurations (Buchanan et al., 2014; Den-
nis et al, 2012; Dimitriadis et al., 2017; Owen et al., 2013;
Smith et al., 2015a; Zhong et al., 2015). Owen et al. (2013) in-
vestigated structural network metrics in ten subjects between
two scan sessions and found the test-retest reliability to be
good-to-excellent. They performed probabilistic tractography with
the “ball and sticks” model (Behrens et al., 2007), estimat-
ing up to two fiber orientations per voxel. The data were ac-
quired with a b-value of 1000s/mm?2 and 30 gradient directions.
Buchanan et al. (2014) studied the reproducibility in data with
b=1000s/mm? and 64 gradient orientations acquired from ten
subjects with an interval of a few days. They reported that re-
producibility was improved by seeding from WM in comparison to
GM, and by applying the probabilistic “ball and sticks” tractography
instead of deterministic DTI tractography. Dennis et al. (2012) stud-
ied the test-retest reliability of data acquired three months apart
from 26 adults with b=1159 s/mm? and 94 gradient directions, and
analyzed with g-ball imaging (Tuch, 2004) and tractography based
on Hough transform (Aganj et al., 2011). They concluded that the
reproducibility was highest for network modularity, and that the
mean clustering coefficient had higher reliability than characteris-
tic path length or global efficiency for the lower network sparsi-
ties. Smith et al. (2015a) investigated the effect of spherical de-
convolution informed filtering of tractograms (SIFT) (Smith et al.,
2013; 2015b) on the reproducibility of graph theoretical metrics
produced with CSD-based probabilistic tractography. They acquired
data with 60 gradient orientations and b=3000s/mm? from eight
subjects, one of which underwent eight repetitions of the scan
sequence with subject reposition between each acquisition. They
concluded that SIFT produced metrics that are both more repro-
ducible and more biologically representative for the WM connec-
tivity. Zhong et al. (2015) investigated the test-retest reproducibil-
ity of DTI- and “ball and sticks” based tractography algorithms and
different networks weights in DW data acquired from 57 adults
scanned twice within a 6-week interval with b=1000s/mm? and
30 gradient orientations. They reported a higher reproducibility of
networks weighted with the probability of connectivity than with
fiber density or fractional anisotropy, and that the reproducibility
of binary networks was the lowest. Dimitriadis et al. (2017) found
that six out of nine tested network weighting strategies resulted
in high reproducibility in a sample of five subjects imaged five
times with 30 gradient directions and b = 1200s/mm?, and an-
alyzed with the damped Richardson Lucy spherical deconvolu-
tion (Dell’Acqua et al., 2010).

Apart from Smith et al. (2015a), none of the previous research
analyzed the reproducibility of graph theoretical metrics produced
from high b-value data with CSD-based tractography. Moreover, the
effects of reconstruction density and spherical harmonics (SH) or-
der used in CSD have not been investigated earlier in the graph
theoretical analysis of structural brain networks. However, CSD-
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based structural brain networks have already been used in the in-
vestigation of, for example, autism (Roine et al., 2015b), preterm
children (Thompson et al., 2016), bipolar disorder (Forde et al.,
2015), Huntington’s disease (Odish et al., 2015) and traumatic brain
injury (van der Horn et al., 2016).

In this study, we investigated the reproducibility and inter-
correlation of different global and local graph theoretical met-
rics, network weights and reconstruction parameters in structural
brain networks by applying CSD-based probabilistic tractography
to state-of-the-art DW data acquired from 19 healthy subjects us-
ing b = 2800s/mm? and 75 gradient directions. These analyses
were partially replicated in a test-retest dataset of 44 healthy sub-
jects provided by the Human Connectome Project (HCP) (Van Es-
sen et al., 2013).

2. Material and methods
2.1. Data acquisition

We acquired high angular resolution DW-MRI data from 19
healthy subjects with a 3T MRI Tim Trio Siemens system and a
32-channel head coil. The participants gave written informed con-
sent to participate in this study under a protocol approved by the
local ethics committee. A single-shot echo-planar imaging (EPI) se-
quence was used with repetition time (TR) = 8100 ms, echo time
(TE) = 116 ms and 2.5 x 2.5 x 2.5mm3 voxel size. The field
of view (FOV) was 240 x 240mm?, the acquisition matrix was
96 x 96, and the number of excitations (NEX) was 1. In the ax-
ial direction, 54 slices were imaged with 2.5mm thickness and
no gap. Diffusion sensitizing gradients along 75 non-collinear di-
rections were applied with b = 2800s/mm?2. Ten images without
diffusion-weighting (b = 0s/mm?2) were acquired, one of which
was acquired with reverse phase-encoding to be able to correct
for EPI distortions. High-resolution T;-weighted structural images
were acquired with a 3D magnetization-prepared rapid gradient-
echo (MPRAGE) sequence (Mugler and Brookeman, 1990) with TR
= 1900 ms, TE = 2.52 ms, inversion time (TI) = 900 ms and a
voxel size of 0.977 x 0.977 x 1mm3 (flip angle = 9° and NEX
= 1). FOV was 250 x 250 x 176 mm3 with a 256 x 256 x 176
acquisition matrix.

The HCP test-retest dataset (Van Essen et al., 2013), consisting
of T{-weighted and DW-MRI data from 44 healthy subjects, was
used to replicate a part of the analyses. The DW-MRI data used
in this study consisted of 90 diffusion-weighted images with b =
3000s/mm? and a resolution of 1.25 x 125 x 1.25mm?3. These
data were acquired with a test-retest interval of 4.9 4+ 2.4 months.
The HCP acquisition protocol is described in detail in (Feinberg
et al., 2010; Moeller et al., 2010; Setsompop et al., 2012; Sotiropou-
los et al., 2013a; 2013b; Xu et al., 2012).

2.2. Preprocessing and segmentation

The DW data were corrected for subject motion, induced
eddy current and EPI distortions using FMRIB Software Library’s
(FSL) (Jenkinson et al., 2012; Smith et al., 2004) EDDY and
TOPUP tools (Andersson et al., 2003; Andersson and Sotiropou-
los, 2015; 2016). In the correction procedure, the b-matrices were
adjusted to account for rotation components due to subject mo-
tion (Leemans and Jones, 2009). Cortical parcellation of the struc-
tural T;-weighted images was performed in FreeSurfer (Desikan
et al., 2006; Fischl et al., 2004) and combined with the sub-cortical
structures segmented with the FMRIB Integrated Registration and
Segmentation Tool (FIRST) (Patenaude et al., 2011), as proposed in
Smith et al. (2012). Thus, in addition to the parcellation, reliable
partial volume fraction maps for all four tissue types (cerebrospinal

fluid, cortical and deep GM, and WM) were obtained. The struc-
tural data were aligned to the DW images using rigid body regis-
tration in SPM (Ashburner and Friston, 2003) (http://www.fil.ion.
ucl.ac.uk/spm/).

The HCP dataset was provided preprocessed, as described
in Glasser et al. (2013), with FSL (Jenkinson et al, 2012),
FreeSurfer (Fischl et al, 2004), and the methods described
in (Andersson et al, 2003; Andersson and Sotiropoulos, 2015;
2016; Jenkinson et al., 2002; Milchenko and Marcus, 2013).

2.3. Fiber orientation estimation and probabilistic tractography

We performed CSD to estimate the full fODF using SH or-
ders from 4 to 12, by deconvolving the data with a response
function describing a single coherently aligned WM fiber pop-
ulation (Tournier et al., 2004; 2007). Probabilistic tractography
was performed using the iFOD2 algorithm (Tournier et al., 2010;
2012). Streamlines were seeded from the WM-GM interface, and
anatomically constrained tractography (ACT) was used to produce
anatomically plausible streamlines originating and terminating in
GM (Smith et al., 2012). For most of the experiments, 10 million
streamlines were reconstructed for each subject. In addition, in a
single experiment, the number of reconstructed streamlines was
varied from 10,000 to 100 million (and 10,000 to 10 million in the
HCP test-retest sample). However, 100 million streamlines were re-
constructed only for two of the subjects due to the long compu-
tation time and storage requirements for the bootstrapping data,
while this was done for all subjects with the original data. The 100
million streamlines were then filtered to 10 million streamlines
using SIFT to maximize their correspondence to the underlying
fODFs (Smith et al., 2013; Yeh et al., 2016). The MRtrix3 package
(http://www.mrtrix.org) was used for fiber orientation estimation,
tractography, SIFT and visualization (Tournier et al., 2012). The step
size used in the tractography was 1.25mm, the fODF amplitude
cutoff was 0.1, and the maximum turning angle was 45 degrees.
The range of acceptable streamline lengths was 5mm to 250 mm.
No backtracking was allowed for ACT.

2.4. Graph theoretical analysis

Structural brain networks were constructed by assigning the re-
constructed streamlines to the corresponding GM areas according
to their endpoints as illustrated in Fig. 1. Connectivity matrices
of 84 x 84 for the Desikan-Killiany atlas (Desikan et al., 2006)
and 164 x 164 for the Destrieux atlas (Destrieux et al., 2010; Fis-
chl et al., 2004) were constructed. We analyzed the reproducibil-
ity of these networks weighted with the number, percentage and
density of streamlines (Hagmann et al., 2008), SIFTed number of
streamlines (Smith et al., 2013), fractional anisotropy (FA), and un-
weighted binary networks using varying threshold values. The per-
centage of streamlines was calculated by dividing the number of
streamlines with the total number of streamlines within the con-
nectivity matrix and the density of streamlines was calculated by
dividing the number of streamlines with the average surface area
of the corresponding end-point nodes. No normalization with re-
spect to streamline length was required to account for the seeding
bias (Hagmann et al., 2008), as the seeding was performed from
the WM-GM interface (Smith et al., 2012). In addition, varying SH
orders (from 4 to 12) were used in CSD to study the effect of
model complexity on the results. A SH order 12 implied using an-
gular super-resolution, as our data was acquired with 75 gradient
orientations (Tournier et al., 2007).

Commonly used graph theoretical metrics were calculated
for all of these networks using the Brain Connectivity Tool-
box (Bullmore and Sporns, 2009; Rubinov and Sporns, 2010).
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Fig. 1. Reconstruction of the structural brain connectome. First, a T-weighted image was parcellated with FreeSurfer and FSL to segment the cortical and subcortical gray
matter structures. Next, whole-brain probabilistic constrained spherical deconvolution (CSD) based streamlines tractography was performed on the motion and distortion
corrected diffusion-weighted images (DWI) in MRtrix3. Finally, the structural brain connectome was reconstructed by using the gray matter parcels as the nodes of the

network and the streamline tractography results as the edge weights.

The investigated metrics were: normalized clustering coeffi-
cient (nCC) (Onnela et al, 2005; Saramdki et al, 2007;
Watts and Strogatz, 1998), normalized characteristic path length
(nCPL) (Watts and Strogatz, 1998), normalized global effi-
ciency (nGE) (Latora and Marchiori, 2001), average local effi-
ciency (LE) (Latora and Marchiori, 2001), betweenness central-
ity (BC) (Brandes, 2001; Freeman, 1978; Kintali, 2008), small-
worldness (SW) (Watts and Strogatz, 1998), and average network
degree and strength. Normalization was performed by comparing
the networks to 100 randomized networks with equal weight, de-
gree and strength distributions (Rubinov and Sporns, 2011). Local
node-level metrics investigated were the clustering coefficient (CC),
LE, BC, node degree and strength.

2.5. Measuring reproducibility by using residual bootstrapping

Residual bootstrapping with an 8th order SH representation of
the DW signal was performed in each voxel to generate nine ad-
ditional realizations of each subject’s data (Jeurissen et al., 2011),
resulting in a total of 190 data sets. These data were then analyzed
as described in Sections 2.2-2.4 and used to calculate intra-subject
variation of the network metrics. Thus, we were able to investi-
gate the reproducibility of the metrics by calculating the intraclass
correlation coefficient (ICC) as follows:

aiznter)
ICC = , 1
(62, +02. ) (1)
inter ' "intra
where o2, is the intersubject and o2 the intrasubject vari-
inter intra

ance of the same network metric. ICC is the ratio between the
intersubject variation and the sum of intersubject and intrasub-
ject variances (Fleiss, 1986; Owen et al., 2013). For example, an
ICC higher than 0.75 is traditionally considered excellent repro-
ducibility and values between 0.4 and 0.75 are considered fair-to-
good (Fleiss, 1986; Owen et al., 2013). In addition, we measured
the coefficient of variation of the network metrics by calculating

the ratio between intrasubject variance to the mean value of the
metric, which allows for the investigation of the relative preci-
sion (Vaessen et al.,, 2010; Owen et al., 2013).

3. Results
3.1. Reproducibility analyses

Our results show that the reproducibility of graph theoretical
metrics was generally excellent, i.e. the ICC was higher than 0.75
for all metrics both in the residual bootstrapping sample and in
the HCP test-retest data. The reproducibility results obtained using
a SH order of eight and 10 million reconstructed streamlines, in-
cluding the corresponding coefficients of variation, are presented
in Table 1. In addition, these results indicated that nCPL and SW
had the highest coefficients of variation. The reproducibility was
generally lower in the HCP test-retest data than in the residual
bootstrapping sample, with the exception of BC, but remained ex-
cellent for all metrics. Moreover, the intersubject variability of the
ICCs in the HCP test-retest data was higher than in the residual
bootstrapping sample.

We found that the reproducibility decreased slightly and the
variation in the ICCs increased for higher SH orders, i.e. higher
model complexities, as shown in Fig. 2. However, the reproducibil-
ity of all metrics other than BC was excellent for all SH orders.
Similar results were obtained in the HCP test-retest sample, as
shown in Supplementary Fig. 1.

Increasing the reconstruction density gradually from 10,000
to 100,000,000 streamlines improved the reproducibility of both
global and local metrics in the residual bootstrapping sample
(Fig. 3). Excellent reproducibility was reached at approximately one
million streamlines, with the exception of local BC values. Never-
theless, the reproducibility continued to increase further up to 10
to 100 million streamlines, especially for local metrics. Only two of
the subjects were analyzed with the highest reconstruction den-
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Table 1

Reproducibility of different graph theoretical metrics in networks reconstructed from
10 million streamlines, spherical harmonics order 8, and weighted by the number
of streamlines. The standard deviation of the corresponding value is presented after

the £ sign.
Residual bootstrapping

Metric  Intrasubject Intersubject CoV (%) ICC

nCC 1.34+0.01 1.28 +0.07 0.83% + 0.44% 0.97 +£0.05
nCPL 0.43+0.06 0.49+0.28 15.93% +4.99% 0.94+0.05
nGE 0.82+0.01 0.82+0.05 4.01% £ 1.45% 0.92+0.05
LE 4.44E-3+1.79E-4 4.67E-3 +6.70E-4 4.09% + 1.74% 0.93+0.05
BC 187 +2.66 185+5.05 1.42% +0.37% 0.78 +£0.09
SW 5.45+1.01 4.08 +3.46 15.83% +4.19% 0.91+0.19
DG 100+ 1.79 107 +5.55 1.83%+0.89% 0.90+0.08
STR 70234 +422 72554 +2097 0.60% + 0.24% 0.96 +0.03

HCP test-retest dataset

Metric  Intrasubject Intersubject CoV (%) ICC

nCC 141 +£0.02 142 +0.05 1.31% +1.09% 0.87+0.15
nCPL 0.35+0.13 0.37+0.24 30.8% +24.8% 0.77 £0.26
nGE 0.80+0.01 0.80+0.03 1.76% + 1.47% 0.78+0.23
LE 4.23E-3 +£2.70E-4 4.20E-3 +5.10E-4 6.44% +4.97% 0.77+0.21
BC 176 £2.26 176 £5.33 1.28% + 1.10% 0.84+0.18
SW 5.97 +1.56 5.68 +£3.53 30.3% +24.4% 0.82+0.20
DG 95.8 +1.51 95.6+4.87 1.58%+1.21% 0.89+0.12
STR 47844 + 566 47684+ 1732 119% +1.01% 0.88+0.14

CoV: coefficient of variation, ICC: intraclass correlation coefficient, nCC: normalized
clustering coefficient, nCPL: normalized characteristic path length, nGE: normalized
global efficiency, LE: average local efficiency, BC: betweenness centrality, SW: small-
worldness, DG: degree, STR: strength.
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A) Global network metrics
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sity, possibly causing the observed decrease in reproducibility of
SW for 100 million streamlines.

In the HCP test-retest data, the reproducibility was generally
lower and the standard deviations were clearly higher than in
the residual bootstrapping sample, as shown in Fig. 4. In addition,
the improvement of reproducibility with the reconstruction density
was not as prominent. Nevertheless, excellent reproducibility (ICC
higher than 0.75) of the global metrics was reached at 500,000 to
1 million streamlines, and the reproducibility continued to increase
until 10 million streamlines for the local metrics.

In binary networks, reconstructed in the residual bootstrapping
sample, the reproducibility of characteristic path length and global
efficiency was significantly decreased for low threshold values of
one (0.00001 %) or ten (0.0001 %) streamlines as shown in Fig. 5.

In networks reconstructed from 10 million streamlines, threshold
values of 100 to 1000 streamlines, i.e. 0.01 % to 0.001 %, produced
the most reproducible results for most of the graph theoretical
metrics. For a threshold value of 10,000 streamlines, or 0.1 %, the
reproducibility of nCC, nCPL, nGE and SW decreased, although for
LE, BC, DG, and STR the reproducibility continued to improve.

The reproducibility results for different network weights are
presented in Fig. 6 for networks with 10 million streamlines re-
constructed with SH order 8 in the residual bootstrapping sam-
ple. The reproducibility was excellent for all of the weights and
network properties. However, fractional anisotropy weighted and
binary networks, especially those without thresholding, had gen-
erally lower reproducibility compared to networks weighted with
the number, percentage, or density of streamlines. Weighting with
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Fig. 5. Reproducibility of network properties in binary networks reconstructed from the number of streamlines using varying threshold values in the residual bootstrapping
sample. Networks were reconstructed with spherical harmonics (SH) order 8 and a reconstruction density of 10 million streamlines. The box plots indicate the mean (circle),
median, minimum, maximum, 25th and 75th percentile values. Outliers are indicated with dots. nCC: normalized clustering coefficient, nCPL: normalized characteristic path
length, nGE: normalized global efficiency, LE: average local efficiency, BC: betweenness centrality, SW: small-worldness, DG: degree, STR: strength.
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Fig. 6. Reproducibility of the network properties with different network weights reconstructed from 10 million streamlines and a spherical harmonics (SH) order 8 in the
residual bootstrapping sample. The box plots indicate the mean (circle), median, minimum, maximum, 25th and 75th percentile values. Outliers are indicated with dots. nCC:
normalized clustering coefficient, nCPL: normalized characteristic path length, nGE: normalized global efficiency, LE: average local efficiency, BC: betweenness centrality, SW:
small-worldness, DG: degree, STR: strength, SIFT: spherical-deconvolution informed filtering of tractograms.
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Fig. 7. A) Reproducibility of the network properties with two cortical parcellation atlases in FreeSurfer combined with the subcortical structures from FSLs FIRST in the
residual bootstrapping sample. Networks were reconstructed from 10 million streamlines and a spherical harmonics (SH) order 8, and weighted with the number of stream-
lines. The box plots indicate the mean (circle), median, minimum, maximum, 25th and 75th percentile values. Outliers are indicated with dots. nCC: normalized clustering
coefficient, nCPL: normalized characteristic path length, nGE: normalized global efficiency, LE: average local efficiency, BC: betweenness centrality, SW: small-worldness,
DG: degree, STR: strength. B) The two atlases (Destrieux: 164 parcels, and Desikan-Killiany: 84 parcels) visualized on an axial slice of the T;-weighted image with the
reconstructed streamlines overlaid. C) Visualization of the structural brain networks with the different atlases. The networks were reconstructed as in A).
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Fig. 8. Reproducibility of node-level network properties in networks reconstructed from 10 million streamlines using a spherical harmonics (SH) order 8 and weighted with
the number of streamlines in the residual bootstrapping sample. The color of the node indicates the corresponding intraclass correlation coefficient (ICC) according to the
scale visualized below, and the size of the node varies from the minimum ICC value to the maximum ICC value within the respective network property.

the number of SIFT-filtered streamlines resulted in similar repro-
ducibility to the raw number of streamlines, except for the degree
and efficiency properties, for which the reproducibility was higher
with SIFT. However, although the final reconstruction density was
the same as for the other weights, the initial reconstruction density
before the application of SIFT was 100 million, which may affect
the reproducibility. Moreover, only one of the subjects was pro-
cessed for intrasubject variability with SIFT.

The reproducibility for the Destrieux atlas (Destrieux et al.,
2010; Fischl et al., 2004) with 164 nodes was superior to the
Desikan-Killiany atlas (Desikan et al., 2006) with 84 nodes, as
shown in Fig. 7 in networks with 10 million streamlines, SH or-
der 8 and weighted with the number of streamlines in the residual
bootstrapping sample. The effect was similar but less prominent in
the HCP test-retest dataset, as shown in Supplementary Fig. 2.

The reproducibility of the local network properties for indi-
vidual nodes is presented in Fig. 8 in networks with 10 million
streamlines reconstructed with SH order 8 and weighted with the
number of streamlines in the residual bootstrapping sample. The
results indicated that the reproducibility of node strength was the
highest. The reproducibility of LE was also high, with a similar spa-
tial pattern to CC, for which the reproducibility was slightly lower.

The node-level reproducibility was lowest for BC, similar to the
global metrics. None of the nodes had an ICC higher than 0.8 for
BC, and thus the color scale was changed for this subfigure from
0.8-1.0 to 0.5-1.0. All of the ICC values used in Fig. 8 are presented
in Supplementary Table 1.

3.2. Correlation analyses

Spearman correlation coefficients between the different net-
work metrics in the residual bootstrapping sample are presented in
Table 2. The analyses, performed in networks with 10 million re-
constructed streamlines and weighted with the number of stream-
lines, showed that LE correlated strongly with nGE and SW corre-
lated negatively with nCPL. Degree and strength were negatively
correlated with nCC and BC, and positively with each other.

Correlations between network properties from differently
weighted networks in the residual bootstrapping sample are pre-
sented in Table 3. Spearman correlation coefficients were cal-
culated with respect to the corresponding metric in a network
weighted with the number of streamlines. Correlations between
the percentage and number of streamlines weighted networks
were almost perfect (0.96-1.00) in all of the metrics. Streamline
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Table 2

Spearman correlation coefficients between different graph theoretical measures in networks reconstructed from 10 million streamlines,
spherical harmonics order 8, and weighted by the number of streamlines in the residual bootstrapping sample. The color-coding describes
the correlation coefficients from red (-1) through yellow (0) to green (+1).

Metric nCC nCPL nGE BC SW DG STR
nCC -0.03 -0.12 -0.05 0.23 0.15 -0.67 -0.63
nCPL -0.03 -0.20 -0.02 -0.31 -0.99 0.15 0.11
nGE -0.12 -0.20 0.90 0.25 0.17 -0.09 0.05

LE -0.05 -0.02 0.90 0.24 0.01 -0.05 0.21
BC 0.23 -0.31 0.25 0.24 0.33 -0.70 -0.44
SW 0.15 -0.99 0.17 0.01 0.33 -0.24 -0.16
DG -0.67 0.15 -0.09 -0.05 -0.70 -0.24 0.69
STR -0.63 0.11 0.05 0.21 -0.44 -0.16 0.69

nCC: normalized clustering coefficient, nCPL: normalized characteristic path length, nGE: normalized global efficiency, LE: average local
efficiency, BC: betweenness centrality, SW: small-worldness, DG: degree, STR: strength.

Table 3

Spearman correlation coefficients in networks with different weights in the residual bootstrapping sample. The correlation coef-
ficients were calculated with respect to the corresponding metric in a network weighted with the number of streamlines. The
networks were reconstructed from 10 million streamlines and a spherical harmonics order 8. The color-coding describes the cor-
relation coefficients from red (-1) through yellow (0) to green (+1).

Weight nCC nCPL nGE
Percentageof 99 996 097
streamlines
Density of 096 061 -0.04
streamlines
SIFTed . 0.68 0.43 0.70
streamlines
Fractional 084 031 -037
anisotropy
Binary 0.79 -0.08 -0.18
Binary 072 006 044
thresholded : ’ ’

LE BC SW DG STR
1.00 1.00 0.97 1.00
0.10 0.28 0.52 1.00 0.64
049 057 046 081 -0.15
-0.41 0.70 0.26 1.00 0.65
-0.13 = 0.70 0.20 1.00 0.69
-0.46 0.24 -0.02 0.73 0.74

nCC: normalized clustering coefficient, nCPL: normalized characteristic path length, nGE: normalized global efficiency, LE: aver-
age local efficiency, BC: betweenness centrality, SW: small-worldness, DG: degree, STR: strength, SIFT: spherical-deconvolution

informed filtering of tractograms.

density networks correlated strongly with the number of stream-
lines networks for nCC, and moderately for nCPL, SW and strength.
All of the metrics from the networks weighted with the SIFTed
number of streamlines correlated positively (0.43-0.81) with the
raw number of streamlines, except for the average strength of the
nodes, which had a weak negative correlation. Networks weighted
with fractional anisotropy correlated strongly with those weighted
with the number of streamlines for nCC and moderately for BC
and strength. A weak negative correlation was observed in the
efficiency metrics between the number of streamlines and frac-
tional anisotropy weighted networks. Binary networks correlated
with the number of streamlines weighted networks in nCC and
strength, and without thresholding also in BC. Note that due to its
binary calculation, the number of adjacent nodes, the degree does
not depend on the weight used. In addition, average node strength
in networks weighted with the percentage of streamlines is equal
for all subjects and equals the degree in binary networks.

4. Discussion

Our results show that the reproducibility of structural brain
network properties is excellent both in the residual bootstrap-
ping sample and in the HCP test-retest dataset. These results
complement the previous results by Owen et al. (2013) and
Smith et al. (2015a), and encourage the investigation of structural
brain networks also in clinical samples.

Based on our results, we provide the following guidelines for
the reconstruction and analysis of structural brain networks:

e The reconstruction density should be sufficiently high: the
absolute lower limit for excellent reproducibility is between
500,000 and one million streamlines (see Figs. 3 and 4). How-
ever, the reproducibility continues to increase further with in-
creasing number of streamlines (e.g. 10 and 100 million), espe-
cially for the local network metrics. To reach these reconstruc-
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tion densities after SIFT (Smith et al., 2013), 10-20 times the
desired number of streamlines should initially be reconstructed.
For reproducible analysis of binary networks, sufficiently high
threshold values should be used. The absolute values for the
most reproducible results range from 100 to 1000 streamlines
in networks with a total number of 10 million streamlines,
which equals 0.001 %-0.01 % of the streamlines (see Fig. 5).
With lower thresholds, the noise-induced variation among the
nodes with the lowest weights is captured by the binary net-
works, increasing the variability in the network metrics. How-
ever, it has also been discussed that the weak connections may
have a significant role in the brain connectivity (Bassett and
Bullmore, 2016). More information about the advantages and
disadvantages of thresholding the networks is provided in
Drakesmith et al. (2015).

o The spherical harmonics order has only a small effect on the re-
producibility; higher orders, i.e. more complex models, result in
slightly lower reproducibility (see Fig. 2). The use of the higher
spherical harmonics orders of 8 or more may have other ben-
efits not investigated in this study, such as the ability to re-
solve sharper crossing angles (Tournier et al., 2008). More de-
tails about the recommended acquisition parameters and cor-
responding spherical harmonics orders for CSD are provided in
Tournier et al. (2013).

In addition, various network properties correlate strongly with
each other, and therefore, it would often be sufficient to study
either nCPL or SW, LE or nGE, and degree or strength (see
Table 2). This will increase the power of the statistical analy-
ses through the need of smaller correction for multiple com-
parisons. Between the percentage and number of streamlines
weighted networks the correlations were almost perfect (see
Table 3). However, correlations between networks with other
weights and number of streamlines were much lower, indicat-
ing that choosing an appropriate weight makes a substantial
difference in the network analyses.

We would like to remind that in addition to the above guide-
lines, which are directly based on our data, the acquisition and
preprocessing of the data should be performed with great care.
For instance, the reliable assignment of the streamlines to the cor-
responding cortical and subcortical GM regions requires proper
EPI distortion correction (Andersson et al., 2003; Irfanoglu et al.,
2012; Wu et al., 2008) and rigid coregistration (Ashburner and Fris-
ton, 2003) between the anatomical and diffusion-weighted data,
in addition to eddy current and motion correction (Andersson
and Sotiropoulos, 2016; Leemans and Jones, 2009). An excellent
pipeline is proposed in Smith et al. (2012).

Moreover, determining biologically accurate measures for struc-
tural connectivity based on diffusion MRI data is not unequivo-
cal (Daducci et al., 2016; Jones et al., 2013; Smith et al., 2013;
2015b; Yeh et al., 2016). We showed that the use of the SIFT
method to improve the biological correspondence of stream-
lines (Smith et al., 2013; Yeh et al., 2016) does not decrease the
reproducibility in the subsequent graph theoretical analyses, and
may improve the reproducibility of the efficiency properties. In ad-
dition, we showed that the metrics calculated with and without
SIFT differ from each other, as the correlation coefficients were
generally below 0.70 (Table 3). However, due to the need for a
significantly higher initial number of streamlines and the process-
ing time of the SIFT method, the processing requires approximately
24-48 hours of analysis time per subject on a powerful computer.
Nevertheless, the use is recommended in the reconstruction bio-
logically meaningful structural brain networks (Smith et al., 2013;
2015a; 2015b; Yeh et al., 2016).

A limitation of this study was the lack of repeated data acqui-
sition in the original residual bootstrapping sample. Therefore, we

replicated the experiments related to the reconstruction density,
spherical harmonics order, and the two cortical parcellations in the
HCP test-retest dataset of 44 healthy subjects. These experiments
produced results similar to the residual bootstrapping experiments,
and thus, further strengthen the conclusions of the study. The main
difference in the results was the lower reproducibility and higher
variation in the HCP dataset (except for BC), possibly due to the
long interval (4.9 4 2.4 months) between the two intrasubject ac-
quisitions and the repositioning of the subjects, which are effects
that are not captured by design in residual bootstrapping.

In the future, the non-WM partial volume effects (Roine et al.,
2014; 2015a), choices in defining the response function (Parker
et al., 2013; Tax et al., 2014), as well as the benefits of multi-
shell data (Jeurissen et al., 2014) on the reproducibility of struc-
tural brain networks should also be investigated. Especially for the
WM-GM interface seeding approach, accounting for the non-WM
partial volume effects may have significant benefits.

5. Conclusions

We analyzed the reproducibility of structural brain network
properties in a residual bootstrapping sample and in the HCP
test-retest dataset. Networks were reconstructed with probabilistic
CSD-based streamlines tractography while varying several recon-
struction and network parameters.

We showed that the reproducibility of structural brain networks
reconstructed with CSD is generally excellent. However, stream-
line density should be sufficient and binarization of the networks
should be performed with adequate threshold levels. In addition,
certain network properties and connectivity weights correlated
with each other, but several connectivity weights did not corre-
late, which indicates that they may measure different properties.
Thus, appropriate connectivity weights should be selected care-
fully. These guidelines should be taken into account in future re-
search concerning structural brain networks in order to enable re-
liable investigation of the network properties.
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