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A B S T R A C T

An important task for neuroscience is to accurately construct structural connectivity network of human brain.
Tractography constructed based on high angular resolution diffusion imaging (HARDI) provides valuable in-
formation of human brain structural connections. Existing algorithms, mainly categorized as deterministic or
probabilistic, come with inherent limitations (e.g., fiber direction uncertainty induced by noise, or anatomically
unreasonable connections and heavy computational cost). In this study, a novel integrated algorithm was pro-
posed to construct brain structural connectivity network by incorporating the deterministic path planning and
probabilistic connection strength estimation, based on ensemble average propagator (EAP). We first estimated
EAPs from multi-shell samples using the spherical polar Fourier imaging (SPFI), and then extracted diffusion
orientations coinciding with neural fiber tracts. Only under angular constraints, the deterministic path planning
algorithm was subsequently used to find all reasonable pathways between pairwise white matter (WM) voxels in
different regions of interest (ROIs). Consequently, a train of consecutive WM voxels along each of the identified
pathways was determined, and the connection strength of these pathways was computed by integrating their
EAP alignment over a solid angle. The connection strength of a pair of WM voxels was assigned as the connection
strength with the largest connection possibility. Finally, the connection strength between two ROIs was calcu-
lated as the sum of all the connection probabilities of each pair of WM voxels in the ROIs. A comparison against
voxel-graph based probabilistic tractography method was performed on Fibercup phantom dataset, and the
results demonstrated that the proposed method can produce better structural connection and is more compu-
tationally economical. Lastly, three datasets from Human Connectome Project (HCP) S1200 group were tested
and their structural connectivity networks were constructed for topological analysis. The results showed great
consistency in network metrics with previous WM network studies in healthy adults.

1. Introduction

Due to aging population, aging-related brain pathologies have been
on the rise and demand advanced diagnostic technology to improve our
understanding of brain functions. As multiple pathologies are asso-
ciated with impairments in structural connectivity of brain, a detailed
structural connectivity map covering entire brain would be of great
value for neuroscience [1]. In addition, some brain diseases such as
Schizophrenia and Alzheimer's Disease involve aberrant topology of
structural connectivity network of the brain [2,3]. Accurate network-
based analysis on structural connectivity can also lead to powerful
imaging markers for brain diseases. Despite the pitfalls that limits
anatomical connection accuracy, tractography based on diffusion
weighted imaging (DWI) is still the most promising method for building

structural connectivity network at macroscopic level [4].
Global tractography is a mathematical framework, which aims to

address the ill-posed nature of the diffusion tractography by modeling it
as a global inverse problem. However, those techniques are computa-
tionally demanding and have not become widespread yet [5]. Cur-
rently, there are two main categories of algorithms to construct struc-
tural connectivity network of human brain from DWI data – the
deterministic algorithm and the probabilistic algorithm [6,7]. The de-
terministic algorithm follows the main fiber directions revealed by the
diffusion model and generate sequences of points that are considered as
fibers. Specifically, streamline-based deterministic algorithms delineate
fiber pathways by tracking diffusion directions with a step size [8–10].
However, it is challenging for these algorithms to achieve accurate fiber
tracking results in regions where fibers cross or branch. Consequently,
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the brain connectivity strength measured from the number of fibers
may not be robust. Moreover, the noise and partial volume effect in
DWI would increase the uncertainty of fiber pathways, as they could
initiate a meaningless change in pathways. On the contrary, probabil-
istic algorithms usually repeat many times the deterministic version by
randomly perturbing the main fiber directions, and produce maps of
connectivity, which indicate the probability that a given voxel is con-
nected to a reference position. Using a probabilistic algorithm, paths
along aberrant orientations tend to disperse quickly because voxels
along these paths are classified with a low probability. However, al-
though probabilistic tractography algorithms show a good resistance to
fiber path uncertainty in constructing brain structural connectivity,
spurious WM connections that are not anatomically connected may be
induced. Considering these limitations, it is beneficial to strategically
utilize the strengths from these two algorithms to further improve the
structural connection while still maintaining an economical computa-
tional cost.

In this study, a new structural connectivity construction method
utilizing the strengths of both deterministic and probabilistic algo-
rithms was developed. First, all reasonable paths connecting seed and
target voxels are identified according to the orientations extracted from
the Ensemble Average Propagator (EAP), an emerging method to
characterize tissue microstructure that, to our best knowledge, has not
been thoroughly investigated in the construction of brain structural
connectivity network currently [11]. Next, the probabilities of these
paths were estimated by integrating EAP alignment along them over a
solid angle, and the strongest path was regarded as a real neural fiber
connection. The connectivity strength between brain regions was then
estimated by summing up the connection possibility of each pair of WM
voxels. Thus, a non-directed weighted structural network was estab-
lished with brain regions as nodes, and connection strengths as arc
weights.

2. Methods

2.1. Ensemble average propagator (EAP)

EAP is a full three-dimensional displacement probability function of
water molecules in brain tissues, which could faithfully characterize the
water diffusion process in brain tissues [12,13]. Compared with two
traditional methods, diffusion tensor (DT) [14–22] and orientation
distribution function (ODF) [23–26], EAP preserves the radial part of
the diffusion signal and therefore has the potential to accurately iden-
tify crossing orientations of neural fascicles contained in a WM voxel
[11,27,28]. It was reported that EAP profile usually has a superior
ability to characterize main diffusion directions than ODF [29,30]. The
relationship between diffusion signal attenuation and EAP is given by a
Fourier transform (FT) relationship [12].
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where S q( ) is the diffusion signal measured at position q in q-space, and
S0 is the baseline image acquired without any diffusion sensitization. R
is the diffusion displacement vector.

In this study, spherical polar Fourier imaging (SPFI) was employed
to estimate EAP from multi-shell DWI samples [29]. The implementa-
tion includes two steps. The first step is to estimate coefficients from
attenuated signals and the second step is the linear analytical transform.
SPFI uses analytical transforms to avoid numerical Fourier transform
and numerical integral in diffusion spectrum imaging in order to
achieve high computational efficiency. EAP is calculated along every
direction after spherical harmonic (SH) coefficients are acquired.
Compared with Q-ball imaging, which works only for single shell data,
SPFI works for arbitrarily sampled data. Compared with DSI, SPFI re-
quires a smaller number of samples and lower b values [31,32]. In Refs.

[27,28], two EAP-based streamline-like tractography algorithms are
proposed, showing the advantage of the EAP-tract method over the
ODF-tract method. We consider that structural connectivity construc-
tion could benefit from EAP.

2.2. Structural connection strength

The direction of maximal diffusion is assumed to coincide with the
direction of fiber tracts [33–36]. After deriving EAPs using SPFI, dif-
fusion directions contained in a WM voxel are extracted through de-
tecting local peaks of EAP [37]. These orientations are used to identify
reasonable paths between each pair of WM voxels in ROIs. A path is
viewed as a serial of consecutive WM voxels, linking a seed voxel to a
target one.

The definition of an index of structural connectivity is a topic of
great interest in the neuroscience community. Links are defined be-
tween spatially adjacent WM voxels. The strength (weight) of a link is
chosen so that it could represent the probability that neighboring voxels
are really connected by neural fibers. According to Refs. [23,24,38], the
weight of a link is estimated as follows.

= = +i r j rw w P P( , ) ( , )ij ji ij ji (2)

where i rP ( , )ij is a pseudo-probability term of diffusing from WM voxel
i along the direction rij that connects the centers of voxel i and j. Si-
milarly, it can be given by integrating the EAP over a solid angle ω
around the vector rij as shown in equation (3). The angle ω is de-
termined by the neighborhood system, and the 3× 3×3 neighbor-
hood ( =ω π4

26 ) is used in this study.
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diffusion directions distributing in ω. The strength M of a fiber bundle
path ⋯ −i i i i i i[( , ), ( , ), , ( , )]X X1 2 2 3 1 that comprises of N WM voxels

⋯i i i, , , N1 2 is given by:
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When all reasonable paths are identified between seed and target
WM voxels using deterministic path planning algorithm, the probability
of the strongest path is assigned as the connection strength between

Fig. 1. Diagram of the connection probability computation between two ROIs.
The connection strength between two ROIs (marked with red rectangles) were
estimated by summing up all the connection possibility of each pair of WM
voxels (such as the colored voxels) in the two ROIs. If no link is found between
them, their connection strength is assigned to zero. Here, ROIs denote brain
functional areas. In this study, the cerebral cortex was actually parcellated into
68 regions.
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them through direct comparisons instead of graph-based searching. The
connection strength between two different regions is finally estimated
by summing up the probability of each pair of WM voxels (equation
(5)). Such a probability-based approach could reduce spurious WM
connections that are not anatomically connected. The structural con-
nection strength between any two brain functional regions is defined as:

∑ ∑= +
∈ ∈

i jS ROI ROI w ROI w ROI( , ) ( , ) ( , )
i iROI ROI

1 2 2 1
1 2 (5)

where the term iw ROI( , )2 denotes the connectivity probability of a WM

voxel ∈i ROI1 with each WM voxel in ROI2. Similarly, jw ROI( , )1 de-
notes the connectivity of WM voxel ∈j ROI2 with each WM voxel ROI1.
Note that the right first term in equation (5) quantifies connection
strength between ROI2 with ROI1, and the right second term quantifies
connection strength between ROI1 with ROI2 (Fig. 1). The detailed
process of estimating the connection strength between seed and target
WM voxels is described as follow.

Input: seed voxel s in ROI1, target voxel e in ROI2 (see Fig. 1).
Output: Path connection probability.

(1) Compute EAPs from single- or multi-shell samples in q-space using
SPFI [29–31].

(2) Extract diffusion orientations through detecting local peaks of
EAPs.

(3) For each diffusion direction v in voxel s, identify the next con-
secutive voxel in its 26 neighbor WM voxels. As shown in Fig. 2(a),
the neighbor voxel c is retained as the next consecutive voxel of v if

→rs c (dotted line in Fig. 2(a)) is most aligned with v (solid line in
Fig. 2(a)).

= ⋅→c r vargmin
c

s c
(6)

where →rs c is the vector pointing from the center of s to the center of c.

(4) Choose the diffusion directions satisfying equation (7) contained in
voxel c for the next propagation.
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where dp is the diffusion direction in c, and N is the number of diffusion
directions in c. αth is the angle between the successive vectors along the

Fig. 2. Diagram of identifying the paths between seed and target WM voxels. (a) Among 26 neighboring WM voxels (red dots indicate the 26-connected voxels), we
choose the voxel whose connecting vector (dotted line) is most aligned with the diffusion direction (solid line) as the next consecutive voxel. For the sake of
simplicity, only four dotted lines were outlined. (b) Here, for the sake of representability, we considered 2D tracts from s to e. There are two paths connecting s and e.
(c) The angle between two successive directions cannot be larger than the threshold αth.

Fig. 3. Ground truth of Fibercup fiber pathways. (a) The phantom consists of 7 fiber bundles, including crossing, branching, and bending bundles. In (b), the dark red
regions are ROIs for estimating connection strength, which are drawn manually. The white pixels in the connection map (c) just show that there is fiber connections
between two ROIs, and cannot denote connection strength.

Fig. 4. EAP field constructed using SPFI with the parameters as R= 0.015mm,
SH order= 4, and Rad order= 1 [29]. The crossing regions in (a) were marked
out with blue rectangles, and the enlarged views were displayed as (b), (c), and
(d), respectively. Compared with ground truth of Fiberup phantom, the local
peaks of EAPs coincide with fiber orientations.
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same path (Fig. 2(c)).

(5) =s c, go to (3). Iterate until non-WM region is met or there are no
directions satisfying equation (7). By checking if there were the
same indexes of voxels in a path, circle fibers would be removed.

(6) Identify the paths that can reach e, and compute their connection
probabilities according to equation (4). Assign the probability of the
strongest path as the connectivity strength between s and e. For
example, there are two paths between s and e in Fig. 2(b), the
stronger path would be considered as the connection. If no rea-
sonable paths are found, the connection strength between s and e is
set to zero.

At last, structural connection strength between two ROIs is esti-
mated according to equation (5).

The calculated structural connection strengths depend on the
alignment of EAP along the path between each pair of WM voxels, with
higher strengths indicating better alignments. The connection strength
derived from EAPs could be more robust and suitable for structural
connectivity network topological analysis. After the connectivity matrix
is obtained, human brain can be modeled as a non-directed weighted
graph. The topologic characteristics of brain structural connectivity
networks can be further investigated with graph theory. In this study,
we first test the proposed method on Fibercup dataset, and then applied
it to construct human brain structural connectivity network, and in-
vestigated the network metrics including network efficiency, small-
worldness, hub regions, and backbone links.

3. Results

3.1. Phantom dataset

The proposed method was first evaluated using the Fibercup
phantom dataset. The dataset consists of 2 acquisitions, each acquired
at 3 different b-values (650 s/mm2, 1500 s/mm2, 2000 s/mm2).
Parameters for the 3mm isotropic acquisition were as follows: field of
view FOV=19.2 cm, matrix 64×64, slice thickness TH=3mm, read
bandwidth RBW=1775 Hz/pixel, partial Fourier factor= 6/8, parallel
reduction factor GRAPPA=2, repetition time TR=5s, 2 repetitions.
Three diffusion sensitizations at b=650/1500/2000 s/mm2 corre-
sponding to the echo times TE=77/94/102ms respectively were used.
Three slices were acquired. A signal-noise ratio (SNR) of 15.8 was
measured for the baseline (b=0) image. SNR of DWI at b=650/
1500/2000 s/mm2 were evaluated at 9.1/2.6/1.12, respectively
[39–41]. Fig. 3 (a) shows the ground truth of the fiber bundles in this
phantom, including crossing, branching, and bending bundles [42].
Fig. 3 (b) shows 12 seed ROIs (dark red rectangles) marked on WM
mask. The white pixels in Fig. 3 (c) only indicate connections between
any two ROIs, not connection strength.

SPFI was employed to estimate EAP. Fig. 4 illustrates the EAP field
of Fibercup phantom. The DWI signals were sampled along 64 diffusion
directions uniformly distributed on a spherical shell. Before EAP con-
struction, we denoised this dataset using MRtrix3 [43]. The parameters
for EAP construction are set as R=0.015mm, SH order= 4, and Rad
order= 1 [29]. In Fig. 4(a), the orientations of crossing and branching
fibers were identified definitely, and the enlarged views were shown in
Fig. 4(b), (c), and (d).

In the proposed method, the structural connectivity construction
was influenced by the angular threshold αth between successive direc-
tions. To investigate its impact, we applied different angular values for
αth, including 90°, 70°, 50°, and 30°. Fig. 5 shows whole-phantom
streamline tracts and connection paths between 12 ROIs at different
angular constraint of 30°, 50°, 70° and 90°. These paths only represent
connection relationship between ROIs, instead of realistic tracts. The

Fig. 5. Whole-phantom streamline tracts and connection paths between 12 ROIs at different angular constraint of 30°, 50°, 70° and 90°. These paths only represent
connection relationship between ROIs, instead of realistic tracts. The WM voxels consecutively distributed on the paths would be used to compute the connection
weight between ROIs.

Fig. 6. Comparison across different angular constraints, including = °α 90th ,
= °α 70th , = °α 50th , and = °α 30th . (a) Correct rate in percent at different an-

gular constraints. (b) Number of correct connections at different angular con-
straints.
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Fig. 7. Structural connectivity of Fibercup phantom dataset. Top row is the connection map constructed with our proposed method, and bottom row is computed
using graph-based method present in Refs. [7,23]. (a) and (e) are the original connection maps. (b) and (f) are the maps filtered at the threshold of 0.2. (c) and (g) are
the maps filtered at the threshold of 0.4. (d)) and (h) are the maps filtered at the threshold of 0.6. (i) shows the ratio of correct connections, and (j) illustrates the
number of correct connections.

Table 1
Cerebral cortex parcellation including 68 regions, 34 per hemisphere.

Left hemisphere Right hemisphere

1. Bankssts 18. Para hippocampal 35. Bankssts 52. Para hippocampal
2. Caudal anterior cingulate 19. Parsopercularis 36. Caudal anterior cingulate 53. Parsopercularis
3. Caudal middle frontal 20. Parsorbitalis 37. Caudal middle frontal 54. Parsorbitalis
4. Cuneus 21. Pars triangularis 38. Cuneus 55. Pars triangularis
5. Entorhinal 22. Pericalcarine 39. Entorhinal 56. Pericalcarine
6. Frontal pole 23. Post central 40. Frontal pole 57. Post central
7. Fusiform 24. Posterior cingulate 41. Fusiform 58. Posterior cingulate
8. Inferior parietal 25. Precentral 42. Inferior parietal 59. Precentral
9. Inferior temporal 26. Precuneus 43. Inferior temporal 60. Precuneus
10. Insula 27. Rostral anterior cingulate 44. Insula 61. Rostral anterior cingulate
11. Isthmus cingulate 28. Rostral middle frontal 45. Isthmus cingulate 62. Rostral middle frontal
12. Lateral occipital 29. Superior frontal 46. Lateral occipital 63. Superior frontal
13. Lateral orbitofrontal 30. Superior parietal 47. Lateral orbitofrontal 64. Superior parietal
14. Lingual 31. Superior temporal 48. Lingual 65. Superior temporal
15. Medial orbitofrontal 32. Supra marginal 49. Medial orbitofrontal 66. Supra marginal
16. Middle temporal 33. Temporal pole 50. Middle temporal 67. Temporal pole
17. Paracentral 34. Transverse temporal 51. Paracentral 68. Transverse temporal

The indexes for pacellated regions are coded from 1 for bankssts of left hemisphere to 68 for transverse temporal of right hemisphere in turn [46]. The indexes from
35 to 68 are assigned to the parcellated regions of right hemisphere in the same order.
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WM voxels consecutively distributed on the paths would be used to
compute the connection weight between ROIs. The comparison across
different angular constraints was shown in Fig. 6. As for = °α 70th and

= °α 50th , the correct rate was up to 75% at strength threshold of 0.6.
For = °α 30th , the correct rate showed minimal changes at different
thresholds. At = °α 90th , the correct rate remained the same as = °α 70th

at the thresholds of 0 and 0.2, and the same as = °α 30th at the
thresholds of 0.4 and 0.6. The number of correct connections was lar-
gest at = °α 90th .

In order to confirm the advantage of the proposed method over

Dijkstra searching, under the condition of = °α 90th , our method was
used to construct the connection map of Fibercup phantom based on
EAP. The distance_weifunction proposed in brain connectivity toolbox
(BCT) [44] was used to compute the connection weight between any
two ROIs for the method in Ref. [23]. Fig. 7 (a)~(h) illustrates the
connections estimated based on EAP at the connection thresholds of 0,
0.2, 0.4, and 0.6. Fig. 7 (i) and (j) indicated that the connections es-
tablished with our method match the ground truth better
(54.55%–66.67% vs 15.22%–30.77%). At the thresholds of 0.4 and 0.6,
the number of correct connections derived from proposed method were
greater than Dijkstra method (12 vs 8 and 8 vs 2, respectively).

3.2. In-vivo datasets

The human brain datasets from the Washington University-
University of Minnesota consortium of the Human Connectome Project
(HCP; http://www.humanconnectome.org) were used in this study to
further characterize the performance of the proposed method. DWI
images were acquired with 288 gradient directions distributed on three
shells (b value=1000 s/mm2, 2000 s/mm2, 3000 s/mm2), with the
following scanning parameters: TR=5520ms, TE= 89.5ms, flip

Fig. 8. Whole-brain streamline tracts and connection paths between 68 parcellated cortical regions. These paths just denote connection relationship between ROIs,
instead of realistic WM tracts. The WM voxels consecutively distributed on the paths would be used to compute the connection weight between ROIs.

Fig. 9. Structural connectivity maps of three HCP S1200 subjects constructed with the proposed method. (a) Subject of 108020. (b) Subject of 111211. (c) Subject of
113316.

Table 2
Structural network metrics were analyzed, including Eg, Eloc, Cp, Lp, γ , λ, and
σ .

Subject ID Eg Eloc Cp Lp γ λ σ

108020 0.0618 0.1151 0.0742 16.1584 5.1510 1.2227 4.2127
111211 0.0668 0.1612 0.0913 14.9642 4.9926 1.1941 4.1810
113316 0.0620 0.1191 0.0754 16.1214 5.4422 1.2832 4.2409
Mean 0.0635 0.1318 0.0803 15.7480 5.1952 1.2333 4.2115
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angle= 78, FOV=1584×1848mm2, and voxel size= 1.25mm iso-
tropic. T1-weighted structural image was acquired with the following
parameters: TR=2400ms, TE=2.14ms, flip angle= 8,
FOV=320×320mm2, 256slices, and voxel size= 0.7 mm isotropic
[45]. The datasets of three healthy adults from HCP S1200 group were
used to verify the proposed method, including two males (22–25 y) and
one female (26–30 y).

High-resolution (259× 259×310) T1-weighted MRI images were
used to extract the brain, and different brain tissues such as gray matter,
white matter, cerebrospinal fluid (CSF) were further segmented out.
Cerebral cortex was parcellated into 68 functional areas, 34 cortical
regions per hemisphere (Table 1) [46]. At last, corresponding atlas were
affine registered to DWI native space (144×144×173). All opera-
tions were accomplished in Freesurfer 6.0.0. In this experiment, to force
anatomically realistic path propagation, a 90° maximum curvature
threshold ( = °α 90th ) was imposed between two successive path steps
[23]. Fig. 8 shows whole-brain streamline tracts and connection paths
between 68 parcellated cortical regions. These paths just denote con-
nection relationship between different cortical regions, instead of rea-
listic WM tracts. The WM voxels consecutively distributed on the paths
would be used to compute the connection weight between ROIs. Fig. 9
shows the structural connectivity maps of the HCP S1200 subjects. The
connection weights were normalized to [0, 1].

After the connectivity networks were retrieved, their network

topological properties were investigated with the tool of GRETNA [47]
and BCT [44]. The calculated network metrics were summarized in
Table 2, including the metrics of Eg, Eloc, Cp, Lp, γ , λ, and σ (see Refs.
[48–51] for detailed definitions). Briefly, the global efficiency Eg
measures the global efficiency of the parallel information transfer in
brain network. The local efficiency Eloc reveals how efficient the com-
munication is among the neighbors of a node when it is removed. The
clustering coefficient Cp indicates the extent of local interconnectivity
or cliquishness in brain network. Lp is the shortest path length of a
network. γ , λ, and σ are small-world parameters. The results confirm
the small-world attributes of human brain structural network, satisfying
the small-world conditions of λ~1, ≫γ 1, and >σ 1.

The hub nodes of these three networks were illustrated in Fig. 10,
and the hub node indexes were listed in Table 3. The nodes were
considered brain hubs if their nodal efficiencies were at least 1 standard
deviation greater than the average nodal efficiency of the network.
Nodal efficiency measures the average shortest path length between a
given node and all of the other nodes in brain network. These brain
graphs were visualized using BrainNet Viewer software [52].

According to Fig. 7 (i) and (j), the proposed method showed a better
performance than traditional method with a connection threshold set at
0.4. Here, we further extracted the backbone connections from the
constructed networks at the threshold of 0.4. Fig. 11 shows the back-
bone connections. These brain graphs were visualized using BrainNet
Viewer software [52]. The red links denote backbone connections, and
the radius represents connection strength. The common backbone
connections of the subjects are list in Table 4.

4. Discussion

This study presented an EAP-based method extended from Refs.
[7,23] to directly build human brain structural connectivity networks,
combining deterministic path planning and probabilistic connection

Fig. 10. Hub regions of HCP subjects. The hub
nodes were obtained according to nodal efficiency
values. The nodes were considered brain hubs if
their nodal efficiencies were at least 1 SD greater
than the average nodal efficiency of the network.
The brain graphs were visualized using BrainNet
Viewer software [52]. The dark red nodes indicate
hub regions.

Table 3
Hub regions of structural networks. The hub region name refers to Table 1.

Subject ID Hub regions (ROI index)

108020 3/10/20/23/25/29/30/31/38/45/51/60/64
111211 10/19/25/29/38/45/48/51/56/58/60/63
113316 8/10/13/23/25/30/31/32/42/45/51/60/64
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strength estimation. Compared to Refs. [7,23], the tracking algorithm
in this study utilized determined path planning to obtain reasonable
structural connections for connection strength estimation. The results
showed a markedly improved accuracy, with reduced computational
cost compared to Dijkstra method.

One main contribution of this study was that it strategically com-
bined the advantages of deterministic and probabilistic algorithms. As
the two main categories of the connectivity strength method, determi-
nistic and probabilistic algorithms have been previously reported in the
literature [6]. However, these two algorithms come with inherent
limitations. For example, regarding deterministic algorithms, the con-
struction of human brain connectivity network is directly dependent on
the results of deterministic tracking, and the accuracy suffers from fiber
path uncertainty induced by noise and partial volume effect. To address
this issue, some geometrical methods have been proposed to calculate
connectivity strength between different brain regions based on diffu-
sion tensor and ODF fields [14–16]. Regarding the probabilistic algo-
rithms, in Refs. [7,23], a framework based on ODF and voxel-graph
theory was proposed to construct structural brain connectivity network.
The defined brain graph was searched exhaustively to identify the
strongest paths among nodes. In Ref. [24], ODFs were decomposed into

components representative of single-fiber populations and a multigraph
was created for retrieving the strongest paths and assigning con-
nectivity strengths between each particular seed and all the other
voxels. However, because of the huge number of white matter (WM)
voxels in human brain DWI datasets, the computation of the connecting
matrix may be very time- and memory-consuming.

Another contribution of our study was that we employed EAP to
extract fiber orientations and to compute path strength, which can more
faithfully reflect diffusion profile. Both DT and ODF have been used to
estimate the connection strength between different brain areas [14–22].
The DT assumes a displacement probability characterized by Gaussian
distribution function, and it has limited capacity to resolve multiple
crossings inside a voxel [53,54]. The ODF is well known to represent
the angular structure of the diffusion. However, it also has some lim-
itations. First, the radial integration over a solid angle is done all over
EAP, and thus is likely to catch unwanted artifact that leads to false
orientation detection [27–29]. Second, fiber bundles with large differ-
ences in anisotropy are difficult to be identified when the partial vo-
lume effect in DWI is high [55]. As such, there still remain open
questions concerning the accurate estimation of connectivity strength
from DWI data. In future, it is necessary to comprehensively assess
different effects of EAP and ODF on brain structural connectivity net-
work. To date, several methods have been reported to recover EAP
profile, including harmonic oscillator with exponential penalty [27],
Laplace equation [12], Hermite Polynomials [13], and spherical polar
Fourier imaging (SPFI) [29]. Specifically, SPFI provides a model-free
analytical EAP reconstruction, with better robustness and greater effi-
ciency, and it was employed to retrieve EAP from multiple-shell DWI
samples.

Fig. 11. The backbone connections of the three subjects. The connection strength threshold is 0.4. The brain graphs were visualized using BrainNet Viewer software
[52]. The red links denote backbone connections, and the radius represents connection strength.

Table 4
Common backbone connections at the threshold of 0.4 across the three subjects.

Connections/(region index, region index)

(4, 22), (7, 9), (9, 16), (10, 19), (10, 25), (10, 31), (14, 22), (16, 31), (23, 25), (23,
32), (38, 56), (42, 64), (44, 65), (45, 60), (48, 56), (51, 58), (51, 60), (57, 59),
(60, 64)
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The validation performed on Fibercup phantom dataset shows that
the proposed method achieves better structural connections (see Fig. 7).
In Refs. [7,23,24], a Dijkstra searching algorithm was used to acquire
the strongest path linking two WM voxels. However, there are two
shortcomings in this approach: first, it is liable to induce false structural
connections; second, the exhaustive search becomes more time-con-
suming and memory-consuming with the growth of the number of WM
voxels in DWI data. The advantage of the proposed method is in re-
ducing strengths of less anatomically plausible connections through the
deterministic path planning. It is also relatively fast and avoids a full
searching in a non-directed voxel-wise graph, a problem of [7,23,24].

To verify the applicability of the proposed method in in-vivo clinical
utility, three in-vivo datasets of healthy adults from HCP S1200 group
were used to construct brain structural networks. We used Desikan-
Killiany atlas as a reference map for brain parcellation, and totally 68
brain regions (34 regions for each hemisphere) were regarded as the
nodes of the connectivity network [46]. The connectivity adjacent
matrices are shown in Fig. 9. And the topological properties were also
investigated, including efficiency (Eg and Eloc), small-world attributes (γ
λσ), clustering coefficient (Cp), shortest path length (Lp), hub regions,
and backbone connections. The results (Table 2) confirm the small-
world attributes of human brain structural network. The parameters of
interest are =λ 1.2333mean , =γ 5.1952mean and =σ 4.2115mean , satisfying
the small-world conditions of λ~1, ≫γ 1, and >σ 1 [56,57]. According
to Ref. [33], brain structural networks present bigger local efficiency
and smaller global efficiency, and our results ( =E 0.0635g

mean and
=E 0.1318loc

mean ) agree with this statement. However, it is worth to note
that the values of these topological parameters would be different when
cortex parcellation scheme changes.

The hub regions distributed in the SC networks are identified for
each subject (Fig. 10). The nodes were considered brain hubs if their
nodal efficiencies were at least 1 standard deviation greater than the
average nodal efficiency of the network. We found that the subjects
showed similar hub distributions, including the common hub regions of
lateral occipital (left hemisphere), rostral anterior cingulate (left
hemisphere), lateral orbitofrontal (right hemisphere), pars opercularis
(right hemisphere), and rostral middle frontal (right hemisphere). This
finding is largely consistent with previous structural network studies in
healthy adults [58–61].

Lastly, the backbone connections of structural connectivity net-
works were extracted from the networks constructed based on EAP
(Figs. 11), and 19 common backbone connections were identified across
them (Table 4). There are three backbone connections passing through
the function regions of lateral occipital (left hemisphere) and rostral
middle frontal (right hemisphere). There are two backbone connections
passing through the regions of isthmus cingulate (left hemisphere),
paracentral (left hemisphere), posterior cingulate (left hemisphere),
rostral anterior cingulate (left hemisphere), precentral (left hemi-
sphere), frontal pole (left hemisphere), posterior cingulate (right
hemisphere), and supra marginal (right hemisphere). These backbone
connections mainly account for whole brain communication.

5. Conclusion

A new method for structural connectivity network construction was
developed in this study that integrated the probabilistic and determi-
nistic algorithms based on EAP. Compared to the traditional algorithm,
the proposed algorithm showed greatly improved accuracy in structural
connections and high computational efficiency. Future work would aim
to improve the quality and robustness of structural connectivity net-
works, such as enhancing the precision of connectivity strength esti-
mation.
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