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Abstract: 

Background: The fiber-tracking based on diffusion magnetic resonance imaging technique is one of the methods that indi-
rectly examine the structural information about the cerebral white matter in vivo. Conventionally, fiber-tracking approaches 
are accompanied with manual settings of the starting regions of fiber tracking, which is usually very time-consuming and 
unsuitable for large-scale data analysis. Objective: In order to clarify the physical fiber connections associated with disease-
specific neural circuits for various neuropsychiatric disorders, we proposed an automated diffusion magnetic resonance 
imaging based whole-brain fiber-tracking method combined with an atlas separating 54 regions of the white matter. Meth-
ods: The propose method automatically set the fiber-tracking starting plane in each parcel and rotated along the running 
direction of fibers as well so that it enabled swift, objective, and reproducible analysis. The method was verified with real 
diffusion magnetic resonance imaging data recorded from three healthy volunteers. Results: The mean fiber direction for 
each parcel was confirmed to fit the anatomical configuration. The fiber-tracking streamlines were confirmed to run along 
the first eigenvector of diffusion tensor and to terminate according to the pre-set termination condition. The major fiber 
tracts of the 54 white matter parcels were relevantly reconstructed. Conclusion: The results demonstrate the feasibility of 
the proposed automated whole-brain atlas-based fiber-tracking method for investigating white matter disruptions associated 
with neuropsychiatric disorders especially in large-scale datasets. 

 

Keywords: Diffusion weighted magnetic resonance imaging; white matter atlas; tractography; automatic setting; whole-brain analysis; 
tensor deflection  

1. INTRODUCTION 

 Diffusion magnetic resonance imaging (dMRI) is an im-
portant tool for both basic and neuropsychiatric clinical stud-
ies to measure the diffusion phenomenon of water molecules 
reflecting thermal Brownian motion using motion-probing 
gradients of multiple axes in at least six spatial directions. 
Most dMRI studies of neuropsychiatric disorders have re-
ported abnormalities in the white matter integrity. In order to 
detect neural networks specific to neuropsychiatric disorders 
such as depression and schizophrenia, various approaches 
have been suggested and used.  
 Among these various approaches, voxel-based analysis is 
highly utilized because of its advantages of whole-brain, fully 
automated processes. However, one of its disadvantages is the 
high sensitivity to registration errors and possible false posi-
tives in the affected regions [1]. Region of interest (ROI)-
based analysis limits the number of statistical testing by set-
ting certain ROIs manually in order to avoid multiple compar-
isons. Setting the ROIs manually, however, can be potentially 
inaccurate, subjective, and time-consuming. Although ROI-

based analysis is useful in local investigations of small sample 
sizes, it is not suitable for whole-brain, large-scale investiga-
tions.  
 As an effective breakthrough, Tract-Based Spatial Statis-
tics (TBSS) [2] was introduced and is currently widely used. 
TBSS attempts to reduce the effect of mis-registration by pro-
jecting all fractional anisotropy (FA) voxels onto the nearest 
position on a “skeleton” approximating the white matter tract 
[2]. Despite this advantage, the most problematic limitation, 
especially in the field of neuropsychiatric research, is that 
TBSS is highly correlated to the FA value, but the anatomical 
alignment is less accurate [3]. This is because each voxel is 
projected to the nearest skeleton location regardless of its an-
atomical attribution. In addition, white matter hyper-intensity 
and FA-reducing abnormalities are often observed in neuro-
psychiatric patients, and pose serious problems because these 
conditions violate the assumption of TBSS that local FA max-
ima are anatomically located in white matter tract centers [4].  
 Fiber-tracking is a method that indirectly examines struc-
tural information about the cerebral white matter in vivo. By 
quantifying the magnitude and direction of water diffusion, fi-
ber-tracking accurately identifies white matter fascicles in the 
living human brain [5,6]. Although the reconstructed path-
ways do not necessarily correspond to the anatomical white 
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matter bundles [7], evidence from postmortem studies has 
demonstrated significant correspondence between diffusion 
weighted-derived pathways and anatomical data [8]. In the fi-
ber tracking based analysis, fiber connection information (i.e., 
whether or not the voxels are estimated to be connected as a 
reconstructed fiber) based on the principal diffusion direction 
is particularly meaningful and only those with connection in-
formation are further evaluated. Unlike the voxel-based 
method and TBSS, most fiber-tracking methods require the 
manual setting of the starting ROIs and clustering of the re-
constructed fiber tract, which is susceptible to subjectivity in 
many cases. 
 Though it is true that these various dMRI analysis ap-
proaches have accumulated evidence, white matter regions 
that are altered in schizophrenia or depression are widely di-
verse [i.e., 9-11]. As potential reasons for such inconsistencies, 
Kanaan et al. [12] pointed out to the small sample sizes and 
differences in methodologies. Drawing a coherent conclusion 
from these widely varying results from separate studies is very 
difficult and these inconsistencies may impede the progress in 
the detection of neuropsychiatric disease-specific and/or dis-
ease-common network. Although limited to voxel-based stud-
ies, meta-analysis of dMRI studies have attempted to address 
this issue by detecting consistent regions for each neuropsy-
chiatric disorder as follows: left frontal and left temporal re-
gions of the white matter in schizophrenia [13] and superior 
longitudinal fasciculus and fronto-occipital fasciculus in de-
pression [14, 15].  
 However, the most straightforward approach would be the 
application of one single analysis method to a large-scale data 
set. Thus, the development of automated, objective, and ana-
lytical methods with minimal disadvantages is one of the ma-
jor requirements in this field. A prospective dMRI analysis in 
the field of neuropsychiatry should consider the inclusion of 
the following properties: whole-brain, automatic, and translat-
ability to anatomical information. In this study, a new auto-
mated quantitative evaluation method of all white matter fiber 
bundles using diffusion tensor fiber-tracking and conserving 
connection information, combined with a precise atlas of the 
whole brain was proposed.  
 As compared to voxel-based analysis and TBSS, the pro-
posed method led to the grouping of voxels within segmented, 
anatomically translatable tract systems based on fiber tracking. 
Thus, this method firstly prevented false positives caused by 
the tremendous number of multiple comparisons, while retain-
ing the advantage of whole-brain approach. Secondly, in this 
method, diffusion information such as FA and MD (mean dif-
fusivity) sampled from the points on the reconstructed fiber 
will be the target of further evaluation. In contrast, average 
diffusion information based on all the voxels within the region 
may include that of untargeted structures (by co-registration 
error). The problem becomes more apparent in parcels which 
include crossing fiber region. All-voxel-average in a parcel 
may include diffusion information from crossing fibers, thus 
may hamper precise evaluation of the targeted fiber group.  
 In addition, considering application to large data sets, the 
most unique feature of the proposed method was the imple-
mentation of automatic settings of an optimal starting plane 
for fiber-tracking for each parcel with varying morphologies. 
This optimal automatic starting plane setting included an au-
tomatic plane rotation to match the dominant direction of the 

fiber in attempts to track the fiber at the maximum length. 

2. MATERIALS AND METHOD 

2.1. dMRI acquisition 

 dMRIs were obtained from three healthy volunteers (all 
male, age 24.33 ± 0.58), using a Siemens Verio 3.0T scanner 
(Siemens Erlangen, Germany) at Kokoro Research Center, 
Kyoto University, Kyoto, Japan. The study protocol was ap-
proved by the ethics committee of the Graduate School of En-
gineering, Kyoto University (approval no. 201607). 
 The imaging conditions were as follows: Repetition time 
of 6,630 ms, echo time of 83.4 ms, 242-mm field of view, 
voxel size of 2.0 × 2.0 × 3.0 mm3, image matrix of 216 × 216, 
48 slices, 30 non-collinear directions of motion probing gra-
dient (MPG), and b value of 1,000 s/mm2. An image was also 
obtained with b = 0 s/mm2.  

Fig. 1. Flowchart of pre-processing. 

2.2. Pre-processing 
 Pre-processing (Fig. 1) was performed using the Func-
tional MRI of the Brain (FMRIB) Software Library [16]. First, 
non-brain tissue was deleted with the brain extraction tool 
from an eddy current-corrected, diffusion-weighted image of 
the whole head. Second, the FMRIB Diffusion Toolbox was 
used to calculate diffusion indices such as FA, mean diffusiv-
ity (MD), tensor, and first eigenvectors. Finally, linear (affine) 
and non-linear registrations were performed using the FMRIB 
Linear Image Registration Tool followed by the FMRIB Non-
linear Image Registration Tool to normalize each diffusion im-
age to a standard brain space. 

Fig. 2. Johns Hopkins University (JHU) white matter atlas 
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2.3. Automated fiber-tracking method 
 We developed a fiber-tracking program using MATLAB 
for Windows (ver. 7.6.0.324; The MathWorks, Inc., Natick, 
MA, USA) for automated fiber-tracking, which included set-
ting and rotating of the starting plane in each parcel. 
2.3.1. Atlas for fiber-tracking 
 Johns Hopkins University Diffusion Tensor Imaging (JHU 
DTI)-based white-matter atlas was used as a template of fiber-
tracking. In this atlas, the grey and white matters were sepa-
rated into parcels according to the anatomical disposition (Fig. 
2; JHU MNI SS WMPM Type II in MRI Studio [17-19]). In 
this study, 54 out of 159 white matter parcels were used for 
further fiber-tracking algorithms. Table 1 summarizes the list 
of all parcels and their abbreviations. 

2.3.2. Automated setting and rotating of the starting plane 
of fiber-tracking  

The starting plane of the fiber-tracking in each parcel was de-
termined automatically according to the following steps (Fig. 
3):  

1. Calculate vfiber in each parcel: A dominant fiber orientation 
vector in each parcel vfiber_each was calculated by multiplying 
FA and e1 over n voxels with FA > 0.25 as in equations (1) and 
(2). The FA threshold for the white matter was determined 
based on the fact that the grey matter typically has an FA of 
0.05–0.15. An FA value of > 0.15–0.3 is commonly used as 
the FA threshold [20].   

        
 (1) 
  

where e1k is the first eigenvector at k-th voxel in each parcel 
and N is the total number of voxels in each parcel. Subse-
quently, mean vfiber_each over all M subjects were calculated as 
follows: 

                     
(2) 

 
2. Cut each parcel at multiple cross-sections with the interval 
of 1 voxel. 
3. Draw line-segments parallel to vfiber inside the parcel with 
an interval of 0.25 mm.  

4. Calculate the mean length of all lines (Lmean). 
5. Set a cross-section having the maximum value of Lmean × its 
area as the starting plane. 

6. Rotate the starting plane perpendicular to vfiber (Fig. 4): Af-
ter the centroid (xs0, ys0, zs0) of the starting plane was deter-
mined, the starting plane was rotated perpendicular to Vfiber 
while keeping the center of gravity fixed. The starting point 
on the rotated starting plane (xs, ys, zs) was obtained as follows: 
                                                  

(3) 
                                                 
 

(4) 
                                                  

 
(5) 

 
 

 
 

 (6) 
 

Where a, b, and c are the x, y, and z components of vfiber. 

2.3.3. Fiber-tracking  

 Fiber-tracking from the starting plane was performed us-
ing the tenor deflection method [21]. The interpolation was 
performed during the Runge-Kutta of the fourth order [22]. 
The stepping width was set at 0.5 mm. The starting points 
were dispersed evenly on the plane of the starting region at a 
rate of 4 points per mm2; i.e., each starting point had a cross-
sectional area of 0.25 mm2. 
 Fiber-tracking was terminated at the parcel borders. In ad-
dition, it was terminated at a point with an FA < 0.25 within 
the parcel because FA decreases where the nerve fibers are not 
aligned and the tracking was considered to move away from 
the targeted nerve bundles. The FA value at the present step 
point was calculated via interpolation using the volume data 
for the center points of the nearest eight voxels around the step 
point. The tracking was also terminated when the flip angle 
was > 45° in order to exclude a large angular shift because the 
targeted bundles had a relatively linear shape. To identify and 
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Fig. 3. Schematic illustrations of the starting plane settings for fiber-tracking. (1) Calculate the dominant fiber orientation vector 
vfiber in each parcel, (2) cut each parcel at multiple cross-sections with at an interval of one voxel, (3) draw line segments parallel 
to the dominant fiber orientation (vfiber) inside the parcel at an interval of 0.25 mm, (4) calculate the mean length of all lines (Lmean), 
(5) create a cross-section with the maximum value of (Lmean) multiplied by its area as the starting plane, and (6) rotate the starting 
plane perpendicular to (vfiber) (see also Fig. 4). 
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erase erroneously tracked streamlines, the extracted stream-
line with the shortest length was selected separately for each 
hemisphere and used as the baseline streamline length. Any 
streamlines with a length exceeding 110 % of the baseline 
streamline length were judged to have an erroneous tracking 
result and were thus eliminated from the streamline group. 

 
Fig. 4. Schematic illustrations of starting plane rotation. a) 
The starting plane before automatic rotation. The starting 
plane was perpendicular to any of the three axes (x, y, or z). 
b) The starting plane after automatic rotation was perpendic-
ular to the dominant fiber orientation vector. 

3. RESULTS 

3.1. Fiber direction validation with a real dMRI  

 The automatic starting plane setting and tracking was 
firstly validated with the Cingulum (cingulate gyrus, CGC) 

parcel that slopes approximately 45° to the coordinate axis. 
Figure 5a depicts the tracking results of the CGC superim-
posed on the image of the first component of eigenvectors 
(green allows, x = 100) with an enlarged view (Fig. 5 b). The 
FA image of the CGC parcel is also superimposed. The 
tracked fibers are shown as blue lines with the automatically 
set and rotated reference surface. The streamlines of fiber-
tracking were confirmed to run along the first eigenvector of 
diffusion tensor, and terminated in accordance with the termi-
nation condition (FA decrease and parcel border). 

Subsequently, whole brain automatic fiber tracking was 
carried out based on the mean vfiber_each (Fig. 6–9). Table 1 
summarizes the direction of mean vfiber_each of all parcels 
calculated from three participants. Figure 6 shows the recon-
structed corticospinal tracts (CST), superior cerebellar pedun-
cle (SCP), cerebral peduncle (CP), and middle cerebellar pe-
duncle (MCP) projected onto axial slices of z = -50 and -30. 
Red dots indicate the reconstructed fibers in the right hemi-
sphere, and blue dots in the left hemisphere, projected onto 
the slices of the JHU atlas. Figure 7 shows the anterior limb 
of the internal capsule (ALIC), posterior limb of the internal 
capsule (PLIC), retrolenticular part of the internal capsule 
(RLIC), and external capsule (EC) projected onto axial slices 
of z = -10. Figure 8 shows the posterior thalamic radiation 
(PTR), anterior corona radiata (ACR), superior corona radiata 
(SCR), and posterior corona radiata (PCR) projected onto sag-
ittal slices of x = 20 for the right hemisphere and x= -20 for 
the left hemisphere. CGC and cingulum (hippocampus, CGH) 
are depicted in Fig. 9 with the sagittal slice of x = 0. 

4. DISCUSSION 

The proposed method was validated using real dMRI ob-
tained from three healthy controls. First, the result of a repre-
sentative parcel (CGC) indicated that the fiber-tracking pro-
cesses were completed with the configured settings and the 
streamlines of fiber-tracking were confirmed to run along the 
first eigenvector of diffusion tensor in each parcel. Second, 
the result of mean fiber direction, mean vfiber_each indicated 
that anatomically reasonable directions were automatically set 
for the major white matter parcels, and no discrepancy was 
shown in the same parcels of the contralateral hemisphere. For 
the minor parcels (i.e., fornix (cres)/stria terminalis [Fx/ST]), 
it may be necessary to calculate the mean vfiber_each from 
larger dataset to improve the reliability. In reality, we suggest 
retaining a database of mean vfiber_each and starting planes 
coordinates for all the parcels calculated from adequate num-
bers of dMRIs obtained from healthy volunteers, when apply 
it to newly acquired dataset.  

Finally, the reconstructed fibers based on the proposed al-
gorithm were in a good agreement with the anatomical fibers 
and shape of the JHU parcels. Although major fiber tracts such 
as CST reconstructed by the proposed method highly corre-
sponded to the anatomical fiber tracts in shapes and directions, 
it is known that CST is anatomical extended far longer supe-
riorly. Shortly terminated fiber tracking is one of the limita-
tions of this method, and this is ascribed to the parcels speci-
fied by JHU white matter atlas.  As the proposed algorithm 
limits the region for fiber-tracking within the target parcels 
(i.e., one of the termination condition of fiber-tracking), the 

Fig. 5. Tracking results of the cingulum (CGC) of x = 100. 
(a) The tracked fiber (blue lines) superimposed on the 
fractional anisotropy (FA) image and the first eigenvec-
tors (green arrows) and (b) an enlarged view. Color plot 
of FA value is limited within CGC parcel for better visual-
ization. 
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reconstructed CST in the present study corresponds to a lower 
part of the anatomical CST. Similarly, the reconstructed unci-
nate fasciculus (UNC), inferior fronto-occipital fasciculus 
(IFO), superior fronto-occipital fasciculus (SFO), and supe-
rior longitudinal fasciculus (SLF) based on the present algo-
rithm did not completely match the anatomical shape of the 
fiber tract, but were only part of these, which corresponded to 

the parcel shapes of JHU atlas. This limitation can be over-
come by inter-connecting multiple adjacent parcels to broaden 
fiber-tracking target regions. 

In addition, implementation of probabilistic [23] and 
global tracking [24] may be one of the strong options to over-
come this limitation. Current dMRI acquisition in the clinical 

Parcel Name  Direction (right) Direction (left) 
CST Corticospinal tract  I-S I-S 
ICP Inferior cerebellar peduncle  I-S I-S 

ML Medial lemniscus  I-S I-S 

SCP Superior cerebellar peduncle  A-P A-P 

CP Cerebral peduncle  I-S I-S 

ALIC Anterior limb of internal capsule  A-P A-P 

PLIC Posterior limb of internal capsule  I-S I-S 

PTR Posterior thalamic radiation A-P A-P 

ACR Anterior corona radiata  A-P A-P 

SCR Superior corona radiata  I-S I-S 

PCR Posterior corona radiata  I-S I-S 

CGC Cingulum (cingulate gyrus)  A-P A-P 

CGH Cingulum (hippocampus)  I-S I-S 

Fx/ST Fornix (cres)/stria terminalis  A-P A-P 

SLF Superior longitudinal fasciculus  A-P A-P 

SFO Superior fronto-occipital fasciculus  A-P A-P 

IFO Inferior fronto-occipital fasciculus  A-P A-P 

SS Sagittal stratum (include ILF and IFO)  A-P A-P 

EC External capsule  I-S I-S 

UNC Uncinate fasciculus  A-P A-P 

PCT Pontine crossing tract (a part of mcp)  L-R L-R 

MCP Middle cerebellar peduncle  I-S I-S 

Fx Fornix (column and body of fornix)  I-S I-S 

GCC Genu of corpus callosum  L-R L-R 

BCC Body of corpus callosum  L-R L-R 

SCC Splenium of corpus callosum  L-R L-R 

RLIC Retrolenticular part of internal capsule  I-S I-S 

Table 1. Parcel name lists of the John Hopkins University (JHU) white matter atlas and mean fiber direction calculated 
from real diffusion magnetic resonance diffusion imaging (dMRI) data. 

I: inferior, S: superior, A: anterior, P: posterior, L: left, and R: right. 
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Fig. 6. Tracked fibers in parcels corticospinal tracts 
(CST), superior cerebellar peduncle (SCP), cerebral pe-
duncle (CP), and middle cerebellar peduncle (MCP) pro-
jected onto axial slices of John Hopkins University (JHU) 
atlas (z = -50, -30). Tracked fibers are shown in red dots 
(the right hemisphere) and blue dots (the left hemi-
sphere).sphere) and blue dots (the left hemisphere). 

 

Fig. 7. Tracked fibers in parcels anterior limb of the inter-
nal capsule (ALIC), posterior limb of the internal capsule 
(PLIC), retrolenticular part of the internal capsule 
(RLIC), and external capsule (EC) projected onto axial 
slices of the John Hopkins University (JHU) atlas (z = -
10).  
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Fig. 8. Tracked fibers in parcels posterior thalamic radiation (PTR), anterior corona radiata (ACR), superior corona 
radiata (SCR), and posterior corona radiata (PCR) projected onto sagittal slices of the John Hopkins University (JHU) 
atlas (x = 20, -20). 
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settings usually limits number of MPG directions (and acqui-
sition time) to reduce the load to patients. The present algo-
rithm adopts tensor-model deterministic tracking aiming at 
applying to clinical dMRIs with fewer number of MPG direc-
tions. With the recent advance in MRI acquisition techniques, 
it is expected that HARDI (high angular resolution diffusion 
imaging) [25] that enables discriminating multiple fiber pop-
ulations crossing within the same voxel will be applicable in 
the clinical settings. Future task will be to improve the fiber-

tracking length, especially in the regions with crossing fibers, 
assuming application to HARDI data. 

 The proposed method aimed to obtain statistically analyza-
ble diffusion information (such as FA and MD) automatically 
and comprehensively (whole-brain) based on reconstructed fi-
ber tracts from large-scale dataset. Thus, our suggestion as a 
strategy may be to apply first this method to the large-scale 
data set to extract candidate fiber tracts of disease-specific 
and/or disease-common network, and subsequently examine 
further the extracted, limited number of candidates. At a fur-
ther step of the investigation, reconstructing anatomically rel-
evant fiber clusters by using the atlas parcels as a guide will 
implement local investigation based on diffusion index pro-
files.  

CONCLUSION 

 We developed and proposed an automated whole-brain fi-
ber-tracking method for dMRI combined with a white matter 
atlas. The validation results based on real dMRI data demon-
strated the feasibility and usefulness of this method. In a fu-
ture study, we plan to apply the proposed method to the dataset 
of patients with various neuropsychiatric disorders. Our 
whole-brain automated fiber-tracking method would allow a 
quick, objective, and easy quantitative analysis of the disrup-
tion of white matter integrity in various disorders based on 
large-scale multi-site dMRI data.  
LIST OF ABBREVIATIONS 
 ACR, anterior corona radiate; ALIC, anterior limb of the 
internal capsule; CGC, cingulum (cingulate gyrus); CGH, cin-
gulum (hippocampus); CP, cerebral peduncle; CST, cortico-
spinal tracts; dMRI, diffusion magnetic resonance imaging; 
DTI, diffusion tensor imaging; EC, external capsule; FA, frac-
tional anisotropy; FMRIB, functional MRI of the brain; Fx/ST, 
fornix (cres)/stria terminalis; IFO, inferior fronto-occipital 
fasciculus; MD, mean diffusivity; SCP, superior cerebellar pe-
duncle; SCR, superior corona radiate; SFO, superior fronto-
occipital fasciculus; MCP, middle cerebellar peduncle; JHU, 
John Hopkins University; PCR, posterior corona radiate; 
PLIC, posterior limb of the internal capsule; PTR, posterior 
thalamic radiation; RLIC, retrolenticular part of the internal 
capsule; ROI, region of interest; SLF, superior longitudinal 
fasciculus; TBSS, Tract-Based Spatial Statistics; UNC, unci-
nate fasciculus. 
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