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ABSTRACT
BACKGROUND AND PURPOSE:
Diffusion tensor imaging (DTI) is a promising approach to detect the underlying brain
pathology. These alterations can be seen in several diseases such as multiple sclerosis. Tract-based spatial statistics (TBSS) is
an easy to use and robust way for analyzing diffusion data. The effect of acquisition parameters of DTI on TBSS has not been
evaluated, especially the number of diffusion encoding directions (NDED), which is directly proportional with scan time.
METHODS: We analyzed a large set of DTI data of healthy controls (N = 126) and multiple sclerosis patients (N = 78). The
highest NDED (60 directions) was reduced and a tensor calculation was done separately for every subset. We calculated the mean
and standard deviation of DTI parameters under the white matter mask. Moreover, the FMRIB Software Library TBSS pipeline
was used on DTI images with 15, 30, 45, and 60 directions to compare differences between groups. Mean DTI parameters were
compared between groups as a function of NDED.
RESULTS: The mean value of FA and AD decreased with increasing number of directions. This was more pronounced in areas
with smaller FA values. RD and MD were constant. The skeleton size reduced with elevating NDED along with the number of
significant voxels. The TBSS analysis showed significant differences between groups throughout the majority of the skeleton and
the group difference was associated with NDED.
CONCLUSION: Our results suggested that results of TBSS depended on the NDED, which should be considered when comparing
DTI data with varying protocols.
Keywords: Diffusion encoding directions, diffusion tensor imaging, multiple sclerosis, tract-based spatial statistics.
Acceptance: Received December 15, 2019, and in revised form March 6, 2020. Accepted for publication March 6, 2020.
Correspondence: Address correspondence to Zsigmond Tamás Kincses, Department of Radiology, Albert Szent-Györgyi Clinical Center, University of
Szeged, Semmelweis u. 6, 6725-Szeged, Hungary. E-mail: kincses.zsigmond.tamas@med.u-szeged.hu.
Acknowledgements and Disclosure: This paper was supported by an EFOP grant (EFOP-3.6.1-16-2016-00008), and a Horizon 2020 Framework
Programme grant (H2020-MSCA-RISE-2016 734718). Bálint Kincses was supported by the UNKP-19-3 New National Excellence Program of the
Ministry of Human Capacities. Krisztián Kocsis was supported by the UNKP-19-3-SZTE-149 New National Excellence Program of the Ministry of Human
Capacities.
The copyright line for this article was changed on May 27, 2020 after original online publication.
J Neuroimaging 2020;00:1-11.
DOI: 10.1111/jon.12705

Introduction
Diffusion tensor imaging (DTI) is a widely used technique to
analyze tissue pathology in vivo. Several studies demonstrated
structural alterations in various diseases.1-3 From the tensor
model, several derived parameters are available to characterize
white matter changes qualitatively. Fractional anisotropy (FA)
describes how strongly the diffusion is directional in the measured volume. Mean diffusivity (MD) and the main eigenvectors represent the average diffusivity within the voxel and the
diffusion along the main diffusion directions. A correct estimation of the diffusion tensor requires at least six noncollinear
diffusion directions and an extra nondiffusion-weighted image. Because diffusion-weighted measurement is typically characterized by relatively small signal-to-noise ratio (SNR), one
could attain higher SNR with increasing the number of diffusion encoding directions (NDED). To achieve tensor orientation and anisotropy-independent SNR, one should use a

uniform distribution of the encoding directions.4 Moreover,
the optimal NDED is critical for SNR and scan time. More
directions increase SNR5 but prolong the measurement. Several theoretical and practical studies demonstrated the NDED
dependency of the obtained diffusion tensor values and propose
an optimum NDED which, depending on the optimization metric, ranges between 6 and 62.5-12
Although there is a considerable body of research in
this topic, there are still outstanding issues to be investigated. Most of these studies evaluated data from healthy
controls (HC) or used simulated data.5-12 In vivo studies include the physiological effects (movements, cardiorespiratory
effects, etc) and patient-related special features (eg, different
in-scanner motion). In addition, special analytical methods
could be sensitive to the bias of the tensor value. The widely
used tract-based spatial statistics (TBSS) is an easy to use
and robust method to analyze DTI images.13 The approach
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Table 1. Clinical and Demographical Data of Participants

MS
HC

Number of
participants
(female)

Age (year)

EDSS

Disease
duration
(year)

78 (55)
126 (57)

38.6 (±9.9)
31 (±10.2)

1 (0-6.5)
–

8.7 (±6.8)
–

Note. Age and disease duration are mean ± standard deviation. Median expanded
disability status scale and the range are shown. EDSS = expanded disability status
scale.

Table 2. The Mean of DTI Parameters in the Individual White Matter
Mask for Different Subset of Encoding Directions for Healthy
Controls
NDED

10
15
20
25
30
35
40
45
50
55
60

AD

FA

1.20 ×
1.18 × 10–3
1.18 × 10–3
1.18 × 10–3
1.18 × 10–3
1.17 × 10–3
1.17 × 10–3
1.17 × 10–3
1.17 × 10–3
1.17 × 10–3
1.17 × 10–3

4.86 ×
4.69 × 10–1
4.64 × 10–1
4.61 × 10–1
4.59 × 10–1
4.58 × 10–1
4.58 × 10–1
4.57 × 10–1
4.57 × 10–1
4.56 × 10–1
4.56 × 10–1

10–3

10–1

MD

RD

7.58 ×
7.60 × 10–4
7.62 × 10–4
7.61 × 10–4
7.61 × 10–4
7.59 × 10–4
7.58 × 10–4
7.58 × 10–4
7.58 × 10–4
7.58 × 10–4
7.57 × 10–4

5.39 ×
5.48 × 10–4
5.52 × 10–4
5.52 × 10–4
5.53 × 10–4
5.53 × 10–4
5.52 × 10–4
5.52 × 10–4
5.52 × 10–4
5.53 × 10–4
5.52 × 10–4

10–4

10–4

AD = axial diffusivity; FA = fractional anisotropy; MD = mean diffusivity; RD
= radial diffusivity; NDED = number of diffusion encoding directions.

resolves several problems of the voxelwise analysis of the DTI
data, mainly arising from the misalignment of the multisubject
data. The method utilizes a fine-tuned nonlinear registration
and projection onto an alignment-invariant tract representation (the mean FA skeleton) that improves the sensitivity and
interpretability of the multisubject DTI studies. Since the publication of the original study, an enormous number of studies
used this approach (1,737 article cited it according to PubMed
in 07/2019). As the method concentrates on the center of the
tracks (local maxima of the FA), where the white matter is most
uniformly organized, NDED might have specific implications
for this analysis technique. However, no previous study investigated the effect of NDED on the TBSS analysis according to
our knowledge.
In the current investigation, our aim was to evaluate the
effect of the NDED on the performance of TBSS in a realworld patient population. We chose multiple sclerosis (MS) as
a target disease, because demyelination is a key feature of the
pathology, which is on a scale that is detectable with DTI.14,15
The effect of NDED on TBSS’ performance between healthy
and MS group is questionable.

Methods
Subjects
One hundred and twenty-six HC and seventy-eight MS patients
were recruited between 2009 and 2017 and a total of 204 scans
were used in our analysis. We used the HC group to evaluate
the effect of diffusion encoding directions on areas with different FA values. The age of the participants was between 21 and
60 at the time of the magnetic resonance imaging (MRI) scan.
Exclusion criteria for the HC subjects were the presence of
any psychiatric or neurological disease, as well as any chronic
2
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Table 3. The Mean Bias of DTI Parameters from the Reference, 60
Directions Image in White Matter Mask in Healthy Controls
NDED

10
15
20
25
30
35
40
45
50
55

AD

FA

MD

RD

2.84 × 10–5
1.62 × 10–5
1.47 × 10–5
1.02 × 10–5
8.09 × 10–6
5.04 × 10–6
2.67 × 10–6
2.35 × 10–6
1.63 × 10–6
1.06 × 10–6

2.95 × 10–2
1.29 × 10–2
7.80 × 10–3
4.78 × 10–3
3.10 × 10–3
1.92 × 10–3
1.60 × 10–3
8.34 × 10–4
7.11 × 10–4
–2.94 × 10–5

9.37 × 10–7
2.46 × 10–6
4.67 × 10–6
3.61 × 10–6
3.24 × 10–6
2.02 × 10–6
7.06 × 10–7
9.68 × 10–7
5.32 × 10–7
6.67 × 10–7

–1.28 × 10–5
–4.27 × 10–6
–2.14 × 10–7
3.89 × 10–7
9.60 × 10–7
5.48 × 10–7
–1.59 × 10–7
3.33 × 10–7
1.03 × 10–7
5.48 × 10–7

AD = axial diffusivity; FA = fractional anisotropy; MD = mean diffusivity; RD
= radial diffusivity; NDED = number of diffusion encoding directions.

conditions. An experienced neuroradiologist (8 years of experience) reviewed all images and in case of any abnormality the
subject was excluded from further analysis. The MS subjects
were enrolled from our outpatient clinic. We excluded patients
who did not take disease-modifying therapy on a regular basis, who experienced relapse 6 months prior to the MRI scan
and who had significant brain atrophy, which affected image
registration. The local ethics committee approved the study (authority number: 56/2011), and all the subjects provided written
consent. Data and code are available upon request through
personal correspondence after the approval of the local ethics
committee.

Imaging Protocol
MRI was performed on a 1.5 T GE Signa Excite HDxt
MR Scanner (GE Healthcare, Chalfont St. Giles, UK). T1weighted images (3D IR-FSPGR: repetition time(TR)/echo
time (TE)/inversion time (TI): 10.3/4.2/450 ms, flip angle: 15°,
Array coil Spatial Sensitivity Encoding (ASSET): 2, field of
view (FOV): 25 cm × 25 cm, matrix: 256 × 256, slice thickness: 1 mm) and 60 direction diffusion-weighted images with six
nondiffusion-weighted reference volumes were recorded (TE:
93.8 ms, TR: 13,500 ms, matrix: 96 × 96, FOV: 23 cm × 23 cm,
flip angle: 90°, in-plane resolution: 2.4 mm × 2.4 mm, which
was resampled to a .89 mm × .89 mm by the scanner, slice
thickness: 2.4 mm, b: 1,000s/m2 , number of excitation (NEX):
2, ASSET): 2).

Data Processing
The analyses of MR images were carried out with the tools
from the FMRIB Software Library (FSL, version 5.0; Oxford Centre for Functional MRI of the Brain [FMRIB],
UK;www.fmrib.ox.ac.uk/fsl) and in-house built MATLAB
scripts. The following preprocessing methods were used in the
diffusion image pipeline: eddy current correction and brain extraction. The FSL eddy correct function was used to correct for
subject movement and eddy currents and the FSL bet function
in the nondiffusion-weighted image to eliminate nonbrain part
of the image.
From the original data (60 diffusion encoding directions),
the diffusion encoding directions were reduced to n = 10, 15,
20, 25, 30, 35, 40, 45, 50, and 55 as follows. We used a reduction procedure to keep the uniform distribution via maximizing
the total angular distribution energy.5 The angular distribution

Fig 1. Bias of DTI parameters in white matter. The mean of DTI parameters’ bias values under the white matter at different number of diffusion
encoding directions in the HC group. The red dotted line shows the mean difference between the MS and HC group. Asterisks represent
significant differences between groups with different directions.

energy of a pair of points on the unit sphere surface could be
determined as the inverse of the sum of the squares of the least
spherical distance between point a and point b, and the least
spherical distance between point a and point b’s antipodally
symmetric point B (Eq 1).
Ea,b =

1
2

2
(min dista,b ) + min dista,B
a,b

(1)

a,B

Angular Distribution Energy of A Pair of Points
The total angular distribution energy for a certain set of gradients can be calculated as the sum of the angular distribution
energy of all pairs of gradients. The subset of gradient directions
was chosen in a sequential order.5 The initial subset was one
gradient and other gradients were chosen in a sequential order
to maximize the total angular distribution of the set (Eq 2). The
generated subset of diffusion encoding directions was selected
and fed into the DTI analysis.
E L (N) =

N 
N

a

b

Ea,b

(2)

The Total Angular Distribution Energy of A set of Gradients
We used the epi reg function in FSL FLIRT16 to calculate
the transformation matrix between the T1 image and diffusion
space. A diffusion tensor model was fitted in each voxel with
the diffusion toolbox of FSL.17 The FA maps were calculated in
each group. We used FSL FAST18 on the T1-weighted images
to segment the white matter from the high-resolution anatomical image. Next, the white matter tissue probability map was
thresholded (.7), binarized, and transformed to the diffusion
space (trilinear interpolation) with the inverse transformation
matrix from epi reg and a final threshold of 1 was used. All the
individual white matter masks were visually inspected and in
case of gross error the mask was recalculated and/or corrected
manually. These individual white matter masks were used as region of interests (ROIs) to evaluate parameters under the white
matter area. The mean and standard deviation of FA, MD, axial
diffusivity (first eigenvalue, AD), and radial diffusivity (mean of
the second and third eigenvalue, RD) within the white matter
(WM)-mask were calculated for each subject, that is, one value
was determined in every subsampled data set (10, 15, 20, 25, 30,
35, 40, 45, 50, 55, and 60 directions) for each subject. For every
subject, we calculated the bias from its original 60-direction image for each subsampled dataset, that is, the 60 directions image
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Fig 2. Bias of DTI parameters in different FA bins. The mean DTI parameter’s bias from the “60 directions” image under areas of different FA
values in the HC group. The four investigated DTI parameter are shown. Data points, which are out from the 95% interval, are not visualized.

was considered as a reference. We also tested for the statistical
significance of the effect of directions on the mean and standard
deviation for each derived parameters. Repeated measures of
analysis of variance with the random effect of subjects were
used within R studio19 as implemented in the lme4, emmeans,
and car packages.20-22 The FA, MD, RD, and AD bias was also
calculated within different white matter regions, by dividing the
white matter mask into separate bins, namely, areas with .2-.4,
.4-.6, .6-.8, and .8-1 FA values in the reference (60-direction)
image.
To evaluate the effects of the number of diffusion directions
on TBSS results, we performed a TBSS analysis separately on
each DTI parameter as proposed in the FSL guideline.13 Briefly,
subjects’ FA images were aligned into a common space, using
the nonlinear registration tool (FNIRT). A mean FA image was
created and the threshold set at FA = .3, deriving a mean FA
skeleton that represented the centers of all tracts common to
the group. Each subject’s aligned FA data were then projected
onto this skeleton and the resulting data fed into voxel-wise
statistics. We performed statistical analysis with the use of a
general linear model with nonparametric permutation test for
inference (5,000 permutations) with age and sex as covariates
in our model. Thresholding was performed by threshold-free
cluster-enhancement approach and results were corrected for
multiple comparisons by controlling for the family-wise error

4
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rate. The analysis was performed in the following four subgroups of reduced directions: FA images of 15, 30, 45, and 60
directions comparing the two groups (126 HC and 78 MS). In
a second analysis, the threshold in the last step of the TBSS
pipeline was chosen to keep skeleton size similar (voxel count
difference within .1%), therefore FA thresholds of .3225, .307,
.3028, and .3 were used for the 15, 30, 45, and 60 directions,
respectively. The number of voxels in the skeleton and the number of significant voxels were calculated. Also, the mean and
standard deviation of the FA, MD, RD, and AD values in the
significant voxels were investigated. Mean group differences
were calculated in the significant voxels.

Results
The participants’ demographical and clinical data are in
Table 1. We considered the value of the “60 directions” group as
the reference value. The mean DTI parameters and the NDEDrelated bias are listed in Tables 2 and 3 and bias is depicted in
Figure 1. A decreasing trend of AD and FA could be observed
with increasing NDED (Tables 2 and 3). The RD had an increasing trend and the MD was constant (Table 3 and Fig 1).
Statistical analysis revealed significant main effect of directions
in FA (F(10,1250) = 2,191.8, P < .0001), MD (F(10,1250) =
114.4, P < .0001), AD (F(10,1250) = 1,472.6, P < .0001), and
RD (F(10,1250) = 602.1, P < .0001). Moreover, the 40, 35,

Fig 3. Standard deviation of DTI parameters. The standard deviation of the DTI parameters in separate bins of the white matter (WM) in
healthy controls.

35, and 20 directions did not significantly differ from the 60
directions based on post hoc analysis (Tukey method) in AD,
FA, MD, and RD, respectively (Fig 1). The asterisk in Figure 1
depicts NDED groups that differ significantly from the 60 directions group (Fig 1). Mean values of DTI parameters under
different bins of the white matter were evaluated (Fig 2). Lower
FA bins had a greater overestimation with decreasing directions
but other parameters did not differ substantially.
The standard deviation of DTI parameters in the white matter mask increased slightly with decreasing directions, which
was more visible for FA and AD parameters (Fig 3). For the
different intensity bins, the FA value had the lowest standard
deviation in the highest bin compared to other bins. In RD
and MD parameters, the three upper bins had similar but lower
standard deviation compared to the lowest bin. In contrary,
the highest bin had the highest standard deviation compared to
other bins in AD (Fig 3). As a function of NDED, the standard
deviation of the whole white matter did not change significantly
from the 60 directions at 55, 20, 35, and 20 directions in AD,
FA, MD, and RD respectively as revealed with post hoc analysis
(Tukey method).
The TBSS analysis between 78 MS patients and 126 HCs
revealed slightly different results as a function of NDED when
threshold values were kept constant. The qualitative analysis
revealed minimal differences in the skeleton size and the number of significant voxels (Fig 4, right side). The total size of the
skeleton was reduced with increasing number of diffusion di-

rections. Similarly, the number of significantly different voxels
was reduced. However, when the FA threshold was changed
to keep the skeleton size constant, the number of significant
voxels was similar in FA and RD but there was a drop at 15
directions in MD and AD (Fig 4, left side). Regarding the group
differences, the mean FA value within the significant voxels of
the skeleton showed a decreasing trend with the elevation of
the encoding directions. This was more pronounced in AD but
absent in MD and RD (Figs 5-7). In addition, the MS group
had smaller values in any number of diffusion directions for
FA and higher values for AD, MD, and RD on a group level
(Fig 5). There was a statistical significant interaction between
the effect of disease group and NDED in the equal skeleton size
condition for all parameters (AD: F(3,606) = 10.2, P < .0001;
FA: F(3,606) = 8.4, P < .001; MD: F(3,606) = 2.9, P < .05);
and RD: F(3,606) = 4.2, P < .01). In the unequal skeleton size
condition, interaction could be observed for AD, FA, MD, and
RD as well (AD: F(3,606) = 10.2, P < .0001; FA: F(3,606)
= 8.8, P < .0001; MD: F(3,606) = 2.7, P < .05); and RD:
F(3,606) = 4.8, P < .01). This means that the mean differences of
the groups change differently as a function of directions (Fig 6)
in both skeleton sizes. The result of the TBSS analysis of the FA
in unequal skeleton size condition is depicted in Figure 7.

Discussion
In the present study, we investigated the effect of the number of
diffusion directions on the estimated diffusion parameters, with
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Fig 4. The results of TBSS analysis. The left side of the plot (“equal”) shows the results of TBSS when skeleton size was held constant (see
Methods). The right side of the plot (“unequal”) shows the results when skeleton size was varying with NDED. The different groups represent
the significant voxel count in that diffusion parameter. Correcting for skeleton size the number of significant voxel count did not change in FA
and RD as a function of NDED and the trend of AD and MD parameter were the same.

a special emphasis on detecting differences in a patient population with the commonly used TBSS approach. We found an
overestimation of FA and AD with .01 and 10−5 , respectively, if
the NDED was below 30 directions. Areas with low FA values
seemed to be more prone to the overestimation. For RD, underestimation was found and MD was not affected by the NDED.
When considering the TBSS analysis, the overestimation of FA

6
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leads to an enlarged skeleton and within that skeleton more
significantly different voxels can be found at low NDED.
At least six noncollinear encoding directions are necessary to
estimate the diffusion tensor.23 Moreover, previous studies with
real-life data5,8,9,24 investigated the effects on NDED on accurate
and precise FA estimation in ROI analysis. The decrease of the
encoding directions leads to an overestimation of the FA and

Fig 5. The mean FA under significant voxels. The left side of the plot (“equal”) shows the distribution of the mean of DTI parameters under
significant voxels when skeleton size was held constant (see Methods). The right side of the plot (“unequal”) shows the same results when
skeleton size was varying with NDED.

AD and an underestimation of RD but does not affect MD.
The overestimation seems to be more severe if the uniform
spherical distribution of directions has not been kept.24 As it
was emphasized, the relationship of the fiber orientation and the
encoding direction has a major effect on the tensor, especially
in low NDED. Simulation studies found that the relationship
of diffusion scheme and the underlying fiber orientation has a
profound effect on the accuracy and precision of the estimated
anisotropy.7 However, the investigation of the performance of
different schemes on real-life data is more complicated because
of the spatial and tissue-dependent SNR and other imaging-

related artifacts such as chemical shift, distortion, and eddy
currents.
The optimal NDED has been investigated in previous
studies.5,8,9,24 In a ROI-based approach, no difference was found
in FA and MD between 6 and 30 directions when scanning time
was held constant at 1.5 T.9 Moreover, they found an overestimation of the main eigenvalue (AD) in the six directions
scheme in most of the ROIs. Another ROI approach found
minimal but significant FA and MD changes between the 6
and 30 directions scheme at 1.5 T.8 However, they concluded
that the test-retest variability is higher than this difference. In
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Fig 6. The mean difference of the groups. Left side represents the equal skeleton size and the right side represents the unequal skeleton
size (see Methods). The parameters have various trends regarding the group difference. The skeleton size has no effect on the trends of the
investigated parameters.
addition, an upward bias of FA could be detected in the gray
matter as SNR decreased but no change was found in white
matter ROIs.25 Therefore, the total number of scans was held
constant for these studies, which resulted in a comparable SNR

8
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for the different schemes. Moreover, an increment in NDED
was reported to lead to an elevation in SNR and to reach its
plateau at 53 directions for FA and 51 directions for MD in
the white matter.5 Random rejection of directions leads to an

Fig 7. Visualization of significant voxels within the skeleton. The skeleton is showed in green. The statistical images are overlaid in yellow-tored and thickened with the tbss_fill function for visualization as recommended in FSL. The yellow-to-red colors represent P-values thresholded
at P < .05 corrected. Red ovals show areas where significant voxels differ as a function of NDED.
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overestimation of FA and AD and an underestimation of RD
but does not affect MD; these effects are more apparent in
areas with low FA.24 The uniform rejection has the same effects on low FA areas, but the overestimation is much lower.
Lower SNR could be in the background of the overestimation with lower NDED. Moreover, FA and AD seem to be
affected more profoundly by NDED in general than “isotropic
indices” (MD and RD), which averages information from more
directions. The previously investigated ROIs mostly contain
main tracts in which axons run in one direction. Nevertheless, the relative orientation of tracts and diffusion directions
has an impact on the parameter estimation at low number of
directions.7,8 However, the analyses of DTI data mostly use the
full brain and TBSS is one popular method to do this.13 Therefore, to understand the effects of NDED on TBSS, analysis is
crucial.
Diffusion parameters have a high spatial variability (eg, FA
in the middle of the fiber bundle is much higher than at the
periphery or, eg, over the anteroposterior aspect of the corpus
callosum,26 FA changes together with the underlying histological features). This high spatial variability warrants voxel-wise
statistics. However, registration in the white matter is not trivial.
One possible solution is applied in the TBSS approach, namely,
only the most structured parts of the white matter are investigated in the white matter skeleton. The skeleton is defined by
the relatively high FA values (usually higher than .2-.3), which
by itself reduces the bias, because areas with low FA values are
more prone to the overestimation of FA.
MS is an inflammatory and neurodegenerative disease with
various clinical symptoms in which white and gray matter are
affected diffusely.15,27,28 The disease causes local lesions in the
brain and alterations in the normal appearing white matter.29,30
Many studies found wide-spread changes in DTI parameters in
MS.31-36 Here, we found extensive alteration of DTI parameters in the white matter in MS patients compared to HCs. The
reason of this broad difference could be the high number of
participants in the study, which may lead to the detection of
smaller differences. Furthermore, the higher number of MS patients may also contribute because their inclusion leads to an
increased percent of focal demyelinating lesions in the skeleton, which have reduced FA and increased MD.36 However,
only a small proportion of the skeleton contains lesions (7.5%
of the total volume of the skeleton in a subpopulation of 40
MS patients from the current sample of whom manually segmented lesion mask were available). The mean difference in
the significant voxels of FA and AD decreased with the NDED,
that is, the two groups mean values depended on NDED in
different way. In the lowest NDED, the group difference was
the highest. One possible explanation could be the underlying pathology in MS. The white matter FA value is decreased
throughout the brain, which is in turn, more prone to overestimation. Moreover, voxels included in the skeleton in the
TBSS approach are more ambiguous. However, the significant
change of group differences between the directions is still very
low. Regarding the two skeleton sizes, the group differences of
the parameters followed a similar trend. Moreover, the number
of significant voxels and the skeleton size was different between
different schemes and decreased with the NDED as well. The
overestimation of skeleton size could be the consequence of the
overestimation of FA within the small FA areas. In addition,
the elevated number of significant voxels of FA simply resulted
10
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from the higher number of voxels. This effect could be reversed
because correcting for skeleton size, the number of significant
voxels of FA was equal as well. Conversely, the number of
significant voxels of MD and AD was smaller at 15 directions
compared to higher directions.
As we worked with fixed encoding directions and their subsets, the distribution of directions could differ from the optimal
distribution. According to Zhan et al, this difference was in
the range of 5-6% in terms of distribution energy in 10 and 15
directions5 and as Zhan et al acknowledged that this “suboptimal sampling may play a minor role in the SNR gains.” We
repeated their calculation and the ratio of distribution energy
in our study was less than 1%, which is a negligible difference
(Fig. S1). The difference between the two studies stems from
the different number of encoding direction used in the original
dataset, that is, 94 compared to 60 in our case.
One of the limitations of our study is that the results are
only applicable to differences between MS and healthy patients;
other diseases might show different pattern of TBSS’ change as
the function of NDED. Other parameters that have an effect on
signal-to-noise should also be considered such as voxel size and
field strength.
In conclusion, the bias caused by directions is more pronounced for areas with small FA values and seems to be constant above 30 directions. Moreover, NDED has a slight effect
on TBSS, which makes it reasonable to cautiously compare
results from different TBSS studies with different NDED. Regarding all the derived DTI parameters, 30 directions might be
enough to compare healthy and MS patients with TBSS analysis. Importantly, our results indicate that higher FA threshold
of the skeleton should be used with lower NDED to avoid false
positive result.
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