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Repeated tractography of a single subject
- How high is the variance?
Xuan Gu, Anders Eklund, Hans Knutsson

Abstract We have investigated the test-retest reliability of diffusion tractography,
using 32 diffusion datasets from a single healthy subject. Preprocessing was carried
out using functions in FSL (FMRIB Software Library), and tractography was carried
out using FSL and Dipy. The tractography was performed in diffusion space, using
two seed masks (corticospinal and cingulum gyrus tracts) created from the JHU
White-Matter Tractography atlas. The tractography results were then warped into
MNI standard space by a linear transformation. The reproducibility of tract metrics
was examined using the standard deviation, the coefficient of variation (CV) and the
Dice similarity coefficient (DSC), which all indicated a high reproducibility. Our
results show that the multi-fiber model in FSL is able to reveal more connections
between brain areas, compared to the single fiber model, and that distortion correction increases the reproducibility.

1 Introduction
In the past few years, a number of algorithms for reconstruction of fiber tracts from
diffusion-weighted images have been proposed, collectively known as tractography
(Caan, 2016). Tractography is an important neuroimaging tool which can be used
for studying brain connectivity and aiding brain surgery (Bizzi, 2015; Castellano
et al., 2012; Iliescu et al., 2010; Mastronardi et al., 2008). The fundamental goal
of brain tumor surgery is to resect the maximum amount of tumoral tissue, while
removing as little healthy tissue as possible. Figure 1 shows an example where the
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estimated corticospinal tracts for a patient were very close to an Astrocytoma tumor
in the right primary somatosensory area (Pernet et al., 2016). The corticospinal tract
is one of the major nerve fiber tracts, and should be preserved as much as possible
during brain surgery. Therefore, it is important to fully evaluate the reproducibility
of diffusion tractography results, so that the surgical approaches can be designed to
avoid damaging important tracts. Although tractography provides very nice images
(Basser et al., 2000), there has been some concerns regarding the reproducibility
of the results, and these concerns are especially important for clinical applications.
Reconstruction of fiber tracts can, for example, differ depending on the software
package being used, the specific algorithm, and different parameter settings.

Fig. 1 A mid-axial slice of the corticospinal tract, for a subject with an Astrocytoma tumor in the
right primary somatosensory area. A threshold of 0.2% was used to remove less likely tracts. While
tractography can aid planning of tumor surgery, it is important to know the uncertainty of the nice
images.

However, only a few attempts have been made so far to quantitatively investigate
the reproducibility of different methods and softwares for tractography. Heiervang
et al. (2006) conducted studies to characterize the reproducibility and variability
of diffusion tractography using datasets from 8 subjects scanned three times. The
mean tract fractional anisotropy (FA) and the mean diffusivity (MD) along the tracts
showed a very low coefficient of variation, both below 2% for inter-session and 35% for inter-subject. They also found that the number of diffusion directions (60 and
12) has a limited effect on the inter-session coefficient of variation (CV). Datasets
with more diffusion directions, however, produced greater tract volume. Tensaouti
et al. (2008) reported a maximum value of 56% of tract volume agreement for diffusion data collected in 32 directions. They drew a similar conclusion as Heiervang
et al. (2006) that more directions allows to detect more tracts until a certain level
between 15-32 directions. Vollmar et al. (2010) investigated the intra-site and intersite reproducibility and reported a very low (1.6%) CV for the mean tract FA within
the tracts, and 6.2-8.4% CV of the tract volume. It is also claimed that nonlinear
registration between scans can be used to eliminate different distortions and improve reproducibility. Vaessen et al. (2010) evaluated the reproducibility of brain
network connectivity by diffusion tractography, and reported low values (3.8%) for

Repeated tractography of a single subject - How high is the variance?

3

the CV of the network measures. Danielian et al. (2010) assessed intra-human-rater
and inter-human-rater reproducibility by measurements of tract FA, MD, axial diffusivity, transverse diffusivity and tract volume using intraclass correlation coefficient
(ICC), CV and kappa (κ) statistic. They reported an ICC greater than 0.77 and a κ
greater than 0.76 for inter-human-rater and an ICC greater than 0.92 and a κ greater
than 0.9 for intra-human-rater. Tensaouti et al. (2011) evaluated the reproducibility
of tractography in terms of data acquisitions and tractography algorithms. Similarly
to (Heiervang et al., 2006; Tensaouti et al., 2008), Tensaouti et al. reported an increase in reproducibility in tractography according to the number of directions used
during the scans.
For reproducibility of tractography in brachial plexus and kidney, evaluations
were carried out by (Cutajar et al., 2011; Tagliafico et al., 2011). Apart from studies
that assess the longitudinal reproducibility of fiber tractography, results regarding
the accuracy of fiber tractography can be found in (Côté et al., 2013; Fillard et al.,
2011; Hagmann et al., 2008; Neher et al., 2015; Pujol et al., 2015).
The aim of this study was therefore to analyze the reproducibility of tractography
for diffusion data repeatedly collected from a single healthy subject. This makes it
possible to investigate how the whole workflow (data collection, preprocessing and
tractography) affects the final results, instead of only focusing on the tractography
itself. We here present results for the popular diffusion tractography softwares FSL
(Jenkinson et al., 2012) and Dipy (Garyfallidis et al., 2014) which use a probabilistic
and a deterministic tractography algorithm, respectively. For the quantitative analysis of the results, we focused on the CV and the Dice similarity coefficient (DSC)
which indicate how high the reproducibility is. Testing other software packages is
planned for future work.
The remainder of the paper is organized as follows. In section 3, the evaluated
tractography software packages and image process workflow is presented in detail.
The results of the evaluations are shown in section 4, and the results are discussed
in section 5.

2 Data
Diffusion datasets were acquired from the MyConnectome (Laumann et al., 2015)
study (myconnectome.org), where MR imaging was performed on a fixed schedule
during an entire year on a single healthy individual. In this study, we chose the
16 scan sessions (out of the total 106) containing diffusion data, obtained using a
multiband EPI sequence on a Siemens Skyra 3T scanner. Each session consists of
two scans, giving a total of 32 diffusion datasets, with L→R phase encoding and the
other with R→L phase encoding (these two scans can be combined to correct for
distortions). The following scanning parameters were used: b=1000/2000 s · mm−2
(30 gradient directions per b-factor and 4 volumes without diffusion weighting),
1.74 × 1.74 × 1.7 mm voxels, 72 slices, 128 × 128 matrix, TR = 5000 ms, TE =
108 ms, multiband factor 3.
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3 Methods
3.1 FSL
Preprocessing and tractography was carried out using tools in FSL (Jenkinson et al.,
2012). Susceptibility distortions were corrected for using the function topup (Andersson et al., 2003), while the function eddy (Andersson and Sotiropoulos, 2016)
was used to correct for head motion and eddy-current induced distortions.
The ball and stick model (Behrens et al., 2007) is in the function bedpostx used to
model the diffusion in each voxel, with one isotropic part (ball) and N non-isotropic
parts (sticks), according to
N
N
Si
= (1 − ∑ f j )exp(−bi d) + ∑ f j exp(−bi drTi R j ARTj ri ),
S0
j=1
j=1

(1)

where Si is the diffusion-weighted signal for measurement i, S0 is the signal with no
diffusion gradient applied, f j is the fraction of signal contributed by diffusion along
fiber direction j, bi and ri are the b-value and the gradient direction for measurement i, d is the diffusivity, RART is the anisotropic diffusion tensor along the fiber
direction (θ j , φ j ) where


100
A = 0 0 0 .
000
Each stick is thus represented by two angles, using a spherical coordinate system.
The first term represents the diffusion of free water, and the second term represents
the diffusion along the different fiber orientations. The joint posterior distribution of
the parameters of interest is derived using Bayesian inference. Specifically, Markov
Chain Monte Carlo (MCMC) simulation is used in bedpostx to generate draws from
the complicated posterior distribution. In the case of multiple fiber orientations, automatic relevance determination (ARD) is used to in each voxel determine the optimal number of fibers. The GPU version of bedpostx (Hernández et al., 2013) was
used in our case, to reduce the processing time from 15 hours to 40 minutes per analysis. Each dataset was analyzed 4 times (maximum of 1, 2, 3 or 4 crossing fibers in
each voxel), resulting in a total of 128 analyses for the 32 datasets.
The function fslmaths was used to create two seed masks in MNI space (for corticospinal and cingulum gyrus tracts), using the JHU White-Matter Tractography
atlas (Hua et al., 2008). The transformation between standard space and diffusion
space was achieved in three separate steps. First, the anatomical volume was linearly
registered to MNI space using the function flirt (Jenkinson and Smith, 2001). Second, the diffusion data was linearly registered to the anatomical volume. Third, the
two transformations were combined, to transform the seed masks from MNI space
to diffusion space.
The probabilistic tractography was performed using the function probtrackx2
(Behrens et al., 2007) in diffusion space. The bedpostx function results in draws
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from the posterior distribution of the ball and stick model, which are then used
by probtrackx2 to achieve probabilistic fiber tracking. A total of 5,000 streamlines
were initiated from each seed voxel, and constructed by randomly selecting one
draw from the ball and stick model in each voxel, and following the main fiber orientation given by that draw. Each streamline was stopped after 2,000 steps with a
step length of 0.5 mm, or terminated if the curvature exceeded 80 degrees. A volume containing the output connectivity distribution from the seed mask was finally
computed, where each entry denotes the number of streamlines that passed through
that voxel. The results of probtrackx2 were transformed to MNI standard space by
linear transformation, inverting the previously calculated linear transformation. The
results were finally normalized by the total number of streamlines from the seed
mask. By removing the less likely tracts, using a threshold, it becomes easier to see
the most important connections from the seed mask to the rest of the brain.

3.2 Dipy
To further extend this study, we performed deterministic tractography on the same
datasets using Dipy (Garyfallidis et al., 2014). The deterministic tractography was
performed on the distortion-corrected datasets from FSL. To get directions from the
diffusion dataset, we fitted each voxel to a Constant Solid Angle Model (Aganj et al.,
2010) using the function CsaOdfModel. This model will represent the orientation
distribution function (ODF) in each voxel. The ODF is the distribution of water
diffusion as a function of direction. The peaks of an ODF can be obtained by the
function peaks from model, and they can be good estimates for the orientations of
the streamlines passing through voxels. The same corticospinal and cingulum gyrus
tracts were used as seed masks. One seed per voxel (in the center) was used for the
tractography.

4 Results
4.1 FSL
Figure 3 shows one axial slice and one sagittal slice of the tractography results for
the corticospinal and cingulum gyrus tracts, for all 32 datasets. The tractography
results were thresholded at a connectivity value of 0.2%. The background image
is the MNI template brain. The corticospinal and cingulum gyrus seed masks, as
shown in Figure 4, were created with fslmaths, by thresholding the JHU WhiteMatter Tractography atlas (Mori et al., 2005). Due to noise and scan artifacts, none
of the datasets give identical tractography results. Nevertheless, there is clearly a
high degree of similarity between the tractography maps from the different datasets.
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In the following results, we try to measure the degree of similarity using different
metrics.
The reproducibility of the tractography was first examined using the CV, which
is defined as the ratio of the standard deviation σ divided by the mean µ:
CV =

σ
.
µ

(2)

The CV is a standardized measure of dispersion of a probability distribution (Brown,
1998). It gives an intuitive estimate of the measurement repeatability, expressed as
a relative percentage (regardless of the absolute measurement value). The standard
deviation σ and mean µ can be calculated from the 32 tractography results. Figure
5 shows the CV of the tractography results for various thresholds when using a seed
mask for the corticospinal tract. By removing the voxels below the threshold, it is
possible to focus on the tracts with a lower CV.
Figure 6 shows the average tractography results over the 32 datasets, when
changing the maximum number of crossing fibers x in the bedpostx function. It
has previously been reported that some 70% of the white matter voxels contain at
least two crossing fibers (Jeurissen et al., 2013). Our results show that the multi-fiber
model is in general able to reveal more connections between the brain areas, compared to the single fiber model, for both corticospinal and cingulum gyrus tracts.
The ability to detect connections varies when different maximum number of crossing fibers is used. Nevertheless, the same cores of the tracts were found by all settings. The standard deviation, for the voxels that survived an initial threshold, was
calculated over all 32 datasets and is shown in Figure 7.
Figure 8 shows the tract volume of the tractography results, for different settings
of the maximum number of crossing fibers. The tract volume was estimated as the
total number of voxels that survived thresholding. The average tract volume of corticospinal tracts over the 32 datasets are 3527, 4648, 4210 and 4208 for a maximum
of 1, 2, 3 and 4 crossing fibers. The average tract volume of cingulum gyrus tracts
over the 32 datasets are 1892, 3153, 2548 and 2583 for a maximum of 1, 2, 3 and 4
crossing fibers.
To better understand the results in Figure 8, we plotted the average tract volume
over the 32 datasets before and after thresholding for different settings of the maximum number of crossing fibers, see Figure 9. For both before and after thresholding,
tractography results obtained using a single fiber model (x = 1 in the FSL function
bedpostx) are expected to represent a smaller tract, i.e. there are fewer connections.
This is due to the fact that a multi-fiber model (x = 2, 3, 4 in the FSL function bedpostx) results in a greater variability of fiber orientations and tend to disperse the
streamlines to more voxels. This prediction clearly holds for the results in Figure
8 and 9, for both the corticospinal and the cingulum gyrus tracts. However, after
thresholding, the tract volume for the 3 fibers per voxel case was decreased a little
compared with a maximum of 2 fibers. The reason is that when a larger number of
crossing fibers are fitted, the tractography results tend to be more dispersive, i.e. the
connectivity value in the voxels will be smaller. Therefore, a larger amount of voxels will be removed after the thresholding, which causes a smaller tract volume. It is

Repeated tractography of a single subject - How high is the variance?
0.002

0.013

0.0241

7
0.0351

Fig. 2 Tractography results for 32 diffusion datasets (in MNI space), for a maximum of 2 fibers per
voxel, when using seed masks for the corticospinal tract. A threshold of 0.2% was used to remove
less likely tracts. The results represent the proportion of times a streamline passed through a voxel.
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Fig. 3 Tractography results for 32 diffusion datasets (in MNI space), for a maximum of 2 fibers
per voxel, when using seed masks for the cingulum gyrus tract. A threshold of 0.2% was used to
remove less likely tracts. The results represent the proportion of times a streamline passed through
a voxel.
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Fig. 4 The corticospinal and cingulum gyrus tracts used as seed masks. From each voxel in the
seed mask, 5000 streamlines were generated, using probabilistic fiber tracking, to obtain a volume
were each voxel represents the number of times a streamline passed through that voxel.
0.1108

0.7725

1.4342

2.0959

Fig. 5 CV (in MNI space) of the tractography results, for a maximum of 2 fibers per voxel, when
using a seed mask for the corticospinal tract. The threshold (in percentage) is, from left to right,
0.01, 0.05, 0.1, 0.5.

interesting to note that increasing the number of maximum fibers from 3 to 4, does
not change the tract volume further. This is because very few voxels in the datasets
support 4 crossing fibers, see Figure 10 and 11.
Figure 10 shows an example of the multi-fiber ball and stick model fitting for
one of the 32 datasets. The fraction of signal contributed by diffusion along fiber
direction fi (output of FSL function bedpostx, see Equation 1) was thresholded at
0.05 (Behrens et al., 2007) and the surviving voxels were able to detect more than
i crossing fibers. For the chosen dataset, 40% of voxels with FA > 0.1 were able to
detect at least two crossing fibers which is a little higher than the previous reported
33% in (Behrens et al., 2007), where a different data acquisition scheme was used.
For only 4.76% of voxels with FA > 0.1, more than two fibers was supported by
the model, and for only 0.05% of voxels with FA > 0.1 more than three fibers was
supported.
Figure 11 shows the percentage of voxels supporting 1, 2, 3 and 4 crossing
fibers in corticospinal (blue) and cingulum gyrus (yellow) tracts for the same chosen
dataset as in Figure 10. For both the corticospinal and the cingulum gyrus (yellow)
tracts, around 20%, 70% and 10% of the voxels supported 1, 2 and 3 crossing fibers,
respectively. The number of voxels supporting more than 3 crossing fibers is negligible. In (Behrens et al., 2007) it was reported that no single voxel was able to support
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0.001
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0.0236

0.001

0.0106

0.0202

0.0298

Fig. 6 Averaged tractography results over the 32 datasets (in MNI space), for a maximum of 1, 2,
3 or 4 fibers per voxel (left to right), when using seed masks for the corticospinal and cingulum
gyrus tracts. A threshold of 0.1% was used to remove less likely tracts. Using a maximum of 2
fibers per voxel leads to including more voxels in the tracts, compared to using a maximum of 1
fiber per voxel.
0.0004

0.0021

0.0039

0.0056

0.0003

0.0039

0.0076

0.0112

Fig. 7 Standard deviation of tractography results over the 32 datasets (in MNI space), for a maximum of 1, 2, 3 or 4 fibers per voxel (left to right), when using seed masks for the corticospinal and
cingulum gyrus tracts. A threshold of 0.1% was used to remove less likely tracts.
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Fig. 8 Tract volume of the tractography results, for a maximum of 1, 2, 3 or 4 fibers per voxel.
The top figure shows the results for the corticospinal tract, and the bottom figure shows the results
for the cingulum gyrus tract. A threshold of 0.5% was used to remove less likely tracts. Using a
maximum of 2 fibers per voxel reveals most brain connections, while using a maximum of 1 fiber
leads to the fewest connections.

more than 2 crossing fibers when 60 directions was used for data acquisition, and
no single voxel was able to support more than 1 crossing fibers when 12 directions
was used. Tuch et al. (2003) reported that it is possible to detect 3 crossing fibers in
the corticospinal tract in high b-value data. In our study, the data acquisition scheme
using two shells and 30 directions for each shell made it possible to detect 3 crossing fibers in 12.1% and 5.5% of the voxels in the corticospinal and cingulum gyrus
tracts, respectively, as shown in Figure 11. It is reasonable to infer that data acquisition schemes using either more shells, or more directions, or higher b-value allows
more crossing fibers to be supported by the data.
Figure 12 shows the probability density of the CV when the maximum number
of crossing fibers varies from 1 to 4. The CV is the precision of a measure, i.e. a
smaller CV is equivalent to a higher reproducibility of the fiber tracts. The probability density was estimated using the MATLAB (Version 2016b) function ksdensity
with 100 bins. For the corticospinal case, the total number of voxels after thresholding is 48010, 172799, 143935, and 146322 for a maximum of 1, 2, 3 and 4 fibers,
respectively. The corresponding number of voxels for 0 < CV < 1 is 15556, 112227,
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Fig. 9 Tract volume of the tractography results, for a maximum of 1, 2, 3 or 4 fibers per voxel.
The top figure shows the results before thresholding, and the bottom figure shows the results after
thresholding.

Fig. 10 Multi-fiber ball and stick model fitting. An axial slice showing where more than 1 (left),
2 (middle), and 3 (right) crossing fibers in each voxel were supported by the dataset. The fiber
fractions f2 , f3 and f4 were thresholded at 0.05.
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Fig. 11 Percentage of voxels supporting 1, 2, 3 and 4 crossing fibers, corticospinal tract in blue
and cingulum gyrus tract in yellow. A threshold of 0.5% was used to remove less likely tracts.

76359, and 77328. The mean of the CV over all voxels is 1.32, 0.99, 1.15, and 1.16,
for a maximum of 1 to 4 fibers. The choice of a maximum of 2 fibers per voxel
gives the highest reproducibility, at the cost of revealing fewer connections between
brain areas, compared with a maximum of 3 or 4 fibers per voxel. The single-fiber
model leads to the highest variation. Figure 12 shows the probability density of the
CV with and without distortion correction, when the maximum number of crossing
fibers is set to 3. Correcting for susceptibility effects, eddy currents and head motion
clearly increases the reproducibility.
We derived mean and CV for tract FA, MD and volume (Table 1) across the
32 datasets for the corticospinal and cingulum gyrus tracts when a maximum of 1,
2, 3 and 4 fibers per voxel was applied. A threshold of 0.5% was used to remove
less likely tracts. Tract FA and MD are defined as the average FA and MD values
within a tract. The tract volume is the total number of voxels that survived thresholding. FA and MD of whole brain were obtained using the FSL function dtifit to
fit a diffusion tensor model in each voxel. FA and MD results were then linearly
registered to MNI space using the function flirt (Jenkinson and Smith, 2001). Mean
tract FA across datasets ranged from 0.55 to 0.58 and 0.47 to 0.50 for the corticospinal and cingulum gyrus tracts, respectively. Measures of mean tract FA, MD
and tract volume produced very low CVs, for both corticospinal (below 3.06%) and
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Fig. 12 Probability density of CV for the tractography results, for a maximum of 1, 2, 3 or 4 fibers
per voxel. The top figure shows the results for the corticospinal tract, and the bottom figure shows
the results for the cingulum gyrus tract. A threshold of 0.001% was used to remove less likely
tracts.

cingulum gyrus (below 6.87%) tracts. CVs for mean tract FA of cingulum gyrus
across datasets (3.86 - 4.78%) are largely consistent with previous reported results
(3.18 - 4.32%) (Heiervang et al., 2006). Results for the corticospinal tract show a
higher degree of reproducibility than the cingulum gyrus tract. It is consistent with
previous research (Heiervang et al., 2006; Vollmar et al., 2010) that larger tracts can
produce a lower CV since they are less sensitive to the uncertainty of tractography,
artifacts of scanning and noise.
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Fig. 13 Probability density of CV for the tractography results with and without distortion correction, for a maximum of 3 fibers per voxel. The top figure shows the results for the corticospinal
tract, and the bottom figure shows the results for the cingulum gyrus tract. A threshold of 0.001%
was used to remove less likely tracts.

Table 1 Results for tracts analysis of mean tract FA, MD and tract volume. A threshold of 0.5%
was used. Tract volume is defined as the number of voxels of the tract.
Measure
Tract
Maximum number Mean across CV across(%)
of crossing fibers
datasets
datasets
FA
Corticospinal
1
0.58
1.03
2
0.55
1.12
3
0.57
1.04
4
0.58
1.06
Cingulum
1
0.50
4.29
2
0.47
3.96
3
0.49
3.86
4
0.48
4.78
(×10−4 )
MD
Corticospinal
1
5.48
1.40
2
5.61
2.17
3
5.52
1.78
4
5.51
1.97
Cingulum
1
5.86
2.01
2
5.87
2.42
3
5.82
1.89
4
5.86
2.53
Tract volume Corticospinal
1
3522
3.74
2
4648
2.50
3
4210
3.06
4
4208
3.05
Cingulum
1
1892
5.36
2
3153
6.87
3
2548
5.74
4
2583
5.20
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The agreement of two tracts was quantified using the DSC (Dice, 1945), which
quantifies the degree of overlap using a number between 0 (no overlap) to 1 (complete overlap):
DSC =

2nab
,
na + nb

(3)

where nab is the number of voxels common to both volumes, and na and nb are
the number of voxels in volume a and volume b. The average tracts over the 32
datasets was used as the benchmark, and the DSC was then calculated between each
tractography result and the average one. The results are shown in Figure 14. With
a threshold of 0.5%, the mean of the DSC for the corticospinal tract over the 32
datasets is 0.82, 0.85, 0.84 and 0.84 for a maximum of 1, 2, 3 and 4 fibers per voxel,
respectively. Bauer et al. (2013) repeated deterministic tractography for the corticospinal tract and reported that a DSC above 0.8 can be achieved. This is largely
consistent with our results. The mean of the DSC for the cingulum gyrus tract over
the 32 datasets is 0.76, 0.78, 0.77 and 0.81 for a maximum of 1, 2, 3 and 4 fibers
per voxel, respectively. This is very close to the previous reported 0.8 in (Besseling
et al., 2012). The DSC for the cingulum gyrus tract shows a larger variance than
for the corticospinal tract. The standard deviation of the DSC for the corticospinal
tract is 0.035, 0.0278, 0.03 and 0.0295 for a maximum of 1, 2, 3 and 4 fibers per
voxel, respectively. The standard deviation of the DSC for the cingulum gyrus tract
is 0.053, 0.031, 0.036 and 0.0532 for a maximum of 1, 2, 3 and 4 fibers per voxel,
respectively. Our results thereby suggest that the reproducibility of fiber tracts depends on the seed mask used. Such an effect is natural, because different parts of the
brain may suffer differently from distortions and head motion. The size of the seed
mask is also a factor that has an influence on the degree of reproducibility. For the
DSC, the setting of the maximum of fibers per voxel did not produce a significant
difference. It it hard to tell which setting provided the highest reproducibility, but
in general the multi-fiber model achieved a better performance. Figure 15 shows
the DSC with and without distortion correction, for a maximum of 3 crossing fibers
per voxel. Together with Figure 13, we again draw the conclusion that distortion
correction leads to a higher reproducibility.
From Figures 6, 8 and 14 we can see that the tractography for the different
datasets resulted in very similar fiber pathways, and does not reveal more information when the maximum number of fibers is set to 4. It can be concluded that
a maximum of 3 fibers per voxel may be sufficient to reveal connections between
brain areas, considering the longer computation time when a larger number of maximum fibers is used.
The Bayesian estimation of diffusion parameters implemented in bedposts takes
approximately 15 hours to complete for one diffusion dataset. Using a graphics card,
the GPU version of bedpostx takes 10 to 60 minutes depending on the computer
hardware, the chosen maximum number of fibers and the size of the datasets. The
processing time for Bayesian estimation of the multi-fiber models are 10, 18, 27 and
40 minutes (for a maximum number of 1, 2, 3 and 4 fibers), using the graphics card
NVIDIA Tesla K40c and the CPU Intel i7-5820K 3.30GHz. The processing times
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Fig. 14 DSCs for the tractography results, for a maximum of 1, 2, 3 or 4 fibers per voxel. The top
figure shows the results for the corticospinal tract, and the bottom figure shows the results for the
cingulum gyrus tract. A threshold of 0.5% was used to remove less likely tracts.

for probabilistic tractography of the multi-fiber models are 68, 114, 112 and 115
minutes, respectively.

4.2 Dipy
Figure 17 shows one axial slice and one sagittal slice of the deterministic tractography results from Dipy, for the corticospinal and cingulum gyrus tracts for all 32
datasets. The background image is the MNI brain template. As in Figure 3, it also
shows a high degree of reproducibility for the tractography results from the different
datasets. In the following results, we try to measure the degree of similarity using
different metrics.
Figure 18 shows the DSCs for the deterministic tractography results from Dipy.
The tractography result of the first dataset was chosen as the benchmark, and the
DSC was then calculated between each tractography result and the benchmark.
Please note that the DSCs for the results from FSL and Dipy were calculated based
on different benchmarks. Therefore the DSCs cannot be compared directly. The
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Fig. 15 DSCs for the tractography results with and without distortion correction, for a maximum
of 3 fibers per voxel. The top figure shows the results for the corticospinal tract, and the bottom
figure shows the results for the cingulum gyrus tract. A threshold of 0.1% was used to remove less
likely tracts.

mean DSC for the corticospinal and cingulum gyrus tracts over the latter 31 datasets
is 0.669 and 0.590, respectively. Compared with the results in Figure 14 we can see
that the deterministic tractography results from Dipy show a lower degree of reproducibility than the probabilistic tractography results from FSL. Although the deterministic tractography algorithm is very efficient, it can be sensitive to the estimated
principal directions since the streamline in each voxel only follows the principal
direction. The deterministic tractography algorithm fails to resolve complex fiber
structure when fibers are crossing, which is one of the major limitations of the deterministic tractography algorithm. The uncertainties in the underlying fiber directions
makes the tractography less reproducible than its probabilistic counterpart.

5 Discussion and conclusion
In this study, we have presumed that the brain nerve tracts do not change significantly during the scan interval (one year). There are previous studies (Nusbaum
et al., 2001; Yoon et al., 2008) demonstrating changes of certain white matter tracts
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Fig. 16 Deterministic tractography results for 32 diffusion datasets (in MNI space), when using
seed masks for the corticospinal tract. The results represent the number of streamlines that passed
through a voxel.
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Fig. 17 Deterministic tractography results for 32 diffusion datasets (in MNI space), when using
seed masks for the cingulum gyrus tract. The results represent the number of streamlines that
passed through a voxel.
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Fig. 18 DSCs for the tractography results using Dipy. The first tractography map was used as the
benchmark, and the DSC was then calculated between each tractography map and the benchmark.
The top figure shows the results for the corticospinal tract, and the bottom figure shows the results
for the cingulum gyrus tract.

due to aging. However, it is unlikely to recognize significant age-related changes
over the course of one year for a healthy subject.
We have investigated the test–retest reliability of diffusion tractography, using 32
diffusion datasets from a single healthy volunteer. A visual comparison of the results
shows that the cores of the corticospinal and cingulum gyrus tracts are common over
the 32 datasets, for both FSL and Dipy. We have reported inter-dataset overlaps of
DSC = 0.6 - 0.9 for the probabilistic tractography results from FSL, and DSC = 0.58
- 0.71 for the deterministic tractography results from Dipy. The DSC values roughly
fit with the range reported as 0.67 - 0.9 in (Besseling et al., 2012). We also observed
that the DSC differs between the corticospinal and cingulum tracts. This is because
the size of the tracts can be a factor influencing the degree of reproducibility. Also,
different parts of the brain may experience different distortions and head motion.
The results indicate that distortions and head motion can be an important uncertainty
source. It was observed that the reproducibility increases if distortion correction
is used, for both the corticospinal and cingulum gyrus tracts. The results suggest
that the ball and stick model representing multiple fiber orientations can reconstruct
more connections, at the cost of a longer processing time. It is also demonstrated that
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the tractography results do not differ much when the maximum number of crossing
fibers is larger than 3 in the FSL function bedpostx, but a higher number of crossing
fibers may be optimal for DWI data collected with a higher number of gradient
directions and shells.
Based on the presented results we conclude that the tractography results obtained
with different software packages, and different parameter settings, show a rather
high reproducibility. It is important to note that the reproducibility of tractography
by no means can be interpreted as the accuracy of tractography. Nonexisting fiber
pathways can, in theory, be reconstructed with a high reproducibility. Future work
will be focused on evaluating the reproducibility of other tractography softwares,
such as TORTOISE (Pierpaoli et al., 2010) and DSI-Studio (Yeh et al., 2013).
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