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Abstract. Diffusion-weighted magnetic resonance imaging (dMRI) is
widely used to assess the brain white matter. One of the most com-
mon computations in dMRI involves cross-subject tract-specific analysis,
whereby dMRI-derived biomarkers are compared between cohorts of sub-
jects. The accuracy and reliability of these studies hinges on the ability to
compare precisely the same white matter tracts across subjects. This is
an intricate and error-prone computation. Existing computational meth-
ods such as Tract-Based Spatial Statistics (TBSS) suffer from a host of
shortcomings and limitations that can seriously undermine the validity of
the results. We present a new computational framework that overcomes
the limitations of existing methods via (i) accurate segmentation of the
tracts, and (ii) precise registration of data from different subjects/scans.
The registration is based on fiber orientation distributions. To further
improve the alignment of cross-subject data, we create detailed atlases
of white matter tracts. These atlases serve as an unbiased reference space
where the data from all subjects is registered for comparison. Extensive
evaluations show that, compared with TBSS, our proposed framework
offers significantly higher reproducibility and robustness to data pertur-
bations. Our method promises a drastic improvement in accuracy and
reproducibility of cross-subject dMRI studies that are routinely used in
neuroscience and medical research.

Keywords: Diffusion MRI · deep learning · brain white matter · tract-
based spatial statistics · TBSS

1 Introduction

Diffusion of water in the brain tissue is influenced by tissue micro-structure.
Diffusion MRI (dMRI) methods can characterize this process quantitatively [13,
5]. These methods are widely used in medicine and neuroscience. Thousands
of studies have used dMRI parameters such as fractional anisotropy (FA) as
biomarkers to assess normal brain development and to characterize the impacts
of various neurological diseases [3, 24, 14].

Tract-specific studies analyze dMRI-computed biomarkers on specific white
matter tracts [25]. They may consider the same subject(s) over time (longitu-
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dinal studies) or compare different cohorts of subjects such as healthy and dis-
eased (population studies). They are among the most common and most fruitful
classes of dMRI studies because many neurodevelopmental deficits and neuro-
logical disorders are linked to damage to the tissue micro-structure on specific
tracts [17, 23, 34]. The success of these studies depends on precise alignment
of different brain scans to ensure that the same tracts are compared between
scans/subjects. This is a complex and highly error-prone computation. Exist-
ing computational methods vary greatly in terms of spatial accuracy and the
required manual work [25]. For example, voxel-based morphometry methods are
simple, but they are incapable of accurate tract-specific comparisons [2]. There
are also semi-automatic and automatic tractography-based methods that require
performing tractography on each scan [16, 27].

Currently, Tract-Based Spatial Statistics (TBSS) [26] is the de-facto method
for tract-specific dMRI analysis. It can analyze the entire brain and consists of
five steps: (1) Compute FA images for each subject; (2) Register the FA images
to a common space; (3) Compute the voxel-wise average of the registered FA
images and create the skeleton of this mean FA; (4) Project subjects’ FA images
onto the skeleton; (5) Perform statistical analysis across subjects on the skeleton.
Despite its popularity, TBSS suffers from important shortcomings that have been
extensively reported. Here we briefly list some of them: (1) FA-based registration
is inaccurate, and subsequent steps in TBSS fail to correct the registration errors
[32]. (2) Presence of lesions reduce the accuracy of TBSS, which is a serious
limitation because such pathology may be the main focus of the analysis [11].
(3) Results are sensitive to measurement noise, choice of FA template, and FA
threshold [15]. (4) TBSS is prone to confusing adjacent tracts even under ideal
and simulated settings [4]. (5) Its central assumption is that the locations of
interest are the tract centers, defined as the voxels with the highest FA. This
assumption may not be valid. (6) Computational steps such as skeletonization
and skeleton projection can introduce systematic bias [7]. (7) TBSS is not suited
for all tract shapes and may produce erroneous results on small tubular tracts
[4]. (8) Although TBSS is an automatic method, it involves several settings that
may influence the results. The impacts of these settings are not fully clear, and
one should visually verify the results of different processing steps [15].

These limitations significantly compromise the validity of the results of cross-
subject dMRI studies. It has been shown that tweaking the settings of the ex-
isting methods may lead to completely different conclusions [4, 12]. Alternative
methods have been proposed to improve certain aspects of TBSS [31, 30]. How-
ever, these alternative methods have their own limitations and none of them has
reached TBSS’s popularity. Despite years of effort, existing methods suffer from
serious shortcomings that are data-dependent and difficult to predict.

Given the increasing popularity of dMRI and the growing size of datasets,
there is an urgent need for accurate and reliable computational tools. The goal
of this paper is to develop and validate a new computational framework, in large
part based on deep neural networks, that overcomes some of the limitations of
the existing methods. We show that the new methods enable unprecedented
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accuracy in tract-specific cross-subject analysis of dMRI data. Therefore, they
can have a significant impact as they dramatically enhance the reliability and
reproducibility of longitudinal and population studies with dMRI.

2 Materials and methods

2.1 Data

We use two datasets in this work. (1) Human Connectome Project (HCP)
dataset. We use 105 adult brains from the HCP dataset [28] and manual seg-
mentations of 72 tracts on these brains available via [29]. The dMRI scans in
this dataset include high angular resolution multi-shell (b=1000, 2000, and 3000)
measurements. In all experiments with this data, we used 70 subjects for model
development and the remaining 35 for test. (2) Calgary Preschool dataset [21,
20], which we only use for further validation. This dataset includes 396 dMRI
scans from 120 children 2-8 years of age. Each scan in this dataset has 35 single-
shell (b=750) measurements.

2.2 Methods

Figure 1 shows the proposed computational framework. It consists of three main
components that we describe in the following three sub-sections.

Fig. 1. A graphical summary of the proposed computational framework. To simplify
the illustration, we have shown only one subject and only four tracts.

Tract segmentation method. Many cross-subject analysis methods, includ-
ing TBSS, do not segment individual tracts, which causes two problems: (1)
Tract-specific computation is not possible. In order to conduct a tract-specific
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analysis, tracts will have to be segmented either manually or with an auxil-
iary method. (2) Ambiguity in the location and extent of the tracts can result
in significant errors (e.g., mis-assignment of voxels) even for prominent tracts
such as corpus callosum and cingulum [4]. Segmentation of individual tracts can
overcome this fundamental limitation. To this end, we use a fully-convolutional
network similar to nnU-Net [9] to segment the individual tracts. The segmen-
tation method itself is not a novel aspect of this work. In fact, similar methods
have been proposed in recent works [29].

Atlases of white matter tracts. We computed fiber orientation distribu-
tion images for the 70 training subjects using the MSMT-CSD method [10].
We aligned all 70 brains into a common space using an iterative succession of
rigid, affine, and non-linear registrations computed based on fiber orientation
distributions using the registration method proposed in [18]. We then used the
composite deformation fields for each subject to align individual tract segmenta-
tions into the same space and used voxel-wise averaging and thresholding at 0.50
to compute tract atlases. We further applied the computed deformation fields
to the diffusion MRI data of each subject, represented in spherical harmonics
basis, to compute a corresponding atlas. These atlases would serve as an unbi-
ased reference space where we could register the data from individual subjects
for tract-specific analysis.

dMRI registration method. Accurate registration of brain dMRI data from
different subjects is the most central computation in cross-subject studies. Ex-
isting methods mostly rely on registration based on fractional anisotropy (FA)
images, which can be highly inaccurate. In our proposed framework, we require
a flexible registration technique to register the subject brains to the reference
atlas. Specifically, similar to our atlas computation described above, we use the
method of [18] that is based on computing a nonlinear deformation map based
on fiber orientation distributions.

To summarize: the combination of the tract segmentation method, the at-
las, and the registration method constitute our proposed framework. The method
works as follows (Figure 1): (i) Compute the parameter(s) of interest (e.g., FA)
and segment tracts of interest for every subject; (ii) Align all subjects into the
reference atlas space; (iii) Perform statistical analysis between desired sub-groups
of the subjects to determine the differences in the parameters on each tract.

3 Results and Discussion

3.1 Assessment of the three components of the framework

Our main interest is on the effectiveness of the entire framework for performing
tract-specific studies. Nonetheless, we first briefly explain the evaluation of the
three components.

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 11, 2023. ; https://doi.org/10.1101/2023.07.10.548454doi: bioRxiv preprint 

https://doi.org/10.1101/2023.07.10.548454
http://creativecommons.org/licenses/by-nc-nd/4.0/


Deep-TBSS 5

Assessment of the segmentation method. Our deep learning based seg-
mentation method achieved a DSC of 0.826 ± 0.076, which is comparable with
the state of the art method [29] on the same dataset. However, unlike [29] that
needs the data in all three shells, our method requires only the measurements in
the b=1000 shell.

Assessment of atlases of white matter tract. Figure 2 shows several views
from this atlas. All tracts were reconstructed in the atlas with high detail. In
order to quantitatively assess the accuracy of the atlas, we divided the 70 training
subjects into two groups, each with 35 subjects, generated two separate atlases,
and computed the DSC between white matter tracts in the two atlas. The mean
DSC across all tracts was 0.962, suggesting that the atlases could be used as
an unbiased reference space for registering and comparing data from individual
subjects.

Fig. 2. LEFT: one slice from the dMRI data and fiber orientation distribution of the
generated atlas. RIGHT (from top-left to bottom-right): a volume showing all 72 tracts,
inferior cerebellar peduncle, cingulum, anterior commissure, frontopontine tract, and
fornix.

Assessment of the registration method. The most common approach to
quantitative evaluation of registration accuracy is in terms of the overlap of
corresponding structures between moving and fixed images [6, 33]. Following this
approach, we assessed registration accuracy in terms of DSC and average surface
distance (ASD) between the warped subject tracts and atlas tracts. For this
evaluation, we considered four of the tracts that spanned most of the brain
volume: thalamo-prefrontal, striato-parietal, and anterior midbody and isthmus
of corpus calosum. The registration accuracy in terms of DSC was 0.785±0.074,
while the ASD was 0.775± 0.082 mm.
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3.2 Assessment of the overall framework for tract-specific
cross-subject analysis

In general, it is difficult to compare different computational frameworks for cross-
subject studies. The aim of such studies is to compare two or more groups of
subjects and identify the “true” differences between the groups. However, discov-
ering such differences, which typically have complex biological underpinnings, is
the goal of these studies and they are not known in advance. Therefore, for
assessing computational methods, it is common to use synthetic data, simula-
tions, and test-retest/reproducibility experiments [4, 26, 22, 1, 15]. Following sim-
ilar evaluation strategies, we applied our new framework in several experiments
and compared it with the official implementation of TBSS [8]. In these experi-
ments, described below, to enable tract-specific comparison of our method with
TBSS, we non-linearly registered the mean FA image from TBSS to the atlas
FA image.

Reproducibility. Each dMRI scan from the HCP dataset has 60-90 mea-
surements in the b=1000 shell. For each of the 35 test subjects from this dataset,
we selected two independent subsets of 30 measurements from this shell. We ap-
plied our method and TBSS on these two measurement subsets and computed
the average FA on each tract for each subject. Let us denote the absolute dif-
ference between the mean FA for tract i and subject j with ∆FAtract_i,j =∣∣FAsubset_2

tract_i,j − FAsubset_1
tract_i,j

∣∣. Ideally, ∆FAtract_i,j should be zero. Let us denote
the average of ∆FAtract_i,j across all subjects with ∆FAtract_i. We computed
∆FAtract_i on all tracts for our method and TBSS. On 35 out of 41 tracts,
∆FAtract_i was smaller for our method than for TBSS. On 25 of these 35 tracts,
the difference was statistically significant at p = 0.01 computed using paired
t-tests. On the remaining 6 tracts, the difference was not significant. This result
shows a higher reproducibility for our proposed method. We further repeated
this experiment with only six measurements in each subset to simulate clinical
scans. In this experiment, on all 41 tracts ∆FAtract_i was smaller for our method
than for TBSS; 22 of these differences were statistically significant at p = 0.01.
We also plotted the profile of FA on the centerline of various tracts. The profiles
computed with our method showed higher consistency and reproducibility.

Robustness to data perturbation. For each of the 35 test subjects from
the HCP dataset, we added random Rician noise with a signal-to-noise-ratio of
20dB to the dMRI measurements. We applied our method and TBSS on these
noisy scans as well as on the original scans and computed the difference in mean
FA for tract i and subject j as ∆FAtract_i,j =

∣∣FAnoisy
tract_i,j − FAoriginal

tract_i,j

∣∣. We
denote the average of ∆FAtract_i,j across all subjects with ∆FAtract_i. On all
41 tracts, ∆FAtract_i was smaller for our method than for TBSS. Paired t-tests
showed that 28 of these differences were statistically significant at p = 0.01. This
result shows that our method is more robust to data perturbations.

Analysis of the impact of gender and age with an independent
dataset.We performed additional experiments on the Calgary Preschool dataset.
With the help of a semi-manual tract segmentation technique [19], this dataset
had been previously used to assess the impact of age and gender on the micro-
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structural changes on 10 major white matter tracts [20]. We applied our proposed
method and TBSS on this dataset to determine the impact of gender and age
on FA and Mean Diffusivity (MD), and compared the results with [20]. This
experiment showed that, compared with TBSS, the results of our method were
consistently closer to the results of [20]. For example, our method showed a
significantly (p < 0.01) higher FA on pyramidal tracts and higher MD on the
superior longitudinal fasciculus for boys compared with girls, which was con-
sistent with the results of [20]; TBSS did not reveal these differences. We also
performed a reproducibility experiment with this dataset. This dataset included
75 subjects (30 female) aged 3 years and 73 subjects (34 female) aged 6 years.
We divided these into {Subset 1: 37 (15 female) aged 3 & 37 (17 female) aged 6 }
and {Subset 2: 38 (15 female) aged 3 & 36 (17 female) aged 6}. We computed the
change in FA and MD for each tract using the two subsets. Ideally, the change
computed with the two subsets should be equal. In terms of FA for 35 of the
tracts and in terms of MD for all 41 tracts the difference between the changes
computed using the two subsets was smaller with our method than with TBSS.
This experiment shows higher reproducibility for the proposed method.

4 Conclusions

The potential impact of the proposed method cannot be overstated. Tract-specific
studies are increasingly used to answer critical research questions in medicine
and neuroscience. However, the shortcomings of existing computational meth-
ods have seriously limited the accuracy and reproducibility of these studies.
Our experiments showed that the method proposed in this paper offers superior
reproducibility and robustness to data perturbations. Experiments with the Cal-
gary Preschool dataset further showed that our method has high generalizability.
Therefore, our proposed method can have a significant impact by enhancing the
accuracy, reliability, and reproducibility of the results of tract-specific studies.
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