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Modern tractography algorithms such as anatomically-constrained
tractography (ACT) are based on segmentation maps of white matter (WM),
gray matter (GM), and cerebrospinal fluid (CSF). These maps are generally
estimated from a T1-weighted (T1lw) image and then registered in diffusion
weighted images (DWI) space. Registration of T1w to diffusion space and partial
volume estimation are challenging and rarely voxel-perfect. Diffusion-based
segmentation would, thus, potentially allow not to have higher quality
anatomical priors injected in the tractography process. On the other hand,
even if FA-based tractography is possible without T1 registration, the literature
shows that this technique suffers from multiple issues such as holes in the
tracking mask and a high proportion of generated broken and anatomically
implausible streamlines. Therefore, there is an important need for a tissue
segmentation algorithm that works directly in the native diffusion space. We
propose DORIS, a DWI-based deep learning segmentation algorithm. DORIS
outputs 10 different tissue classes including WM, GM, CSF, ventricles, and
6 other subcortical structures (putamen, pallidum, hippocampus, caudate,
amygdala, and thalamus). DORIS was trained and validated on a wide range
of subjects, including 1,000 individuals from 22 to 90 years old from clinical
and research DWI acquisitions, from 5 public databases. In the absence of a
“true” ground truth in diffusion space, DORIS used a silver standard strategy
from Freesurfer output registered onto the DWI. This strategy is extensively
evaluated and discussed in the current study. Segmentation maps provided by
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DORIS are quantitatively compared to Freesurfer and FSL-fast and the impacts
on tractography are evaluated. Overall, we show that DORIS is fast, accurate,
and reproducible and that DORIS-based tractograms produce bundles with a
longer mean length and fewer anatomically implausible streamlines.

KEYWORDS

diffusion magnetic resonance imaging, tractography, anatomical constraints, image
segmentation, machine learning

1. Introduction

Diffusion MRI is often used to explore structural brain
connectivity using tractography. Tractography algorithms use
orientation fields (Pierpaoli and Basser, 1996; Kreher et al,
2005; Peled et al., 2006; Tournier et al., 2007; Descoteaux, 2008;
Jeurissen et al., 2014) to reconstruct the main white matter
pathways of the brain. Moreover, tractography algorithms are
mostly based on tracking masks to guide the algorithm where
it is allowed to go and where it should stop. The easiest way
to obtain a tracking mask is by thresholding the DTI fractional
anisotropy (FA) map (Coté et al., 2013; Farquharson et al., 2013;
Chamberland et al., 2014; Jeurissen et al., 2019; Vanderweyen
et al., 2020), and this is usually recommended for pathological
brains (Theaud et al., 2019; Vanderweyen et al., 2020). However,
this thresholding does not support 3-way crossing areas resulting
in holes in the tracking mask and can introduce biases in further
analyses such as along tract-profiling and tractometry (Bells
et al., 2011; Cousineau et al., 2017). In addition, since FA-based
tracking cannot enforce anatomical constraints, it is known to
suffer from broken streamlines that terminate prematurely in
the white matter (WM). FA-based tracking also suffers from
anatomically implausible streamlines that wrongly go through
gray matter (GM) and cerebrospinal fluid (CSF) voxels (Girard
et al., 2014). This is why nowadays, it is often recommended
to use anatomical constraints to ensure streamlines reach GM,
subcortical structures, or exit the brainstem, and not terminate
in CSF voxels (Smith et al., 2012; Girard et al., 2014). This gave
birth to the family of “anatomically-constrained tractography
(ACT)” algorithms based on more precise masks of WM, GM,
and CSF (Smith et al.,, 2012; Girard et al., 2014; Aydogan and
Shi, 2020). More recently, surface-enhanced tractography (SET)
(St-Onge et al.,, 2018, 2021) was proposed to further improve
ACT. SET is also based on the same paradigm as ACT but adds
another constraint using the cortical surface mesh to initialize
tracking and enforce the ending streamline segment orthogonal
to the cortex.

Adding a layer of anatomical prior has obvious benefits but
also comes with its computational challenges, as an error in
this prior often leads to inadequate or suboptimal tractography.
Hence, in principle, all algorithms based on ACT or SET require

Frontiersin Neuroimaging

02

voxel-perfect tissue segmentation in diffusion space to work
optimally. Currently, tissue segmentation algorithms such as
FSL-fast (Zhang et al,, 2001), Atropos (Avants et al., 2009),
or Freesurfer (Fischl, 2012) are based on T1- or T2-weighted
images and thus, always require a registration step to bring the
segmented tissue maps into diffusion space. This registration
step is not perfect and is sensitive to preprocessing steps such
as brain extraction (Chen et al., 2019). It is also a step that can
take multiple hours (from 1 to 10 h), depending on the tool
used. Additionally, just like registration algorithms, structural
segmentation algorithms, despite spectacular improvements
over the past couple of years, are not voxel-perfect wither
everywhere in the brain. Segmentation errors often occur in
partial volume voxels between tissues (e.g., WM-GM partial
volume) and in nuclei extraction. Partial volume effects, nuclei
not segmented, or registration errors can thus have a negative
impact on tractography algorithms. For example, tractography
can be incorrectly allowed to end streamlines in partial
volume near the ventricles due to segmentation errors and/or
registration inaccuracies in that area. Moreover, the absence of
nuclei boundaries allows tracking to go through them without
meeting a stopping criterion. Furthermore, the registration
issues impact endpoints of streamlines and forbid streamlines
to traverse narrow WM corridors such as around the insula,
external capsule, and other deep structures. As a result, further
analysis such as tractometry can be biased and accumulate
undesired errors along streamlines.

MRI Diffusion-based
segmentation algorithms address registration issues that

Diffusion segmentation
are not voxel-perfect, which can have a negative impact on
tractography results. Moreover, segmenting in diffusion MRI
space permits to obtain tissue maps faster in the whole pipeline
removing the dependency on Tlw preprocessing and Tlw
registration. For these reasons, diffusion-based segmentation
algorithms have started to appear as promising tools in the
literature. Recently, Zhang et al. (2021) developed a deep
learning algorithm to segment dMRI into WM/GM)/CSF classes.
The model was trained, validated, and tested on 190 young
subjects (under 40 years old) from 5 databases (Glasser et al.,
2013; Casey et al, 2018; Tong et al., 2020; Garza-Villarreal
et al, 2021). In addition, it required a multi-shell dMRI
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acquisition to extract kurtosis features (Jensen and Helpern,
2010; Steven et al., 2014), which could be considered a limitation
as such a technique cannot work on single-shell clinical
dMRI acquisitions. On the other hand, Little and Beaulieu
(2021) created an algorithm to segment the GM ribbon based
on a combination of fractional anisotropy from DTI and the
powdered average DWI from a single-shell diffusion acquisition.
Their method was designed to quantify DTI measures under
the cortex in a young and healthy cohort of 15 adults. Hence,
these two segmentation algorithms were not meant to enhance
tractography. Moreover, these two algorithms were developed
only on subjects under 40 years of age and could, thus, be
misadapted for elderly subjects with larger ventricles, brain
atrophy, and white matter hyperintensities. Furthermore, both
the Little and Beaulieu (2021) and Zhang et al. (2021) methods
did not fully manage deep nuclei, which are very important
in tractography to retrieve bundles that connect cortical GM
to nuclei such as the optic radiations, among others. Other
DWI-based segmentation algorithms permit to extract a 3-class
WM/GM/CSF segmentation (Li et al., 2006; Liu et al., 2007;
Saygin et al,, 2011; Ye et al,, 2012; Yap et al., 2015; Zhang et al,,
2015; Visser et al., 2016; Battistella et al., 2017; Ciritsis et al.,
2018; Nie et al., 2018; Cheng et al., 2020; Wang et al., 2020) but,
as the two methods previously presented, they are not adapted
to enhance the tractography.

Contributions of our study To address the aforementioned
issues, we present DORIS: a novel diffusion MRI-based 10 tissue
class deep learning segmentation algorithm tailored to improve
anatomically-constrained tractography. DORIS is based on a
DenseUnet model (Kaku et al., 2019), a convolutional neural
network composed of dense blocks in the encoder and decoder
path. DORIS is trained and validated on 1,000 subjects from
22 to 90 years old with single and multi-shell acquisitions
from 5 databases. In the absence of a “true” ground truth in
diffusion space, DORIS uses a silver standard strategy from
Freesurfer (Fischl, 2012) output registered onto the DWI. Even
if not a perfect ground truth or gold standard, this strategy
will be extensively evaluated and discussed later. To train
our model, we test several different potential diffusion-based
features as input. We test 5 DTI- and HARDI-derived measures
as input channels and also test 3 other input channel variants
including rotation invariant features (Zucchelli et al., 2020),
DTTI, and spherical harmonic measures. These 4 input channel
variants highlight the possibility of using single and/or multi-
shell acquisitions and easily adding DORIS in a dMRI processing
pipeline. DORIS predicts a total of 10 tissue class labels: the
WM, the GM, the ventricles, the CSF around the brain, and 6
subcortical regions (putamen, pallidum, hippocampus, caudate,
amygdala, and thalamus). The goal of DORIS is to segment
WM, GM, ventricles, and nuclei voxel maps from diffusion MRI
data only so that they can be used to perform anatomically-
constraint tractography. In summary, this study presents: (i) a
large training and validation set covering a wide range of DWI
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acquisitions and ages, (ii) extensive testing of optimal diffusion
measures that drive the DenseUnet algorithm, (iii) a quantitative
evaluation of DORIS against Freesurfer and FSL-fast, (iv) speed
acceleration compared to well-known segmentation algorithms,
and (v) qualitative and quantitative anatomically-constrained
tractography benefits.

2. Methods
2.1. Datasets

Training and validation datasets come from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI), the Parkinson’s
Progression Markers Initiative (PPMI), the Human Connectome
Project (HCP-1200), and the UK Biobank databases.

Alzheimer’s Disease Neuroimaging Initiative was launched
in 2003 as a public-private partnership, led by Principal
Investigator Michael W. Weiner, MD. The primary goal of
ADNI has been to test whether serial magnetic resonance
imaging (MRI), positron emission tomography (PET), other
biological markers, and clinical and neuropsychological
assessment can be combined to measure the progression of
mild cognitive impairment (MCI) and early Alzheimer’s disease
(AD). Data were also obtained from the Parkinson’s Progression
Markers Initiative (PPMI) database
access-data-specimens/download-data).

(www.ppmi-info.org/
HCP-1200 data is
described in Glasser et al. (2013) and information about the
UK Biobank database can be found at www.ukbiobank.ac.uk.
As seen in Table 1, these databases cover a wide range of ages
(22-90 years old). A total number of 1,000 subjects were used
for training and validation sets, 750 subjects for training and
250 for validation.

Testing data comes from the Penthera3T (Paquette et al.,
2019) database. Penthera3T is a test-retest database containing
scans of 12 subjects from 24 to 30 years old. Each subject
was scanned 6 times (two sessions of three scans per session)
for a total of 72 acquisitions. We used the 72 acquisition to
evaluate DORIS (testing dataset) and be able to evaluate the
reproducibility of the segmentation in test-retest. Moreover,
some subjects from ADNI and HCP will be used to gauge
the performance of DORIS and the impact it has on
the tractography.

2.2. Data processing

Data processing was mostly done using Nextflow pipelines
(Di Tommaso et al., 2017; Kurtzer et al., 2017). Train, validation,
and test sets were preprocessed using the TractoFlow pipeline
(Theaud et al., 2020) with its default parameters. B-values below
1,200 s/mm? were used for DTI metrics while fiber orientation
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TABLE 1 Datasets (training, validation, or testing set), age distribution, number of subjects, b-value, number of directions and resolution in mm3
isotropic (excepted ADNI) for ADNI, PPMI, HCP, UKBiobank (UKB), and Penthera3T (P3T).

Database Usage Age range Nb subjects used b-value(s) Nb dirs Resolution
ADNI Train/valid/testing’ 60-90 250 1,000 41 1.3x1.3x2.7
PPMI Train/valid 35-80 250 1,000 64 2

HCP Train/valid/testing’ 22-35 250 1,000, 2,000, 3,000 90, 90, 90 1.25
UKB Train/valid 40-69 250 1,000, 2,000 50, 50 2

P3T Testing 24-30 72" 300, 1,000, 2,000 8,32, 60 2

* For illustration and example purpose.
** 12 subjects were scanned six times (two sessions with three scans per session).

distribution function (fODF) metrics were computed with b-
values above 700 s/mm?. The fODF was generated using a
spherical harmonics order of 8, the same fiber response function
(Descoteaux, 2008) for all the subjects (15,4,4) x 10~% mm?/s
and with all the shells that required the previously presented
requirement. Freesurfer (Fischl, 2012) was used on the raw T1
weighted images. Further details on Freesurfer are provided in
Section 2.5.

The data processing pipeline is illustrated in Figure 1A. Data
generated by TractoFlow (Theaud et al., 2020) and Freesurfer
(Fischl, 2012) were manually verified using a quality control
(QC) step with dmriqc flow https://github.com/scilus/dmriqc_
flow. Full data processing took 15,000 CPU h, 2,000 GPU h, and
4 Tb of storage. Manual quality control took the authors 50 h
of work.

2.3. Model

DenseUNet is the deep neural network upon which DORIS
is built. This model’s architecture was presented by Kaku et al.
(2019) and had a similar objective to our study by proposing a
segmentation algorithm of brain tissues in several labels based
on T1w. Moreover, in this study, they compared the DenseUNet
with a classical U-Net that was, in their specific case, less accurate
than the DenseUNet. Due to excellent segmentation capabilities
and the similarity of Kaku et al. (2019) with our segmentation
objective, the DenseUNet was selected to segment diffusion MRI
due to its. This model selection choice will be further discussed
in the Section 4.

For DORIS, we replaced ReLU with LeakyReLU and, due
to memory constraints, image patches were used instead of the
full image. In addition, we used exponential logarithmic loss
(Wong et al., 2018) developed for unbalanced labels and small
structures. This loss is defined as:

LExp = WDiceLDice + WCELCE» (1)

with wpjc, and wcg being weights for the Dice loss Lpjce
and the cross entropy loss Lcg. The learning rate was
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chosen to be 0.0001. Moreover, we used data augmentation
(rotation, scaling, shearing, and axis flip) on the training set
(value ranges for rotation, scaling and shearing are available
in Supplementary Materials). Training of the Dense-UNet
went on for 163 epochs before it was stopped by an early
stopping criterion.

2.4. Hyperparameter optimization

We optimized 5 hyperparameters listed in Figure 1B. This
includes four different input channels i.e.,:

1. DWI (b= 1,000 s/mm?) fitted with spherical harmonics (SH)
of order 4 with b0 concatenated (to add the non-diffusion
T2w contrast). This image is a simplified representation of
the DWL

2. The 6 eigenvalues of the tensor matrix from DTI fit. The
eigenvalues are the rotation invariant features of the diffusion
tensor.

3. The rotation invariant features (from b = 1,000 s/mm2 DWI)
(Zucchelli et al., 2020) of the spherical harmonics. These are
the 4th-order HARDI shape representation equivalent of the
DTI eigenvalues.

4. Four DTI- and HARDI-derived measures include maximum
and total apparent fiber density (AFD max and AFD Total),
the DTT axial diffusivity (AD), mean diffusivity (MD), and
radial diffusivity (RD). As pointed out by Chamberland et al.
(2019), these 4 diffusion measures are good representative
features that maximize the variance of the dMRI data using
principal component analyses (PCA).

These images were selected because of the straightforwardness of
computing them with public open-access software and because
they can be extracted from any single-shell DWI acquisition,
which makes them more suitable for future translation to a wide
range of applications.

We also optimized the number of feature maps in the first
layer (30, 35, and 40), the patch size (32 x 32 x 32, 64 x 64 x
64, and 128 x 128 x 128), the number of convolution layers (2, 3,
and 4), and the batch size (1, 2, 3, and 4). These hyperparameters
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A. Preprocessing

é FreeSurfer

G — > dmriqc_flow

B. Hyperparameter
optimization

dmrigc_flow

e Input channels
SH (order 4) + BO
DTI eigen values
Rotation invariant features (RIF)
AFD max, AFD Total, AD, MD, RD
Feature maps in the first layer
30, 35, 40

Patch size
32, 64, 128

°
2,3,4

Batch size
1,2,3,4

Number of subjects for cross validation: 200 subjects

D. Input channel

-

AFD max AFD total

FIGURE 1

an input channel

Number of convolution layers

Overview of the DORIS processing pipeline. (A) Represents the preprocessing pipeline used for training, validation, and test datasets. (B)
Illustrates the hyperparameter optimization and input channel selection. (C) Describes the training process. (D) Illustrates the 5 images used as

I

Register Freesurfer image
in DWI space

¢

10 class silver standard

C. Training

Input channel: AFD max, AFD Total,
AD, MD, RD

Number of subjects: 1000 (750
training and 250 validation)

Model parameters:
Feature maps in the first layer: 30
Size of patch: 128

Convolution layers: 4
Batch size: 1

were optimized with data of 200 subjects from the dataset
previously described.

The hyperparameter search revealed that the best input
channel to use is the 4D image made of AFD max, AFD
Total, AD, MD, and RD images (Chamberland et al., 2019).
A representative illustration of these 5 images is shown in
Figure 1D. The best number of feature maps in the first layer is
30, the best patch size is 128, the best number of convolution
layers is 4 and the best batch size is 1. The summary of this
optimization is shown in Figure 1C.
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2.5. Silver standard

Since the notion of “true” ground truth (or gold standard)
is unavailable in diffusion space, we used Freesurfer (Fischl,
2012) to create our “reference maps” in diffusion space, or
what we prefer to call our silver standard. As illustrated in
Figure 2A, the native T1-weighted images were first processed
by Freesurfer 6.0 to generate wmparc and aparc+aseg images,
which were then registered in diffusion space using an ANTs
registration operation (the exact command is available in the
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native T1

Freesurfer

aparc + aseg 10 class segmentation in

DWI space

SyN
Registration
in DWI

space [l white matter [l putamen [ caudate

CSF classified as GM

Silver standard on FA

WM classified as GM

Il gray matter I pallidum [] amygdala
[l ventricles [ hippocampus [l thalamus
mearC [] CSF around the brain
Gold Standard Silver Standard
B " Example of incorrectly Incorrectly classified
Silver standard on MD - classified voxels region voxels

FIGURE 2

In (A), the process of generating the silver standard in DWI space from Freesurfer computed in the native T1 space. In (B), an example of CSF
(row 1) and WM (row 2) incorrectly classified as GM (in red), in the last column.

Supplementary Materials) (Avants et al., 2009). The registration
used the nearest neighbor interpolation and an affine +
non-linear SyN warping transformations from the Tractoflow
output. Next, we concatenated Freesurfer labels from these
registered wmparc and aparc+aseg images to create our silver
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standard reference maps with the following 10 labels: (1)
white matter, (2) gray matter, (3) ventricles, (4) putamen,
(5) pallidum, (6) hippocampus, (7) caudate, (8) amygdala,
(9) thalamus, and (10) CSF around the brain, as seen in
Figure 2.
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FIGURE 3

Binary and probability segmentation maps obtained from DORIS on ADNI and HCP subject. (A) DORIS binary segmentation on a ADNI and HCP
subject. T1 image illustrate differences between an aging and young brain. (B) DORIS probability segmentation. of WM, GM and CSF (combining
ventricules and CSF around the brain) on a ADNI and HCP subject. The mosaic containing the nuclei is available in Supplementary Materials

%&ﬁ%%%ﬁ%

2.5.1. Incorrectly classified voxels

Due to the registration step, our silver standard suffers
from issues that we previously described, i.e., some voxels are
wrongly aligned with the dMRI data, which leads to incorrectly
classified voxels. This is expected considering the nature of
our silver standard construction methodology. Some of these
incorrectly classified voxels can be automatically detected using
measures in diffusion space such as MD and FA from DTI maps.
Based on a theoretical CSF mean diffusivity of 3 x 103 mm? /s
reported in the literature (Koo et al., 2009; Pasternak et al,
2009; Zhang et al., 2012), a “safe” CSF mask (Dumont et al.,
2019) containing the ventricles and the part of the constrained
CSF between the skull and the brain is extracted. To extract
this “safe” CSF mask, MD voxels higher than 2 x 103 mm? /s
(Groen et al.,, 2011) were selected. To quantify the number
of CSF voxels classified as GM voxels, we intersect the “safe”
CSF mask with the GM region of DORIS as well as that of
the silver standard. As shown in Figure 2B, the number of
voxels in the two intersections corresponds to the number of
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CSF voxels incorrectly classified as GM. For the “safe” WM
mask (Dumont et al., 2019), we considered voxels with a FA
value above 0.3 as WM (Chamberland et al., 2014). Then,
we intersect the GM label with the “safe” WM mask. The
number of voxels in the two intersections corresponds to the
number of WM voxels incorrectly classified as GM. Finally,
note that the CSF around the brain label will only be used to
compute the incorrectly classified voxels and not used in the
other analysis. Indeed, CSF around the brain is not useful for
tractography purposes.

Incorrectly classified voxels will permit us to address the
limitation of our silver standard and explore solutions, with
DORIS in native diffusion space, that could potentially have
fewer incorrectly classified voxels than in the silver standard
itself. The goal of DORIS is to generate fewer incorrectly
classified voxels than the silver standard due to the large number
of subjects in the training set and to diffusion measures inputted
into the model. This issue will be extensively discussed in
the Section 4.
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Segmentation
overlaid on T1 map

Silver standard

DORIS

FIGURE 4

segmentation than the silver standard.

Silver standard and DORIS segmentation near the insula overlaid on the T1 and AFD max map. Yellow circles show where DORIS has a better

Segmentation
overlaid on AFD max map

2.6. Evaluation

The DORIS evaluation consists of 7 steps:

1. Qualitative results of DORIS on ADNI and HCP subjects,

2. A computation time comparison between DORIS and state-
of-the-art algorithms (Fastsurfer; Henschel et al., 2020, FSL-

fast; Zhang et al., 2001, and Freesurfer; Fischl, 2012),

3. A comparison between a manual segmentation, DORIS, and

the silver standard in a small region-of-interest (ROI),

Frontiersin Neuroimaging

. The number of incorrectly classified  voxels

generated by DORIS compared to the silver
standard,

. A comparison between the volume of labels from DORIS and

the silver standard to ensure the reproducibility in test-retest,

. A Dice score (Dice, 1945) between DORIS and the silver

standard,

. Quantitative and qualitative analyses about the impact of

DORIS on tractography.

frontiersin.org


https://doi.org/10.3389/fnimg.2022.917806
https://www.frontiersin.org/journals/neuroimaging
https://www.frontiersin.org

Theaud et al.

10.3389/fnimg.2022.917806

FSL-Fast

FIGURE 5

as GM

Red circles show WM-CSF partial volume incorrectly classified as GM in FSL-Fast. However, DORIS does not classify these partial volume voxels

2.6.1. Evaluation using a manual segmentation

As introduced previously, our silver standard is imperfect.
Thus, to compare DORIS with the silver standard, an ROI
located near the insula (illustrated in Figure 6) was manually
segmented by an expert. We targeted that region due to its
complexity of being segmented. Indeed, this area is composed of
small white matter corridors between the insula, the putamen,
the thalamus, and the caudate nuclei. To facilitate the manual
segmentation process, nuclei were not separated from the GM
cortex, i.e., they are both considered the same label for this
evaluation experiment. To have a better analysis of DORIS, the
manual segmentation will be used as a reference. For DORIS and
the silver standard, the same labels were extracted from the ROI
to make a qualitative analysis. Finally, quantitative analysis will
be done by computing the Dice score between DORIS and the
manual segmentation; and between the silver standard and the
manual segmentation.

2.6.2. Evaluation using Penthera3T

Incorrectly classified voxel To determine if one of the
segmentation generates significantly more outliers than the
other, a two-sided t-test was also performed between incorrectly
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classified voxels generated by DORIS and the silver standard. As
for the volume test, the significance level was fixed at p < 0.001.

Volume For DORIS and the silver standard, we compute the
volume in mm? of each of the 9 labels (excluding the CSF around
the brain). To validate if the volume is significantly different,
a related two-sided t-test is performed between sessions for
DORIS and the silver standard. The volume is determined as
significantly different in the case where p < 0.001 (using scipy).
Moreover, the volume for each label is averaged across the full
dataset to obtain a global mean volume for each label.

Dice For each label and each acquisition, we compute the
Dice score (Dice, 1945) between DORIS and our silver standard.
Then, we average the Dice scores of each subject to obtain one
average Dice score per label across all the testing datasets. We
also compute 2 additional WM map DWI based as a comparison
based on classical FA threshold higher than 0.15 and WM signal
fraction from multi-shell multi-tissue (MSMT) fODF (Jeurissen
etal., 2014) higher than 0.1.

2.6.3. Impact of DORIS on tractography

To evaluate the impact of DORIS on tractography, we
performed a particle filtering tractography (PFT) (Girard et al.,
2014), which is part of the ACT family of algorithms (Smith
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et al, 2012). The PFT algorithm is known to be more
restricted by probabilistic tissue maps. Acquisitions used for
this qualitative analysis come from ADNI and Penthera3T
database to cover a large age range of dMRI quality and
anatomical difficulty (less WM in ADNI, enlarged ventricles,
thinner cortex, presence of white matter hyperintensities). To
compare our DORIS-based tractograms, we also compute a
standard tractogram using FSL-fast maps, as done in Tractoflow
(Theaud et al., 2020). Tracking parameters were the same for
both techniques: a probabilistic tractography using a step size
of 0.5mm and a maximal angle between two steps of 20 degrees.
The fODF used in both tracking was computed using a spherical
harmonic order of 8. We launched 5 seeds per voxel from the
WM mask (obtained from DORIS or FSL-fast).

To extract white matter bundles, we ran RecobundleX
(RBx) (Garyfallidis et al., 2015; Rheault, 2020) on both DORIS
and FSL-Fast Tractoflow tractograms. From RBx, 6 bundles
were used for quantitative and qualitative analyses: (i) Superior
longitudinal fasciculus (SLF), (ii) whole corpus callosum (CC),
(iii) Inferior fronto-occipital fasciculus (IFOF), (iv) fornix (FX),
(v) anterior, and (vi) posterior commissure (AC/PC). Based on
Maier-Hein et al. (2017), we considered the SLF and CC as “easy
to track” bundles, the IFOF as “hard to track” bundles, and the
FX and AC/PC as “very hard to track” bundles. For these 6
bundles, the number of streamlines and the mean bundle length
are reported. Finally, the number of streamlines per bundle is
divided by the total number of streamlines and expressed as
a percentage (ratio = (number of streamlines in the bundle /
number of streamlines in the tractogram) x 100).

3. Results

3.1. DORIS segmentation on ADNI and
HCP

Figure 3A shows a qualitative example of DORIS (bottom
row) performance on ADNI and HCP subjects. Figure 3B
shows, for the same subjects, the probabilistic maps obtained
by DORIS. For the ADNI subject, DORIS correctly classified
the WM even with the presence of aging lesions (white matter
hyperintensities). Moreover, DORIS separates the GM cortex
from the nuclei (see Supplementary Materials for nuclei figure).
As shown in Figure 4, DORIS is better than the silver standard
to segment the nuclei and tiny white matter corridors.

Then, as illustrated in Figure 5 with an ADNI subject,
DORIS does not classify WM-CSF partial volume (around
the ventricles) as GM. This misclassification of WM-CSF
partial volume is visible in FSL-Fast segmentation. To easily
compare DORIS to FSL-Fast and the silver standard, figures
with probabilistic maps obtained by FSL-Fast and silver
standard segmentation on these two subjects are available in
Supplementary Materials.
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TABLE 2 Computation time per subject for DORIS, FastSurfer,
FSL-Fast, and FreeSurfer.

Algorithm Computation time SyN registration time
DORIS 48's N/A
FastSurfer 42 45 m
FSL-Fast 2m:12s 45 m
Freesurfer 10h 45m

In the last column, SyN registration computation time are reported to bring the T1 image
into DWT space is described.

3.2. Computation time

We evaluated the computation time of DORIS compared
to three well-known segmentation algorithms based on T1.
Table 2 shows the computation time for each algorithm. DORIS
has a similar computation time to FastSurfer (48 and 42 s,
respectively), it is faster than FSL-fast (approximately 2 min)
and orders of magnitude faster than the recon-all command
from Freesurfer (10 h). It is important to note that even if some
algorithms (FastSurfer or FSL-Fast) have a computation time
comparable to DORIS, they need an extra 45 min to bring their
segmentation map into the diffusion space.

3.3. Manual segmentation

Figure 6B shows the manual outline of the silver standard
(A) and DORIS (B) overlaid on top of the manual segmentation
maps. The outlines of DORIS are in better agreement with the
manual segmentation than the silver standard, especially along
the GM and CSF edges. The mean Dice score of DORIS with
respect to the manual segmentation is 0.82, which reveals a good
agreement. For the WM, GM, and CSE DORIS Dice scores
are respectively 0.87, 0.70, and 0.89. As for the silver standard,
its Dice scores are lower with 0.71 for the mean Dice score
and 0.78, 0.64, and 0.72 for the WM, GM, and CSF. Overall,
this experience shows a Dice score increase, between the silver
standard and DORIS, of 11.5% for the WM, 9.4% for the GM,
and 23.6% for the CSF.

3.4. Penthera3T

3.4.1. Incorrectly classified voxels

CSF voxels classified as GM First, we present the number of
CSF voxels incorrectly classified as GM. As shown in Figure 7A,
while DORIS generates 11,459 incorrectly classified voxels, the
silver standard generates 3 times as many incorrectly classified
voxels: 30,999. This corresponds to a 171% significant increase
of incorrectly classified voxels for the silver standard compared
to DORIS (related t-tests p = 1.13 x 10731).
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FIGURE 6

Manual segmentation qualitative and quantitative analyses. Based on the Dice score and segmentation alignment, DORIS is more in agreement
with the manual segmentation than the silver standard. (A) Region of interest outlined in red square for qualitative and quantitative analyses of
the three segmentation results (Manual, Silver Standard (SS) and DORIS). (B) Comparison between manual segmentation and silver standard (A),
and DORIS (B). Tissue edges of the silver standard (orange) and DORIS (white) are overlaid on the manual segmentation for qualitative
assessment of the segmentation quality.
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FIGURE 7
The number of incorrectly classified WM and CSF voxels. DORIS predicts significantly fewer CSF and WM voxels incorrectly classified as GM than
the silver standard. (A) CSF voxels incorrectly classified as GM. Significance level of p < 0.001 is reached and indicates significantly more
incorrectly classified voxels in the silver standard than DORIS. (B) WM voxels incorrectly classified as GM. Significance level of p < 0.001 is
reached and indicates significantly more incorrectly classified voxels in the silver standard than DORIS.

WM voxels classified as GM Figure 7B shows the number
of WM voxels incorrectly classified as GM. DORIS gets 8,422
incorrectly classified voxels against twice as many for the silver
standard. This corresponds to a significant increase of 98%
(related t-tests p = 2.12 x 10~37).

3.4.2. Volume

At first, we compare the volume of each region between
DORIS and the silver standard using the testing dataset, ignoring
the test-retest for now. For the WM and GM regions, Figure 8A
shows a certain volume difference between DORIS and the silver
standard. The average WM volume for DORIS is 5,49,175 mm?>
(std: 65,178 mm?) against 5,09,096 mm? (std: 55,475 mm?) for
the silver standard; an increase of 7.9%. As for the GM, DORIS
gets and average volume of 6,36,705 mm?3 (std: 53,742 mm3)
against 6,50,521 mm?3 (std: 50,136 mm3) for the silver standard
volume an increase of 2.2%. The WM and GM volume are
significantly different between DORIS and the silver standard.
Related ¢-test results for WM and GM volumes between DORIS
and the silver standard are available in Supplementary Materials.

Figure 8B shows volumes for the smallest regions (ventricles,
putamen, pallidum, hippocampus, caudate amygdala, and
thalamus labels) produced by DORIS and the silver standard.
The percentage of volume differences varied from 0.5% for
the hippocampus to 33.5% for the pallidum (a volume table
is available in the Supplementary Materials). Except for the
hippocampus and amygdala, related -tests revealed significantly
different volumes in all the smallest labels between DORIS
and the silver standard. Related ¢-test scores are available in
Supplementary Materials.
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DORIS and Silver Standard in test-retest dataset As seen
in Figures 9A,B, there is no statistically significant variation
in the DORIS computed volumes in test-retest between the
two sessions across all subjects (smallest p-value across labels:
p = 0.107). As seen in Figures 9C,D, similarly to DORIS, no
statistically significant differences are observed for the silver
standard volumes (smallest p-value across labels: p = 0.06). Full
related t-test results for DORIS and the silver standard are
available in Supplementary Materials.

3.4.3. Dice

Dice scores for each region are illustrated in Figure 10. The
mean Dice score across all the regions is 0.72. The lower Dice
score is 0.63 for the caudate nuclei and the highest is 0.81 for
the WM. FA-based WM had a Dice score of 0.55 compared
to the silver standard WM mask, whereas multi-shell multi-
tissue based WM had a better Dice score (0.58) than the silver
standard. These two methods serve as a reference for the DORIS
WM Dice performance. Overall, FA-based thresholding and
multi-shell multi-tissue spherical deconvolution from MRtrix
(Supplementary Materials) give a generally lower Dice score
than DORIS with the silver standard in the whole WM.

3.5. Impact of DORIS on tractography

Figure 11 shows qualitative results of PFT tracking using
DORIS-based segmentation maps. These qualitative results
underline that the DORIS-based tractogram does not go through
the nuclei and enables the exploration of the WM under the
gyri, a well-documented hard-to-track region (Maier-Hein et al.,
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FIGURE 8
Label volumes in mm?3 for DORIS and the silver standard. DORIS and silver standard have label volumes significantly different except for the
hippocampus and the amygdala. (A) WM and GM volumes in mm?3 (*p < 0.001) for DORIS and the silver standard. (B) Small label volumes in
mm?3 (*p < 0.001) for DORIS and the silver standard.
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FIGURE 9
Label volumes in mm? for DORIS and the silver standard (SS) in test-retest for session 1 and session 2. Label volumes in test-retest are not
significantly different for DORIS and the silver standard segmentation. (A) WM and GM volumes in mm? for DORIS in test-retest for session 1 and
session 2. (B) Small label volumes in mm?3 for DORIS in test-retest for session 1 and session 2. (C) WM and GM volumes in mm? for the SS in
test-retest for session 1 and session 2. (D) Small label volumes in mm? for the SS in test-retest for session 1 and session 2.

2017; Mandonnet et al., 2018; St-Onge et al., 2018, 2021). for the 3 bundles (SLE, whole CC, and IFOF) with the DORIS
Figure 12 also shows the 6 bundles (SLF, whole CC, IFOF, FX, segmentation map. Figure 13 shows, in the ADNI subject, that
and AC/PC) extracted from Penthera and ADNI subjects. The parts of the whole CC are not extracted due to the presence of
6 bundles were retrieved in the Penthera3T subject. However, WM aging lesions.

the FX and the AC/PC were not retrieved in the ADNI subject,
which is not surprising due to the brain atrophy and thinning of
WM corridors. For the Penthera3T subject (Figures 12A, 13), the 4. Discussion
FSL-Fast-based tractogram has no streamline in the FX and got

only a fraction of the AC/PC. On the other hand, the DORIS- DORIS presents a good computation time and outperforms
based tractogram contains all 6 bundles. As for the number some of the state-of-the-art algorithms doing the segmentation
of streamlines, while the FSL-fast Tractoflow tractogram has at the same time as FastSurfer, in less than 1 min per
slightly more streamlines in the SLF and IFOF, the DORIS-based subject. Moreover, DORIS has a good accuracy compared
CC, FX, and AD/PC are in much better shape. For the ratio to a manual segmentation and exhibits good reproducibility
and the mean length, DORIS outperforms FSL-Fast for the 6 performances in test-retest experiments. DORIS also has
bundles. As for the ADNI subject (Figure 12B), the number of fewer incorrectly classified voxels than our silver standard
streamlines, the ratio, and the mean bundle length are higher extracted from Freesurfer registered into diffusion space.
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FIGURE 10

Dice score between DORIS and the silver standard. The Dice score between DORIS and the silver standard varied between 0.63 and 0.81.

Finally, empirical results show that DORIS is a good
candidate to improve anatomically constrained tractography.
With preliminary tractography results, DORIS seems to produce
improved anatomically constrained tractograms and, thus,
permits the extraction of hard-to-track bundles in tiny corridors
like the fornix and the anterior and posterior commissures.

4.1. DORIS and the silver standard

Dice scores from the Results section show that DORIS
performs well and is more accurate than the silver standard
compared to the manual segmentation. In addition, manual
segmentation analyses show a good overall performance of
DORIS, with Dice scores between 0.70 and 0.89. This confirms
that the registration step introduces errors that affect the silver
standard (as shown in Section 3.2).

With DORIS, the number of incorrectly classified voxels
is significantly less than the silver standard. In addition,
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region volumes across the full testing dataset varied between
DORIS and the silver standard. DORIS produces a larger
WM volume than Freesurfer. This volume difference is an
advantage for tractography algorithms that have access to
more voxels to traverse in hard-to-track regions. Even if
volumes of tissue labels are different between the silver standard
and DORIS, DORIS can be considered more accurate than
the silver standard due to its fewer incorrectly classified
voxels. Moreover, as shown in Figure 4, the nuclei shapes
were better with DORIS than with our silver standard. This
better definition helped the tractography reconstruction of
some WM bundles, such as the IFOE that go near these
nuclei.

Overall, results suggest that DORIS outperforms the silver
standard. This can be explained by the location of silver standard
errors that are different between subjects. Silver standard errors
are not the same among the subjects even if it is the same region
in the brain (illustrated in Supplementary Materials). Hence,
given our large training set of 750 subjects, we hypothesize
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FIGURE 11

not go through the nuclei with a good gyrus coverage.

2D view of a particle filtering tractography (PFT) performed using DORIS segmentation on a Penthera3T subject. PFT DORIS-based enables to

that DORIS was, therefore, able to generalize and make fewer
segmentation errors than the silver standard.

4.2. Computation time

As shown in Table 2, the registration step adds 45 min of
processing time for the state-of-the-art algorithms, a burden that
DORIS does not suffer from. However, in a tractography context,
the T1 weighted image must also be preprocessed (e.g., denoised,
resampled) and then registered in diffusion space (Theaud et al.,
2020). Adding other T1 preprocessing steps adds another 1
or 2 h of computation time, depending on the software used.
Using DORIS, these 1-2 h of the processing could be optional
if the goal is to obtain a whole brain tractogram. However,
T1 processing and registration in DWI space remain useful for
qualitative or volume analyses.

4.3. Limitations

One major limitation of DORIS is the silver standard used
for training and validation. As mentioned in the introduction,
a proper ground truth in diffusion space does not exist in the
community. Even if manual segmentation has proven useful
to validate the DORIS segmentation, it is impossible to do
this on an entire brain and multiple subjects. This would
require countless hours of one or more neuroanatomists who
would have to work on 2 mm resolution images switching
between b = 0 or FA or T1 images (or others) to perform the
manual segmentation. Such a gold standard is, thus, unlikely

Frontiersin Neuroimaging

16

to ever exist. On the other hand, DWI-based segmentation
algorithms do exist but none of them have been developed
to enhance tractography and all of them produce a maximum
of 3 tissue classes (WM, GM, and CSF) (Li et al., 2006;
Liu et al, 2007; Yap et al, 2015; Zhang et al, 2015, 2021;
Visser et al., 2016; Ciritsis et al., 2018; Nie et al., 2018;
Cheng et al,, 2020; Wang et al.,, 2020; Little and Beaulieu,
2021). In the MRtrix3 software (Tournier et al., 2019), WM,
GM, and CSF masks can be extracted from signal fractions
obtained from multi-shell multi-tissue fODF (Jeurissen et al.,
2014). However, as demonstrated in the results, this method
is limited and has not been evaluated on tractography yet.
Also, WM, GM, and CSF masks can be extracted with a
single-shell 3-tissue fODF version developed by Dhollander
and Connelly (2016) called the SS3T-CSD method. However,
SS3T-CSD signal fraction maps have not been confronted
with ACT. Jeurissen and Szczepankiewicz (2021) and Karan
et al. (2021) recently showed that having a tensor-value DWI
using linear and spherical encoding helps WM, GM, and CSF
signal fraction estimation. This method requires a very specific
multi-dimensional b-tensor encoding acquisition scheme and
is not easily applicable to actual well-known databases such as
HCP, ADNI, and UKBiobank. For all the above reasons, we
chose to use our silver standard, based on T1 segmentation
registered in DWI space, to develop DORIS. Another limitation
is the input channel selection that was only based on the
Dice score. As we showed in the results, the Dice score
did not fully reflect the segmentation quality and a visual
human-based segmentation could be worth investigating in the
future. However, as mentioned before, this human-based visual
inspection, on a large number of subjects and parameters tested

frontiersin.org


https://doi.org/10.3389/fnimg.2022.917806
https://www.frontiersin.org/journals/neuroimaging
https://www.frontiersin.org

Theaud et al.

10.3389/fnimg.2022.917806

FSL-Fast

Nb streamlines: 49077
Ratio: 2.583%
Mean length: 140.4mm

Penthera 3T subject

Nb streamlines: 47057
Ratio: 3.656%
Mean length: 145.4mm

FSL-Fast

Nb streamlines: 13259
Ratio: 0.707%
Mean length: 124.4 mm

Whole CC

Nb streamlines: 87777
Ratio: 4.619%
Mean length: 115.7mm

Nb streamlines: 101018
Ratio: 7.857%
Mean length: 116.1 mm

Whole CC

e

Nb streamlines: 9053
Ratio: 0.483%
Mean length: 108.2 mm

Nb streamlines: 16349
Ratio: 0.860%
Mean length: 167.8mm

Nb streamlines: 0

-
SL

5

Nb streamlines: 12665
Ratio: 0.985%
Mean length: 173.8 mm

Ratio: 0.003%

N
Nb streamlines: 12140
Ratio: 0.648%
Mean length: 166.8 mm

Nb streamlines: 0

77 N

Nb streamlines: 59

Mean length: 120.6 mm

Nb streamlines: 25
Ratio: 0.001%
Mean length: 83.1 mm

Nb streamlines: 71
Ratio: 0.004%
Mean length: 119.4 mm

Nb streamlines: 0

o x

‘Js Vefd Il
Nb streamlines: 27217
Ratio: 2.195%

Mean length: 112.6 mm

ADNI subject

Nb streamlines: 22520
Ratio: 1.817%
Mean length: 125.9 mm

FIGURE 12

row) and DORIS (bottom row).

Nb streamlines: 17875
Ratio: 1.442%
Mean length: 172.1 mm

Bundles extracted from (A) Penthera3T and (B) ADNI subjects. For each bundle, we reported the number of streamlines, the ratio, and the mean
length of the bundle. For both Penthera3T and ADNI subjects, DORIS based bundles have a better ratio and mean length. For Penthera 3T,
DORIS based tractogram reconstructe the Fornux and the commisures correctly. For the ADNI subject, DORIS based tractogram was not
impacted by the presence of aging lesions. (A) Superior longitudinal fasciculus (SLF), whole corpus callosum (CC), inferior longitudinal occipital
fasciculus (IFOF), Fornix (FX), anterior and posterior commissure (AC/PC) extracted from a Penthera3T subject tractogram based on FSL-Fast
(top row) and DORIS (bottom row). (B) Superior longitudinal fasciculus (SLF), whole corpus callosum (CC), inferior longitudinal occipital
fasciculus (IFOF), Fornix (FX), anterior and posterior commissure (AC/PC) extracted from an ADNI subject tractogram based on FSL-Fast (top

N

Nb streamlines: 0 Nb streamlines: 0

during the hyperparameter optimization, would most likely be

infeasible in practice.
4.4. Impact on tractography

We showed that tractograms based on the DORIS
segmentation had longer streamlines than the FSL-Fast

Tractoflow equivalent. This difference can be explained by
the larger WM volume predicted by DORIS and fewer broken
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streamlines caused by errors in the tissue classes. Indeed, due
to partial volume between the CSF and the WM classified as
GM by FSL-Fast, PFT tracking can terminate streamlines in
this partial volume, even if this ending point is anatomically
incorrect. This advantage of less broken fiber generated by
DORIS is also highlighted by the percentage of streamlines in
the bundle. This percentage is always higher using DORIS than
the FSL-Fast Tractoflow equivalence.

DORIS also seems to be robust to aging white matter
hyperintensities, as shown in the corpus callosum example of the
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ADNI subject’s tractogram and Penthera 3T subject’s IFOF and FX are intersected on the T1 map. Orange circles show where DORIS is better

than FSL-Fast. In the ADNI subject, the FSL-Fast based tractogram is impacted by the presence of WM lesions whereas the DORIS based

tractogram is not impacted. For the Penthera3T subject, DORIS based IFOF do not go in the nuclei and the Fornix bundle is reconstructed.

ADNI subject. Indeed, the ADNT subject clearly shows a hole in
the whole CC based on FSL-Fast. However, using DORIS, the
whole CC is not cut and is biased by aging lesions. This result is
possible due to the large age range of the training set of DORIS.

4.5. Future study

Preliminary results of DORIS-based segmentation used in
conjunction with tractography highlight the potential of a
native diffusion space segmentation algorithm embedded in the
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tractography process. More analyses will be made in the near
future to quantify the impact of DORIS on connectomics and
tractometry.

Another improvement that is possible is to explore different
models beyond the denseUnet. Indeed, in this study, we
showed that the denseUnet model performs well to do the 10-
class segmentation task, which can then improve the bundle
reconstruction from tractography using the segmentation
output. However, a follow-up study is needed to find the best
model to do this task. Due to the big training set we presented,
the smallest model architecture as an Unet (Ronneberger et al.,
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2015) or a fully convolutional network (Long et al., 2015)
could work as well as the denseUnet. This study could consist
of doing hyperparameter optimizations for each model and
then, a quantitative evaluation specifically on the impact of
the segmentation on anatomically-constrained tractography
reconstructions.

Finally, a new class could be added to segment white matter
lesions from aging subjects or subjects with anomalies. This
lesion class could permit to do tractometry (Cousineau et al.,
2017) analyses directly under the lesion, around it, and in the
normal appearing white matter.

5. Conclusion

DORIS is the first algorithm to precisely segment voxels of
10 brain tissue classes purely based on diffusion MRI measures.
DORIS can work on both single- and multi-shell diffusion MRI
acquisition. This study shows the importance of using a big
learning set (750 subjects), with a wide age range (from 22 to
90 years old) and variable image quality, to generalize and not
bias the learned model. DORIS is fast, accurate, reproducible,
and enhances anatomically-constrained tractography producing
longer and less anatomically implausible streamlines.
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