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Abstract. Major depression is a leading cause of disability due to its
trend to recurrence and treatment resistance. Currently, there are no
biomarkers which could potentially identify patients with risk of treat-
ment resistance. In this original paper, we propose a two-level shape
analysis of the white matter bundles based on the Large Diffeomorphic
Deformation Metric Mapping framework, to study treatment resistant
depression. Fiber bundles are characterised via the deformation of their
center line from a centroid shape. We developed two statistical analy-
ses at a global and a local level to identify the most relevant bundles
related to treatment resistant depression. Using a prospective longitudi-
nal cohort including 63 patients. We applied this approach at baseline
on 50 white matter fiber-tracts, to predict the clinical improvement at
6 months. Our results show a strong association between three bundles
and the clinical improvement 6 months after. More precisely, the right-
sided thalamo-occipital fascicle and optic radiations are the most robust
followed by the splenium. The present study shows the interest in con-
sidering white matter shape in the context of depression, contributing
to improve our understanding of neurobiological process of treatment
resistance depression.
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1 Introduction

Depression is a worldwide leading cause of disability due to its trend to recur-
rence and treatment resistance [15,10]. The Sequenced Treatment Alternatives
to Relieve Depression (STAR*D) trial has indeed demonstrated that 30% of
patients remained depressed after 4 trials of antidepressants (ATD) [21]. The
remission rate dropped dramatically after the second ATD trial. The last two
decades have been marked by an increasing interest in research on biomarkers
that could help to identify at risk patients of Treatment Resistant Depression
(TRD) and to guide in the therapeutic strategies [16,28].

Advances in neuroimaging have improved our understanding of the neural cir-
cuit involved in depression. The structural connectivity from diffusion-weighted



Magnetic Resonance Imaging (dMRI) has provided valuable insights on the white
matter abnormalities associated with depression and different depressive pheno-
types [4]. Therefore, to date, there is no consensual imaging biomarkers of TRD
which could potentially improve our understanding the pathophysiology of this
poor outcome [8]. Only few studies examined the relation between neuroimag-
ing information and TRD [1]. Thus, cross-sectional works have emphasized that
white matter abnormalities affecting networks related to emotion regulation such
as cortico-subcortical circuits as well as subgenual anterior cingulate cortex are
involved in the TRD pathophysiology [23]. However, these studies have reported
only moderate correlations between TRD and white matter microstructure met-
rics derived from dMRI. While the large majority of dMRI studies in depression
focuses on voxel-based analysis of microstructure metrics, we propose a shape-
based analysis of white matter fiber-tracts. The shape variability of those bundles
(3D curves) may yield new insights into normal and pathologic brain develop-
ment [11,12].

In this original paper, we propose a two levels shape analysis of the white mat-
ter bundles using the Large Diffeomorphic Deformation Metric Mapping frame-
work (LDDMM), now well-known in computational anatomy, that has the great
advantage to embed shapes into a Riemannian manifold. In LDDMM Shapes can
be characterised via the deformations of their center line to a centroid shape.
Our original approach is to analyse those deformations by estimating local and
global features, used to model the association between white matter fiber bun-
dles and TRD. The goal is to address the question : is there baseline shape-based
biomarkers on white matter tracts able to predict the outcome of a depressed
patient 6 months after? Using a prospective longitudinal cohort, we applied this
approach at baseline on 50 white matter fiber-tracts, to predict the clinical im-
provement at 6 months.

2 Data and pre-processings

Population and Imaging acquisition : Sixty-three depressed patients were re-
cruited from routine care units in the psychiatric university hospital of Rennes.
They were enrolled in a prospective longitudinal cohort study, which was ap-
proved by an ethic committee and registered in www.clinicaltrial.gov (NCT
02286024). Written informed consents were obtained from all subjects. Depressed
patients underwent clinical interview and examination including routine neu-
ropsychological testing at baseline and 6 months after. The Clinical Global Im-
pression – improvement scale (CGI-I) was used at 6-months to measure the
treatment response [13]. This measure is a well-established rating tool applica-
ble to all psychiatric disorders and well correlated with other standard scales
[2]. It provides a global rating of illness severity and improvement, taking into
accounts the patient’s history, social circumstances, symptoms and the impact
of the illness on the patient’s ability to function : The CGI-I measure is rated
from 1 (very much improved) to 7 (very much worse) [2]. A demographic table
is given in supplementary material. At baseline, patients were scanned on a 3T



Verio Siemens MR scanner with a 32-channel head coil. The 3D T1-weighted
image was acquired covering the whole brain (176 sagittal slices) with TR = 1.9
s, TE = 2.26 ms, flip angle = 9◦, resolution = 1 mm× 1 mm× 1 mm, FOV = 256
mm ×256 mm). The dMRI data were gathered on 60 slices using an interleaved
slice acquisition, no gap, resolution= 2mm×2mm×2mm and in a 256mm ×256
mm field of view. The acquisition and reconstruction matrices were 128 × 128,
using 30 directions and a b-value of 1000 s/mm2. TR/TE = 11, 000/99 ms, flip
angle was 90◦ and pixel bandwidth was 1698 Hz.

Diffusion image processing: Diffusion images were corrected, using the open
source Anima toolbox3, for eddy current-induced image distortion using a block-
matching distortion correction method ensuring an opposite symmetric trans-
formation [14]. Then, the individual B0 image was co-registered with the struc-
tural image with 1 mm isotropic resolution, using a linear block-matching al-
gorithm [19,5]. For EPI distortion correction, the B0 image was non-linearly
registered to the structural image with a linear block-matching algorithm [5]. A
rigid realignment was performed between the 30 dMRIs to compensate for sub-
ject motion. Then, denoising step using blockwise non-local means filtering was
applied [6]. Skull stripping was also performed using the Anima toolbox. Dif-
fusion images were transformed into the Montreal Neurological Institute (MNI)
template space, in two steps : The structural image was non-linearly transformed
to the MNI template space, using block-matching algorithms [19,5]; Then, we
applied those transformations to the pre-processed diffusion images to transform
them into the MNI space.

Center line estimation : Single-shell single-tissue constrained spherical de-
convolution was used to extract the fibre orientation distributions [24] and then
anatomically constrained probabilistic tractography was performed using MR-
trix toolbox [25] to estimate the white matter bundles. Then, the automated
pipeline TractSeg was used to generate 50 bundle-specific tractograms [29]. This
tool is based on convolutional neural networks trained to create tract orienta-
tion maps, enabling the creation of accurate bundle-specific tractograms. For
each bundle, a center line was determined using QuickBundles [9]. A distance
measure called minimum average direct flip was used to calculate the center line
of 100 points, for each bundle of each patient.

3 Proposed methodology

3.1 Shape representation and framework

To analyse the center lines we used the deformation-based Large Diffeomorphic
Deformation Metric Mapping (LDDMM) framework, that generates a time-
dependent flow of diffeomorphisms between two shapes [26]. In the LDDMM
framework, the shortest diffeomorphism between two objects happens to be a
geodesic, embedding them into a Riemannian manifold and allowing the analysis
of shapes on the tangent space at a given point of the manifold.
3 https://github.com/Inria-Visages/Anima-Public/wiki
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In brief (for more details one can refer to [26,20]), and to introduce some
notations, a deformation is defined by integrating time-varying velocity vector
fields v(t) (with time t ∈ [0; 1]), belonging to the reproducing kernel Hilbert
space V . This is the closed span of vectors fields of the form KV (x, ·)α with
KV a kernel and αm(t) ∈ R3 a time-dependent vector called momentum vector
defined at point xm and time t. The optimal deformation Φ between the shape of
bundle i of subject j1 (i.e. a centre line) and subject j2 is estimated by minimis-
ing the functional J(Φ) = γReg(v(t))+ ∥Φ(Bi,j1)−Bi,j2∥22, where γ weights the
regularisation and the data fidelity terms, and Reg(v(t)) is the energy enforcing
v(t) to stay in the space V . Here, we selected the sum of squared distance for
the fidelity data term, since center lines (one smooth line per subject) can be
considered as a set of landmarks. This choice also speed up computation time
and avoid extra parameter tuning. Here, the optimal deformation Φ is a geodesic
from Bi,j1 to Bi,j2 and is then fully encoded by the set of initial momentum vec-
tors αj2

Bi,j1
(0) = {αj2

m(0)}m∈{1,...,M} defined at landmark positions xm of shape
Bi,j1 = {xm}m∈{1,...,M}. The initial momentum vectors allow to analyse defor-
mations on the tangent space at a given position, then we analyse a population
of shape through their deformations from a centroid point on the manifold.

3.2 Shape features extraction

For a given bundle i and for each subjects j, the features we are interested in this
paper are the set of initial momentum vectors {αj

Bi
(0)}j going from a centroid

point (Bi) on the manifold of the i-th bundle towards subjects j. To do so,
we first estimate this centroid shape of the i-th bundle Bi = {xm}m∈{1,...,M} as
proposed in [7]. A centroid shape is computed by iteratively adding a new subject
of the population at each step. This method only requires N − 1 deformation
estimations (i.e. minimisation of J(Φ)). Then, we computed the deformations
from the centroid shape of a bundle Bi to each subject’s shape j to obtain the
set of initial momentum vectors {αj

Bi
(0)}j∈{1,...,N} = {αj

m(0)}m∈{1,...,M},∀j ∈
{1, ..., N}, for a total of 2N −1 shape registrations. For each centroid bundle Bi,
to analyse the corresponding {αj

Bi
(0)}j for all subjects j, we propose two types

of features : local and global.

Local features describe initial momentum vectors at each landmark positions
across all subjects. We define those local features of each initial momentum
vectors, located at each point on the centroid shape Bi, as spherical coordinates
using the average vector as the pole : amplitude, polar and azimuthal angles.
The amplitude of {αj

m(0)} captures the amount of deformation which is the
distance to the centroid of the population. To capture vector orientations, we
calculated, for each landmark xm of the bundle i the polar angle between the
vector αj

m(0) and v1 =
∑N

j=1 α
i,j
m (0)/N , the average of initial momentum vectors

of the population, and its azimuthal angle. To build an orthogonal vector v3 to
v1, where v3 = v1 × v2, we arbitrarily choose a vector v2 = v1 + (1, 1, 1) to
preserve the connection between v1 and v2 across all xm along a bundle i. The
azimuth is the angle between αj

m(0) and the vector v3.



Global features are defined to capture global shape changes and therefore do not
focus on momenta αj

m(0) independently. Global features are estimated through
a Kernel Principal Component Analysis (K-PCA) [22] on {αj

Bi
(0)}j∈{1,...,N} in

the tangent space at the centroid shape Bi position. We used the same kernel
KV of the space of deformations. For the global analysis, we used the 5 first
eigenvectors, explaining the most important deformations of each bundles.

3.3 Analysis

We defined two linear models, one using the global features (i.e. 5 principal com-
ponents), and the other one including the local features (i.e. M amplitudes, and
2×M angular distances for the orientations), to assess the association between
those features and the clinical improvement score 6 months after, called CGI-I.
As co-factors in both models, we used for each patient : disease duration, age,
gender, and the medication load including four types of drugs (anti-depressant,
mood stabiliser, anti-psychotic, benzodiazepine).

To improve and challenge the robustness of the different models, especially for
the local features, as they depend on the number and position of landmarks, we
used 10 different numbers of landmarks with M ∈ {5, 6, 7, 8, 9, 10, 11, 13, 15, 20}.
We did not add more landmarks to keep the computation times reasonable, and
to avoid having a too high number of co-factors, since for the local model, the
number of features depend on the number of landmarks. We also augmented the
data, by adding to each subjects 4 noisy versions of each bundles, increasing the
size of the dataset from 63 to 315. To do so, a Gaussian noise on each central
line was added. The dataset augmentation and the use of different landmarks
lead to more than 300000 minimisation of functional J for deformation estima-
tions. Finally, to gain in robustness and minimise false discoveries, each of the
2× 10× 50 models are estimated 63 times using a leave-one-out approach. The
number 63 corresponds to the original number of patients used in this study.
To avoid introducing bias, the leave-one-out is actually a leave-5-out, removing
at each step a patient’s bundle and its 4 noisy versions. To estimate compara-
ble coefficients, we standardised all variables and co-factors, and to assess the
performance of the model, we use the adjusted R2 that represents the amount
of the variation in CGI-I explained by variables and co-factors, adjusted for the
number of terms in the model. From the leave-5-out approach, we derived mean
and 95% confidence interval for adjusted R2, for model p-values and for variables
coefficients.

4 Results

Figure 1 shows all the observations used and the 50 centroid shapes, one per
bundle, used as tangent location to estimate {αj

Bi
(0)}j , ∀i ∈ {1, ..., 50} and

j ∈ {1, ..., 315}. For each bundle we have 10 local models and 10 global models.
First, to identify bundles of interests, we consider a model to be a good candidate
when 1/ the 95% confidence interval of the model’s p-value is under the threshold



Fig. 1. Axial and sagittal views of all 50∗315 bundles center lines of the 315 observations
(i.e. 63 patients and 4 noisy versions for each bundle) on the left side of each view and
the corresponding 50 centroid shapes on the right side of each view.

5.10−5 (i.e. 0.05 corrected for multiple comparisons), 2/ the lower part of the
95% confidence interval of adjusted R2 is higher than 0.3, meaning we consider
only models that explain at least 30% of the variance. Then, we consider that
a bundle has significant shape features, and is therefore of interest, when 3/ at
least one of the approach (local or global) passes condition 1/ and 2/ for 10 out of
10 and the other approach for at least 5 out 10. Figure 2 displays, for each of the

Fig. 2. The colorbar indicates the mean adjusted R2 for models passing conditions 1/
and 2/. The y-axis indicates the number of landmark used for the 10 local model (on
top) and the 10 global model (bottom).

10 models the adjusted R2 value when passing conditions 1/ and 2/. The mean
adjusted R2 values ranges from 0.33 to 0.76. Bundles passing all 3 conditions are
the splenium of the corpus callosum (CC7), the right optic radiation (OR) and
the right thalamo-occipital fascicule (T-OCC). For all models passing conditions
1/ and 2/ (Figure 2), except two (local models, M = 5 for OR and T-OCC left),
shape features contribution significantly to the model. There is no consistent
bundles on the left hemisphere. The maximum adjusted R2 value is obtained by
the CC7 with a mean value of 0.76 (confidence interval [0.74, 0.78]). More details
on statistics can be found in supplementary materials.



Fig. 3. The 10 different samplings of the right optic radiation (OR) and splenium of the
corpus callosum, with significant landmarks indicated in red for orientation, green for
amplitude, and yellow when both features are significant. Each centroid shape is shift in
z-axis in function of the number of landmarks for display purposes. The cortico-spinal
tract (CST) is used as a 3D referential.

For the local model, Figure 3 shows, for each sampling, landmarks with sig-
nificant features involved in the model and the color depends on the type of
feature : amplitude, orientation (polar or azimuth) or both. The T-OCC is not
displayed in the figure as it is very close to the OR, therefore difficult to display
together. The location along the T-OCC and OR centroid lines of significant
features are consistent across samplings, furthermore the ”corner” of the optic
radiation seems to be where shape differences are associated to CGI-I.

For the global model, the right T-OCC is the only one to have 10 signifi-
cant models. Principal Components (PC) 1, 4 and 5 are relevant to those 10
models, and PC 1 always has the strongest coefficient. From the principal eigen-
vectors E we computed the k-th principal mode of deformations µk = α(0) +∑N

j=1 E
k
j (α

j(0) − α(0)). We then can display the principal mode of variations
µk by computing the exponential map of µk at Bi, for different times t = −2 to
t = 2 along the geodesic. Figure 4 illustrates the 5 first principal modes of defor-
mation of right T-OCC for 7, 10 and 15 landmarks. Each PC captures the same
deformations, with a reduced explained variance when increasing the number
of landmarks. This result is expected since different samplings do not affect the
global shape of a center line, and increasing the sampling adds small information
along the curve that reduces the explained variance.



Fig. 4. Right T-OCC principal modes of deformations for 7, 10 and 15 landmarks (from
left to right), with the corresponding cumulative explained variance.

5 Discussion and conclusion

In this paper, we analyse local and global shape features of 50 bundles in order to
identify the bundles associated with poor outcome at 6 months in patients suffer-
ing from depression. First, our results show that right-sided T-OCC and OR are
the most significant bundles, followed by CC7, associated with depression out-
come at 6 months. These principal results are consistent with prior finding [17,4]
where white matter micro-structures changes were observed in frontal-limbic
circuits, such as T-OCC and CC7 (splenium), involved in the pathophysiolog-
ical mechanisms of depression. Widespread abnormalities in MDD have been
reported [27] specifically in CC7 which has been linked with anxiety [4]. Besides,
abnormalities of cortico-subcortical projections (such as in OR oand T-OCC)
are involved in cognitive and emotional regulation in depression [30,18]. Another
study also highlighted the role of the thalamus in poor outcome in depression [1].
Moreover, our models show more coherence across sampling on the right hemi-
sphere (Figure 2). Specifically, a recent study [3] showed a left-right asymmetry,
where resistant patients had lower fractional anisotropy in right afferent fibers
of the fronto-limbic circuit, and reduced connectivity between the regions con-
nected to the right basal ganglia (i.e. involving thalamic connections), compared
to responders. Thus, together with the literature, our results suggest that the
shape of three white matter bundles are associated to resistance severity and to
the outcome of depression.

Second, our study focuses on two types of models: local and global shape
analysis. Some local models seem to be sensitive to sampling effect, reflecting
small variations in shape not captured by the global models. Finally, coherent
global models imply coherent local models. To avoid false discoveries - and mainly
because we artificially increased our dataset by adding noise to the bundles
because of a too high number of covariates, hence reducing p-values - we had a
conservative approach by asking the models to be coherent for local and global
approaches. Note that for the bundles of interest: (CC7/OR/T-OCC) has for
the global model a median p-value of (10e-11/10e-14/10e-18) and (10e-18/10e-



16/10e-13) for the local model (see supplementaries for more details). The study
of bundles with coherent local models across samplings only (see Figure 2) is left
for another study where we will have to investigate the optimal amount of noise
to be added minimising the impact on statistics.

As literature validates our study on the outcome of depressed patients, in
future work, we can study the association between those shape-based feature and
the neurocognitive performance. Also, as it is suggested in a recent study [11]
we will consider the entire fiber bundles segmentation as the shape, instead of
there center lines.
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