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Abstract

Corpus Callosum Agenesis (CCA), one of the most common congenital anomalies, has
uncertain neurodevelopmental outcome, especially when the disease is isolated. To pro-
vide parents with informed counselling, it is crucial to identify anatomical markers linked
to a predicted outcome early in pregnancy. Quantitative exploration of fetal brains with
CCA is rare and has been mostly limited to the study of specific brain structures. Here,
we propose a pipeline to analyse fetal brain Magnetic Resonance Imaging (MRI) that is
based on diffeomorphic transformation. It consists in two steps: a semi-automatic fetal
MRI preprocessing procedure and a pipeline to quantify anatomical deviations from nor-
mal development. Following MRI preprocessing, each volumetric fetal brain is compared to
an age-matched healthy template brain at a global scale using registration. Deformations
are parallel transported to the same space to correct age differences between fetuses. De-
formation modes specific to CCA are identified using Principal Component Analysis and
classification. The pipeline is tested on retrospectively selected MRIs from 38 healthy fe-
tuses and 73 fetuses with CCA. In accordance with more local analyses, the most relevant
deformation mode for classification combines well-known alterations of brains with CCA.
This preliminary work is promising for the quantitative exploration of abnormal fetal brains
and will be used in the future to identify anatomical features correlated to poor clinical
outcome.

Keywords: Corpus Callosum Agenesis, Fetal Magnetic Resonance Imaging, Diffeomor-
phic Registration, Shape Analysis

1. Introduction

Corpus callosum agenesis (CCA) is one of the most common congenital brain anomalies,
with a prevalence at birth of 0.02% (Leombroni et al., 2018). It is characterized by the total
or partial absence of the largest commissure of the brain, responsible for the transmission of
sensory, motor and cognitive information between hemispheres (Leombroni et al., 2018). Di-
agnosis is usually suspected during the second-trimester routine ultrasound, and confirmed
by Magnetic Resonance Imaging (MRI) scan (Leombroni et al., 2018). In complement with
genetic screening, fetal MRI is valuable to provide clinicians with additional information,
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since the presence of other anomalies is the only consensual prognosis factor for neurode-
velopmental delays (Santo et al., 2012). In the presence of associated defects, accounting
for 45% cases (Santo et al., 2012), the outcome is usually poor, with impairments affecting
motor control, coordination and language (D’Antonio et al., 2016). Predicting the out-
come is challenging in isolated CCA, where 20-30% children demonstrate a broad spectrum
of cognitive deficits (Santo et al., 2012; D’Antonio et al., 2016), resulting in heterogenous
medical counselling across hospitals and countries (Des Portes et al., 2018). To provide
parents with informed counselling, it is crucial to identify anatomical markers linked to
neurodevelopmental outcome as early as possible during pregnancy.

Quantitative in vivo analysis of fetal brains has long been limited by the scarcity of fetal
MRI data and its restriction to 2D slices (Clouchoux et al., 2011). Indeed, unpredictable
fetal and maternal motion make the acquisition of 3D images challenging. With the advent
of fast single shot multi-slice MRI sequences, combined with postprocessing techniques, it
is now possible to acquire stacks of 2D images with reasonable in-plane motion, perform
inter-slice motion correction, and reconstruct a high resolution volumetric image of the
fetal brain (Benkarim et al., 2017). Taking advantage of these recent developments, the
quantitative assessment of normal and pathological brain development has attracted growing
interest (Benkarim et al., 2017). However, to this day, only few studies have investigated
quantitatively anatomical alterations in fetuses with CCA (Knezovié et al., 2019; Tarui
et al., 2018; Schwartz et al., 2021), and their focus was on specific brain structures rather
than global trends. Another limitation is the difficulty to compare fetal brains of different
gestational ages, since they undergo rapid and drastic changes across pregnancy (Gholipour
et al., 2017).

Whole brain shape analysis can provide information about which structures are im-
paired along with corpus callosum. To perform such global analysis, one can think of
image registration, which maps a population average brain template onto individual im-
ages in order to measure a distance from normality. In a clinical setting, functions called
diffeomorphisms are an appropriate choice for computing shape changes, as they are high
dimensional, topology-preserving, and sensitive to small anatomical variations. The Large
Deformation Diffeomorphic Metric Mapping (LDDMM) setting (Trouvé, 1998; Christensen
et al., 1996) is a powerful method for computing such functions, which are seen as geodesics
on a Riemanian manifold. Diffeomorphisms can be efficiently computed through a discrete
parametrization (Durrleman et al., 2012). The LDDMM framework also provides geomet-
rical tools such as parallel transport, which enables the comparison of subjects that are at
different developmental stages. Diffeomorphisms have proven useful in the quantification
and classification of disorders such as Alzheimer’s disease (Debavelaere et al., 2020; Qiu
et al., 2008). To our knowledge, deformation models have never been applied to abnormal
fetal brains.

Here, we propose to explore the anatomical variability of fetal brains diagnosed with
CCA by introducing a novel shape analysis pipeline, based on diffeomorphic brain mapping
and specifically tailored to the specificities of fetal MRI. Following data preprocessing, a
healthy template will be registered to each subject, and age-related differences between
fetuses will be corrected by transporting deformations to a common space. Deformations
specific to fetal brains with CCA will be identified using Principal Component Analysis
(PCA) and classification.
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This article extends our work presented at the MICCAI PIPPI workshop (Gaudfernau
et al., 2021) in the following manner: we conduct an in-depth literature review of the
quantitative analysis of fetal brains; we describe further the geometrical tools used in our
shape analysis pipeline; and we provide a detailed description of our semi-automatic MRI
preprocessing pipeline adapted to abnormal, routinely acquired fetal MRIs.

2. Related Works

Here, we aim at providing the reader with an overview of the methods that have enabled
automatic analysis and quantification of fetal brain MRI. In Section 2.1, we address the
challenges of the brain reconstruction task. In Section 2.2, we cover quantitative studies of
healthy and abnormal fetal brains based on volume-reconstructed T2 MRIs. We demon-
strate that while a number of automatic methods have been introduced in the literature,
the lack of fully automated pipelines encompassing both reconstruction and analysis tools
have limited the exploration of brain development -including in fetuses with CCA- and the
reproducibility of such studies.

2.1 Fetal brain reconstruction

Advances in the acquisition of fetal MRI have enabled radiologists to image the fetal brain
in less than a second, thus mitigating in-plane maternal and fetal movements (Gholipour
et al., 2015). However, numerous difficulties remain, among which the low resolution of
the acquired 2D images, inter-slice motion and bias field artifacts, the presence of maternal
tissues around the fetal brain, and unknown orientation of the fetus with regard to the scan-
ner. As the postprocessing tools for postnatal MRI cannot be transferred to fetal images,
dedicated techniques have emerged, that aim at reconstructing a high resolution volumetric
image from motion corrupted stacks of 2D slices acquired in orthogonal orientations (Clou-
choux et al., 2011). Brain extraction, i.e. the task of delineating the fetal brain from the
surrounding tissues such as the placenta, is often a prerequisite for volume reconstruction.
As most studies have focused separately on either task, we shall review first brain extraction
techniques, then volume reconstruction strategies. Note that segmentation techniques fall
out of the scope of this paper.

2.1.1 BRAIN EXTRACTION

The first algorithm (Anquez et al., 2009) for brain extraction selected the mid-sagittal
slice by detecting the eye with template matching, then isolated the brain on this 2D
slice and subsequently on the 3D volume using a graph cut approach. It assumed low
inter-slice motion, which can be unrealistic in practice. It was followed by other template-
based strategies. In (Taleb et al., 2013), each 2D slice was mapped to an age-specific
template to estimate a brain mask. Quality of the 2D brain extraction was assessed by
computing a similarity measure between the estimated masks. In (Tourbier et al., 2015b),
after manual brain localization, several brain templates were registered to each 2D slice
and brain extraction was performed with a global voting strategy. The robustness of these
methods to pathologies is impeded by the use of a healthy template.



113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

GAUDFERNAU, BLONDIAUX AND ALLASSONIERE

Other methods favored learning-based approaches. In (Ison et al., 2012), a random forest
classifier was trained to distinguish maternal from fetal tissues and the fetus orientation
was recovered by estimating the position of the centroid of several tissues. (Keraudren
et al., 2013) localized the fetal brain by describing candidate regions with scale and rotation
invariant features and trained a Support Vector Machine (SVM) to delineate a bounding
box around the brain. Then, slice-by-slice patch-based extraction was performed inside the
bounding box to extract the brain (Keraudren et al., 2014). (Kainz et al., 2014) computed
rotation invariant descriptors of the 3D volume and trained a random forest classifier to
produce a probability map of brain voxels, which was refined for final brain extraction.
(Alansary et al., 2015) decomposed the 2D low resolution images into superpixels, computed
descriptors for each superpixel, and trained a random forest to generate a probability map,
which was refined by another random forest. More recently, deep learning methods have
emerged. (Rajchl et al., 2016) employed a Convolutional Neural Network (CNN) trained
with weak annotations by non-expert raters. (Khalili et al., 2017) predicted brain masks
from input 2D patches with a a multi-scale CNN. (Salehi et al., 2018) reused a CNN called
U-net, which had showed high performance on 3D adult brain extraction, and adapted it to
2D fetal MRI slices. Finally, (Ebner et al., 2020) introduced a two-step procedure whereby a
first CNN performs coarse localization of the brain region, followed by fine brain delineation
by a second CNN.

2.1.2 VOLUME RECONSTRUCTION

Typical volume reconstruction techniques comprise two main steps (Clouchoux et al., 2011).
First, motion correction is performed through Slice-to-Volume (SVR) rigid registration in
order to correct the discrepancy between the positions of the 2D slices. The best align-
ment between each image and an arbitrarily chosen target slice is achieved by minimizing a
similarity metric (e.g. Normalized Mutual Information, Cross Correlation, Mean Square In-
tensity) with gradient-descent optimization. Additional steps may include outlier rejection
to identify and exclude highly motion corrupted slices. Then, Super Resolution Recon-
struction (SRR) restores a 3D volume either by performing scattered data interpolation or
solving an inverse problem with spatial regularization.

The majority of reconstruction algorithms perform SVR registration and SRR in an
iterative manner. Pioneer strategies iterated between SVR registration and scattered data
interpolation (Rousseau et al., 2006; Jiang et al., 2007). As an alternative to SVR, (Kim
et al., 2009) introduced a motion correction technique in which slices are collectively aligned
by matching their intersections, followed by Gaussian-weighted interpolation. The following
algorithms formulated the SRR inverse problem in a variational framework. (Rousseau
et al., 2010) expressed the SRR task as an inverse problem solved with Total Variation
regularization. Similarly, (Gholipour et al., 2010) formulated the SRR task as a maximum
likelihood error norm minimization problem and performed outlier rejection to reduce the
weight of motion-corrupted voxels and slices. Building on this idea, (Deprez et al., 2012)
iterated between a SVR approach similar to that of (Rousseau et al., 2006) and a Bayesian
formulation of the SRR problem with a complete outlier rejection scheme based on the
Expectation-Minimization algorithm. A GPU support of this algorithm was developed by
(Kainz et al., 2015), complemented with an automatic detection of the slice with least motion
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to serve as reference during SVR. (Tourbier et al., 2015a) further improved the SRR step
by minimizing the Total Variation energy with convex optimization. (Ebner et al., 2020)
estimated an initial high resolution volume using scattered data approximation, followed
by a classical iterative registration-reconstruction procedure with robust outlier detection.
Recent years have also witnessed the emergence of machine learning approaches. (Hou et al.,
2017) trained a CNN to predict a good initial slice alignment prior to the SVR registration,
which proved robust for scans with extreme slice motion corruption. (McDonagh et al.,
2017) used a 3D CNN to upsample each low-resolution stack during the SRR step prior to
SVR motion correction.

2.1.3 LIMITATIONS OF EXISTING VOLUME RECONSTRUCTION METHODS

Despite the number of existing reconstruction approaches, the volumetric analysis of fetal
brains is still hampered by several limitations. First, most studies do not propose a fully
automated reconstruction pipeline, i.e. comprising brain localization, extraction and reori-
entation along with motion correction and reconstruction, despite these steps often being
necessary to perform inter-subject comparisons in a quantitative manner. As a matter of
fact, a number of approaches (Kim et al., 2009; Rousseau et al., 2010; Gholipour et al., 2010;
McDonagh et al., 2017) perform volume reconstruction without prior or subsequent brain
extraction, despite its potential to improve the reconstruction outcome (Tourbier et al.,
2015b). Others (Rousseau et al., 2006; Jiang et al., 2007; Deprez et al., 2012; Tourbier
et al., 2015a) delineate the brain in a semi-automatic manner, which is both resource and
time consuming. Similarly, reorientation of the brain in the canonical space is either over-
looked (Rousseau et al., 2006; Jiang et al., 2007; Rousseau et al., 2010; Gholipour et al.,
2010) or performed manually (Rousseau et al., 2012; Tourbier et al., 2015a).

To this day, few fully automated pipelines have been proposed. The open-source toolkit
of (Kainz et al., 2015) does not include extraction nor reorientation of the fetal brain.
In the Baby Brain Toolkit (Rousseau et al., 2012), that reconstructs fetal brains with
non local denoising, optional brain extraction is performed manually, while reorientation
is carried out by positioning landmarks on the reconstructed brain. The first complete
pipeline (Tourbier et al., 2017) includes template-based brain localisation and extraction,
along with reorientation in the standard radiological anatomical planes. Finally, a state-of-
the-art reconstruction pipeline (Ebner et al., 2020) was recently introduced, offering brain
localization and extraction with two CNNs, iterative SVR and outlier-robust SRR, and
registration of the reconstructed brain to a template space.

Another limitation lies in the performance evaluation of these algorithms, complicated
by the absence of ground truth and limited amount of data. Most approaches were evaluated
on less than twenty -exclusively healthy- fetuses, preventing a complete demonstration of
robustness. Though the pipeline of (Tourbier et al., 2017) was tested on 5 abnormal fetuses,
these were only mildly pathological. Only the most recent study (Ebner et al., 2020)
conducted experiments on routinely acquired images of 37 healthy fetuses and 32 subjects
with spina bifida, but this cohort might be insufficient to represent the variety of pathological
anatomies that can be encountered in fetal brain MRI.
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2.2 Quantitative analysis of fetal brains

In the last decade, the postprocessing techniques developed for fetal MRI have made possible
to study quantitatively the growth of brain tissues. Our aim here is provide the reader with
an overview of the techniques employed, the structures of interest and the limitations of
the studies that have quantified the evolution of healthy and abnormal brains in volume-
reconstructed fetal MRIs. For extensive reviews about the findings of such studies, see
Benkarim et al. (2017); Studholme and Rousseau (2013); Rajagopalan et al. (2021); Biegon
and Hoffmann (2014); Rousseau et al. (2016).

2.2.1 HEALTHY FETAL BRAINS

The analysis of healthy fetal brains has mostly focused on measurements of specific brain
volumes, quantification of the cortical folding process, and longitudinal analyses of brain
evolution throughout pregnancy.

To assess the dynamics of global or regional brain changes, volumetric studies classiquely
perform manual or automatic brain segmentation in order to compute tissue volumes, which
are then incorporated in temporal models. (Gholipour et al., 2011) performed linear and
quadratic fits of the total brain volume with age.The relationship between gestational age
and several tissue volumes such as gray matter, white matter, and ventricles were tested
using linear, quadratic and exponential models (Scott et al., 2011a; Corbett-Detig et al.,
2010). Relying on a cohort of 166 fetuses, (Andescavage et al., 2016) presented normative
growth curves of several structures using quantile regression and compared hemispheric
growth rates. Some studies focused on a single structure such as the hippocampus (Jacob
et al., 2011) and the cerebellum (Scott et al., 2011b), which were manually segmented to
carry out inter-hemispheric volume comparisons and statistical modelling with age.

The gyrification process in the fetal brain has been widely explored using quantitative
measures of the cortical surface curvature at the global level (Hu et al., 2011; Clouchoux
et al., 2011; Wright et al., 2014; Wu et al., 2015) and vertex level (Habas et al., 2011). These
curvature analyses usually rely on segmentation and reconstruction of the cortical plate,
derivation of cortical folding measures, and temporal modelling. (Hu et al., 2011) computed
global and regional measures of the gyral and sulcal surfaces, whose evolution was tested
against time and compared between brain lobes. (Habas et al., 2011) computed a vertex-
wise mean curvature index and showed a linear evolution of cortical folding between 20 and
28 gestational weeks (GW). (Clouchoux et al., 2011) introduced an algorithm to establish
individual probability maps of sulci location and showed an acceleration of the gyrification
process during the third trimester. Several cortical folding measures were found to predict
accurately gestational age using linear (Wu et al., 2015) and Gompertz models (Wright
et al., 2014). The cortical folding process was also explored using tensor-based morphometry,
which computes the deformation of images with regard to a reference anatomy in order to
capture local shape differences (Rajagopalan et al., 2011, 2012). This enabled to compute
growth maps of the cerebrum and the cortical plate and study the directionality of volume
changes. This work was extended by (Pontabry et al., 2015), which performed feature
selection to extract sparse local deformation fields that provide information about which
zones of the cortical plate undergo major changes across gestation.
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Further, several studies have modelled the evolution of normal brain anatomy across
pregnancy by providing intensity brain templates and tissue probability maps for each
gestational age (Habas et al., 2010; Wright et al., 2015; Gholipour et al., 2017; Li et al.,
2021). These models, termed atlases, have a large scope of application as they provide
an insight into healthy brain growth and may serve as reference to segment new subjects
and characterize abnormal brains. They differ in several regards: the number of subjects
included (from 20 to 212); the considered age range; the construction methology; and the
regions of interest (cortical surface (Wright et al., 2015) or whole-brain templates (Habas
et al., 2010; Gholipour et al., 2017; Li et al., 2021)).

2.2.2 ABNORMAL FETAL BRAINS

The quantitative analysis of abnormal fetal brains is still in its infancy. So far, it has been
restricted to few abnormalities and pathologies, including mainly ventriculomegaly, Chronic
Heart Disease, and spina bifida.

As in studies focusing on healthy brains, volumetric analyses are predominant. Fol-
lowing manual or semi-automatic brain segmentation, regression models were employed to
compare the temporal evolution of several tissue volumes between fetuses with CHD and
healthy controls (Clouchoux et al., 2012; Rollins et al., 2020) and between two subtypes
of CHD (Rajagopalan et al., 2018). (Gholipour et al., 2012) developed a multi-atlas based
segmentation method robust to ventricular abnormalities and compared the reliability of
ventriculomegaly diagnosis using a measure of ventricular volume versus atrial diameter.
(Kyriakopoulou et al., 2013; Scott et al., 2012) extracted the ventricles and several brain
structures to perform volumetric comparisons between fetuses with ventriculomegaly and
normal fetuses, with contrasted results.

Curvature analyses were performed to highlight delays in gyrification dynamics in pop-
ulations of fetuses with CHD and ventriculomegaly. (Clouchoux et al., 2012) reconstructed
the surface of the cortical gray matter in fetuses with a severe form of CHD. Linear re-
gressions were used to compare the changes in curvature measures between controls and
subjects. (Scott et al., 2012) compared curvatures of the ventricles and cortical plate be-
tween healthy fetuses and fetuses with ventriculomegaly. In a similar study, (Benkarim
et al., 2018) identified regions of delayed cortical folding related to ventriculomegaly. They
later adopted a less typical approach based on manifold learning in order to find associations
between abnormal growths of the cortical and ventricular surfaces (Benkarim et al., 2020).
The common underlying representation of vertices belonging to both anatomies provided
information about which cortical areas are related to specific dilated ventricular regions.

Longitudinal analyses have explored the anatomical characteristics of fetal brains with
spina bifida. (Payette et al., 2019) investigated the change of ventricle shape in fetuses that
underwent prenatal surgery. Using deformation-based morphometry, post-operation ventri-
cles were registered to the pre-operation ones, and statistical analysis of the deformation
maps was performed. (Fidon et al., 2021b) created a week-by-week spatiotemporal atlas of
fetal brains with spina bifida using 90 MRIs from 37 subjects acquired between 21 and 34
GW. The fetal atlas was parcellated in a semi-automated manner.
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2.2.3 FETAL BRAINS WITH CORPUS CALLOSUM AGENESIS

The brain anatomy of individuals with CCA has been mostly investigated using either in
utero 2D MRI and ultrasound data, or postnatal images (Nakata et al., 2009; Bénézit et al.,
2015). Quantitative studies of fetal brains with CCA are listed in Table 1. To the best of
our knowledge, quantitative analyses of volumetric fetal MRI have been attempted in only
three studies (Knezovié et al., 2019; Tarui et al., 2018; Schwartz et al., 2021), with a focus
on specific brain structures. (Knezovi¢ et al., 2019) measured the hippocampal volume
by means of manual delineation on 3D reconstructed MRIs from 39 healthy fetuses and
46 fetuses with CCA. Statistical testing showed reduced hippocampal volume in impaired
fetuses. (Tarui et al., 2018) investigated cortical folding in 17 controls and 7 fetuses with
CCA. Following reconstruction of the surface of the inner cortical plate, sulcal developing
basins were identified and matched to healthy sulcal templates, revealing abnormalities
in sulcal positions. (Schwartz et al., 2021) also explored the cortical morphology of 46
fetuses with CAA and 22 healthy fetuses. Measures of surface area, gyrification, thickness
of the cerebral wall and cortical asymmetry were computed in several cerebral areas to
assess differences between groups, showing reduced cerebral wall thickness and structural
asymmetry in several brain regions in fetuses with CCA.

Of note, two studies (Kasprian et al., 2013; Jakab et al., 2015) have analysed Diffusion
Tensor Imaging (DTI) data, which maps the diffusion of water molecules within brain tis-
sues and allows to reconstruct the 3D route of white matter fibers. (Kasprian et al., 2013)
analysed DTI data from 20 fetuses with CCA and 20 age-matched healthy fetuses between
20 and 37 GW. Trajectories of abnormal white matter tracts, namely the Probst bundles
and sigmoid bundles, were visualized in subjects with complete and partial CCA, respec-
tively. Alterations in somatosensory and motor pathways were also highlighted. Using the
same method, (Jakab et al., 2015) further showed that fetuses with CCA have aberrant
organization of the brain connectome, notably decreased interhemispheric structural con-
nectivity and increased connectivity in intrahemispheric alternative information pathways.

Table 1: Papers performing quantitative analysis of fetal brains with corpus callosum age-
nesis. Data: type of data used (either T2 MRI or DTI). N: number of subjects
included in the study (subjects with CCA / healthy controls)

Reference Data N Study Method

~ (Kasprian et al., 2013) DTI  (20/20) White matter connectivity Tractography

 (Jakab et al., 2015) DTI  (20/20) Brain connectome organization  Tractography

T B Semi-automatic segmentation,
(Tarui et al., 2018) MRI  (7/17) Cortical folding sulcal pattern analysis

T Manual segmentation,
(Knezovié et al., 2019) MRI  (39/46) Hippocampal volume volume measurement

(Schwartz et al., 2021) MRI  (46/22) Cortical folding and asymmetry quantitative measures

This review of the quantitative approaches to analyse volumetric fetal MRI shows that
the field is mostly focused on the investigation of specific brain structures within the frame-
work of volumetric and curvature studies. Such analyses rely heavily on brain segmentation

Semi-automatic segmentation,
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and on prior hypotheses about which structures demonstrate relevant dynamics or impair-
ments. Noteworthy exceptions include tensor-based morphometry (Rajagopalan et al., 2011,
2012; Pontabry et al., 2015; Payette et al., 2019), which considers the whole brain but only
involves local shape changes, and longitudinal atlases that have so far focused on healthy
brain growth, apart from (Fidon et al., 2021b). Quantitative studies of abnormal fetal brains
are scarce and limited in the same way, to which CCA-specific studies are no exception: all
prenatal studies have focused either on the hippocampus, cortical plate, or white matter
fibers. Moreover, they often rely on small datasets. Conversely, in this paper we introduce
a new approach for whole-brain, quantitative analysis of fetuses with abnormalities, and we
demonstrate its effectiveness on a large dataset of fetuses with CCA.

3. Methods
3.1 LDDMM framework and applications

Our image processing and shape analysis pipeline are based on specific shape analysis tools
developed in the LDDMM framework. Here, we provide a description of the theoretical
setting behind these geometrical tools.

3.1.1 LDDMMM FRAMEWORK

The LDDMM framework (Trouvé, 1998; Christensen et al., 1996; Miller et al., 2002) is a
mathematical setting to compute shape transformations. It generalizes the linearized de-
formation setting in order to define diffeomorphic deformations. A flow of diffeomorphisms
is considered as a Riemanian Manifold of infinite dimension, and shapes are seen as objects
on that manifold, transformed through deformations of the whole ambient space.
Diffeomorphisms are constructed by integrating time-dependant vector fields, considered
as infinitesimal linearized deformations. Namely, to build a flow of diffeomorphisms ¢;, one
integrates the flow equation, which describes the motion of a particle x along the curve x(t):

dx(t)
z(0) = xp.

This model builds a flow of diffeomorphisms ¢; : zg — z(t) Vt € [0, 1]. The diffeomor-
phism of interest ¢ is the end point of the path x(t):

Vzg € D, ¢1($0) = $(1)

Here, we restrict ourselves to a finite parametrization of the velocity field v (Durrleman
et al., 2012). Namely, we impose that v belongs to a finite dimensional subspace of a RKHS
V, i.e. the set of square integrable functions convolved with an interpolation kernel K:
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where (o), is a set of momentum vectors attached to kg4 control points (cx), and Kj is
usually a Gaussian kernel of width o,. K, acts as a spatial regularizer restricting the range
of deformations the model is able to express.

The Riemanian manifold is provided with a right invariant metric, defined as the total
kinetic energy needed between the identitity map I; and the diffeomorphism ¢1, i.e.:

1
Ala,6n) = [l de
0

To ensure that the transformation ¢, is diffeomorphic, regularity conditions are imposed
so that the vector fields v are geodesics, i.e. the shortest paths between ¢¢ and ¢; according
to the norm fol (|ve]|2-dt.

It has been shown that if an initial velocity field vg is written in the following manner:

kg

vo(x) = D (x, e (0))a (0),

k=1

then the vector fields v; along geodesic paths of direction vy remain defined as a linear
combination of RKHS basis elements (Miller et al., 2006):

vi(z) =Y (x, cx(t))an(t).

k

Further, the kinetic energy along geodesic paths is preserved over time, i.e. Vi €
[0, 1], |lo¢llv = [|vollv- Moreover, the evolution of the control point positions (c(t))x and
momentum vectors (ay(t))x satisfy Hamiltonian equations that describe the movement of
a set of particles, with K, modeling the forces of repulsion between particles.

It follows that the vector fields along geodesics paths are fully parametrized by the initial
velocity field vg. This has two main consequences:

(1) vo is the tangent space representation of the diffeomorphism ¢; at the identity map
13, which enables one to define tangent-space statistics of the diffeomorphism ¢; and to
characterize ¢1 with standard statistical tools such as Principal Component Analysis.

(2) to estimate ¢1, one only needs to estimate the system’s initial conditions cg = (i (0))
and ¢ = (cx(0)). In other words, to compute shape changes, one solves a geodesic shooting
problem: given a set of initial momentum vectors and control points characterizing a flow
of diffeomorphisms, we compute the trajectory of a given shape. The end point of this
trajectory, i.e. the final deformed image, is then compared to the target shape, and the
initial conditions can be modified accordingly.

In this framework, optimization is performed by minimizing a cost function whose formu-
lation depends on the task at hand (e.g. registration, geodesic regression, atlas estimation).
It is typically composed of a data fidelity term, e.g. the Euclidean [? distance between
the images we mean to map onto each other, plus a term penalizing the kinetic energy of
the deformation. Optimization is performed through gradient descent. Computation of the
gradients with respect to the parameters is facilitated by the fact that geodesic vector fields
are always expressed as a linear combination of momentum vectors.

10
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The geometrical tools provided by the LDDMM framework are available in the open-
source software Deformetrica (Bone et al., 2018). In the following, we will briefly detail the
ones used in this work, namely registration, geodesic regression and parallel transport.

3.1.2 REGISTRATION

Registration seeks the transformation ¢ that best warps a source image I; onto a target
image I. The control points ¢ and momenta af that define ¢; are optimized by minimizing
a cost function E:

Iy — I o 7 Y2 !
Bleo,a0) = 2L 200 [ g, @)

g =0
where o controls the trade-off between the two terms. The first term is the sum of
squared differences between the deformed source image and the target image. The second
term penalizes the kinetic energy of the transformation, ensuring that only geodesic vector
fields are considered as potential solutions.

3.1.3 GEODESIC REGRESSION

Geodesic regression can be seen as the generalization of linear regression to shapes. Given
a set of N images (I;)1<i<n observed at times (¢;)1<;<n, we seek the geodesic trajectory
~¢, defined by control points ¢y and momentum vectors «g that best fit the images.

The cost function is defined as follows:

N I, —10 —1)12 1
E(cO,ao>:Z<” = % >+ / loel1?, (3)

=1 =

We refer to I; as the template image: it is the point from which the trajectory is
computed. Note that I; is user-defined and can be any of the images in the set (;)i1<i<n.

3.1.4 PARALLEL TRANSPORT

Parallel transport is a differential geometry notion that considers two known transformations
v+ and ¢o defined by the sets of parameters (¢}, ) and (c3,a3), respectively. Typically,
~¢ describes the known evolution of a reference shape, and ¢o describes the transformation
that maps the reference subject at a given time to a new subject. Parallel transport enables
one to transport the diffeomorphism ¢9 at any time point along the reference trajectory. We
denote by TP (a3)(t;) the Parallel Transport of momentum vectors 2 along the trajectory
~¢ at time t;. The geodesic shooting of the transported momenta can be used to predict the
shape of a new subject at any time ¢;, defining a trajectory that is parallel to the reference
one. For further details about the computation of Parallel Transport, the reader is referred
to (Louis et al., 2017).

3.2 Data acquisition

Data. Data consist of retrospectively selected fetal MRIs acquired between 2006 and 2019
at hospital Armand Trousseau, in Paris, France. The database contains 38 healthy fetuses
scanned between 26 and 37 GW (mean = 32.4+1.69) and 73 fetuses diagnosed with CCA

11
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Number of subjects

26 27 28 29 30 31 32 33 34 35 36 37
Gestational age

Figure 1: Histogram of the subjects gestational ages at the date of MRI

scanned between 25 and 37 GW (mean = 31.634+2.09). A histogram of the subjects ges-
tational ages is presented in Fig. 1. Healthy fetuses had normal central nervous system
findings at MRI examination. For the group with CCA, MRI acquisitions were performed
as part as clinical routine after findings of abnormality of the corpus callosum identified
at second (between 22 and 24 GW) or third trimester (between 31 and 33 GW) screening
ultrasound examination. The routine ultrasound was followed by an expert ultrasound as-
sessment including neurosonography to investigate other associated fetal anomalies before
MRI scanning. Patients had a consultation with a fetal medicine specialist, a pediatric
neurologist and a clinical geneticist in the referral prenatal center and were offered am-
niocentesis for fetal karyotyping and chromosomal microarray. Corpus callosum anomalies
were defined as: (1) complete CCA, namely the complete absence of the corpus callosum
and (2) partial CCA, i.e. the absence of one or more of the five segments of the corpus callo-
sum resulting in an abnormally shaped corpus callosum. Inclusion criteria were as follows:
fetuses affected by isolated or associated partial or complete corpus callosum abnormalities.
Fetuses with short corpus callosum, defined as a complete corpus callosum with an antero-
posterior diameter below the third percentile, were not included in this study. In the group
with abnormal corpus callosum, 51 fetuses have partial CCA and 22 complete CCA.

Image acquisition. Fetal brain MRI was performed using repeated T2 half-Fourier
Single Shot Fast Spin Echo (SSFSE), or Single-Shot half-Fourier Turbo Spin Echo (SshTSE).
MRIs were acquired on a 1.5 T MRI system Achieva Philips (Best, the Netherlands) before
2016 and Optima MR450w General Electric (Waukesha, WI, USA) after 2016. Maternal
sedation was systematically offered to reduce fetal motion artefacts. Scan acquisitions were
performed in the three orthogonal planes. Scanning parameters were as follows: field of
view: 256x256 or 512x512 mm; echo time: 150-200 ms; repetition time: 3500-4000 ms; slice
thickness: 4 mm; flip angle: 90°; acquisition matrix: 320x320. To ensure proper volumetric
reconstruction, only images with at least 3 stacks in the 3 different orientations are included
in the analysis.

3.3 Image processing pipeline

In order to perform quantitative analyses, brain volumes are reconstructed from the 2D fetal
images, and the volumetric image is processed further to enable inter-subjects comparisons.

12
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i
| Stacks of 2D slices ———————p Brainlocalizaton ——p N4 bias field — » Volume reconstruction
| and extraction correction

|

Intensity normalization 4 Affine registration to 4—— Mask correction <4—— Reorientation <«— Volumetric image
| and histogram matching a reference template
|

:
I

Volumetric image postprocessing pipeline

Figure 2: Overview of the fetal MRI preprocessing steps

The steps of these volume reconstruction and image processing pipelines are summarized
in Fig. 2 and detailed below.

3.3.1 SEMI-AUTOMATIC VOLUME RECONSTRUCTION PIPELINE

Brain extraction and volume reconstruction. Isotropic high resolution 3D volume
reconstruction of fetal brains is performed using the open-source state-of-the-art NiftyMIC
software (Ebner et al., 2020) that takes as input stacks of low resolution 2D slices. First,
brain extraction is performed in each 2D stack with a coarse-to-fine approach that localizes
and then extracts the fetal brain using two CNNs. Intensity non-uniformity is corrected
using N4 bias field correction. Finally, high resolution reconstruction is performed by it-
erating between SVR registration for motion correction and SRR with robust rejection of
slices that are misregistered or corrupted by artifacts.

Reconstruction performance on our dataset. Our dataset is composed of MRIs
acquired during clinical routine, destined for visual examination of 2D slices. Although the
reconstruction algorithm of (Ebner et al., 2020) was successfully tested on healthy fetuses
and fetuses with spina bifida, it yields many erroneous volumetric images on our dataset:
74% of brains with CCA and 40% of healthy brains have erroneous reconstructed images, as
illustrated on Fig. 3. Most of the time, this is caused by incorrect delineation of the brain,
which has a high rate of false positive voxels (see Fig. 4, Subjects 2 and 3 for examples).

Correction of erroneous brain extraction.

Instead of correcting manually the volumetric brain masks, which is very time consum-
ing, we design a semi-automatic volume reconstruction pipeline, which is described in Fig. 3.
In cases where brain extraction with NiftyMIC is erroneous, we reiterate the extraction step
using the U-net CNN from (Salehi et al., 2018). U-net is affected by the same defect as
NiftyMIC as it yields a high proportion of false positive voxels, and was deemed less efficient
than NiftyMIC in previous experiments (Ebner et al., 2020). Thus, our goal is not to ex-
tract a more relevant brain mask with the U-net algorithm, but to fuse the extraction results
from U-net and NiftyMIC. Fusion is carried out in the following manner: brain extraction
is performed with NiftyMIC and U-net, and two brain volumes are reconstructed; we then
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Semi-automatic volume reconstruction

Stacks of 2D slices | 73 (100%)

i 38 (100%)

Brain extraction with NiftyMIC
+ volume reconstruction

/.\_ Figure 3: Steps of the semi-automatic volume
7 ~ reconstruction pipeline. Numbers
19 (26%) | Valld Invalid |54 (74%) in orange and green rectangles de-
23 (60%) | note the number and proportion
Brain extraction with U-net of subjects that went through each
Cmasks tuson " step of the pipeline in the group
/_,/“\\ with CCA and the control group,
27 37%) e “;a"d 27 %) 3 respectively. Red color denotes the
J Taew | | user intervention: red circles imply
a visual evaluation of the quality of
conedton brain extraction and volume recon-
l struction, followed by a decision ei-
Y T | ther to keep the reconstructed im-
I age, or to try another reconstruc-
Volumetric image postprocessing tiOn method'

extract the two volumetric masks yielded by both reconstructions; the intersection of the
masks is computed and used to re-mask the two volumetric images. Visual examinations of
the re-masked images are performed and the reconstruction with highest quality is selected.
This mask fusion procedure is illustrated the second column of Fig. 4.

In 37% of fetuses with CCA and 18% of healthy fetuses, the mask fusion yields poor
results, characterized by the incomplete elimination of false positive voxels. In such cases,
manual refinement of the volumetric masks are performed using ITK-SNAP, Version 3.6
(Yushkevich et al., 2016), in approximately 10 minutes per subject. Note that the mask
fusion step renders the manual correction less time-consuming as it eliminates large amounts
of false positive voxels. The third column of Fig. 4 shows an example of a fetal brain for
which manual correction was performed. In this worst-case scenario, the semi-automatic
reconstruction pipeline takes approximately one hour per subject, compared with 20 minutes
in the optimal scenario.

3.3.2 VOLUMETRIC IMAGE POSTPROCESSING PIPELINE

We now introduce our fully automated image processing pipeline, that aims at enabling
comparisons between subjects. This pipeline is summarized in the bottom row of Fig. 2
and illustrated in the three bottom rows of Fig. 4.

Reorientation. As the fetus orientation is unknown during image acquisition, it is
necessary to identify the coronal, sagittal and axial planes of the reconstructed image and
rotate them if necessary. First, the inferior-superior, antero-posterior and right-left axis
are automatically identified based on length and symmetry measurements: the size of the
brain is computed along each of the three axes, and the antero-posterior axis is identified

14
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as the axis with the highest length measure. Then, symmetry indices are computed along
the two remaining axes, and the right-left axis is identified as the axis with the highest
symmetry index. Finally, we must ensure that each of the axes is correctly oriented. To
reorient the antero-posterior and inferior-superior axes, we extract the 2D median sagittal
plane. Areas of the putative anterior half and posterior half of the brain are compared, and
the antero-posterior axis is flipped if the surface of the putative anterior half is larger than
that of the putative posterior half. Similar area measurements on the putative superior and
inferior halves of the brain are performed in order to reorient the inferior-superior axis.
Mask correction. The subject brains are aligned and cropped to a size of 105x100x120
voxels. To correct small errors (i.e. false positive voxels) during the brain extraction step, a
correct brain mask is extracted from the reference brain of (Gholipour et al., 2017), rigidly
registered to each erroneous fetal brain mask using Deformetrica, Version 4.3.0 (Bone et al.,
2018), and used to re-mask the fetal brain. Note that this automatic mask correction step
can only be applied to mildly erroneous brain masks (see Subject 1 in Fig. 4) as the overall
shape of the brain has to resemble that of the template brain. Brain masks that are already
correct, such as that of Subject 3 in Fig. 4, go through this step without being affected.
Affine registration to a reference template. To enable inter-subjects comparisons
and eliminate position and size differences, fetal brains are spatially normalized by perform-
ing affine registration to a common anatomical space, namely the template brain at 31 GW.
Finally, intensity normalization and histogram matching to the template are performed.

3.4 Shape analysis

Shape analysis pipeline. Registering a reference average brain, called template, to
healthy or pathological brains, yields transformations that encode subject-specific anatom-
ical deviations from normality. As brains undergo important structural changes during
gestation, we compare each fetal brain to a healthy template of the same age using regis-
tration. To enable inter-subjects comparisons, deformations are transported to a common
space using parallel transport. PCA is applied to the transported subject deformations to
reduce dimension and extract relevant features. Finally, these features are fed to a SVM to
perform patient classification. The steps of our shape analysis pipeline are summarized in
Fig. 5 and detailed below. Shape transformations, namely geodesic regression, registration
and parallel transport, are computed using the open-source software Deformetrica, Version
4.3.0 (Bone et al., 2018). Movies of the different steps of the shape analysis pipeline are
available at the first author’s webpage .

Geodesic regression of template brains. To take into account the anatomical
changes that occur during gestation, each fetal brain is compared to an age-matched healthy
brain. We use as reference a spatiotemporal atlas defined at each week of gestation, con-
structed from 81 healthy fetuses scanned between 19 and 39 GW (Gholipour et al., 2017).
We extract the 13 template brains between 26 to 38 GW and spatially normalize them to
the space of the template at age 31. From this discrete set of templates, we construct a
continuous trajectory of normal brain changes from 26 to 38 GW by performing geodesic
regression, which is described in Section 3.1.3. This trajectory +(¢) (red curve in Fig. 5)
is described by a pair of vectors, namely the control points ¢y and momenta aqg defined at

1. https://fleurgaudfernau.github.io/Shape_analysis/
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Subject 1 Subject 2 Subject 3
(successful brain (successful mask fusion) (manual mask correction)
extraction with NiftyMIC)

Reconstruction after
brain extraction with
NiftyMIC (left) and
after extraction with
U-net (right)

Masks fusion

Manual mask
correction

Semi-automatic volume reconstruction

Reorientation

Mask correction

Rigid registration

to the template space
and histogram
matching

Volumetric image postprocessing

Figure 4: Ilustration of the fetal MRI processing pipeline on three examples. Top three
rows: semi-automatic volume reconstruction pipeline. Three bottom rows: vol-
umetric image postprocessing pipeline. First column: reconstruction of Subject
1 after brain extraction with NiftyMIC yields a good quality image and no mask
correction is needed. Second column: volumetric images of Subject 2 obtained
after brain extraction with NiftyMIC (left) and U-net (right). The intersection of
the two erroneous masks is computed, yielding a correct volumetric mask. Third
column: volumetric images of Subject 3 obtained after brain extraction with
NiftyMIC (left) and U-net (right). Fusion of the two erroneous masks does not
eliminate all false positive voxels, hence manual correction is performed. White
arrows indicate groups of voxels erroneously classified as fetal brain).
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Figure 5: Shape analysis pipeline

s time tg = 31 GW. The point from which the geodesic is computed, i.e. the template brain
s26 at age 31, is chosen arbitrarily and will be referred to as T;..y in the following.

527 Registration to an age-matched template. For each subject i, the age-matched
s2s  template is extracted from the geodesic trajectory, and registered (see Section 3.1.2) to
520 the subject’s brain using geodesic shooting. Given an initial set of controls points ¢ and
s momenta af, geodesic shooting computes the trajectory of a shape under the flow of dif-
531 feomorphisms defined by cf) and of (green paths). By comparing the deformed template
532 image and the subject image, registration optimizes the cf), af) that best warp the template
533 image to match the subject image. P=10,000 control points are used for the registration,
53 which corresponds to a 5 voxel spacing.

535 Parallel transport. The diffeomorphism computed by registration encodes, for each
53 subject, the difference between its anatomy and that of an age-matched healthy brain
537 template. However, to enable comparisons between subjects, transformations need to exist
53 in the same space. The momenta parametrizing each deformation are parallel transported
s39 to the tangent space of Tp.r. In brief, parallel transport (see Section 3.1.4) translates the
se0 deformation towards subject i, defined by ¢ and o, at any time point along the trajectory
sat y(t) (blue arrows). It adjusts for anatomical differences related to gestational age while
52 preserving components of the transformation non-related to age. In other words, parallel
543 transport provides a way of artificially transporting the subjects anatomies to the same
s44  gestational stage.

545 PCA. Given the high dimension of the transformations (P=10,000 control points) and
sas  the low sample size (N=111), the momenta cannot be used as features to perform prediction.
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PCA component

added to the model

To reduce feature space and extract interpretable deformation modes, PCA is applied to

the subjects deformation fields.

We denote by B; the 3P transported momentum vector of subject i and we introduce the

N by 3P matrix of transported momenta: X = (51, ...

,Bn)T. The empirical mean of the

transported momenta is given by: 3 = Zf\; 1 % We introduce the mean-centered matrix of

transported momenta Z, defined as: Z = 3; — .

The 3P by 3P empirical covariance matrix is given by ¥ = Z7 Z. Eigendecomposition
of ¥ is performed in the form of ¥ = UAU !, in which U is a matrix of size 3P by N, whose
columns (Uy, ..., U,) are the eigenvectors of ¥, and A a diagonal matrix of size N x N, whose
diagonal elements (A1,...,\,) are the eigenvalues of 3. Each eigenvector Uy is associated
to an eigenvalue A, representing the amount of variability that is explained by Uy. We
extract the first 67 components that characterize 90% of the sample shape variability (see

Fig. 6).

Deformation modes. Being a linear combination of momentum vectors, each eigen-
vector can generate a diffeomorphism, called deformation mode, which represents how the
template brain anatomy varies within the population.

The i** mode is given by: m; = X + co;U;, with ¢ € [—4,-2,0,2,4], 0; = /X, and U;
the ¥ eigenvector. In order to visualize the deformation mode m;, we apply the generated

diffeomorphism to the template brain T;..s.

In T2 fetal MRI, thinness and hypointensity of the corpus callosum make it difficult to
discern. Geodesic shooting is performed on the template segmentation image as provided
by (Gholipour et al., 2017) to make corpus callosum deformations discernible.

Projection of the momenta of subject j on deformation ¢ is computed as follows: Pg, = BJTUi.

Pjs, can be seen as a score quantifying how much j; is represented by the ith deformation

mode.

Classification. To assess whether or not the deformation modes can discriminate be-
tween controls and fetuses with CCA, we perform classification with a SVM equipped with
a RBF kernel, that receives as input the subjects scores on the deformation modes. SVM
parameters (width of the gaussian kernel and penalty) are tuned using grid-search. The

18



576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

ANALYSIS OF THE ANATOMICAL VARIABILITY OF FETAL BRAINS WITH CORPUS CALLOSUM AGENESIS

dataset is randomly split into a training (70% of the data) and a test set (30% of the data)
to perform 5-fold cross validation. While modes with the highest eigenvalues are those that
explain best the anatomical variability of the data, they do not only encode shape varia-
tions related to CCA, but also components of rigid registration correction and inter-subject
variability. To extract deformation modes specific to CCA, we perform forward feature
selection: starting from an initial model with no input features, we train the model with
each of the 67 principal deformations independently and keep the one that best enhances
the model accuracy. This process is repeated iteratively until the addition of a new defor-
mation does not augment the accuracy. This leads to the selection of 4 deformation modes
as indicated in Fig. 7.

4. Results

The final classification model reaches a 90% (+ 7%) accuracy. Interestingly, feature selection
did not retain the first component of PCA, which accounts for 12% of the sample shape
variability. Visual inspection of the related deformation mode (presented in Appendix 6)
indicates it corrects for brain misalignment and characterizes subjects with large ventricles.

We present in Fig. 8 the second component, which drives to most of the model accuracy
(see Fig. 7). The segmentation image of the template brain is transformed by the second
mode of deformation in directions —40 and —20, on which healthy subjects generally score
higher, and in directions +2¢ and +40, on which subjects with CCA generally score higher.
Complete movies of these deformation modes are available at the first author’s webpage 2.
Of note, the score distributions of subjects with CCA is more spread out than that of control
subjects. While healthy fetuses are mostly characterized by negative scores, fetuses with
CCA reach a wider range of values.

The direction of deformation that mostly characterizes subjects with CCA reveals a
thinning and a shortening of corpus callosum (C) on sagittal view. It is folded into a V-
like shape, with a stronger distortion towards its posterior part. Volume of the cingulate
gyrus (G) is also reduced. Lateral ventricles (V) are widely spaced and parallel, with
prominent occipital horns and atrium, corresponding to colpocephaly. Dilation is slightly
stronger in the right ventricle. Volume of the occipital cortical and subcortical region
(O) is reduced, especially in the right hemisphere. Hippocampi (H) appear thinner and
verticalized. The superior temporal sulci (S) seems less pronounced. On coronal view,
thalami (T) are parallelized and displaced away from the interhemispheric fissure. Shape
of the brainstem (B) is abnormal on sagittal view, with prominent pons and midbrain.

5. Discussion

In this work, we addressed the challenge of exploring quantitatively alterations in abnormal
fetal brains. We developed a semi-automatic volume reconstruction pipeline, together with a
shape analysis pipeline that are adapted to the specificities of clinical fetal MRI.gyrification
Geometrical models based on diffeomorphisms, that were originally designed for postnatal
imaging, enabled us to compare fetuses of different ages and investigate brain alterations
globally, without requiring any prior assumption. Such models are adapted to the scarcity

2. https://fleurgaudfernau.github.io/Shape_analysis/
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Figure 8: Second mode of deformation applied to the segmentation of the template at age
31 GW. Top three rows: axial, coronal and sagittal views. Leftmost columns:
geodesic shooting of the template by the second mode of deformation at —4o
and —20 (characterizing healthy subjects). Central column: template brain.
Rightmost columns: geodesic shooting of the template brain by the second mode
of deformation at +20 and +40 (characterizing subjects with CCA). Bottom
row: distribution of the subjects scores on component 2. B: brainstem. C: corpus
callosum. G: cingulate gyrus. H: hippocampi. I: interhemispheric fissure. O:
occipital cortex. R: roof of the third ventricle. S: superior temporal sulcus. T:
thalami. V: lateral ventricles.

of medical data and to the need for interpretable results. This preliminary work opens new
perspectives for the quantitative analysis of fetal brains with developmental alterations.

5.1 Fetal MRI preprocessing

In this paper, particular attention was given to data preprocessing. As our analysis draws on
whole-brain shape comparisons, the accuracy of brain extraction and alignment can impact
the results and is thus of prime importance.

This analysis exploited retrospectively selected fetal MRIs acquired during clinical rou-
tine. Although we used a state-of-the-art processing pipeline (Ebner et al., 2020) for brain
extraction and volume reconstruction, the brain extraction algorithm showed poor results
on our dataset. The reconstruction task was less challenged by healthy fetal brains, with
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60% of correct reconstruction following brain extraction by NiftyMIC, and only 18% of
manual correction required. This suggests that brain extraction algorithms are less robust
to developmental defects. However, it should also be noted that healthy fetuses in our
dataset were imaged more recently (i.e. after 2015) than fetuses with CCA, which likely led
to higher image quality.

Due to the significant number of images in our dataset, we chose to correct erroneous
brain delineation in an automatic manner whenever possible, instead of the commonly
employed manual correction. We introduced a novel semi-automatic reconstruction pipeline
that takes advantage of two brain extraction algorithms (Ebner et al., 2020; Salehi et al.,
2018) and merge their volumetric brain masks. This mask fusion was applied to 69 brains
masks, among which 34 had to be further refined. Our semi-automatic procedure, though
time-consuming, is more efficient than performing directly manual correction: in most cases,
only small corrections were required, which took in average 10 minutes, whereas fully manual
volumetric brain extraction has been reported to take 2 to 5 hours (Hu et al., 2011).

With this pipeline, we illustrate that the existing preprocessing methods for fetal brain
MRI still lack maturity and robustness. While current methods are efficient on high quality
research data, they may show poor results on routinely acquired images originating from
impaired subjects. Even in recent years, some quantitative studies have favored manual
or semi-automatic approaches during image processing, whether it be for brain extraction
(Payette et al., 2019), alignment (Yun et al., 2018) or reorientation (Kyriakopoulou et al.,
2017). Further evaluation of our data preprocessing pipeline will be done to achieve repro-
ducible quantitative studies of fetal brains.

5.2 Deformation models applied to fetal brains

In this work, we applied for the first time deformation models based on diffeomorphisms
to abnormal fetal brains. One of the main advantages of this approach is that it provides
a novel and practical way of dealing with the gestational age heterogeneity in datasets of
fetal images by transporting subjects-specific deformations to a common space.

Another benefit linked to deformation models is that it enabled us to target the whole
brain. Hence, our method does not require tedious manual segmentations nor automatic
ones, which are less reliable on brains with malformations (Fidon et al., 2021a). This is
in contrast to previous studies on brains with CCA (Bénézit et al., 2015; Warren et al.,
2010; Knezovié¢ et al., 2019; Tarui et al., 2018; Nakata et al., 2009; Schwartz et al., 2021),
which often had fewer data and focused on specific brain areas or structures. It is also
important to note that unlike most papers, our analysis is not restricted to the study
of tissue volume changes. While our approach is related to tensor-based morphometry
(Rajagopalan et al., 2011, 2012), the latter only reflects local volume changes, while our
pipeline also includes global transformations, therefore our methodology provides richer and
more complex information about anatomical alterations.

The geometrical tools we employed come with several limitations. As the registration
was computed in the space of the healthy template brain using topology-preserving deforma-
tions, structures specific to brains with CCA such as Probst’s bundles could not be studied.
Moreover, parallel transport assumes that the speed of growth of impaired fetal brains is
similar to that of healthy brains, which is is contradiction with reported growth delays for
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fetal brains with CCA (Tarui et al., 2018). To strengthen the methodology, spatiotempo-
ral models (Debavelaere et al., 2020) will be adapted to take into account subject-specific
growth rates. Furthermore, the small spacing between control points yielded unregular de-
formations, that can be anatomically inaccurate. Methods based on multiscale vector flows,
which have been shown to produce more realistic deformations (Debroux et al., 2021), are
currently under consideration.

5.3 Anatomical variability of fetal brains with CCA

Our method extracted a mode of deformation that depicts the anatomical variability related
to the health status of the fetuses in our dataset.

First, the distribution of the scores of subjects with CCA on the second component of
PCA was more widespread than that of control subjects. This might reflect the greater
anatomical variability of abnormal fetuses compared to healthy ones.

The second component generated global deformations that correlate together, as they
belong to the same deformation mode. These alterations revealed well-known defects of
brains with CCA. As expected, the corpus callosum had abnormal shape and size. It was
especially distorted in its posterior segment, the splenium, which is usually the missing part
in partial CCA (Raybaud, 2010). The cingulate gyrus, commonly absent in CCA (Bénézit
et al., 2015), was also reduced. As our dataset comprised fetuses with complete and partial
CCA, it cannot be known whether these patterns reflect a reduction or an absence of both
structures. CCA is often accompanied by the development of a pair of aberrant callosal
fibers, called Probst bundles, that run parallel to the midline, and a rearrangement of the
midline cerebral structures (Leombroni et al., 2018). The most common alterations include
colpocephaly (Leombroni et al., 2018; Bénézit et al., 2015), which was clearly visible in the
second deformation mode. Ventricles dilation and volume reduction of the occipital cortical
and subcortical brain matter were uneven across hemispheres, which may reflect a tendency
for abnormal brain asymmetry (Glatter et al., 2021; Schwartz et al., 2021). The observed
volume reduction of the occipital region coincides with findings of decreased thickness of
the cerebral wall in the lateral occipital region (Schwartz et al., 2021). Consistent with
findings of abnormal shape and rotation of the hippocampi in fetuses with CCA (Glatter
et al., 2021; Knezovié¢ et al., 2019), we observed verticalized hippocampi, probably because
of the extension of the temporal ventricular horns into the parahippocampal gyri. Both
observations might be related to reduced volume of the ventral cingulum bundle, the fibers
of which normally have an initial course below the body of the corpus callosum and then
course within the parahippocampal gyrus in the inferior and medial temporal lobe (Nakata
et al., 2009). We also observed underdeveloped superior temporal sulcus, which might be
related to delayed sulcation (Warren et al., 2010) or altered cortical folding (Tarui et al.,
2018). Verticalization and displacement of the thalami, which are not reported in the
literature, probably result from the widening of the interhemispheric fissure. It has been
suggested that in CCA other interhemispheric connections, such as indirect thalamic nuclei
connections, supply the absence of callosal fibers (Bénézit et al., 2015). Understanding
whether the displacement of the thalami is a marker of the absence or presence of such
indirect connections and related to neurodevelopmental outcome could help understand the
differences in outcome of patients with apparently isolated CCA. Surprinsingly, we observed
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a strong deformation of the brainstem, which is not a typical feature of CCA. This result
likely originates from inaccurate segmentation of the brainstem during image processing,
which tended to exclude the medulla.

Together, our findings draw a typical profile of brains with CCA, which is in agreement
with the results of more local methods, validating our approach. Our method could help
understand the mechanisms of the rearrangements linked to CCA, and, above all, identify
the anatomical defects related to poor clinical outcome in isolated CCA.

Of note, the number of subjects in the control group was lower than in the group with
CCA. Because the control group only included 38 subjects, the reference trajectory for
normal brain development was built using open-source template brains (Gholipour et al.,
2017). In the future, efforts could be made towards increasing the sample size in order to
extract more robust features and define our own reference trajectory.

6. Conclusion

In this work, we presented a novel shape analysis pipeline to characterize the anatomical
variability of fetuses with abnormal corpus callosum. The tools we introduced here are
promising for the depiction of healthy and impaired fetuses and can be generalized to any
dataset of fetal brain MRIs. We have also highlighted the lack of robust, fully automated
pipelines for both the preprocessing and analysis of fetal MRIs. In the future, we aim at
bridging this gap by developing open-source pipelines that facilitate data preparation and
analysis and include the shape analysis tools introduced here. Postnatal brain imaging has
already benefited from such pipelines, such as the Clinica software (Routier et al., 2021),
which encompasses a variety of analysis tools and several imaging modalities. We further
intend to work on spatiotemporal models in order to construct trajectories describing the
growth of fetuses with abnormalities, in the spirit of the recently published atlas of fetal
brains with spina bifida (Fidon et al., 2021b).
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Appendix A. First mode of deformation.

Fig. 9 presents the first mode of deformation, which was not retained during forward feature
selection. Healthy subjects are more likely to score lower on the related component than
subjects with CCA, though their distributions are closer to that of component 2.
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Figure 9: First mode of deformation applied to the segmentation of the template brain
at age 31 GW. Top three rows: axial, coronal and sagittal views. Leftmost
columns: geodesic shooting of the template brain by the first mode of deformation
at —40 and —20. Central column: template brain. Rightmost columns: geodesic
shooting of the template brain by the first mode of deformation at +2¢ and +40.
Bottom row: distribution of the subjects scores on component 1. B: brainstem.
C: corpus callosum. G: cingulate gyrus. H: hippocampi. O: occipital cortex. S:
superior temporal sulcus. T: thalami. V: lateral ventricles.
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