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Abstract

Background. Temporal lobe epilepsy (TLE) is the most common drug-resistant
epilepsy in adults. While TLE is typically associated with mesiotemporal atrophy
on MRI, hippocampal volumes are normal in 30% of patients. Moreover, there is
growing evidence that developmental abnormalities altering hippocampal
morphology as well as inferiotemporal sulco-gyral patterns participate in the
pathogenesis of this condition. Indeed, about 40% of TLE patients show atypical
shape and positioning of the hippocampus and collateral sulcus, commonly
referred to as malrotation. To date, morphometric analysis of the mesiotemporal

lobe pathology in TLE has been limited to MR volumetry.

Objectives. The overall goal of this Thesis was to develop advanced
morphometric methods to statistically model aspects of pathology that have not
been previously assessed on MRI and that are not evident in measurement of
total volume. We first developed surface-based techniques that independently
quantify small-scale focal atrophy, positional changes and sulcal variants, and
investigated their clinical significance. We then quantitatively evaluated the
impact of these morphological features (i.e., atrophy and developmental shape
and positioning anomalies) on the performance of state-of-the-art hippocampal
segmentation algorithms. Lastly, we developed a novel hippocampal
segmentation method based on a multi-template approach that relies on

statistical parametric surface models and locoregional texture features.
Methods. We carried out the following experiments: 1) After extracting the
spherical harmonics combined with point distribution models (SPHARM-PDM)

from manual hippocampal labels, we computed displacement vectors between
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individual surfaces and the template. Then, we computed surface-based
Jacobian determinants (SJD) from these vectors to localize volume changes. To
analyze positional variants, we constructed a mean meridian axis (MEMAX),
inheriting the shape-constrained point correspondences of SPHARM, on which
we compute local curvatures and position vectors. We validated our method on
synthetic shapes. 2) Using the metrics developed in (1), we investigated patterns
of mesiotemporal pathology in TLE, by performing point-wise group comparisons
between patients with hippocampal atrophy (TLE-HA), those with normal
hippocampal volume (TLE-NV), and healthy controls. In addition, we assessed
the yield of our 3D surface-based shape modeling to lateralize the seizure focus
and predict seizure outcome after surgery. 3) Brain sulci were automatically
identified and labeled on MRI using a congregation of neural networks. 3D sulcal
models mapped on the cortical surface were inspected visually. We used four
sulcal patterns classes to describe the sulcal arrangement in the inferior surface
of the temporal lobe. 4) We segmented the hippocampus in controls and TLE
patients using SACHA, a region-growing algorithm constrained by anatomical
priors, and FreeSurfer, a freely available atlas-based software. To quantify
malrotation, 3D models were created from manual hippocampal labels and
automatically extracted collateral sulci. Segmentation accuracy of automated
techniques was evaluated relative to manual labeling using the Dice similarity
index and surface-based shape mapping, for which we computed vertex-wise
displacement vectors between automated and manual segmentations. We then
correlated segmentation accuracy with malrotation features and atrophy. 5) We
developed a novel segmentation algorithm (SurfMulti) to statistically estimate
locoregional texture and shape using a surface-based approach that guarantees
shape-inherent point-wise correspondences. To account for inter-subject
variability, including shape variants, we used a multi-template library derived from
a large database of controls and patients. We compared the performance of

SurfMulti to SACHA and FreeSurfer and against manual labeling.

Results. We were able to unambiguously disentangle local volume from

positional changes by quantifying independently both morphological
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characteristics. Our analysis showed that in TLE patients atrophy and positional
changes co-occurred at the level of the posterior hippocampus. Compared to
standard volumetry, our technique showed increased sensitivity by unveiling
subtle ipsilateral hippocampal atrophy in TLE-NV, ipsilateral amygdalar and
contralateral hippocampal and entorhinal pathology in both TLE groups. A
combined surface-based analysis of all three mesiotemporal lobe structures
correctly lateralized the seizure focus in 94% of patients with TLE-NV, as
opposed to 73% using standard volumetry. 3D analysis of basal temporal sulcal
morphology revealed that the majority of TLE patients exhibit a single-branch,
unbroken long collateral sulcus as compared to healthy control subjects. With
respect to the influence of morphological anomalies on the performance of
automated techniques, we found that SACHA overestimated the volume of the
lateral convexity of the hippocampus in cases with malrotation, but behaved
relatively well in the presence of atrophy. The performance of FreeSurfer, on the
other hand, was affected by both hippocampal malrotation and atrophy. We also
found that the automated procedures detected smaller effect sizes of
hippocampal atrophy and tended to be less accurate for seizure focus
lateralization compared to manual volumetry. Our proposed hippocampal
segmentation method integrating deformable parametric surfaces and multiple
templates in a unified framework achieved a level of accuracy in TLE patients
virtually identical to healthy controls, with a Dice index of 86.1%. Such
performance has not yet been paralleled in epilepsy. Vertex-wise surface-based
shape mapping showed that SurfMulti with adaptive weight had an excellent
overlap with manual labels, with sub-millimetric precision. Furthermore, we
achieved the same sensitivity than manual volumetry in detecting atrophy

ipsilateral to the seizure focus.

Significance. = The analytical framework we developed is intended to
substantially improve MRI analysis so that it can fulfill its role for surgical target
localization and post-surgical outcome prediction, the two main challenges of
contemporary epilepsy surgery. Our results show that a better understanding of

mesiotemporal lobe pathology lies in the evaluation of various brain
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morphological characteristics. By statistically modeling and localizing aspects of
mesiotemporal pathology related to atrophy, positional changes and sulcal
variants across the spectrum of drug-resistant TLE, we showed the ability of
advanced post-processing of anatomical MRI to unveil anomalies not otherwise
detected on visual evaluation or volumetric analysis. The developed
methodology and techniques can be extended to assess structural changes in
neurological and neuropsychiatric disorders in which the temporal lobe is

involved.
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Résumeé

Contexte. L'épilepsie du lobe temporal (ELT) est I'épilepsie pharmaco-résistante
la plus commune chez I'adulte. Généralement associée a une atrophie temporo-
mésiale visible par IRM, les volumes hippocampiques sont pourtant normaux
dans 30% des cas d'ELT. De plus, il y a de plus en plus d'indices montrant que
des anomalies du développement, qui altérent la morphologie hippocampique et
les motifs sulco-gyraux temporo-mésiaux, participent a la pathogénése de cette
épilepsie. En effet, 40% des ELT exhibent une forme et un positionnement
atypiques de I'hippocampe et du sillon collatéral, effet communément appelé
"malrotation". Jusqu'a présent, I'analyse morphométrique de la pathologie ELT

du lobe mésiotemporal s'est limitée a de la volumétrie sur IRM.

Objectifs. Le but général de cette thése a été le développement de méthodes de
morphométrie avancées qui permettront de modéliser statistiquement des
aspects de la pathologie qui n'ont pas été évalués antérieurement par IRM, et qui
n‘apparaissent pas de maniére évidente par des mesures de volume total. Nous
avons tout d'abord développé des techniques surfaciques qui quantifient,
indépendemment, des atrophies focales de petite étendue, des écarts de
position ainsi que des variantes de formes de sillons, et nous avons étudié leur
significativité clinique. Nous avons ensuite évalué quantitativement l'impact de
ces caractéristiques  morphologiques  (l'atrophie et les anomalies
développementales de forme et de position) sur la performance des algorithmes
de segmentation de I'hippocampe les plus avancés du moment. Enfin, nous
avons développé une nouvelle méthode de segmentation de I'hippocampe basée
sur une approche de type "multi-templates" (modéles multiples), qui s'appuie sur
des modeéles statistiques paramétriques surfaciques et des caractéristiques

locorégionales de textures.
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Méthodes. Nous avons réalisé les expériences suivantes: 1) Aprés avoir extrait
les harmoniques sphériques combinées a des modeéles de distribution de points
(SPHARM-PDM) a partir de segmentations hippocampiques manuelles, nous
avons calculé des vecteurs de déplacement entre les surfaces individuelles et le
modéle. Nous avons alors calculé des déterminants jacobiens surfaciques (SJD,
Surface-based Jacobian Determinants) a partir de ces vecteurs afin de localiser
des changements de volume. Pour analyser les différences de position, nous
avons construit un axe méridien médian (MEMAX), qui reprend les
correspondances de points, contraintes par la forme, de SPHARM, et sur lequel
les courbures locales et les vecteurs de positions sont calculés. Notre méthode a
été validée sur des formes synthétiques. 2) A I'aide des métriques développées
en (1), nous avons étudié les motifs de pathologie mésiotemporale chez les
patients ELT, en effectuant des comparaisons de groupes, point a point, entre
des patients atteints d'une atrophie hippocampique (TLE-HA), ceux dont le
volume hippocampique est normal (TLE-NV), et des contréles sains. De plus,
nous avons évalué la capacité de notre modélisation de formes surfacique 3D a
latéraliser le foyer épileptogéne et a prédire l'issue de la chirurgie. 3) Les sillons
corticaux ont été automatiquement extraits et identifiés a partir d'images IRM
grace a un modele utilisant une assemblée de réseaux neuronaux artificels.
Nous avons inspecté visuellement en 3D les arrangements sulcaux de la face
inférieure du lobe temporal, et les avons décrits en quatre classes de motifs. 4)
Nous avons segmenté I'hippocampe des sujets contrOle et des patients ELT en
utilisant SACHA, un algorithme de croissance de région contraint par des a priori
anatomiques, et FreeSurfer, un logiciel libre se basant sur un atlas. Pour
quantifier les malrotations, des modéles 3D ont été créés a partir des
segmentations manuelles d'hippocampes et des sillons collatéraux extraits
automatiquement. La précision de la segmentation de I'hippocampe par les
techniques automatiques a été évaluée en comparaison a la segmentation
manuelle, en utilisant l'indicie de similarité de Dice, ainsi qu'une analyse
surfacique de formes, pour laquelle nous avons calculé noeud par noeud des
vecteurs de déplacement entre les segmentations automatiques et manuelles.
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Nous avons ensuite corrélé la précision des segmentations aux caractéristiques
de malrotation et d'atrophie. 5) Nous avons développé un nouvel algorithme de
segmentation (SurfMulti) qui estime statistiquement la texture locorégionale et la
forme, a 'aide d'une approche surfacique qui garantit des correspondances point
a point basées sur les formes. Pour prendre en compte la variabilité inter-
individuelle, y compris les variantes de formes, nous avons utilisé une
bibliotheque de modéles multiples établie a partir d'une large base de données
de sujets contrOles et de patients. Nous avons comparé la performance de
SurfMulti & celles de SACHA et de FreeSurfer, ainsi qu'aux segmentations

manuelles.

Résultats. Nous avons pu clairement dissocier les changements du volume local
des changements de position en quantifiant indépendemment ces deux
caractéristiques morphologiques. Notre analyse a montré que chez les patients
ELT, une atrophie et des changements de position existent conjointement, au
niveau postérieur de I'hippocampe. En comparaison a la volumétrie classique,
notre technique a montré une meilleure sensibilité en dévoilant des atrophies
ipsilatérales subtiles chez les sujets TLE-NV, des pathologies amygdalaires
ipsilatérales ainsi qu'hippocampiques controlatérales, et entorhinales, dans les
deux groupes de patients ELT. Une analyse surfacique combinée des trois
structures du lobe temporo-mésial ont pu latéraliser le foyer des crises chez 94%
des patients ELT-NV, contre 73% en utilisant la volumétrie classique. L'analyse
3D de la morphologie sulcale du lobe temporal basal a révélé que la majorité des
patients ELT présentent un sillon collatéral ininterrompu, d'une seule longue
branche, contrairement & de nombreux sujets sains. Concernant l'influence des
anomalies morphologiques sur la performance des techniques automatiques,
nous avons observé que SACHA surestime le volume de la convexité latérale de
I'nippocampe dans les cas de malrotation, mais se comporte relativement bien
en présence d'atrophies. L'efficacité de FreeSurfer est en revanche affectée a la
fois par la malrotation de I'hippocampe et par I'atrophie. Nous avons également
observé que les procédures automatiques affichent de plus faibles effets

d'atrophie hippocampique et ont tendance a étre moins précis pour latéraliser les
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foyers des crises que la volumétrie manuelle. La méthode de segmentation
hippocampique que nous proposons, qui intégre des surfaces paramétriques
déformables et des modeles multiples dans un cadre unifié, obtient un niveau
d'efficacité pratiguement identique chez les patients ELT et chez les sujets
controles, avec un indice Dice de 86,1%. Une telle performance n'a jamais été
égalée en épilepsie. L'analyse de forme surfacique au niveau des noeuds a
révélé que SurfMulti avec une pondération adaptative obtenait un excellent
recouvrement avec les segmentations manuelles, d'une précision plus fine que le
millimétre. De plus, nous obtenons la méme sensibilité que la volumétrie

manuelle pour la détection d'atrophies ipsilatérales au foyer épileptogene.

Significativité. Le cadre d'analyse que nous avons développé a pour but
d'améliorer sensiblement |'analyse des IRM de maniere a permettre son
application a la localisation de cibles pour la chirurgie ainsi que pour la prédiction
des conséquences post-chirurgicales. Ces applications constituent les deux
principaux défis de la chirurgie de I'épilepsie contemporaine. Les résultats
montrent qu'une meilleure compréhension des pathologies du lobe temporo-
mésial passe par |'évaluation de plusieurs caractéristiques morphologiques du
cerveau. En modélisant statistiquement et en localisant divers aspects de la
pathologie mésiotemporale reliés a I'atrophie, les changements de positions ainsi
que les variantes sulcales, pour tout le spectre des ELT pharmaco-résistantes,
nous avons montré que le post-traitement des IRM anatomiques est capable de
dévoiler des anomalies qui ne sont pas détectées par I'analyse visuelle ou par
I'analyse volumétrique. La méthodologie et les techniques développées pourront
étre étendues pour évaluer les changements structurels liés aux troubles
neurologiques et neuropsychiatriques dans lesquels le lobe temporal est

impliqué.
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Chapter1

Introduction

Epilepsy, a brain disorder that affects 1% of the population, is characterized by
recursive seizures that are episodes of abnormal, hypersynchronous neuronal
activity in the brain, ultimately impairing a patient’'s social skills (Fisher et al.,
2005). In pharmacologically intractable focal epilepsies, the epileptogenic zone
generating seizures is associated with a structural brain lesion. The most
common form of intractable focal epilepsy is temporal lobe epilepsy (TLE) related
to mesiotemporal sclerosis (MTS), which appears as atrophy and signal changes
on MRI (Berkovic et al., 1991; Jackson et al., 1990). Surgical removal of the
MTS detected on MRI is the only effective treatment, offering seizure freedom in

more than 70% of cases (Schramm and Clusmann, 2008).

In TLE, the majority of MRI studies have focused on volumetry of the
mesiotemporal lobe (Bernasconi et al., 2003b; Jackson et al., 1993a; Kuzniecky
et al.,, 1999). Although this technique allows for a correct lateralization of the
seizure focus, hippocampal volumes are normal in 30% of TLE patients. In these
patients, however, histopathology of surgical specimens reveals subtle sclerosis.
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Moreover, it remains unclear whether mesiotemporal lobe structural atrophy is
driven by widespread or focal morphological changes. Indeed, volumetry alone
does not allow for the detection of focal abnormalities, which might be an
important prognostic factor when determining the area of mesiotemporal lobe to

be resected at surgery.

Advanced surface-based shape models, including deformation-based mapping
(Csernansky et al., 2000; Hogan et al., 2006; Posener et al., 2003; Wang et al.,
2001) and spherical harmonics description combined with point distribution
models (SPHARM-PDM), have allowed for the localization of morphological
changes that may not be readily visible on MRI (Styner et al., 2006), and have
successfully identified hippocampal pathology in various brain disorders (Hogan
et al., 2004; Styner et al., 2004). However, the displacement metric provided by
these approaches is unable to differentiate volume changes from positional

differences, making biological interpretations of findings difficult to ascertain.

Manual labeling is considered the gold standard to measure hippocampal volume,
as it is accurate, reproducible, and sensitive (Bernasconi et al., 2003b; Jackson
et al., 1993a; Kuzniecky et al., 1999). On the other hand, its time-consuming
nature, rater-bias and the increased demand to study large cohorts of healthy
and diseased populations have motivated the development of automated
segmentation procedures. In TLE, automatic segmentation algorithms have
generally shown worse agreement to manual labels than in controls (Akhondi-Asl
et al.,, 2011; Avants et al., 2010; Chupin et al., 2009b; Hammers et al., 2007;
Heckemann et al., 2010; Pardoe et al., 2009). The reduced performance may
stem from factors other than atrophy, as previous approaches achieved similar
accuracy in patients with Alzheimer's disease as in healthy subjects, a
degenerative disorder associated with marked hippocampal atrophy (Barnes et
al., 2008; Chupin et al., 2009b; Leung et al., 2010). In addition to atrophy, a
significant proportion of TLE patients show hippocampal malrotation, the atypical
morphology of the hippocampus and its surrounding structures (Bernasconi et al.,
2005a; Voets et al., 2011), which is considered a marker of neurodevelopmental
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anomalies (Baulac et al., 1998) and etiological factors contributing to the

pathogenesis of this condition (Blumcke et al., 2002; Sloviter et al., 2004).

Furthermore, hippocampal malrotation may co-occur with unusual morphology of
the collateral sulcus as early fetal pathologic mechanisms affecting hippocampal
development may also trigger anomalies in the neighboring areas through
cortico-cortical projection fibers. This hypothesis is supported by studies of
various brain disorders including schizophrenia (Connor et al., 2004; Jou et al.,
2005; Kikinis et al., 1994; Kulynych et al., 1997; Sallet et al., 2003) and autism
(Levitt et al., 2003; Salmond et al., 2005) showing hippocampal malrotation

coincident with abnormal cortical folding in the temporal lobe.

In the presence of such anatomical anomalies, automatic segmentation
algorithms may fall into abnormal local minima when using a template based on
healthy subjects or prior-knowledge of normal anatomy.  Multi-template
approaches offer an appropriate framework to account for structural variability by
selecting a subset of atlases from a database, which best describe the
anatomical characteristics of the target structure. To date, these techniques
have been volume-based and applied to the segmentation of healthy hippocampi
(Aljabar et al., 2009; Collins and Pruessner, 2010).

The three overall purposes of this Thesis are to: i) develop surface-based
techniques that can independently quantify focal atrophy, positional variations
and sulcations; ij) evaluate the impact of these morphometric anomalies on
automatic segmentations; iij) propose a robust automated segmentation of
mesiotemporal structures by taking into account temporal lobe morphological

variants.

We addressed the following five specific objectives:
1. Developing surface-based analysis of the Jacobian determinant to allow for
the quantification of focal volume changes and constructing a medial axis

model to quantify fine-scale local position and curvature.
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2. Investigating in vivo static and dynamic patterns of mesiotemporal subfield
pathology in TLE using 3D surface-based shape modeling.

3. Categorizing the sulcal morphological patterns of the mesiotemporal region
in patients and healthy controls.

4. Evaluating the impact of hippocampal malrotation on the performance of
automated hippocampal segmentation algorithms.

5. Developing an automatic segmentation method based on a multi-template
approach that statistically models parametric surfaces and locoregional

texture features.

The Thesis is organized as follows: Chapter 2 reviews the relevant literature.
Chapters 3 to 5 are a series of manuscripts that describe the proposed methods
and the performed experiments. The final Chapter summarizes the key findings

and highlights the significance of this work.
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Chapter 2

Background

2.1 Epidemiology of temporal lobe epilepsy

Epilepsy is a serious health problem that affects people of all ages, races and
socioeconomic backgrounds. It is the most prevalent chronic neurologic disorder
in Canada and affects about 1% of the population (Hauser and Hesendorffer,
1990; Wiebe et al., 1999). Epilepsy is the second most common cause of mental
health disability, particularly among young adults (Murray et al., 1994) and
accounts for a worldwide burden of illness similar to that of breast cancer in
women and lung cancer in men (Kale, 1997). Complex partial epilepsy of
temporal lobe origin accounts for 40% of all epilepsies in adults (Engel, Jr., 1996).
In the majority of patients with temporal lobe epilepsy (TLE), seizures occur with
a sufficient frequency to impair the patient’s quality of life despite optimal drug
therapy. There are more than 20,000 candidates for assessment of possible
surgical management across Canada (McLachlan, 2001). A recent randomized
trial of surgery for TLE performed in Canada confirmed the superiority of surgery

over medical therapy in terms of control of seizures, quality of life, rates of
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employment and school attendance among patients with poorly controlled
seizures (Wiebe et al., 2001). Fortunately, the majority of these patients can be

helped by surgery, providing the seizure generator can be identified.

2.2 Pathology and electrophysiology in temporal lobe epilepsy

Histopathological descriptions of hippocampal sclerosis are based on
macroscopic examination of autopsy brain specimens (Margerison and Corsellis,
1966; Meencke and Veith, 1991), and have been refined through microscopic
analysis (Bruton, 1988) and neuronal counts (Babb et al., 1984; Blimcke et al.,
2007; de Lanerolle et al., 2003; Thom et al.). In a semi-quantitative study of a
large number of hippocampal specimens obtained at surgery, an unbiased
clustering technique identified severe CA1 neuronal loss in the vast majority of
cases, whereas the other subfields were only moderately affected (Bliumcke et al.,
2007). The pathogenesis and functional significance of hippocampal sclerosis
are still poorly understood.

Early studies of surgically resected specimens demonstrated that neuronal
damage is not limited to the hippocampus, but extends to other mesiotemporal
structures including the amygdala as well as the surrounding cortical areas,
particularly the entorhinal cortex (Cavanagh and Meyer, 1956; Falconer et al.,
1964; Margerison and Corsellis, 1966; Bruton, 1988; Meencke and Veith, 1991).
However, a comprehensive evaluation of the mesiotemporal structures is limited
as tissue obtained from surgical resections may be incomplete due to partial
resections or fragmented as a result of sub-pial aspiration (Braak and Braak,
1992; Schramm and Clusmann, 2008). Nevertheless, histological changes in the
amygdala have been shown, either in the presence (Bruton, 1988; Falconer et al.,
1964) or absence (Hudson et al., 1993) of hippocampal sclerosis. In a study
based on the examination of surgical specimens, astrogliosis and neuronal loss
was seen predominantly in layer Ill of the entorhinal cortex (Du et al., 1993).

More recently, histopathological examination of surgical specimen showed
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variable degrees of pathological changes in all layers of the entorhinal cortex
(Yilmazer-Hanke et al., 2000) and significant inter-individual variation in the

lesion distribution within layers.

Although electrophysiological studies have demonstrated that mesiotemporal
seizures originate in the hippocampus, there has been abundant evidence that
mesiotemporal structures other than hippocampus participate in seizure
generation and propagation (Feindel and Penfield, 1954; Piredda and Gale,
1985; Hudson et al., 1993). Mesial temporal lobe seizures may in fact involve

multiple limbic generators (Wilson et al., 1988; Spencer et al., 1992).

In animal models of TLE, the entorhinal cortex has been shown to contribute to
the development and maintenance of epileptiform activity in the temporal lobe
(Du et al., 1995b; Bragin et al., 1997). In acute animal experiments, electrolytic
lesions or electric stimulation and administration of chemoconvulsants to this
region can effectively induce seizures in the hippocampus (Collins et al., 1983).
Furthermore, in vitro studies of focal epileptogenesis in combined hippocampal-
entorhinal slices have demonstrated that the entorhinal cortex possesses an
intrinsic capacity to generate epileptiform discharges (Bear and Lothman, 1993).
On the other hand, damage to the entorhinal cortex may contribute to long-
lasting changes in its excitability and may therefore play a primary role in the
genesis of temporal lobe seizures (Scharfman et al., 1998). After an extended
seizure period, irreversible neuronal damage appears in the entorhinal cortex
within 48 hours, and is followed by neuronal loss and gliosis in other areas such
as the subiculum, CA1 subfield of the hippocampus and amygdala. Since
entorhinal cortical neurons are heavily interconnected to the subiculum and CA1
subfield of the hippocampus (Witter et al., 1988), it has been postulated that
entorhinal neurodegeneration may secondarily result in hippocampal
hyperexcitability and thus contribute to limbic seizures (Du et al., 1995a). There
is also evidence that by reducing hippocampal output activity and abolishing the
inhibitory control over the entorhinal cortex, cell damage in the CA3-CA1 areas of
the hippocampus releases entorhinal cortical network hyperexcitability
(D'Antuono et al., 2002). Therefore, a change in the network interaction between
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the hippocampus and the entorhinal cortex is believed to confer properties to the

damaged limbic system that allow for the production of recurrent limbic seizures.

Human electrophysiological data also indicate that the entorhinal cortex is part of
the epileptogenic network in TLE (Rutecki et al., 1989; Spencer and Spencer,
1994). Investigations with stereotaxically implanted electrodes have shown that
seizures may originate not only in the amygdala and the hippocampus but also in
the entorhinal cortex (Spencer and Spencer, 1994). Some studies have
suggested that potentials recorded with scalp or depth electrodes may reflect
seizure activity that begin in the hippocampus or be the result of hippocampal
amplification of a signal from the entorhinal cortex (Spencer and Spencer, 1994;
Swanson, 1995). It has also been shown that intraoperative stimulation of the
entorhinal cortex may induce a hippocampal response identical to interictal
spikes (Rutecki et al., 1989; Wilson et al., 1990). Moreover, analyzing limbic
system pathways using neuronal responses evoked by electrical stimulation
(Wilson et al., 1990) found that the strongest functional connections were
between hippocampus, entorhinal cortex and presubiculum, the latter two being

in a critical position to modulate and control the activity of the hippocampus itself.

2.3 Mesiotemporal lobe structures on MRI: morphological

changes in TLE

The increasing sophistication of MR image acquisition methods allows for in vivo
visualization of brain structures in detail. This imaging technique has been
demonstrated to provide a reliable morphological indicator of pathologic findings
underlying TLE, including neurological damages in mesiotemporal structures
(Figure 2.1). In this section, such morphological changes in TLE, which has

been observed in previous studies, and their clinical implication are reviewed.
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sagittal view coronal view axial view

Amygdala

Hippocampus
PP P Entorhinal cortex

Figure 2.1. Anatomy of the mesiotemporal structures.

Manual segmentations of the hippocampus, amygdala and entorhinal cortex on 3T high
resolution isotropic T1-weighted MRI (fop), as well as their 3D surface rendering of a
healthy subject (bottom).

2.3.1 Quantitative MRI of mesiotemporal sclerosis

The most common MRI-markers of hippocampal sclerosis include hippocampal
atrophy (Figure 2.2), measured as a reduction in hippocampal volume on T1-
weighted images (Cascino et al., 1991; Cendes et al., 1993a) and hippocampal
hyperintensity on T2-weighted images (Berkovic et al., 1991; Jackson et al.,
1990).
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T1-weighted T2-weighted

patient with hippocampal sclerosis

Figure 2.2. MRI of a healthy subject (top) and a patient with right sided hippocampal
sclerosis (bottom). The most common MRI markers of hippocampal sclerosis are
hippocampal atrophy or shrinkage on T1-weighted images (leff) and hyperintensity of
T2-weighted images (right).

Indeed, for the last two decades, MRI volumetry has been the most commonly
employed quantitative technique to assess mesiotemporal lobe pathology. In
TLE, hippocampal atrophy is considered a surrogate marker of hippocampal
sclerosis, as the degree of atrophy correlates with the severity of neuronal loss in
the cornu Ammonis (CA), particularly CA1 (Cascino et al., 1991).

The clinical utility of hippocampal volumetry stems from its ability to correctly
lateralize the seizure focus in 70-80% of patients (Cascino et al., 1992b; Cendes
et al.,, 1997; Jack et al., 1992), and its value in predicting post-surgical seizure
outcome (Arruda et al., 1996; Berkovic et al., 1995; Cohen-Gadol et al., 2006;
Jack et al.,, 1992; Mcintosh et al., 2001; Schramm and Clusmann, 2008).
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However, since this method provides a global estimate of atrophy, its sensitivity
to detect subtle diffuse or focal anomalies is limited. Indeed, in up to 30% of
patients with unambiguous electroclinical features of drug-resistant TLE,
hippocampal volumetry is unremarkable, despite the presence of mild degrees of
sclerosis on histology (Bernasconi et al., 2001; Jackson et al., 1994). Moreover,
volumetry fails to predict a favorable outcome in about 30% of patients, even in
the presence of hippocampal atrophy ipsilateral to the seizure focus (Antel et al.,
2002b).

Atrophy in the entorhinal cortex is found in a large spectrum of TLE patients,
including those with hippocampal atrophy (Bernasconi et al., 1999; Jutila et al.,
2001) and normal hippocampal volumes (Bernasconi et al., 1999; Bernasconi et
al., 2001), supporting the hypothesis that this structure plays a pivotal role in the
epileptogenic network of this condition (Bartolomei et al., 2005; Roch et al., 2002).

Volumetric studies concur that damage to the mesiotemporal lobe involves not
only the hippocampus, but also the amygdala, although the sensitivity of
detecting atrophy in the latter is low (Bernasconi et al., 2003b; Bonilha et al.,
2003; Silva et al., 2010).

In drug-resistant TLE, longer disease duration has been consistently associated
with progressive atrophy of mesiotemporal lobe structures (Bernasconi et al.,
2005b; Fuerst et al., 2003; O'Brien et al., 1999; Seidenberg et al., 2005;
Theodore et al., 1999; Van Paesschen et al., 1998). Most studies have been
based on cross-sectional analyses that generally offer the advantage of large
sample sizes. The drawback of this approach is the confounding effect of age,
because it is highly correlated to disease duration (Bernhardt et al., 2009).
Alternatively, longitudinal designs based on relatively short interscan intervals
remove potential aging confounds. Moreover, as they control for intersubject
variability, statistical sensitivity to detect subtle changes increases (Bernhardt et
al., 2009).
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2.3.2 Hippocampal malrotation: a biological marker of

developmental abnormalities

There is growing evidence that hippocampal developmental abnormalities
participate in the pathogenesis of a number of disorders, including epilepsy
(Baulac et al., 1998; Fernandez et al., 1998; Thom et al., 2002a), schizophrenia
(Connor et al., 2004) and autism (Lord et al., 2000; Salmond et al., 2005). These
abnormalities are thought to be secondary to the incomplete inversion of the fetal
hippocampus and atypical folding process of adjacent cortices. To date, the in
vivo identification of such changes, generally referred to as malrotation, have

been based on the visual description on MRI.

Normal hippocampus and collateral sulcus Medially positioned hippocampus

Round and vertically oriented hippocampus Deep collateral sulcus

Figure 2.3. Morphological characteristics of malrotation on MRI: hippocampal medial
positioning, roundness and vertical orientation, increased collateral sulcus depth. Dotted
lines: distance between the midsagittal line and the centroid of the hippocampus in red;

hippocampal sulcus in yellow; collateral sulcus in green

Malrotation is mainly characterized by a globular, and atypically orientated
hippocampus, as well as an unusually deep and verticalized collateral sulcus
(Figure 2.3) (Bajic et al., 2008; Barsi et al., 2000b; Baulac et al., 1998). Using
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these criteria, we previously showed that hippocampal malrotation is more
prevalent in patients with epilepsy than healthy controls (Bernasconi et al.,

2005a). Indeed, it is present in 43% of patients with pharmacoresistant TLE.

The visual analysis of malrotation, however, becomes challenging mainly due to
the complex and convoluted anatomy of the hippocampal formation as well as its
surrounding structures. Indeed, coincident anomalies in neighboring structures
may influence the rater’s judgment. For instance, an observer may perceive a
collateral sulcus abnormally deep simply because it protrudes into an empty
choroid fissure, and not because it is effectively deep. Previous visual
evaluations have been performed in native MRI space, thus hindering an
objective identification of morphological changes independent of head positioning
and slice orientation.  Furthermore, the terminology and selection of the
evaluation criteria vary considerably, making an unbiased comparison across
studies unlikely.

2.4 Computational models of abnormal morphology

A central factor in the increasingly widespread application of computational
neuroanatomy approaches in medicine has been the development of
sophisticated mathematical and algorithmic methods for extracting and modeling

clinically significant and scientifically important information from image data.

Computational model-based techniques aim at quantifying morphological
characteristics of brain structures and allow for the comparison of these features
between controls and patients. These methods allow for the generation of 3D
parametric maps that should be ultimately reproducible and rater-independent.
Image processing methods are becoming increasingly sophisticated and the

tendency is to develop as much automation as possible.
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2.4.1 Voxel-based morphometry

Even though the most accurate volume measurement is achieved by manual
delineation of a given brain structure, this process is time-consuming (i.e., about
3 hours for both hippocampi and amygdalae), thus making it difficult to study
large cohorts of healthy and diseased populations. Moreover, different criteria in
defining anatomical boundaries between centres prevent the direct comparison

across studies.

Voxel-based morphometry (VBM) (Ashburner and Friston, 2000, 2001; Good et
al., 2001) has been extensively used to assess structural abnormalities in various
types of brain disorders as it permits the automatic identification of regional
differences in the amount of gray matter (GM) and white matter (WM) without a
priori region of interest (Bernasconi et al., 2004; Chetelat et al., 2002; Keller et al.,
2004; Wilke et al., 2004). After image preprocessing including intensity non-
uniformity correction and linear spatial normalization, MR images are fed into an
automated classifier that categorizes voxel intensities into GM, WM or cerebro-
spinal fluid (CSF). Binarized tissue-specific maps are blurred using an isotropic
Gaussian kernel to generate tissue density estimates at each voxel, with which
statistical inference is performed to assess differences of GM or WM tissue
concentration between groups. To improve the sensitivity to detect changes in
small regions, this standard VBM procedure underwent a set of major
moadifications, including an optimization based on the integration of tissue specific
templates as well as a modulation step that adjusts tissue density estimates with
Jacobian determinants computed in the nonlinear registration step (Good et al.,
2001).

Both the traditional and optimized VBM techniques have been widely applied to

TLE. In general, using VBM, findings in mesiotemporal lobe structures are not as

marked as those detected by manual volumetry and are inconsistent between

studies. Hippocampal atrophy has been reported in one initial study (Duncan,

1997). Yet, about 30% of subsequent VBM studies have not identified the

epileptic focus in patients with unilateral hippocampal atrophy (Keller and
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Roberts, 2008). Furthermore, a few TLE studies reported entorhinal volume
reduction, even though this structure is often implicated in seizure generation and
propagation (Gloveli et al., 1998; Miettinen et al., 1998; Schwarcz and Witter,
2002; Wozny et al., 2005) and has been consistently shown to be atrophic in
studies based on manual volumetry (Bernasconi et al., 1999; Bernasconi et al.,
2000; Bernasconi et al., 2003b; Bernasconi et al., 2001; Jutila et al., 2001).

The inconsistent results and lower sensitivity of VBM relative to volumetry may
be explained by several factors. First, in most studies, the quantification of
volume changes in small mesiotemporal lobe structures was done using with a
smoothing kernel larger than 10mm, making the detection of volume variations in
a region smaller than this kernel size unlikely. Second, it is possible that
inaccurate spatial normalization, due to the fact that VBM relies on intensity-
based correspondences, may increase inter-subject variability or misplace the
loci of volume changes. Third, computation of tissue density in VBM is heavily
dependent on accurate tissue segmentation. In particular, the optimized VBM
approach uses tissue-specific templates in the nonlinear registration step (Good
et al., 2001). However, due to noise and local intensity non-homogeneities that
may persist even after corrections, automated procedures may still yield

inaccurate tissue segmentation (Cardoso et al., 2011).

24.2 Deformation-based morphometry

To overcome the above-mentioned limitations of VBM, deformation-based
morphometry (DBM) has been developed. DBM is a quantitative image analysis
technique that evaluates information contained within the vector field generated
by the nonlinear warping of an individual MRI scan to a reference template
(Ashburner et al., 1998b; Bookstein, 1997; Chung et al., 2001a; Thompson et al.,
2000). This technique has been employed broadly to assess morphological
changes occurring in brain development or related to brain disorders (Ashburner
et al., 1998a; Brambati et al., 2009; Cardenas et al., 2007; Chung et al., 2001a;
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Gogtay et al., 2008; Whitford et al., 2007). In contrast to VBM, DBM does not
require tissue segmentation, and mis-registration is minimized (Brambati et al.,
2007; Lau et al., 2008; Pieperhoff et al., 2008; Tosun et al., 2011; Whitford et al.,
2007), prompting its use for the analysis of longitudinal data (see Figure 2.4).

Longitudinal DBM studies in TLE have been limited, since only a fraction of
patients with intractable seizures refuse surgical treatment. A recent DBM study
analyzing children with newly diagnosed, mostly medically-tractable focal
epilepsy found bilateral progressive hippocampal atrophy (Tosun et al., 2011),

with no other structural changes in the mesiotemporal lobe.

Nevertheless, due to the isotropic Gaussian kernel-based smoothing, DBM
suffers from limitations similar to those of general voxel-based analyses and has
low sensitivity in detecting anomalies in small brain structures.
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A Spatial normalization using linear transformation
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Baseline Follow-up

B Nonlinear registration between baseline and follow-up scans

Displacement vector fields Jacobian determinant map

Figure 2.4. Longitudinal DBM. A) For each subject, the baseline MRI scan (i.e.,
the 1% scan) is registered into Talairach space and the follow-up scan is linearly
transformed to the same space using the affine matrix computed from the
baseline scan. B) A nonlinear registration of follow-up MRI to the baseline-scan
and subsequent inverse transformation computes displacement vector fields.
Finally, on this vector fields, vertex-wise Jacobian determinants are calculated to
assess morphological changes over time.

2.4.3 Surface-based approaches

Unlike traditional volumetric or voxel-based approaches, surface shape models
and statistical maps permit the examination of highly localized morphological
differences between groups while providing shape-constrained point-wise
correspondences across subjects (Csernansky et al., 2002; Gerig et al., 2001;
Hogan et al., 2004; Morra et al., 2009; Nicolson et al., 2006; Styner et al., 2004;

Styner et al., 2006; Wang et al., 2001). Moreover, surface-based anisotropic
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smoothing using heat diffusion reduces noise and normalizes data distribution
along a manifold, thus increasing statistical power without loss in sensitivity
(Chung et al., 2001b).

Surface-based techniques mainly include deformation-based mapping
(Csernansky et al., 2000; Hogan et al., 2006; Posener et al., 2003; Wang et al.,
2001), spherical harmonics description combined with point-distribution models
(SPHARM-PDM) (Gerig et al., 2001; Styner et al., 2006) and central path-based
thickness mapping (Narr et al., 2004; Nicolson et al., 2006). These vertex-wise
computational methods have enabled the detection of regional alterations of
hippocampal morphology in neurological conditions such as Alzheimer’'s disease
(Csernansky et al., 2000; Wang et al., 2001), schizophrenia (Narr et al., 2004),
depression (Posener et al., 2003), autism (Nicolson et al., 2006) and epilepsy
(Hogan et al.,, 2004), even in the absence of significant volume reductions
(Csernansky et al., 2002; Hogan et al., 2008; Styner et al., 2004).

The central path-based thickness mapping measures a radial distance between a
vertex point and its corresponding point on the medial axis or surface (i.e., the
central path of a 3D object). In this method, the measurement is not biased
towards a template built from a sample group. However, due to the metric’s
symmetrical nature, local atrophy in a given structure may be mirrored to the
counterpart surface, thus obscuring the biological interpretation. Deformation-
based mapping and SPHARM-PDM, on the other hand, allows localizing
asymmetrically shape changes. In this approach, the signed surface normal
components of the displacement vectors between a given surface and the
template are generally used to describe inward/outward deformations, which
have been interpreted as the result of local volume changes (Figure 2.5). Yet,
this displacement metric is unable to differentiate volume changes from positional

differences.

Another type of surface-based technique is shape mapping based on the medial

surface. This method allows for the quantification of local positional changes by

assessing morphological variations of the skeleton extracted from a given 3D

object (Joshi et al., 2002; Styner et al., 2004). Since this approach generally
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relies on coarse-scale sampling, it may lack sensitivity to assess high-

dimensional features, making a plausible biological interpretation difficult.
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Figure 2.5. Displacement vector analysis. Manual labels are converted to
surface meshes (A). After minimal smoothing (B), labels are parameterized using
spherical harmonic description (C) and point-distribution models (D) (SPHARM-
PDM) ensuring point-wise correspondence through an icosahedron subdivision
(E top). Each individual surface is rigidly aligned to a template constructed from
the mean surface of controls (E bottom). Vertex-wise displacement vectors are
then calculated between each individual and the template. The surface normal
components of these vectors are used to quantify inward and outward

deformations (F).
patients and healthy controls (G).

46

Vertex-wise t-tests statistically infer differences between



2.4.4 Descriptive models

Although surface-based mathematical shape models (Bouix et al.,, 2005;
Csernansky et al., 2002; Nicolson et al., 2006; Shenton et al., 2002; Styner et al.,
2004) allow for the reliable assessment of local shape variations, correcting
rotation and positioning through rigorous inter-subject registration steps may
remove the inherent features of hippocampal malrotation.

On the other hand, descriptive models allow for the quantification of fundamental
morphological characteristics, such as orientation (Dunteman, 1989), length
(Ochiai et al., 2004), depth (Kochunov et al., 2005) and roundness (Rosin, 2003;
Voss and Suesse, 1997). These models are easy to interpret, insensitive to
noise and scaling (Rosin, 2003), and thus have the potential to detect subtle

shape and positional changes that characterize hippocampal malrotation.

Descriptive models may be also useful to improve segmentation results. For
example, use of kernel-based descriptive models identifying edges oriented at a
predefined angle successfully identifies voxels surrounding the hippocampus. A
region-growing based segmentation technique using these voxels to constrain
segmentation deformation has accurately segmented the hippocampus in

controls and patients with Alzheimer’s disease (Chupin et al., 2007).

2.5 Performance of automated segmentation in healthy and

pathological hippocampi

As discussed in section 2.3.1, temporal lobe epilepsy (TLE) is related to
hippocampal sclerosis, which appears as atrophy on MRI (Cascino, 2008;
Cendes et al., 1993b; Jackson et al., 1990). Detecting hippocampal atrophy is
clinically relevant as it allows for the lateralization of the seizure focus and thus,
the identification of the surgical target. Manual delineation of the hippocampus is
considered to be the gold standard, as it is accurate, reproducible, and sensitive
(Bernasconi et al., 2003b; Jackson et al., 1993b; Kuzniecky et al., 1999). On the
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other hand, high time requirement, rater-bias, and the increased demand to study
large cohorts of healthy and diseased populations have motivated the
development of automated segmentation procedures. Although there have been
numerous attempts to automate hippocampal segmentation, such procedures to
delineate structures with boundaries of unclear intensity contrast, such as those

of the hippocampus, have been considered a very challenging task.

2.5.1 Categorization of automatic segmentations

Most segmentation methods employ deformable surfaces, appearance-based or

atlas-based approaches.

Deformable surfaces iteratively deform the boundaries of an initial shape to find
the true border of the target structure while minimizing energy function. They
take advantage of boundary forces that can model Jocoregional
(on/inside/outside boundaries) intensity and texture features (Paragios, 2002;
Pitiot et al., 2004). Moreover, they allow the integration of prior anatomical
knowledge (e.g., shape, orientation, landmarks) (Kelemen et al., 1999; Leventon
et al., 2000).

Ghanei and colleagues (Ghanei et al., 1998) attempted to incorporate statistical
shape information using a deformable balloon model to segment healthy
hippocampi. Two subsequent studies used the mean shape of healthy subjects
in the initialization step and guided the deformation direction using principal
component analysis (PCA) (Kelemen et al., 1999; Leventon et al., 2000). These
methods constrained deformable surfaces to evolve within the range of normal
shape variation, thus preventing from biologically unreasonable deformations as
well as allowing the objective function to converge faster. However, in the
presence of anatomical variants, automatic approaches may fall into local minima
when using prior-information based on healthy subjects.

In the last decade, non-parametric deformable models using level-set
formulations were broadly used as they allow for more flexible deformations

against morphological and topological variations, thus enabling the simultaneous
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segmentation of multiple structures (Tsai et al., 2003; Yang and Duncan, 2004).
Earlier non-parametric deformable models were based on curve evolution and
geometric vector flow (Caselles et al., 1997; Malladi et al., 1995). Later, Chan
and Vese (Chan and Vese, 2001) proposed the use of a Mumford-Shah
functional that enables the deformable model to detect objects with boundaries
that are not necessarily fully defined by gradient data (i.e., with very smooth or
even with discontinuous boundaries). To statistically model anatomical variability
through these approaches, more recent studies combined geodesic active
contouring with shape and intensity distribution information using principal
component analysis (PCA) (Leventon et al.,, 2000; Yang and Duncan, 2004).
Non-parametric deformable models, however, do not allow for point-wise inter-
subject correspondences. This drawback complicates local sampling to capture
texture and shape characteristics within separate regional compartments.
Alternatively, the use of deformable parametric surfaces permits a vertex-wise
sampling scheme (Kelemen et al., 1999; Pitiot et al., 2004).

Appearance-based (or deformable template-based) approaches have been
developed to statistically capture surrounding information of a target structure
(Cootes et al., 2001; Yang and Duncan, 2004). Texture and shape of the target
structure and its surroundings are modeled by PCA (represented as a synthetic
mean volume image) with incremental deformation of the initial segmentation
along the principal axes representing anatomical variations of the training data.
The segmentation strives to minimize differences between target and synthetic
images. A previous study showed that these approaches decrease the
computational time considerably, but do not enhance performances compared to
atlas-based techniques (Duchesne et al., 2002).

Atlas-based techniques nonlinearly register an atlas, i.e., a brain MR image on
which target structures are manually labeled, to a query MRI. Warped atlas

labels result in the final segmentation. This approach was pioneered by Bajcsy
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et al. (Bajcsy et al.,, 1983). To avoid anatomical biases when using a single-
subject template, the intensity average of a large cohort of healthy brains is used.
Until the early 2000’s, these techniques were developed mainly based on linear
elastic models including AIR (Woods et al., 1998), SPM (Friston et al., 1995) and
FLIRT (Jenkinson and Smith, 2001). Fischl and colleagues used probabilistic
spatial mapping (SPAM) derived from a manually labeled training set combined
with the Bayesian formula where probabilistic labels and their predicted image
intensities serve as the prior probability term, while the intensity similarity
between the target image and the template serves as the likelihood term (Fischl
et al.,, 2002). However, these techniques have generally demonstrated poor
segmentation accuracy for the hippocampus (Dice index<0.70) (Carmichael et al.,
2005; Duchesne et al., 2002). A recent study has reported that the addition of an
intensity normalization procedure improves segmentation accuracy (Han et al.,
2006). More recently, viscous fluid model-based diffeomorphic registrations,
allowing large deformations without losing topological information, have improved

the segmentations in controls (Dice=0.75) (Khan et al., 2008).

Classification-based approaches have recently been increasingly used for the
hippocampal segmentation in combination with multi-feature models that may
enhance segmentation performance (Morra et al., 2008). Indeed, the use of
voxel-wise shape and intensity features in Adaboost classifier that weights
features depending on their inter-subject reliabilities has improved segmentation
results in controls and patients with Alzheimer’'s disease compared to atlas-
based methods (Morra et al., 2010). More recently, hybrid frameworks merging
the three main segmentation approaches have been proposed (Avants et al.,
2010; Wang et al., 2011).
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2.5.2 Multi-template based segmentation to statistically model

shape variants

In the presence of pathological anatomical variants, segmentation processes
may fall into local minima when using a template that represents either a single
healthy individual or the mean shape of healthy population. Such concern is
valid for all the above-described automated methods since they use such a
template. Moreover, deformations in appearance-based and deformable model-
based approaches are generally constrained by shape priors obtained from

healthy individuals.

Template library approaches represent an appealing alternative since they
automatically select a single atlas that best describes anatomical characteristics
of the target structure from a database (Barnes et al., 2008). In the study
conducted by Barnes and colleagues, the most similar hippocampus from a
group of 55 pre-labeled subjects was selected as an initial template (Barnes et al.,
2008). Then, affine registration of this template mapped hippocampal labels to
the test image. Finally eroding CSF voxels from these labels created the final
segmentation. These approaches, however, may produce inconsistent

segmentations due to lack of feature information obtained from a single source.

More recently developed multi-template (or template library and label fusion)
techniques (Aljabar et al., 2009; Avants et al., 2010; Collins and Pruessner,
2009; Lotjonen et al., 2010) offer a more suitable framework that accounts for
structural variability by selecting a subset of atlases that best describe

anatomical characteristics of the target structure.

Rohlfing and colleagues explored the ability to select a subset among segmented
bee brains on confocal microscopy images (Rohlfing et al., 2004). After they
successfully achieved their goals, numerous studies applied this fascinating
framework to the segmentation of human brain structures (Aljabar et al., 2009;
Hammers et al., 2007; Heckemann et al., 2006). Heckmann and colleagues

were the first group to evaluate hippocampal segmentation using this technique
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(Heckemann et al., 2006). After nonlinearly registering all images in the library to
the query image, templates were selected to construct an optimal subset.
However, this approach is computationally time-consuming because of the
recursive nonlinear registration procedure and is based on indirect selection
criteria as it does not measure the similarity between the template and the test
image to segment. To address this, Aljabar and colleagues omitted the nonlinear
registration, measured mutual information between each individual template and
the test image as a similarity value and used this value to rank the templates
(Aljabar et al., 2009). Collins combined the multi-template approach with
ANIMAL, a piece-wise linear coarse-to-fine deformation, and large database of
healthy hippocampi (Collins and Pruessner, 2010) and provided the best results

in segmenting healthy hippocampi as of yet.

The existing volume-based multi-template techniques generally rely on nonlinear
registration procedures based on intensity-based point wise correspondences,
which are prone to image noise and sensitive to the initial size and orientation.

Thus, they may fail to accurately segment cases exhibiting atypical morphology.

2.5.3 Performance in healthy hippocampi

The performances of automatic segmentations in healthy subjects are
summarized in Table 2.1. Early techniques showed poor agreement with manual
labeling with Dice indices ranging from 72% to 80%. On the other hand, more
recent techniques have produced excellent agreement with manual delineations,
with Dice indices of 81-88% (Aljabar et al., 2009; Chupin et al., 2009b; Collins
and Pruessner, 2010; Khan et al., 2008), reaching a degree of agreement with
manual labelling comparable to inter-rater reliability (85-93%) (Chupin et al.,
2007; Leung et al., 2010; Morra et al., 2008; Pohl et al., 2007; van der Lijn et al.,
2008). In particular, techniques yielding Dice indices greater than 86% are
mostly based on template library constructions (Barnes et al., 2008; Collins and
Pruessner, 2010; Coupé et al., 2011; Gousias et al., 2008; Létjénen et al., 2011).
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Table 2.1. Automatic hippocampal segmentation in healthy subjects

Author, Journal (year) Category Method Dice (%)
Fischl, Neuron (2002) atlas FreeSurfer: 72-82%
Morey, NI (2009) Probabilistic atlas + Bayesian
Pardoe, Epilepsia (2009) formula
Kelemen, TMI (1999) deform  Spherical harmonic description, 75%

PCA-based statistical shape model
Hogan, JDI (2000) atlas landmark + fluid mechanics-based 75%
deformation model
Firbank, HBM (2008) atlas SPM standard segmentation + 75%
rule-based morphological
operation
Khan NI, (2008) atlas FreeSurfer initialized, large 75%
deformation diffeomorphic
mapping
Klemencic, JIST (2004) appear  Deformation variation modeled 80%
using PCA
Avants, NI (2010) atlas Appearance model + diffeomorphic 80%
appear  mapping
Pohl, TMI (2009) class Hierarchical EM 81%
Heckemann, NI (2006) m-atlas  Template library + label-fusion 82%
Aljabar, NI (2008) m-atlas  Template library + label-fusion 84%
Morra, NI (2008) class Auto context model + adaboost 85%
Van der Lijn, NI (2008) atlas A priori + graph cuts 86%
Chupin, NI (2009) deform Detection of anatomical landmark 87%
+ region growing
Barnes, NI (2008) m-atlas ~ Template library + morphological 87%
operation
Wang, NI (2011) atlas+ FreeSurfer + learning-based 87%
class wrapper to correct systematic
errors
Gousias, NI (2008) m-atlas  Template library + label-fusion, 88%,
free-form deformation (pediatric
data)
Létjonen, NI (2010) m-atlas  Template library + label-fusion 88%
Collins, NI (2010) m-atlas  Template library + label-fusion, 88% (median)
ANIMAL-based deformation
Coupé, NI (2011) m-atlas  Template library + label-fusion, 88% (median)

weighted average

Journal abbreviation: JDI=Journal Digital Imaging, NI=Neurolmage, HBM: Human Brain Mapping,
TMI=IEEE Trans Medical Imaging, JIST=Journal of Imaging Science and Technology.

Segmentation category: atlas=atlas-based, appear=appearance-based, deform= deformation-
based, class=classification-based, m-atlas=multi-template (or template library and label fusion)
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2.54 Performance in pathological hippocampi

The performances of automatic hippocampal segmentations in disease
populations are summarized in Table 2.2. Segmentation based on deformable
surfaces, appearance-based or atlas-based approaches have so far resulted in
poor performances. Alternatively, texture modeling of the surrounding
structures improved the segmentations of atrophic hippocampi (Avants et al.,
2010; Chupin et al., 2007). In particular, the automated detection of intensity-
and geometry-invariant patterns of structures that surround the hippocampus
(alveus, lateral ventricle, parahippocampal white matter) yielded promising
results in Alzheimer’s disease (Dice=0.84) (Chupin et al., 2009a).

Inadequate segmentation of pathological hippocampi, compared to healthy
hippocampi, may stem from the fact that the features estimated from an initial,
non-specific template may not represent adequately all shape variants.
Initialization is therefore sub-optimal, which greatly increases the risk of
convergence to local minima. So far, this problem has usually been addressed
by manual landmarking (Pluta et al., 2009; Shen et al., 2002) or manual
initialization (1! INVALID CITATION !!l), which are both time-consuming, as they
require neurological expertise (Shen et al.,, 2002), and are rater-sensitive (I!!
INVALID CITATION .

Alternatively, multi-template approaches that select template(s) most similar to
the structure to segment provide optimal automated initialization. Indeed,
excellent performances in segmenting atrophic hippocampi in Alzheimer’s
disease have been recently demonstrated using these techniques (Dice=81%-
86%).

In TLE, automatic segmentation algorithms have shown lower agreement with
manual labels than in healthy controls or in other disease populations, with kappa
indices ranging from 63% to 77% (Akhondi-Asl et al., 2011; Avants et al., 2010;
Chupin et al., 2009b; Hammers et al., 2007; Heckemann et al., 2010; Pardoe et
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al., 2009). The reduced performance likely arises from factors other than atrophy,
as previous approaches achieved accuracies comparable to healthy subjects
when segmenting atrophic hippocampi (Barnes et al., 2008; Chupin et al., 2009a;
Leung et al., 2010). Indeed, as discussed in section 2.3.2, in addition to atrophy,
about 40% of TLE patients have atypical shape and positioning of the
hippocampus referred to as malrotation (Bernasconi et al., 2005a; Voets et al.,
2011). This anomaly not only alters the hippocampal morphology, but also
modifies its spatial relationship with surrounding structures (Baulac et al., 1998;

Bernasconi et al., 2005a).

Thus, current texture modeling techniques based on prior knowledge (e.g.,
parahippocampal WM located below the hippocampus, with a 45° interface) may
be error-prone when a given structure and its surroundings are dissociated from
predefined relationships, as in the presence of hippocampal malrotation (Avants
et al., 2010; Chupin et al., 2007).

Alternatively, constructing a library of texture and shape features and
integrating this into multi-template frameworks may overcome the hindrance
of texture modeling. A precise delineation of structural boundaries and the
creation of accurate point-correspondence should precede the construction of
this feature library in order to accurately capture variations of locoregional

characteristics.
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Table 2.2. Automatic hippocampal segmentations in neurological disorders.

Author, Journal (year) category Method (Dice %)
Temporal lobe epilepsy
Pardoe, Epilepsia (2009) atlas First 62%
FreeSurfer 66%
Avants, NI (2010) appear Appearance model + 74%
diffeomorphicmapping
Akhondi-Asl, NI (2011) atlas+ Multi-atlas strategy, entropy-based 72%
appear optimization
Chupin, NI (2009) deform Detection of anatomical landmark 79%
+ region growing
Alzheimer’s disease
Firbank, HBM (2008) atlas SPM standard segmentation + 67%
rule-based morphological
operation
Khan, NI (2008) atlas FreeSurfer initialized, large 72%
deformation diffeomorphic
mapping
Létjonen, NI (2010) m-atlas ~ Template library + label-fusion 81%
Wolz, NI (2010) m-atlas Template library + label-fusion, 85%, mixed with
graph theory controls
Morra, NI (2008) class Auto context model + adaboost 85%, mixed with
controls
Chupin, NI (2007) deform Manual seeding, detection of 86%
anatomical landmark
Barnes, NI (2008) m-atlas  Template library + morphological 86%
operation
Schizophrenia
Khan, NI (2008) atlas FreeSurfer initialized, large 7%
deformation diffeomorphic
mapping
Pohl, TMI (2007) class Hierarchical expectation- 81%

maximization

Journal abbreviation: JDI=Journal Digital Imaging, NI=Neurolmage, HBM: Human Brain
Mapping, TMI=IEEE Trans Medical Imaging, JIST=Journal of Imaging Science and

Technology.

Segmentation Category:

atlas=atlas-based,

appear=appearance-based, deform=

deformation-based, class=classification-based approach, m-atlas=multi-template (or

template library and label fusion)-based
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Chapter 3

Quantitative analysis of
morphological changes in
mesiotemporal lobe structures

using computational models

3.1 Unified preface

For the last two decades, the most common quantitative tool to assess
mesiotemporal lobe pathology in TLE has been MRI volumetry, as hippocampal
atrophy is considered a marker of hippocampal sclerosis and detecting this
abnormality correctly lateralizes the seizure focus in 70-80% of patients (Cascino
et al., 1992a; Cendes et al., 1997; Jack et al., 1992). Since this method provides
a global estimate of atrophy, however, its sensitivity to detect subtle diffuse or
focal anomalies is limited. Indeed, in up to 30% of patients, hippocampal
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volumetry is unremarkable despite the presence of mild degrees of sclerosis on
histology (Bernasconi et al., 2001; Jackson et al., 1994).

Histopathological examination of autopsy brain specimens (Margerison and
Corsellis, 1966; Meencke and Veith, 1991) and subsequent microscopic neuronal
counting (Babb et al., 1984; Blimcke et al., 2007; Bruton, 1988; de Lanerolle et
al.,, 2003; Thom et al., 2002a) have shown severe and selective CA1 neuronal
loss in the vast majority of patients with hippocampal sclerosis. Non-uniform,
focal neuronal loss and gliosis have also been found in the amygdala and the

entorhinal cortex (Yilmazer-Hanke et al., 2000).

Since atrophy only reflects a single morphological characteristic, it may be
insufficient to fully describe pathology. Indeed, malrotation, thought to be
secondary to incomplete folding of the fetal hippocampus, may increase the
susceptibility to TLE (Bernasconi et al., 2005a). On MRI, such developmental
anomalies are characterized as atypical hippocampal shape and positioning, and
an abnormally deep collateral sulcus (Bernasconi et al., 2005a). Furthermore,
hippocampal malrotation may co-occur with unusual gyrifications in the
surrounding cortices, as early fetal pathological mechanisms affecting its
development may also trigger morphological alterations in neighboring areas.
Notably, the complexity of brain anatomy hampers visual identification of these

anomalies, particularly when they co-occur with atrophy.

Advanced surface-based shape models, including spherical harmonics
description combined with point distribution models (SPHARM-PDM) (Styner et
al., 2006), medial surface models (Styner et al., 2003), cortical surface models
and sulcal ribbon models (Mangin et al., 2004), have allowed for the identification
and the pattern classification of local morphological changes that might not be

readily visible on MRI.

In this chapter, we developed advanced surface-based morphometric methods to
statistically assess mesiotemporal pathology that have not been previously
identifiable on MRI and that are not evident through the measurement of total

volume or by visual evaluations. We first designed a surface-based framework
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that allows independent quantification of small-scale focal atrophy, positional
changes and sulcal alterations, and then investigated their clinical significance by

applying them to a large database of TLE patients and healthy controls.
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Abstract

Hippocampal atrophy and developmental positional variants may co-occur in
various neurological disorders. Advanced surface-based shape models including
the spherical harmonics combined with point distribution models (SPHARM-
PDM) accurately localize morphological changes that may not be readily visible.
The displacement metric provided by these approaches, however, does not allow
differentiating volume changes from positional differences. Here, we propose a
surface-based framework to analyze independently volume and positioning. After
extracting SPHARM-PDM from manual labels, we computed displacement
vectors between individual surfaces and the template. Then, we computed
surface-based Jacobian determinants (SJD) from these vectors to localize
volume changes. To analyze positional variants, we constructed a mean
meridian axis (MEMAX), inheriting the shape-constrained point correspondences
of SPHARM, on which we compute local curvatures and position vectors. We
validated our method on synthetic shapes and a large database of healthy
subjects and patients with temporal lobe epilepsy (TLE). For synthetic data, our
SJD and MEMAX accurately and separately quantified simulated local volume
changes, shifting and bending. Also, varying kernel and sample sizes
demonstrated that our approach is able to detect fine-scale subtle changes. For
patients with temporal lobe epilepsy, our comprehensive analysis showed that
atrophy and positional changes co-occurred at the level of the posterior
hippocampus. In particular, while SPHARM-PDM showed mirrored deformations
in that region, SJD detected atrophy, and shape analysis of MEMAX unveiled
medial positioning due to bending. Such multiple shape abnormalities were
detected also in patients with malformations of cortical development (MCD).
Moreover, our metrics revealed the location of changes were more anterior than
in TLE. Given that medial positioning is a known feature of developmental
abnormalities and may emerge prior to hippocampal sclerosis, disentangling
positioning anomalies from atrophy may provide new insights in the pathogenesis
of a variety of other brain disorders, such as schizophrenia and autism, in which

mesiotemporal lobe is implicated and these morphometric characteristics coexist.
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Introduction

For the last two decades, MRI volumetry has been the most commonly employed
quantitative technique to assess mesiotemporal lobe pathology. More recently,
advanced surface-based shape models have been proposed to assess
morphometric changes not evident in measurement of total volume. These
techniques, including deformation-based mapping (Csernansky et al., 2000;
Hogan et al., 2006; Posener et al., 2003; Wang et al., 2001) and spherical
harmonics description combined with point distribution models (SPHARM-PDM)
(Styner et al., 2006), have allowed localization of subtle pathology (Hogan et al.,
2004). Yet, the displacement metric provided by these approaches is unable to
differentiate volume changes from positional differences. Shape models based
on the medial surface (i.e., the central path of a 3D object), on the other hand,
allow quantifying local positional variations (Joshi et al., 2002; Styner et al., 2004).
Yet, as these methods rely on coarse-scale sampling, they may lack sensitivity to
assess high-dimensional features, making a biologically meaningful interpretation
of findings difficult.

Hippocampal atrophy and atypical shape and positioning of the hippocampus are
prevalent in temporal lobe epilepsy (TLE) and epileptic syndromes related to
malformations of cortical development (MCD) (Baulac et al., 1998; Bernasconi,
2006; Bernasconi et al., 2005b; Jackson et al., 1990; Kuchukhidze et al., 2010;
Montenegro et al., 2006; Raymond et al., 1995; Voets et al., 2011). In addition,
such morphometric anomalies have been reported in other neurological disorders,
in which the pathogenetic mechanisms involve the temporal lobe, such as
schizophrenia (Connor et al., 2004) and autism (Salmond et al., 2005). In a
previous work, we proposed a methodology to quantify local volume changes
based on the computation of surface-based Jacobian determinants (Kim et al.,
2008b). Our preliminary results in a small cohort of TLE patients localized subtle

atrophy successfully, but failed to dissociate volume from positional anomalies.
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We propose a surface-based framework to analyze independently volume and
positioning. To this purpose, we computed Jacobian determinants to measure
local volume changes and constructed a medial axis model that inherits the
shape-constrained point correspondence of SPHARM-PDM to quantify fine-scale
local position and curvature. We first evaluated the sensitivity and specificity of
our approach using synthetic shapes. We then statistically assessed
morphological variations of the hippocampus in two large cohorts of epileptic
patients with TLE and MCD, and compared them to healthy controls.

Methods

Subjects

From our database of patients referred to the Montreal Neurological Institute for
the investigation of drug-resistant epilepsy, we selected 78 patients with TLE (34
males; mean age: 36 * 10, range: 17-57) and 91 patients with malformations of
cortical development (MCD; 39 males; mean age: 29 * 9, range: 13-58) who had
a high-resolution T1-weighted 3D MRI and hippocampal volumetry. The MCD
population included patients with focal cortical dysplasia (FCD, n=30),
heterotopia (HET, n=41), and polymicrogyria (PMG, n=20). In none of the MCD

patients the cortical malformations invaded the hippocampal formation.

Demographic and clinical data were obtained through interviews with the patients
and their relatives. Diagnosis and lateralization of the seizure focus were
determined by a comprehensive evaluation including video-EEG recordings and
MRI evaluation in all patients. In TLE, the seizure focus was left-sided in 34
patients and right-sided in 44. Sixty seven patients underwent surgery. Mean
follow-up time was 3.443.1 years. We determined surgical outcome according to
Engel's classification (Engel et al., 1993). 51 (76%) patients had Class | outcome,
5 (8%) class Il, 7 (10%) Class Ill, and 4 (6%) Class IV. Following qualitative

histopathological analysis (Meencke and Veith, 1991), hippocampal sclerosis
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was detected in all 44 patients in whom specimens were available. In the
remaining 23 patients, hippocampal specimens were either incomplete or

unsuitable for examination due to subpial aspiration.

The control group consisted of 46 age- and sex-matched (23 males; mean age:
32 + 12 years, range: 20-56) healthy individuals. The Ethics Committee of the
Montreal Neurological Institute and Hospital approved the study and written

informed consent was obtained from all participants.

MRI acquisition and processing

MR images were acquired on a 1.5 T Gyroscan (Philips Medical Systems,
Eindhoven, The Netherlands) using a 3D T1-fast field echo sequence (TR=18
ms; TE=10 ms; NEX=1; flip angle=30°;, matrix size=256x256; FOV=256x256
mm?; slice thickness=1 mm), providing an isotropic voxel of 1mm?volume. Prior
to processing, images underwent automated correction for intensity non-
uniformity and intensity standardization (Sled et al., 1998). The hippocampus
was segmented manually according to our previously published protocol
(Bernasconi et al., 2003b). Prior to segmentation, MR images were linearly
registered into a standardized stereotaxic space based on the Talairach atlas
(Collins et al., 1994). Hippocampal volumes were normalized through a z-
transform relative to the corresponding distribution of healthy controls. Based on
2 standard deviations below mean absolute volume and inter-hemispheric
asymmetry of healthy controls all TLE patients showed hippocampal atrophy
ipsilateral to the seizure focus. Among MCD patients, 15% (9/30) with FCD, 20%
(16/41) with HET, and 15% (6/20) with PMG had unilateral hippocampal atrophy.

Spherical harmonic description and point distribution model (SPHARM-PDM)

Manually segmented hippocampal labels were converted to surface meshes and

parameterized using SPHARM-PDM, an area-preserving and distortion-

64



minimizing spherical mapping that ensures point-wise correspondence through
an icosahedron subdivision (Styner et al., 2006). SPHARM-PDM surfaces of
each individual were rigidly aligned to a template constructed from the mean
surface of controls and patients with respect to the centroid and the longitudinal
axis of the 1 order ellipsoid (Gerig et al., 2001). To correct for differences in
overall interior head size across subjects, each individual surface were inversely
scaled with respect to its intra-cranial volume (Styner et al., 2006). Vertex-wise
displacement vectors were then calculated between each individual and the
template (Styner et al., 2006). The surface normal components of these vectors
are used to quantify inward and outward deformations. SPHARM-PDM was
computed based on 12 degrees spherical basis functions and 10-level
icosahedron subdivision (1002 vertices), as recommended by (Styner et al.,
20086).

Surface-based analysis of volume changes

In the following sections, we describe the computation of vertex-wise Jacobian
determinant metric to quantify volume changes. In brief, we apply the heat
equation to interpolate the vertex-wise displacement vectors within the volume
domain enclosed by the surface boundary. The Jacobian determinant is then
calculated from this interpolated vector field and projected back onto the
SPHARM-PDM surface.  Finally, after subtracting 1 from the Jacobian
determinant, growth (J>0) or shrinkage (J<0) of a unit-size cube is quantified

along the surface-normal direction.

From surface-based displacement vectors to volume-based displacement field.
We employ the heat equation, a partial differential equation that describes the
propagation of a scalar value in a given region over time (Evans, 2010) For a
scalar function u of three spatial variables x, y, z in the Cartesian coordinate

system, and a time variable t, the heat equation is:
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where a is a constant called conductivity and A is the Laplacian operator.

This equation diffuses the scalar values located at a boundary (Dirichlet
boundary condition) over a volume domain by minimizing the sum of gradient
changes so that smooth fields are obtained at the equilibrium status. This
equation can be extended to diffuse vectors. Let us u= (ux, uy, u;) be a
displacement vector at the spatial position (x,y,z). The variation of u at time ¢ is

defined as:

()

o o o

u_((ou, 0w, ou
ot

J = (ocAux, alu,, ocAuZ)

Solving this equation until convergence (du/dot — 0) smoothly diffuses the

displacement vectors u within the volume enclosed by S.

Implementation of heat equation surface-to-volume interpolation on discrete
space. In practice, the heat equation is solved on a regular grid lattice that
embeds the surface S. Let { s1, S2,..., sm } be the set of M vertices of the surface
S in the 3D continuous coordinate system R® and Q = (x,y,z) a 3D discrete
control lattice overlaid on R®. The origin (0,0,0) coincides with these two
coordinates. The unit lattice in Q is controlled by the spacing h, i.e., R*=(h a, h
b, h c) is mapped at Q = (a, b, c) (Figure 3.1A).

We specify us = { us1, Us2, ... Ugm } a@s a set of displacement vectors on S
(calculated using SPHARM-PDM) and a surface point s; located within the cube
defined by its 8 adjacent control points on Q. To compute the heat equation on
Q with the boundary condition us(t) = us , we linearly interpolate ug at all
neighboring control lattices in Q. Let x=(x, y, z) on Q be one of the 8 neighboring
points and d(x, si) the Euclidean distance between x and s;. Observe that x may

have one or more adjacent surface points (e.g., si.1, Si, Si+1, Figure 3.1B).
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Figure 3.1. Heat equation surface-to-volume interpolation on discrete space.

A. Schematic 2D representation of surface vertices overlaid on a discrete rectangular
control lattice Q. ‘h’ indicates the lattice spacing. B. A vector uy is interpolated from
displacement vectors on surface vertices (usi.1, Usj, Usi+1) adjacent to x.

We adopt a general interpolation method to compute ux at x by iteratively
updating u, according to all the s; of S such that d(x, s;)<h. In the 1% iteration, u,'

is determined as:
u'()= ug Ad =d(x, s) 3)
A4'is used to update u,® as:

2 llS 'A,l-}-llxl-d(X,SHl) (I)
u, = ol
Adl a (X’ Si+1)

X

At the n-th iteration, uy is updated from {ix according to:

-1 -1
u' = uSuH .Adn +uxn 'd(xvan—l) (5)

-1
' Adn + d(x’si+r1—l)

where A" is given by:
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Ad’kz “(n=2)+d(x,s,,,,) (6)

n-1
4= n—1

The recurrence is performed until n=N, where N is the number of vertices that
satisfy d(x, s)<h. Under the boundary conditions determined by (5), the discrete

heat equation on Q is solved using finite differences:

u (t)=u (t-)+Au(t-1) (7)
= “x(f—1)+é(u(x—1,y,z,t—l) +u(x+1,y,z,t-1)+
u(xey_LZat_l)+u(x,y+1,Z,t—1)+

u(x,y,z-Lt-)+u(x,y,z+Lt-1)-6u(x,y,zt-1))

The final volume-based displacement fields on Q are obtained at convergence,
which is reached when:

(8)

> S, -u,(t-1)<a

Q

In (8), the threshold a is set empirically as 107°.

Vertex-wise localization of volume changes. Local volume changes are
quantified by calculating the Jacobian determinant Js on the previously

interpolated vector field, as defined by:
Jg =det(+Vu,)=1+r(Vug)+det, (Vug)+det(Vuy) 9)

where tr is the trace operator and dety(V us) is the sum of 2x2 principal minors of
Vu.

For the vector fields produced by an isotropic diffusion, which assumes no shear
deformation, the higher order terms approach zero (Chung et al., 2001a).
Therefore, we can use the first order approximation J =1+ tr(Vus). For the

68



analysis of directional changes along the surface normal, we simplify the
approximated Jacobian at a surface point s; as:

J,=1+tr(Vu,-n;)=1+(u,—u_ ) n (10)

Si

where n is the unit outward surface normal, § = s; - n, and ug and ug are
determined from the displacement fields on Q (7) using tri-linear interpolation.
Subtracting 1 from the equation (10) yields the modified Jacobian metric that
explains growth (J>0) or shrinkage (J<0) of a unit-size cube through the surface-

normal direction.

Construction of the medial axis

Conventional approaches create the central path of a 3D object by joining points
that are equidistant from the object’s boundary (Joshi et al., 2002; Styner et al.,
2003; Styner et al.,, 2004). Inter-subject point correspondence is achieved
through deformation of all individual skeletons into a common spatial frame by a
thin plate registration (Styner et al., 2003). Registration and resampling may
introduce biases in the subsequent analysis steps. In our approach, we
parameterize the prime meridians of the object’s two hemispheres using latitudes
and longitudes parameters of SPHARM-PDM (Figure 3.2A-B). Finally, we
create a central “route” by pair-wise averaging of the prime meridians. This
process allows the central “route” to inherit the shape-constrained
correspondence of the SPHARM-PDM, thus minimizing biases, mainly those

related to registration.

Geometric parameters of SPHARM. The spherical harmonic basis functions Y/

of degree / and order —/ < m < | are defined by the spherical coordinates 6, ¢ as:
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anl sy n(C0sO™ XT0.9)=(D" Y (0.¢) (11)

Y"(0.9) =

In (11), Y/™ denotes the complex conjugate of Y/” and P/" the associated
Legendre polynomials (Styner et al., 2006). Summation of the spherical
harmonics from 1 to L degree approximates a given structural boundary to a

surface. A vertex point 5§ on S is then uniquely determined by:

L 1
§(x,,2) = 5(x(0,9), y(6,9),2(0,9)) = > D" ¢"Y,"(6.4) (12)
1=1 m=-1
The 3D weight vectors ¢," are computed through least-square minimization.
0, ¢ define latitudes and longitudes, respectively (yellow and green in Figure
3.2A-B). Accordingly, 5(0, #/2) and §(x, = /2) indicate the poles, and 5(x /2, ¢)
the equator (Styner et al., 2006).

Mean meridian axis (MEMAX). The functions §(0,0) and s(0,7) in (12),
describe a set of points that constitute the prime meridian (blue in Figure 3.2A-
B). The prime meridian points on a given hemisphere s (0)=35(0, 0 or 7)and
their counterparts on its opposite side §(0)=5(x -0, 0 or 7) are averaged in a
pair-wise fashion, thus yielding a mean meridian axis M, henceforth called
MEMAX (red in Figure 3.2C) as the skeleton of a shape. To perform shape
analysis, we sample K points on M. We define M(k), where k={k | 1, 2, .., K},

using equidistant subdivisions of 8, that is:

M(k)={§(”_”xz",O)+§(”+”x2k,0)}/2,iflsksm
2 2 K 2 2 K
(13)
={§(ﬂx2(k_K/2),7z)+§(ﬂ+ﬂx2(k_K/2),n)}/2,ifK/2§n§K
2 K 2 2 K

M(k) is defined separately in the first and second half ranges of k to ensure the

continuity of the MEMAX parameterization.
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Figure 3.2. Modeling mean meridian axis.

A. The SPHARM function defined by two spherical harmonic coefficients 5(0,¢) ,
representing the latitude (yellow) and the longitude (green) are mapped on the 1%
degree ellipsoid surface. The prime meridian (blue) presents the longitude when ¢ = 0 or
m. B. After computing 12 degree spherical basis functions for the hippocampus,
coefficients are repositioned while preserving shape-inherent properties. C. s(6,0) and

5(0,7) describe a set of points that constitute the upper and lower prime meridians

(blue) on the surface, respectively. The geometric mean of the two half-meridians
produces the mean meridian axis (MEMAX, red). D. To compute local curvature of the
MEMAX, we first project the M(k) on a curved open surface C defined by the prime
meridians s(k) and §(k). We then calculate a surface-based Gaussian curvature Kgayss at
each control point M(k) on C.
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Assessing local positioning changes

To assess shifting, group analysis is performed by comparing the location of
each sample point on the MEMAX’s M using Hotelling 7> metric (Seber, 1984),
defined by:

Tz:(ﬂl_Hz)v(21%+22%)71(ﬂ1_uz) (14)

In this equation, u4, w2 are the group mean position vectors, Y1, >> the group-

separated covariance matrices and n4, nz the number of samples in groups 1 and 2.

We also analyze MEMAX curvature. In general, the curvature of a 3D curve at a
given point (x,y,z) is computed using the Frenet-Serret formula (Spivak, 1999).
This measurement, however, provides only the degree of curving without
distinguishing convexity from concavity, thus requiring additional visual
inspection to fully understand its nature. Instead, we propose to measure the
signed curvature varying along the normal directions of a surface defined by the
prime meridians. We create an open surface C where its boundaries are defined
by the prime meridian s(k) and §(k). Since the MEMAX M(k) is a geometric mean
of the two prime meridians, M(k) is placed in the middle s(k) and §(k) on the
surface C (Figure 3.2D left). We then calculate the Gaussian curvature Kgayss at
each sample point M(k) on C (Figure 3.2D right). To differentiate the convexity
(+) from the concavity (-), signs are computed using the surface normal vector of
the k¢, facet on C, n(Cy)=(M(k+1)-M(k)) x (s(k) - §(k)), as:

Sign(n(C,)) = Sign(n(C, )en(C,,))/[n(C, )| [n(C,.,) (15)
The signed curvature is finally determined as:

K = Sign(n(Cy)) [KGauss| (16)

where Kgauss is the Gaussian curvature.
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Experiments and Results

Synthetic data

We created a rounded cylindrical volume (Figure 3.3A-C) with a resolution of

0.25 x 0.25 x 0.25 mm?® and applied: i) bending, ii) local shifting (4.0 mm), and iii)

simultaneous local shrinking (0.5 mm) and shifting (4.0 mm).

A B C D E F

Reference Shape variants Qverlay SPHARM Jacobian MEMAX

) (1 (] (]
|1 //77 77
/70 1]/

R . |
5 0 4. 0.5mm?® -4.5 .5mm

-4. 5mm -0.

Figure 3.3. Analysis of synthetic data.

A. Reference object. B. Shape variants: bending (top), localized shifting (middle),
simultaneous shifting and shrinkage (bottom). C. Deformed objects (solid blue) aligned
to the reference (transparent red). D. Surface-normal components of the displacement
vectors of SPHARM (in mm, -/+ indicate inward/outward deformation). E. Surface-based
Jacobian determinant (in mm?, -/+ indicate volume loss/growth). F. MEMAX localizing

positional changes (in mm) compared to the reference.

We first extracted the SPHARM-PDM surfaces and calculated the displacement
vectors. In this experiment, we choose the number of SPHARM-PDM vertices by
setting the mean inter-vertex distance approximately 0.25 mm to avoid any bias
due to oversampling. Then, at each vertex, we computed a signed surface-

normal component of the displacement vector (SNV) and a surface-based
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Jacobian determinant (SJD) as a metric of local volume change. The MEMAX
were extracted from all shapes. Finally, we quantified point-wise positioning of

the variants compared to the reference.

To investigate the influence of the heat equation interpolation grid size (i.e., the
spacing h in the control lattice Q) in detecting volume changes, we measured
SJD with respect to different h ranging from 0.125 to 4.0mm. For this
experiment, SUD was computed from the displacement vectors between the
reference object and its variant deformed by the above-mentioned simultaneous
local shifting and shrinkage. For each grid size, we measured the mean SJD in
an ROI defined by the vertices on which we modeled the 0.5mm shrinkage, and

computed the following modified standard error (MSE) over the entire object:

MSE =" |SJD = (<0.5)|/ ngo; + Y |SID|/ ngoy (17)
ROI ROI o

where n is the number of vertices within the ROI or outside it (ROl). The MSE
tends to 0 when SJD maximally detects the expected 0.5mm shrinkage in ROI

and minimally detects noises in non-ROI.

Influence of interpolation grid size on detecting predefined atrophy. The applied
volume shrinkage was detected well with a grid size ranging from
0.25x0.25x0.25 (mean SJD: 0.53) to 0.5x0.5x0.5 mm® (mean SJD: 0.49;
Figure 3.4A left), in which mean SJD error did not exceeded 0.03 mm? (6%).
The minimum MSE was obtained at the grid size of 0.5x0.5x 0.5 mm?® (Figure

3.4A right). Thus, for the subsequent analyses, we used spacing h=0.5mm.

Shape analysis. The SNV showed mirrored inward/outward deformations on
facing surfaces reflecting bending and shifting (Figure 3.3D, top and middle). In
case of simultaneous local shrinking and shifting, SNV did not enable one to
differentiate shrinkage from shifting (Figure 3.3D, bottom). Contrary to SNV,
SJD was not influenced by bending and shifting (Figure 3.3E, top and middle)

and accurately localized the 0.5 mm local shrinkage (Figure 3.3E, bottom).
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Analysis of MEMAX detected bending and local shifting only (Figure 3.3F), and
was robust to shrinking (Figure 3.3F, middle and bottom).

A
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Figure 3.4. Graphs displaying the relationship between the grid size of the heat
equation interpolation (h) and the sensitivity in detecting atrophy.

In A. h is related to mean surface-based Jacobian determinant (SJD) computed in the
ROI where the 0.5mm shrinkage was applied (see Figure 3.3). Modified standard error
(MSE) over the entire object is minimized at h=0.5mm. In B . h is related to mean SJD
across all vertices in patients. The standard deviation is displayed at each grid size.

Shape analysis of the hippocampus in epilepsy
Parameter optimization

a. Interpolation of the grid size of the surface-based Jacobian determinant. We
investigated the influence of the heat equation interpolation grid spacing h on the
sensitivity to detect hippocampal atrophy. We iteratively varied h ranging from
0.25 to 32mm, that is the approximate average length of the hippocampus
(MacMaster and Kusumakar, 2004). At each iteration, we computed the SJD
between the ipsilateral hippocampus in each TLE patient and the template and

measured mean and standard deviation (SD) across vertices.
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The SJD was most sensitive and most reliable in detecting hippocampal atrophy
at the grid spacing of 1 mm. Indeed using this grid size, we detected the
maximum atrophy (-0.42mm?), while keeping SD to a minimum (0.03mm?®)
(Figure 3.4B). At a grid spacing h = 8mm, the detected atrophy was <-0.1 mm?.

Thus, for the subsequent analyses, we used h=1 mm.

b. Sampling scale along MEMAX. We first extracted the MEMAX of the right
hippocampi in controls and patients with RTLE. We then evaluated the effect of
varying the total number of sample points (Ns = 2-36) on the sensitivity to detect
positional changes (i.e., position vectors and Gaussian curvatures). For each
individual and each metric, we averaged all sample points. We then performed
group-wise Hotelling T? test on the mean position vectors and Student’s t-test on

the mean curvatures.
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Figure 3.5. Relationship between sampling points (Ns) along MEMAX and sensitivity in
detecting shifting (A) and bending (B) in TLE patients.
See Text for details.

Results are shown in Figure 3.5A and B. Comparing groups, we detected
shifting in TLE with Ns ranging from 14 to 34 (T?>3.6) and bending with Ns
ranging from 14 to 22 (t>2.82). The mean inter-point distance spanned from 2.1
to 3.3 mm. The sampling along MEMAX that provided the most significant group
differences was Ns = 18 (T?=3.71; t=2.85). Thus, for the subsequent analyses,

we used 18 points, with a mean inter-point distance of 2.7 mm.

76



Group analysis in patients. We performed vertex-wise group comparisons (i.e.,
each patient group vs. controls) of surface-normal component of the
displacement vector (SNV), surface-based Jacobian determinant (SJD) and
Gaussian curvatures using Student's t-testt We carried out point-wise
comparisons of positional vectors using Hotelling T?-test. All analyses were
corrected for multiple comparisons using the false discovery rate (FDR)
(Benjamini and Hochberg, 1995). To localize changes, we schematically outlined
hippocampal subfields on the surface template according to histological

parcellations (Duvernoy, 2005).

Results in TLE are shown in Figure 3.6. Group-wise differences in shape were
quite similar in patients with left and right TLE. Ipsilateral to the seizure focus,
both SNV and SJD revealed widespread inward deformation and atrophy
respectively corresponding to CA1 subfield in hippocampal head and body
(FDR<0.001; Figure 3.6A-B). In the tail, the mirrored inward/outward
deformations detected by SNV corresponded to atrophy as shown by the SJD
analysis. In addition, SJD detected small areas of CA1 inward deformations

(FDR<0.05) in the contralateral hippocampus.

Curvature analysis of the mean meridian axis (MEMAX) detected ipsilateral
bending towards the mid-sagittal plane (LTLE: 1 sample point, FDR=0.04; RTLE:
2 sample points, FDR<0.05; Figure 3.6D), at the level of hippocampal tail. We
also found ipsilateral medial shifting at the level of the tail (LTLE: 3 points,
FDR<0.01; RTLE: 6 points, FDR<0.05; Figure 3.6E), which overlapped with the
region of mirrored inward/outward deformations detected by SNV (Figure 3.6A).
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Figure 3.6. Group comparisons between patients with TLE and healthy controls.
SPHARM-PDM (A), Surface-based Jacobian determinant (B), Gaussian curvature (C)
and position vectors (D). The geometric means of MEMAX (E) is shown to facilitate the
interpretation of C and D. Color-scales show FDR-corrected p-values.

Results in MCD are shown in Figure 3.7. While group-wise differences in shape
between patients and controls were similar among groups, the extent and
severity of abnormalities were more marked in patients with HET. SNV and SJD
detected bilateral areas of inward deformation and atrophy distributed along the
hippocampus and involving mainly CA1 (FDR<0.05). In addition, SNV detected
bilateral outward deformations at the medial portion of hippocampal body
corresponding to CA2-CA4 and DG. SJD on the other hand, revealed increased
volume overlapping the outward deformation the left hippocampus only
(FDR<0.05; Figure 3.7A-B).

Curvature analysis of the mean meridian axis (MEMAX) detected flattening (i.e.,

decrease in curvature) at the level of the left hippocampal body (FCD: 1 sample
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point, FDR=0.02; PMG: 2 sample points, FDR<0.001; HET: 3 sample points,
FDR<0.05; Figure 3.7C and E). In the same location, we also observed medial
shifting (FCD: 2 sample points, FDR<0.05; PMG: 3 sample points, FDR<0.001;
HET: 6 sample points, FDR<0.0005; Figure 3.7D). The same findings were

present in the right hippocampus, but did not reach significance.
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Figure 3.7. Group comparisons between patients with heterotopia and healthy controls.
SPHARM-PDM (A), Surface-based Jacobian determinant (B), Gaussian curvature (C)
and position vectors (D). The geometric means of MEMAX (E) is shown to facilitate the
interpretation of C and D. Color-scales show FDR-corrected p-values.

Discussion

We presented a surface-based framework that enables to unambiguously
disentangle volume from positional changes by quantifying independently these
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morphological characteristics through the computation of Jacobian determinants
and Gaussian curvatures on the mean meridian axis. We validated successfully
our method on synthetic shapes, and studied two cohorts of epileptic patients

with TLE and various malformations of cortical development.

Surface-based Jacobian determinant eases the interpretation of

hippocampal pathology

Thickness-based measurements computed from medial surface and axis models
have been used to measure local hippocampal volume changes (Bouix et al.,
2005; Nicolson et al., 2006; Styner et al., 2004). As these approaches produce
symmetrical measurements on facing surfaces, they tend to mirror local
pathology to the counterpart regions and thus may conceal a biologically
plausible interpretation of findings. Indeed, it is well known that histopathology in
TLE (Babb and Brown, 1987) and other neurological conditions, such as
Alzheimer's disease (Van Hoesen et al., 1990) and schizophrenia (Falkai and
Bogerts, 1986; Kobayashi, 2009), is characterized by neuronal damage affecting
hippocampal subfields in an uneven fashion. Alternatively, by computing vertex-
wise displacement vectors between a given object and a template, SPHARM-
PDM allows localizing asymmetrical shape changes (Styner et al., 2004). The
signed surface normal components of these vectors signifying inward/outward
deformations have been interpreted as local volume changes. In addition to
volume changes, this metric captures overlapping positional differences. Indeed,
by solving the heat equation using vertex-wise displacement vectors as a
boundary condition, our method enabled the detection of asymmetrical volume
changes independent of positioning, thus complementing SPHARM and
providing insights to the interpretation of disease-related morphological
processes. While in TLE these abnormalities were detected at the level of the
hippocampal tail, in patients with MCD they occurred in the hippocampal body.
In both groups, SPHARM-PDM showed mirrored deformations, whereas SJD
detected atrophy and MEMAX unveiled medial shifting. In line with
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histopathological data showing neuronal loss (Baulac et al., 1998; Raymond et
al., 1995), in both patient groups SJD localized hippocampal atrophy
corresponding mainly to the CA1 subfield. In addition, SJD showed subtle
hypertrophy corresponding to CA2-4 and DG subfields in MCD patients, a finding
distinctive of this group and previously reported on conventional MRI resulting
from abnormal proliferation and apoptosis (Kuchukhidze et al., 2010; Montenegro
et al., 2006).

Mean meridian axis quantifies fine-scale positional changes

In conventional medial axis models, morphological changes related to brain
disorders were evaluated using only a small number of sample points (less than
10), aimed mainly at reducing registration errors (Joshi et al., 2002; Styner et al.,
2003; Styner et al., 2004). Given the differences in datasets, it is difficult to
compare directly the sensitivity of MEMAX model to detect positional changes
with previously published skeletonization methods. Taking advantage of the
geometric parameters of SPHARM (Styner et al., 2006), MEMAX allowed shape-
constrained inter-subject correspondence without requiring a registration step.
We found that modulating the number of sample points had an influence on the
sensitivity to detect positional changes. Indeed, MEMAX detected the largest
positional changes at a fine scale of 18 points.

We designed MEMAX to quantify positional changes of the hippocampus, a
cylindrically shaped structure. Achieving this task via conventional medial
representations would have required additional post-processing steps, such as
pruning (Joshi et al., 2002; Styner et al., 2003) to eliminate undesirable
secondary branches that would produce irregular skeleton topologies. Moreover,
as our central path inherits the geometric parameters of SPHARM, it is applicable
to the analysis of a variety of cylindrical structures, such as the amygdala, the

caudate, the thalamus and ventricles.
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In epilepsy, mesiotemporal malpositioning is thought to be a marker of
neurodevelopmental deviance occurring during early phases of gestation (Baulac
et al., 1998; Bernasconi et al., 2005b; Kim et al., 2008a; Voets et al., 2011).
Disentangling shape from positioning may provide new insights in a variety of
other neurological conditions in which these morphological anomalies coexist
and a neurodevelopmental hypothesis has been postulated as a potential

underlying pathogenic mechanism (Powell, 2010).
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Abstract

For the last two decades, MRI volumetry has been the most commonly employed
quantitative technique to assess mesiotemporal pathology in drug-resistant
temporal lobe epilepsy (TLE). Since this method provides a metric for global
volume, its sensitivity to detect subtle diffuse or focal anomalies is limited. Our
objective was to investigate in vivo static and dynamic patterns of mesiotemporal
subfield pathology in TLE using 3D surface-based shape modeling of high-
resolution MRI. In addition, we assessed the yield of this approach to lateralize
the seizure focus and predict seizure outcome after surgery. We studied 134
patients comprising 72 with hippocampal atrophy (TLE-HA) and 62 with normal
hippocampal volumes (TLE-NV). Patients were compared to 47 age-and sex-
matched healthy controls. Cross-sectional analysis revealed ipsilateral
hippocampal-CA1 atrophy in both TLE-HA and TLE-NV, although extent and
severity were less marked in the latter. Entorhinal cortex atrophy was bilateral in
both TLE groups, involving mainly anterior subfields. Patients with TLE-HA
displayed ipsilateral amygdalar atrophy located in the laterobasal nuclear group.
Conversely, in TLE-NV we found areas of hypertrophy in the ipsilateral
amygdalar laterobasal and centromedial nuclei.  Additionally, this group
presented with bilateral dentate gyrus hypertrophy. Longitudinal analysis in 31
patients mapped progression of atrophy bilaterally, with similar rates across
structures and groups. The adverse effect of bi-hemispheric damage was further
emphasized by contralateral atrophy predicting unfavorable post-surgical
outcome in both TLE groups. While in vivo patterns of structure-specific atrophy
are compatible with neuronal loss, hypertrophy suggests aberrant seizure-related
plasticity. Timing and interplay between structural pathology and remodeling of
neuronal circuitry may lead towards gliosis and neurogenesis, thus masking
subtle neuronal loss on standard MRI volumetry in TLE-NV. The ability of 3D
surface-based models to unveil anomalies not otherwise detected was further
emphasized by a linear discriminant classifier that correctly lateralized the

seizures focus in 94% of these patients.
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Introduction

In temporal lobe epilepsy (TLE), hippocampal sclerosis is the histopathological
term used to describe neuronal loss and astrogliosis in the hippocampus proper,
particularly CA1 and CA4, and the dentate gyrus (Babb and Brown, 1987; de
Lanerolle et al., 2003; Falconer et al., 1964; Margerison and Corsellis, 1966;
Sagar and Oxbury, 1987; Sommer, 1880; Wolf et al., 1993). Although, these
features are commonly examined at the level of the mid body of the
hippocampus, there is significant variability in their extent and severity (de
Lanerolle et al., 2003). In addition, as tissue obtained from surgical resections
may be incomplete due to partial resections or fragmented as a result of sub-pial
aspiration, a comprehensive evaluation of the mesiotemporal lobe structures is
limited (Schramm and Clusmann, 2008). A simultaneous neuropathological
assessment of the entire hippocampus, amygdala and entorhinal cortex in the
same patients is thus rare. Nevertheless, when available, surgical specimens
and post-mortem data have shown evidence for extended pathology involving the
entorhinal cortex and amygdala (Bruton, 1988; Du et al., 1995; Du et al., 1993;
Margerison and Corsellis, 1966; Wolf et al., 1997; Yilmazer-Hanke et al., 2000).

The increasing sophistication of MR image acquisition and processing methods
allows whole-brain in vivo visualization and quantification of anatomy with
exquisite details. For the last two decades, MRI volumetry has been the most
commonly employed quantitative technique to assess mesiotemporal lobe
pathology. In TLE, hippocampal atrophy is considered a surrogate marker of HS,
as the degree of atrophy correlates with the severity of neuronal loss in the cornu
Ammonis, particularly CA1 (Cascino et al., 1991). The clinical utility of
hippocampal volumetry stems from its ability to correctly lateralize the seizure
focus in 70-80% of patients (Cascino et al., 1992a; Cendes et al., 1997; Jack et
al., 1992), and its value in predicting seizure outcome (Arruda et al., 1996;
Berkovic et al., 1995; Cohen-Gadol et al., 2006; Jack et al., 1992; MclIntosh et al.,
2001; Schramm and Clusmann, 2008). Since this method provides a global

estimate of atrophy, its sensitivity to detect subtle diffuse or focal anomalies is
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limited. Indeed, in up to 30% of patients with unambiguous electroclinical
features of drug-resistant TLE, hippocampal volumetry is unremarkable, despite
the presence of mild degrees of sclerosis on histology (Bernasconi et al., 2001;
Jackson et al., 1994). On the other hand, volumetry fails to predict a favorable
outcome in about 30% of patients, even in the presence of hippocampal atrophy

ipsilateral to the seizure focus (Antel et al., 2002b).

To investigate local volume changes, we recently developed and validated a
statistical 3D surface-based method relying on spherical harmonics (Styner et al.,
2006) and the vertex-wise computation of the Jacobian determinants of the
displacement vectors between a given structure and a template (Kim et al,,
2008b). Compared to conventional approaches (Csernansky et al., 2000; Hogan
et al., 2004; Styner et al., 2006), our technique allows differentiating volume

variations from positional changes.

Our objective was to investigate in vivo static and dynamic patterns of
mesiotemporal subfield pathology in drug-resistant TLE using 3D surface-based
shape modeling of high-resolution MRI. We first performed point-wise group
comparisons between patients and healthy controls. Secondly, we tracked
progression of mesiotemporal atrophy using a longitudinal design. Thirdly, we
investigated the relationship between cross-sectional and longitudinal measures
of structure-specific pathology and clinical variables, including surgical outcome.
Lastly, we assessed the yield of surface-based data to lateralize the seizure

focus.

Methods

Subjects

We randomly selected from our database 134 patients referred to our hospital for
the investigation of drug-resistant TLE. None of the patients had a mass lesion

(malformations of cortical development, tumor, or vascular malformations) or
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traumatic brain injury. Demographic and clinical data were obtained through
interviews with the patients and their relatives. TLE diagnosis and lateralization
of the seizure focus into left TLE (LTLE; n=64) and right TLE (RTLE; n=70) were
determined by a comprehensive evaluation including detailed history,
neurological examination, review of medical records, video-EEG recordings and

MRI evaluation in all patients.

We segmented manually the hippocampus, amygdala and entorhinal cortex on
MRI according to our previously described protocol (Bernasconi et al., 2003b).
Based on a volumetric assessment that takes into account absolute volume and
inter-hemispheric asymmetry, we classified patients into those with hippocampal
atrophy (TLE-HA, n=72) and normal hippocampal volume (TLE-NV, n=62).
Patients with TLE-HA had younger age at seizure onset (=3.7, p<0.0005), longer
duration of epilepsy (t=3.2, p<0.005) and higher incidence of prolonged febrile
seizures (Fisher’s exact test, p<0.0005) than TLE-NV patients.

Within our TLE population, a subset of 31 patients (19 TLE-HA, 12 TLE-NV)
refused to undergo surgery at the first evaluation made by our epilepsy team.
These patients, however, agreed to have follow-up MRI scans. Sixteen of them

eventually followed our recommendation and were subsequently operated.

Ninety patients underwent surgery. Mean follow-up time was 3.4+3.1 years. We
determined surgical outcome according to Engel's classification (Engel et al.,
1993). Sixty-two (69%) patients had Class | outcome, 7 (8%) class Il, 13 (14%)
Class lll, and 8 (9%) Class IV. Although the proportion of seizure-free patients
was slightly higher in TLE-HA (76%) than in TLE-NV (54%), this difference was
not significant (p=0.08, Fisher's exact test). Following qualitative
histopathological analysis (Meencke and Veith, 1991), hippocampal sclerosis
was detected in all 66 patients in whom specimens were available. In the
remaining 24 patients, hippocampal specimens were either incomplete or
unsuitable for examination due to subpial aspiration.

In total, 67 serial MRI scans with 2 to 4 scans per subject were available. All

images were acquired on the same scanner. The interval between the first and
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last MRI was 2.5 + 1.4 years (range = 1 to 9.2 years). These scans were
examined in the longitudinal analysis. We analyzed the remaining 103 patients
together with the first scan of the longitudinal sample in the cross-sectional
analysis.

The control group for cross-sectional analysis consisted of 47 age- and sex-
matched (23 males; mean age 32 + 12 years; range: 20 - 66 years) healthy
individuals. Demographic and clinical data of all subjects are presented in the
Tables 3.1 and 3.2.

The Ethics Committee of the Montreal Neurological Institute and Hospital
approved the study and written informed consent was obtained from all

participants.

Table 3.1. Demographic and clinical data of the cross-sectional cohort.

Group Male Age Onset FC Surgery Engell

Controls 23 32+12 - - - -

(n=47) (20-66)

LTLE-NV 13 37+12 20%13 2 11 5
(n=29) (17-57)  (2-54)

LTLE-HA 17 36+11 14+ 11 16 28 19
(n=35) (19-52)  (1-35)

RTLE-NV 12 33+10 18%12 1 17 10
(n=33) (17-63)  (1-49)

RTLE-HA 15 36+10 13%10 21 34 28
(n=37) (18-52)  (1-38)

Age and onset of epilepsy in mean years + SD (range); HA/NV: patients with
hippocampal atrophy/normal hippocampal volume; Engel | - seizure-free, i.e.
Class | postsurgical outcome in Engel’s classification
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Table 3.2. Demographic and clinical data of the longitudinal cohort.

Group Age Males Duration HA Surgery Engel |
LTLE 33+12 8 16+ 11 7 (58%) 4 2
(n=12) (11-50) (1-42)

RTLE 33+ 11 9 17+ 12 12 (63%) 12 7
(n=19) (18-46) (1-49)

Age and duration of epilepsy in years + SD (range); HA: Number of patients with
hippocampal atrophy ipsilateral to the seizure focus (percentage of patients in the
group); Engel I: seizure-free, i.e. Class-| post-surgical outcome in Engel’s classification

MRI acquisition and image processing

MR images were acquired on a 1.5 T Gyroscan (Philips Medical Systems,
Eindhoven, Netherlands) using a 3D T1-fast field echo sequence (TR=18 ms;
TE=10 ms; NEX=1; flip angle=30 ; matrix size=256 256; FOV=256; slice
thickness=1mm) that provides isotropic 1 mm?® voxels. Each image underwent
automated correction for intensity non-uniformity and intensity standardization
(Sled et al., 1998).

All baseline images (i.e, first scans of the longitudinal cohort and all scans from
the cross-sectional cohort) were linearly registered into a standardized
stereotaxic space based on the Talairach atlas (Collins et al., 1994). For the
longitudinal analysis, follow-up scans were first linearly registered to the baseline
scan in native space, then linearly registered to the stereotaxic space using the
transformation parameters of their respective baseline scans, and finally non-
linearly registered to the corresponding baseline scan using a piecewise elastic
model that performs coarse-to-fine deformations in a hierarchical fashion (Collins
et al.,, 1995). As the segmentation procedure was performed on the baseline

scans, inverting the displacement vector fields (obtained in the non-linear
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registration step) allowed segmenting automatically mesiotemporal structures on
the follow-up scans. The accuracy of the segmentation was verified in all

subjects prior to further analysis.

Surface-based mapping of mesiotemporal atrophy

We have developed and validated a method (Kim et al., 2008b) to measure local
volume changes based on the computation of Jacobian determinants on surface-
based displacement vectors between a given subject and a template surface
(Styner et al., 2006). In brief, each set of the manually segmented labels were
binarized and underwent a minimal smoothing operation before being converted
to surface meshes for which a spherical parameterization (SPHARM) was
computed using an area-preserving, distortion-minimizing mapping. Based on a
uniform icosahedron-subdivision of the SPHARM, we obtained a point
distribution model (PDM), allowing shape-inherent point correspondences across
subjects. For each structure (i.e., hippocampus, amygdala and entorhinal cortex)
SPHARM-PDM surfaces of each individual were rigidly aligned to a template
constructed from the mean surface of controls and patients with respect to the
centroid and the longitudinal axis of the 1 order ellipsoid (Gerig et al., 2001). To
correct for differences in overall interior head size across subjects, each
individual surface were inversely scaled with respect to its intra-cranial volume
(Styner et al., 2006). Vertex-wise displacement vectors were then calculated
between each individual and the template (Styner et al., 2006). Displacement
vectors were diffused within the volume enclosed by the surface using a heat

equation, yielding a displacement vector field.

To assess local volume changes cross-sectionally, we calculated Jacobian
determinants from these vector fields (Kim et al., 2008b). By linearly
interpolating these Jacobian determinants, we obtained a metric of growth (J>0)
or shrinkage (J<0) in a unit-size cube defined on each vertex. To localize
longitudinal changes in volume, we projected (through a linear interpolation) the

displacement vector field obtained between the follow-up and baseline scans to
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the baseline SPHARM-PDM surface of each mesiotemporal structure. This
procedure guaranteed point-wise correspondence across subjects. The signed
surface-normal components of these vectors represent inward/outward

deformations that we interpreted as atrophy/hypertrophy.

Statistical analysis

The analysis was done performed wusing the SurfStat toolbox
(http://www.math.mcqill.ca/keith/surfstat/) for Matlab (R2007a, The Mathworks,
Natick, MA, USA).

a. Cross-sectional analysis. For each structure (i.e., hippocampus, amygdala
and entorhinal cortex) we assessed differences in local volume between each
TLE group (i.e., LTLE-HA, LTLE-NV, RTLE-HA, RTLE-NV) relative to controls

using two-tailed t-tests at each vertex.

b. Longitudinal analysis. To examine the effects of the inter-scan interval, we
fitted linear mixed-effects models containing time from baseline-scan and
subject intercept as effects on mesiotemporal structures whole-volumes /
vertex-wise volumes, and tested for a negative effect of time from baseline-
scan. To assess possible differences in rates of progression between TLE-HA

and TLE-NV, we tested for interaction of group x scan interval.

c. Clinical correlational analysis. We used linear models to assess the relation
between vertex-wise volume changes and febrile/generalized tonic-clonic
seizures (cross-sectional cohort) and post-surgical outcome (cross-sectional
and longitudinal cohorts). To increase statistical power, data from LTLE and
RTLE were pooled and analyzed relative to the side of seizure focus (i.e.,

ipsilateral and contralateral).

d. Seizure focus lateralization. For each mesiotemporal structure, surface-based
data of LTLE-NV and RTLE-NV were pooled relative to the side of the seizure
focus. We calculated an asymmetry index (ipsilateral-contralateral) /

91



(ipsilateral+contralateral) at each vertex and assessed its significance using
one-tailed paired t-tests (i.e., ipsilateral volume is smaller than contralateral).
To be unbiased by the choice of a statistical threshold, the analysis was
iteratively done for p-values ranging from alpha = 0.05 to 1. At each iteration
asymmetry indices of all vertices with a p-value less than alpha were averaged.
Mean asymmetry values for each patient were then used in a linear
discriminant classifier to lateralize the focus. Cross-validation of the
classification was performed using a leave-one-out approach. This procedure,
by which an individual patient is lateralized using only the data of all other
subjects, allows an unbiased assessment of lateralization performance for
previously unseen TLE cases. We applied the same analysis to the standard

volumetric data.

. Correction for multiple comparisons. In all vertex-wise surface analyses,
significances were thresholded using the false discovery rate procedure
(Benjamini and Hochberg, 1995), with FDR < 0.05. In the volumetric analysis,
Bonferroni-adjustment (based on 3 structures x 2 hemispheres) was applied to

control the family-wise error rate.

Localization of findings. According to histological parcellations, we
schematically outlined hippocampal (Duvernoy, 2005), entorhinal (Insausti et
al., 1995) subfields and amygdalar (Amunts et al., 2005) nuclear groups on

each structure’s surface template.
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Results

Cross-sectional cohort: Group analysis
Table 3.3 displays the results of group comparisons of the conventional

volumetric analysis.

Table 3.3. Volumetry of mesiotemporal structures in TLE.

Group Hippocampus Entorhinal cortex Amygdala

Left Right Left Right Left Right

LTLE-HA -40+14 -03+14 -25%10 -06+11 -08+12 -03+1.1
(n=35)

RTLE-HA -02+13 -34%12 -07x11 1710 01212 -08+14
(n=37)

LTLE-NV 03+17 01+11 -16+£09 -07+11 0615 01+14
(n=29)

RTLE-NV 00+11 01+10 -1.0*x15 -13*12 04+16 08+15
(n=33)

Volume measurements standardized relative healthy controls using a z-score
transformation.  Group-wise significances (in bold) thresholded at p<0.05 after
Bonferroni correction.

Results of vertex-wise group comparisons between TLE-NV and controls are
shown in Figure 3.8. Patterns of atrophy in the mesiotemporal lobe structures
were similar in LTLE-HA and RTLE-HA. In the hippocampus, ipsilateral atrophy
was diffuse and distributed along the rostro-caudal extent (-1.3 = 0.4 mm?;
Figure 3.8A) in vertices corresponding mainly to the CA1 subfield. Atrophy in
regions corresponding to the CA2, CA3 and the dentate gyrus was considerably
less marked (-0.3 + 0.1 mm?®). Contralateral to the focus, we found small areas of
mild CA1 atrophy (-0.5 + 0.2 mm?®). In the entorhinal cortex, atrophy was
observed bilaterally in its superficial layers; however, changes were more

extensive and marked ipsilateral to the seizure focus (ipsilateral: -0.9 + 0.12 mm?,
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contralateral: -0.5 + 0.08 mm?; Figure 3.8B). Amygdalar atrophy was located in

the ipsilateral laterobasal nuclear group (-0.9 + 0.2 mm?; Figure 3.8C).

A. Hippocampus (superior view) B. Entorhinal cortex (infero-medial view) C. Amygdala (anterior view)
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Figure 3.8. Cross-sectional vertex-wise analysis in TLE with hippocampal atrophy.

Regions of volume increase/decrease (in mm?®) relative to healthy controls are
shown for the hippocampus (A - superior view), the entorhinal cortex (B -
inferomedial view) and the amygdala (C - anterior view). Significances are
thresholded at FDR<0.05. For each structure, schematic boundaries of
subdivisions are outlined on the template.

Abbreviations: Hippocampus: CA: cornu ammonis; DG: dentate gyrus.
Entorhinal cortex: C: caudal; Cl: caudal limit; Int: intermediate; Lr: lateral rostal;
Lc: lateral caudal; O: olfactory; R: rostral. Amygdala: CM: centromedial nuclear
group; LB: laterobasal nuclear group including lateral, basolateral, basomedial,
and accessory basal nuclei; SF: superficial nuclear group including cortical
nuclei; Ipsi/Contra: ipsilateral/contralateral to seizure focus.

Results of vertex-wise group comparisons between TLE-NV and controls are
shown in Figure 3.9. Patterns of atrophy were comparable in LTLE-NV and
RTLE-NV. In the hippocampus, a mild degree of atrophy was observed in CA1
subfield ipsilateral to the focus (-0.4 + 0.15 mm? Figure 3.9A). On the other
hand, small areas of hypertrophy were observed bilaterally in the dentate gyrus
(+0.5 + 0.15 mm®). Entorhinal cortex atrophy was present bilaterally in the
anterior subdivisions (ipsilateral: -0.7 + 0.12 mm?, contralateral: -0.4 + 0.1 mm>,
Figure 3.9B). We did not amygdalar atrophy. Instead, we found focal areas of
hypertrophy in the laterobasal and centromedial nuclear groups (+0.6 + 0.18 mm?,
Figure 3.9C).
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We did not find any relation between febrile or generalized tonic-clonic seizures

and local volume changes.

A. Hippocampus (superior view) B. Entorhinal cortex (infero-medial view) C. Amygdala (anterior & posterior views)
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Figure 3.9. Cross-sectional vertex-wise analysis in TLE with normal hippocampal

volume.
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Volume change (mm?)

Regions of volume increase/decrease (in mm?®) relative to healthy controls are
shown for the hippocampus (A - superior view), the entorhinal cortex (B -
inferomedial view) and the amygdala (C - anterior and posterior views).
Significances are thresholded at FDR<0.05. For each structure, schematic
boundaries of subdivisions are outlined on the template. See Figure 3.8 for
abbreviations.

Longitudinal cohort: Effects of inter-scan interval

Volumetric analysis showed progressive atrophy in a bilateral and symmetric
fashion in all three mesiotemporal structures, with an annual rate ranging from
4.9 to 13.1 mm®year (t>2.8, FDR<0.05; Figure 3.10). Negative effects were
highly similar in TLE-HA and TLE-NV; indeed, interaction analysis did not reveal

any difference between the regression slopes (t<2.2, FDR<0.2).

95



Hippocampus Entorhinal cortex Amygdala

5000 Vol =2994 - 126 xyr 1400 Vol =1012-7.8 x yr 3000 Vol = 250374 x yr
t =56 t =77 e t =29
. .
§o. C
. »
.
— z ' o . . * ' r__-.—'.*'r‘\'
s E R ¢  — .o [ =
o % . ‘ iy . L ., .
. .
a 3 [ s ry t ) . o
= < . -
! i . + .
. . -
E S .o
. - N
e o .
e .
H s 700
1 wsoo bl o o4,
Lo 10 0 10 0 10
5000 Vol = 3470 - 13.1 xyr 1400 Vol = 1085 - 4.9 x yr 2000 Vol = -2411 - 125 xyr
—_— t =39 o t =59 t =36
.
. . A H S
. . . . [ . . .
. eet
t ‘. d
! . . [ = = o
w . . — T .
& £ .T-—.—.\ :—“—1.—\\ H PO D
S & P = . .
c 3 .o * .
5 3 o i . '
8 = . %
. . 0 . * . . -
e
. . . .
: ¥ .
..... ® 700 1500 Y
Lol 5 10 ) 10 0 10
Scan interval (yrs) Scan interval (yrs) Scan interval (yrs)

Figure 3.10. Longitudinal analysis of standard volumetry.

Plots show the effect of inter-scan interval on changes in mean hippocampal, entorhinal
cortex and amygdalar volume. Gray lines connect the MR scans, indicated as black
dots; the mixed-effects model is plotted as a solid black line (* p<0.05; ** p<0.0005).

Vertex-wise analysis localized bilateral symmetric areas of progressive atrophy in
hippocampal CA1 (ipsilateral: -0.027 * 0.006 mm/year; contralateral: -
0.029+0.013 mml/year; Figure 3.11A), entorhinal lateral rostral and caudal
subfields (ipsilateral: -0.035 + 0.012 mm/year, contralateral -0.021 + 0.007
mm/year; Figure 3.11B), and the amygdalar laterobasal nuclear group
(ipsilateral: -0.024+0.007 mm/year, contralateral -0.029 + 0.008 mm/year; Figure
3.11C). Comparing the rate of atrophy between the two TLE groups revealed a
more marked ipsilateral progression in the hippocampus and amygdala of TLE-
HA patients, whereas entorhinal atrophy progressed at a similar rate. There was

no difference between the regression slopes in the contralateral hemisphere.
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C. Amygdala (posterior view)
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Figure 3.11. Longitudinal vertex-wise analysis.

Regions of significant atrophy (in mm/year) are mapped on the hippocampus (A),
entorhinal cortex (B) and amygdala (C). For each cluster, plots of mixed-effects models
are shown; the model for TLE-HA is plotted as a solid black line, the model for TLE-NV
as a solid red line. Significances are thresholded at FDR<0.05. The * indicates faster
progression of atrophy in TLE-HA relative to TLE-NV. For each structure, schematic
boundaries of subdivisions are outlined on the template. See Figure 3.8 for
abbreviations.
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Predictors of outcome

In both TLE groups, patients who had residual seizures after surgery displayed
areas of volume loss in the contralateral hippocampal CA1 and the laterobasal
amygdalar nucleus (t > 2.9, FDR < 0.03; Figure 3.12A). On the other hand, we
found a more marked pre-operative progression of atrophy in lateral subfields of
the entorhinal cortex bilaterally in patients with residual seizures compared to
those who became seizure-free (-0.04 mm/year vs. <-0.01mm/year; t > 2.8; FDR
< 0.05, Figure 3.12B).
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Figure 3.12. Predictors of post-surgical outcome.

A) Cross-sectional vertex-wise maps of contralateral hippocampal and amygdalar
atrophy in patients with residual seizures (Engel Ib -IV, poor) compared to seizure free
patients (Engel la, good). Significances are thresholded at FDR<0.05. Box-and-
whiskers plots display group-wise differences within clusters of atrophy. B) Longitudinal
vertex-wise maps displaying bilateral entorhinal atrophy in patients with residual seizures.
The graphs show the interaction between scan-interval and surgical outcome within
clusters of bilateral accelerated progression in non seizure free patients (NSF - in blue)
compared to those who became seizure free after surgery (SF - in red).
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Lateralization of the seizure focus in TLE-NV

Results are shown in Figure 3.13. Linear discriminant function analysis on
whole-volume asymmetry indices correctly lateralized the seizure focus in 52%
(32/62) of patients using the hippocampus, 71% (44/62) using the entorhinal
cortex, and 63% (39/62) using the amygdala. When all three structures were

combined, 73% (45/62) of patients were correctly lateralized.

Hippocampus Entorhinal cortex Amygdala Structures combined

A lometoanalysis g, 1% 63% 73%

B. Surface-based analysis
Accuracy (%) 94%

% 87% e /“_r/_/—’_rV‘
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Figure 3.13. Seizure focus lateralization in TLE patients with normal hippocampal
volume.

Lateralization accuracy of a linear discriminant classifier based on the separate and
combined analysis of the three mesiotemporal structures using: A) standard volumetry;
B) surface-based analysis. For each structure, regions contributing to the optimal
vertex-wise lateralization performance (at a=10%) are shown.

Repeating this analysis using surface-based vertex-wise asymmetry indices
correctly lateralized the focus in 77% (48/62) of patients using the hippocampus,
in 87% (54/62) using the entorhinal cortex, and 84% (52/62) using the amygdala.
Combined analysis of the three structures increased the lateralization rate to
94% (58/62). These findings were robust against variations of the percentile of t-
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values (optimal classification at alpha = 0.05-0.13). Vertices that yielded optimal
lateralization at alpha of 0.05 were localized in CA2-4 subfields and the dentate
gyrus for the hippocampus, in the laterobasal nucleus of the amygdala and

caudal subdivisions of the entorhinal cortex.

Discussion

Using 3D surface mapping of high-resolution MRI, we statistically localized
mesiotemporal subfield pathology across the spectrum of drug-resistant TLE. To
the best of our knowledge, a comprehensive investigation using both cross-
sectional and longitudinal designs to assess structure-specific damage, its

progression and clinical relevance has not been previously performed.

Advanced surface-based shape models, including deformation-based mapping
and spherical harmonics combined with point distribution models, have allowed
localization of morphological changes that may not be readily visible (Styner et
al., 2006), and identified hippocampal shape abnormalities in TLE (Hogan et al.,
2004). The displacement metric provided by these approaches, however, does
not allow differentiating volume from positional differences. Thus, a biologically
meaningful interpretation of findings may be difficult, particularly when both
morphological characteristics co-exist. Moreover, inter-subject shape variability
may reduce statistical sensitivity to detect subtle pathology. Our method
overcomes these limitations by quantifying volume changes only through the
computation of surface-based Jacobian determinants of the displacement vectors
(Kim et al., 2008b).

Compared to standard volumetry, our technique showed increased sensitivity by
unveiling subtle ipsilateral hippocampal atrophy in TLE-NV, ipsilateral amygdalar
and contralateral hippocampal and entorhinal pathology in both TLE groups.
Longitudinal analysis mapped mesiotemporal atrophy that spatially overlapped
with cross-sectional results, the progression rates being comparable among

groups. Contralateral CA1 and amygdalar laterobasal atrophy, and bilateral
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progressive entorhinal volume loss were predictive of unfavorable post-surgical
outcome. Lastly, a combined surface-based analysis of all three mesiotemporal
lobe structures correctly lateralized the seizure focus in 94% of patients with
TLE-NV, as opposed to 73% using standard volumetry.

In vivo mapping of mesiotemporal sclerosis

The histopathological descriptions of hippocampal sclerosis stem from
macroscopic examination of autopsy brain specimens (Margerison and Corsellis,
1966; Meencke and Veith, 1991), and have been refined through microscopic
analysis (Bruton, 1988) and neuronal counts (Babb et al., 1984; Blimcke et al.,
2007; de Lanerolle et al., 2003; Thom et al., 2002a). In a semi-quantitative study
of a large number of hippocampal specimens obtained at surgery, unbiased
clustering technique identified severe CA1 neuronal loss in the vast majority of
cases, whereas the other subfields were only moderately affected (Blimcke et al.,
2007). The extent of pathology seems to be fairly uniform along the longitudinal
hippocampal axis (Thom et al., 2010; Thom et al., 2002a). Noteworthy, because
of the inadequacy of the surgical specimen in many cases and difficulties in
evaluating the complex anatomical organization of the amygdala and the
entorhinal cortex, a combined analysis of these mesiotemporal structures has
been rarely performed. Nevertheless, a study in patients with hippocampal
sclerosis revealed prominent neuronal loss and gliosis in the amygdalar
basolateral nucleus and across all layers of the entorhinal cortex (Yilmazer-
Hanke et al., 2000).

Our findings of atrophy predominating in CA1, in the laterobasal amygdala and
rostral the entorhinal cortex are in agreement with the above histopathological
reports, emphasizing the ability of post-processing of anatomical MRI to unveil

anomalies not otherwise detected on visual evaluation or volumetric analysis.
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Similar to TLE-HA, patients with TLE-NV presented with ipsilateral CA1 atrophy,
that was, however, less marked and widespread. Our results are consistent with
the few reports on histopathology of TLE-NV showing a lesser degree of
neuronal loss in CA1 compared to TLE-HA (Bernasconi et al., 2001; Cohen-
Gadol et al., 2005; Jackson et al., 1994). On the other hand, our intriguing
observation of concomitant dentate gyrus and amygdalar hypertrophy in TLE-NV
is suggestive of aberrant structural plasticity. Indeed, while virtually all healthy
mammals, including humans, exhibit neurogenesis throughout life in regions
such as the dentate gyrus and the amygdala (Bernier et al., 2002), seizure-
related altered dentate neurogenesis has emerged as a hallmark of TLE. This
phenomenon has been reported in both animal models (see for review - (Parent,
2008; Scharfman and McCloskey, 2009) and post-surgical specimens of epileptic
children (Mathern et al., 2002; Siebzehnrubl and Blumcke, 2008). Likewise, the
rate of amygdalar neurogenesis might be altered by various conditions, such as
stressful events and epileptic activity (Gould and Tanapat, 1999). Interestingly, a
recent study showed that the proliferative capacity of cells derived from the
dentate subgranular zone of adult TLE patients decreases with longer disease
duration, and is almost absent in mesiotemporal sclerosis (Paradisi et al., 2010).
In keeping with this observation, we did not find group-wise hippocampal
hypertrophy in patients with TLE-HA, who have more severe hippocampal
atrophy and longer duration of epilepsy than those with TLE-NV.

In experimental models of TLE, astrocytes and microglia cells in the
hippocampus undergo hypertrophy following seizures (for review, see (Foresti et
al.,, 2011)). Astrogliosis has been hypothesized to play a role in hyperexcitability
and the occurrence of spontaneous seizures by altering synaptic and neuronal
activity (Binder and Steinhauser, 2006). Gliosis in regions of neuronal loss is a
well-recognized pathological feature of mesiotemporal sclerosis. While a lesser
degree of neuronal loss in CA1 relative to TLE-HA is distinctive of TLE-NV, glial
counts in CA2 and CA4 have been shown to be elevated to the same extent in
both groups (King et al., 1996). Glial alterations, in addition, may participate to
aberrant neurogenic changes (Shapiro et al., 2005) and even precede neuronal
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damage (Kang et al.,, 2006). Considering data from animal models, human
histopathology and our current MRI findings, it is tempting to speculate that
timing and interplay between structural pathology and remodeling of neuronal
circuitry may lead towards gliosis and neurogenesis, thus masking subtle

neuronal loss in TLE-NV and resulting in normal standard MRI volumetry.

Mesiotemporal disease progression

There is compelling evidence that drug-resistant TLE is a progressive neurologic
disorder that requires early and effective treatment (Bernhardt et al., 2009;
Bonilha et al., 2006; Sutula, 2004; Tasch et al., 1999). Cross-sectional analyses
have shown positive correlation between longer disease duration and atrophy
(Bernasconi et al., 2005b; Theodore et al., 1999). Since patients with intractable
seizures rarely refuse surgery, only one study has so far examined hippocampal
volumes longitudinally (Fuerst et al., 2003) and provided evidence for
progression of atrophy ipsilateral to the focus. Our longitudinal data, on the other
hand, revealed bilateral and symmetric progressive atrophy not only in the
hippocampus, but also the entorhinal cortex and amygdala over a mean interval
of 2.5 years. The striking similarity in the dynamics of mesiotemporal atrophy
between TLE-HA and TLE-NV parallels our recent observation in the neocortex,
supporting the concept that these two entities are part of the same spectrum
(Bernhardt et al., 2010). Increased sensitivity to bilateral atrophy is likely due to
our methodological approach. Contrary to the above-cited longitudinal analysis
that used paired t-tests, we opted for linear mixed-model regression, as it permits
the inclusion of multiple measurements per subject, and irregular intervals
between measurements, thereby increasing statistical power while controlling for
within-individual variation. Further sensitivity may derive from our fully automated
assessment of volumetric changes on repeated scans as opposed to manual

segmentation of repeated scans.
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Clinical implications of bilateral mesiotemporal atrophy

Unilateral hippocampal atrophy on MRI is generally considered a reliable
predictor of favorable post-surgical outcome (Arruda et al., 1996; Berkovic et al.,
1995; Cohen-Gadol et al.,, 2006; Jack et al., 1992; Mcintosh et al., 2001;
Schramm and Clusmann, 2008). However, residual seizures in about 30% of
TLE patients (Schramm and Clusmann, 2008) are an incentive to search for
more refined MRI markers. Our results show that atrophy in the contralateral
hippocampal CA1, laterobasal nucleus of the amygdala, and progressive bilateral
damage in the lateral entorhinal cortex predict unfavorable outcome. The
adverse effect of bi-hemispheric damage is further supported by our recent
findings showing bilateral neocortical atrophy (Bernhardt et al.,, 2009) and
increased folding complexity (Voets et al., 2011) in patients with residual seizures

after surgery.

Bilateral static and dynamic mesiotemporal damage may impact significantly
cognition in TLE. It has been suggested that verbal and visuo-spatial functions
have bi-hemispheric representations, likely as a natural evolution from
symmetrical functional networks in lower primates (Milner, 1971). Damaged inter-
hemispheric communication between mesiotemporal structures (and likely more
widespread (Voets et al., 2009)) may impair memory function bilaterally,
independent of stimulus type (Dobbins et al., 1998). This notion is supported by
memory impairments following commisurotomy, not predicted by classical
hemispheric specialization models (Dobbins et al., 1998). Our findings of
progressive atrophy affecting contralateral mesiotemporal structures could thus
conceivably contribute to the lack of consistent material-specific deficits often
observed in TLE patients irrespective of the side of the seizure focus, even
though clinical and task variables (such as nature and complexity of test stimuli)
may play additional roles (Bell and Giovagnoli, 2007; Dobbins et al., 1998).
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Abstract

The purpose of this study was to categorize morphological sulcal patterns of the
basal temporal lobe in patients with temporal lobe epilepsy (TLE). We studied 51
healthy controls and 69 patients with TLE (37 left, 32 right TLE), including 35 with
hippocampal atrophy and 34 with normal hippocampal volumes. Brain sulci were
identified and labeled automatically on MRI using an automated algorithm based
on a congregation of neural networks. 3D sulcal models mapped on the cortical
surface were inspected visually. We used four sulcal patterns classes proposed
by Ono (Ono et al., 1990) to describe the sulcal arrangement in the inferior
surface of the temporal lobe in each subject: Type 1, i.e. single-branch,
unbroken collateral sulcus (CS) connected with the rhinal sulcus (RS) anteriorly;
Type 2, i.e. CS connected with the occipitotemporal sulcus (OTS), but separated
from the RS; Type 3, i.e. CS separated from the OTS and RS, which are
connected; and Type 4, i.e., CS, OTS and RS separated. Compared to controls,
we found an increased frequency of Type 1 CS in TLE patients, both in the left
(NC: 47%, TLE: 77%, p = 0.004) and the right hemispheres (NC: 41%, TLE: 72%,
p = 0.002). On the other hand, we found a decreased frequency of Type 2 CS in
TLE patients, both in the left (NC: 31%, TLE: 4%, p = 0.00002) and the right
hemisphere (NC: 35%, TLE: 4%, p < 0.00001). We found no association
between the sulcal patterns and the side of seizure focus, febrile seizures and
hippocampal volume. A single-branch, unbroken CS is the predominant sulcal
pattern found in TLE. This “simplified” arrangement may be a marker of altered
corticogenesis and predispose the temporal lobe to be vulnerable to injuries

during early gestation.
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Introduction

The ventral and medial surfaces of the temporal lobe are organized into strips by
two prominent rostro-caudally oriented sulci. The more lateral of the two is the
occipitotemporal sulcus (OTS), which is often broken forming small, transverse
gyri. The more medial is the collateral sulcus (CS) and marks the border
between the parahippocampal gyrus and the occipitotemporal (i.e., fusiform)
gyrus. The CS may be continuous rostrally with the rhinal sulcus (RS), although
there is individual variability in the arrangement and depth of these sulci (Insausti
and Amaral, 2004; Van Hoesen, 2002). The parahippocampal region is
anatomically and functionally deeply related to the hippocampus (for review see
(Witter et al., 2000)).

The vast majority of morphological MRI studies of the brain have been focused
on assessing gray- and white matter volumes. Less attention has been paid to
sulcal morphology. Studying the normal sulcal anatomy of the inferior surface of
the temporal lobe in postmortem specimens of 25 non-diseased brains, Ono et al.
(Ono et al., 1990) described four main patterns of sulcal arrangement based on
the relationship between the CS and neighboring sulci, i.e. the RS and OTS.
The sulcal patterns of the inferior temporal lobe have been rarely studied in vivo
in healthy controls using MRI (Insausti et al., 1998; Pruessner et al., 2002).
Morphological studies of sulcal patterns abnormalities in neurological disorders
have shown reduced cortical folding in the temporal lobe relative to healthy
subjects in schizophrenia (Jou et al., 2005; Kikinis et al., 1994; Kulynych et al.,
1997; Sallet et al., 2003) and velo-cardio-facial syndrome (Schaer et al., 2006),
lateral shifting of the CS in autism (Levitt et al., 2003) and reduction of CS depth
in Williams syndrome, a rare genetic disorder (Kippenhan et al., 2005). In
epilepsy, sulcal abnormalities have not been systematically studied. They have
been occasionally reported in relation to malformations of cortical development,
either in the presence of an obvious lesion or suggested to be a possible marker
of subtle cortical dysgenesis (Bronen et al., 2000; Muntaner et al., 1997; Rakic,

107



1988). One study (Novak et al., 2002) categorized the CS in TLE patients into
three types according to the relationship between the CS and the RS. In this
study, which did not include healthy control subjects, no predominant sulcal
pattern was found. Atypical morphologies of the CS, such as verticalization and
increased depth, have been described in relation to shape and positioning
abnormalities of the hippocampal formation in TLE (Barsi et al., 2000a; Baulac et
al., 1998; Bernasconi et al., 2005a). These observations were based on the
evaluation of CS characteristics on two-dimensional (2D) MRI in few coronal

sections along the rostro-caudal extent of temporal lobe.

Although MRI offers an opportunity to complement labor-intensive post-mortem
studies of gyrification, the complexity of the brain’s convolution makes the visual
identification of sulcal-gyral abnormalities difficult on orthogonal planes obtained
in conventional MRI. Furthermore, extensive manual sulcal segmentation on
MRI is prohibitive. To bypass the disadvantages, computer-based sulcal
identification techniques have been implemented (Blanton et al.,, 2001; Le
Goualher et al., 1999; Levitt et al., 2003; Thompson et al., 1996). In particular
the method developed by Mangin (Mangin et al., 1995) and Riviere (Riviere et al.,
2002) allows not only the inspection of sulcal and gyral patterns on brain
surfaces, but also the automatic extraction, identification, and labeling of brain
sulci. This method, which has proven to be precise and robust, greatly facilitates
population-based studies of sulcal variability and has been successfully applied
to evaluate temporal lobe sulcal patterns in schizophrenia (Bartrez-Faz et al.,
2002) and Turner syndrome (Molko et al., 2003).

Our purpose was to categorize the CS morphological patterns in patients with
TLE and healthy controls using an automated sulcal extraction method allowing

the description of sulcal variability on brain surfaces on MRI.
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Methods

Subjects

We randomly selected 69 patients with medically intractable TLE (33 males;
mean age = 32+9 years, range = 16-49) from our database. The TLE population
was composed of 35 patients with unilateral hippocampal atrophy and 34 with
normal hippocampal volumes as determined by volumetric MRI (see below). The
control group consisted of 51 sex- and age-matched healthy subjects (25 males;

mean age = 32+11 years, range = 20-56).

Demographic and clinical data were obtained through interviews with the patients
and their relatives, and by reviewing hospital charts. Seizure type and the site of
seizure onset were determined by a comprehensive evaluation including seizure
history and semiology, video-EEG telemetry, and neuropsychological evaluation
in all patients. In TLE, the seizure focus was left-sided in 37 patients and right-
sided in 32. The Ethics Committee of the Montreal Neurological Institute and
Hospital approved the study and written informed consent was obtained from all

participants.

MRI acquisition and image pre-processing

In all subjects, MR images were acquired on a 1.5 T Gyroscan (Philips Medical
System, Eindhoven, Netherlands) using a 3D T1-fast field echo sequence
(TR=18, TE=10, 1 acquisition average pulse sequence, flip angle=30°, matrix
size=256x256, FOV=256, slice thickness=1mm). This high-resolution T1-
weighted 3D gradient-echo sequence provides exquisite anatomic details with an
isotropic voxel size of 1x1x1 mm and features high signal-to-noise and contrast-
to-noise (Antel et al., 2002a).

MR images were registered into a standardized stereotaxic coordinate space

based on the Talairach atlas (Talairach and Tournoux, 1988) to adjust for
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differences in total brain volume and brain orientation and to facilitate the
identification of boundaries by minimizing variability in slice orientation (Collins et
al., 1994). This procedure uses an automatic, multi-scale feature-matching
algorithm (Collins et al., 1994) that performs a 9-parameter linear transformation
to match each brain to a template brain. The reference image used for the linear
registration and resampling was the ICBM 152 T1-weighted target, a voxel-by-
voxel average of the 152 normal subjects previously registered in the Talairach-
like stereotaxic space (Mazziotta et al., 1995). Each image underwent
automated correction for intensity non-uniformity and intensity standardization
(Sled et al., 1998). This correction produces consistent relative gray matter (GM),

WM and cerebrospinal fluid (CSF) intensities.

Generation of brain surfaces and sulcal models

Images were processed using BrainVISA, a brain image analysis software which
allows to reconstruct the surfaces corresponding to GM-WM and GM-CSF
interfaces and to extract the brain sulci (Mangin et al., 1995; Riviere et al., 2002).
To compute accurate cortical surfaces and brain sulcal folds, image processing
includes the following steps: 1) histogram analysis and brain segmentation; 2)
brain masking and dividing of brain regions into hemispheres, cerebellum, and
brain stem; 3) classification of white matter, gray matter and CSF in each
hemisphere; 4) skeletonization of the GM/CSF union using a homotopic erosion;
5) reconstruction of the surfaces corresponding to the GM-WM interface and GM-
CSF interface using the classification maps generated in step 3); 6) extraction of
the sulcal folds: this procedure segments the skeletonized GM/CSF interface into
simple surfaces; 7) sulcal graph construction: the spatial and structural
relationships of the sulcal ribbons are depicted as a graph model including the

information essential to the sulcal recognition process.

Labeling sulci based on semi-automated sulcal recognition

110



After extraction, sulci are automatically labeled using the method proposed by
Riviere et al. (Riviere et al., 2002). In brief, this technique relies on a
congregation of neural networks trained on a manually identified database of
sulci. Recognition of structures is achieved by maximizing similarity of sulci
features and sulci relations. A trained observer (N.B.) inspected all images to
check for any possible identification errors in the CS, RS and OTS to perform

manual correction when needed.

Examination and categorization of sulcal patterns

Anatomist, the visualization tool provided by BrainVISA, allows a visualization of
the brain surface and optimal identification of sulcal patterns by providing a
spatial synchronization of the 2D MR images and the 3D surface rendering. This
visualization tool allowed examining the brain hemispheres separately. Figure
3.14 shows the various sulci on orthogonal MRI slices and a 3D MRI surface

rendering.

We used the four sulcal patterns classes proposed by Ono (Ono et al., 1990) to
describe the sulcal arrangement in the right and left basal surface of the temporal

lobe in each subject as shown in Figure 3.15:

Type 1: single-branch, unbroken CS connected with the rhinal sulcus (RS)

anteriorly

Type 2: CS connected with the occipitotemporal sulcus (OTS), but separated
from the RS

Type 3: CS separated from the OTS and RS, which are connected

Type 4: CS, OTS and RS separated
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Figure 3.14. 3D surface rendering (A) and coronal MRI slices of the basal temporal
lobe (B) showing the collateral sulcus (CS, red), rhinal sulcus (RS, blue) and

occipitotemporal sulcus (OTS, green).
AM = amygdala; HB = hippocampal body; HT = hippocampal tail.
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(a) (b) (c) (d)

Figure 3.15. Upper panels show a basal view of the 3D MRI rendering of the brain with
sulci mapped on the cortical surface.

Middle panels show the extracted sulci: collateral sulcus (CS, red), rhinal sulcus
(RS, blue) and occipitotemporal sulcus (OTS, green). Lower panels show three
consecutive coronal MRI slices with sulci marked at the level of hippocampal
head, body, and tail at the level indicated by the Talairach coordinates in coronal
plane on the middle panels (red dashed line; y=-23). Sulcal pattern classes used
are: (a) one-branch CS connected with rhinal sulcus (RS); (b) two-branch CS
connected with occipitotemporal sulcus (OTS) in its posterior portion; (c) two-
branch CS having connection between RS and OTS in its anterior portion; (d)
three-branch CS with no connection between the sulci.
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MRI volumetry

Volumetric analysis of the hippocampus was performed in all subjects using
hippocampal labels that were obtained by manual segmentation according to our
previously published protocol (Bernasconi et al., 2003b). Based on a 2 SD cutoff
from the mean of healthy controls, 35/69 (51%) TLE patients were determined to
have hippocampal atrophy (TLE-HA) and 34/69 (49%) had normal hippocampal
volume (TLE-NV).

Qualitative assessment of the hippocampal formation shape and

positioning

Qualitative assessment of hippocampal shape and positioning was performed in
all subjects. This evaluation was based on a set of eight previously published
criteria (Bernasconi et al., 2005a). We considered the shape and positioning of
the HF as abnormal if at least three out of the eight criteria were present in the

same subject.

Statistical analysis. We evaluated associations between CS branch types in
each hemispheres and groups (healthy controls and TLE patients), gender, and
side of seizure focus and history of febrile seizures using x *test. Associations
between CS branching types and hippocampal volume and positioning changes
were also analyzed using y *test.

Two raters (HK and BB) independently analyzed 35 randomly selected subjects
(i.,e. 70 hemispheres), including patients of all categories and healthy controls.
We assessed the chance-corrected inter-rater agreement between the two
observers by computing Cohen's Kappa:

k = (po - pe) / (1 - pe), where po is the overall proportion of observed agreement,
pe is is the overall proportion of chance-expected agreement (Cohen, 1960).

Both quantities are calculated on the basis of the 4x4 contingency matrix that
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expresses all joint proportions of all possible rating combinations (e.g. the
proportion of all joint events - rater1: type 1, rater2: type 3- would be in the 1st

row and 3rd column) (Fleiss et al., 2003).

Results

The two raters differed only in 3 of the 70 possible ratings. We obtained a
chance-corrected Cohen's « = 0.84 (0.88 - 0.27)/(1 - 0.27)), which represents

excellent agreement (Fleiss et al., 2003).

Frequencies of the various sulcal patterns types in controls and TLE patients are
presented in Table 3.4. In healthy controls, Type 1 and Type 2 were the most
frequent patterns. 82% (42/51) of subjects had the same pattern in both
temporal lobes. There was no association between any sulcal pattern type and

gender.

Compared to controls, in TLE patients we found: i) an increased frequency in
pattern Type 1 (single-branch, unbroken CS connected with the RS) in the left
(77% vs. 47%:; 5> = 8.2, df = 1, p = 0.004) and right hemisphere (72% vs. 41%;
v?=9.2,df = 1, p = 0.002); ii) a decreased frequency of sulcal pattern Type 2 (CS
connected with the OTS, but separated from the RS) in the left (4% vs. 31%; x 2
=17.0, df = 1, p = 0.00002) and the right hemisphere (4% vs. 35%; x2 = 19.1, df
=1, p < 0.00001). There was no difference among groups in the frequency of
Type 3 and 4 sulcal patterns. 77% (53/69) of TLE patients had the same sulcal

pattern in both temporal lobes.

There was no relationship between sulcal patterns and seizure focus
lateralization, or any associations between CS sulcal patterns and hippocampal

volume.
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Table 3.4. Frequencies of sulcal patterns types in the basal temporal lobe in healthy
normal controls (NC) and patients with temporal lobe epilepsy (TLE).

Sulcal pattern NC (n=51) TLE (n=69)

Left Right Left Right

Type 1: CS connected with the RS

24/51 (47%) 21/51 (41%) 53/69 (77%)* 50/69 (72%)*
Type 2: CS connected with the OTS, but separated from the RS

16/51 (31%) 18/51 (35%) 3/69 (4%)** 3/69 (4%)**
Type 3: CS separated from the OTS and RS, which are connected

3/51 (6%) 2/51 (4%) 6/69 (9%) 8/69 (12%)
Type 4: CS, OTS and RS separated

8/51 (16%) 10/51 (20%) 7/69 (10%) 8/69 (12%)

* p<0.005; **: p<0.00005

Table 3.5. Proportion of patients with childhood febrile seizures and shape and
positioning changes of the hippocampal formation (HF) for each sulcal pattern.

Sulcal pattern Febrile §eizures HF shape and po§itioning changes
(138 hemispheres) (138 hemispheres)
Type 1 31/103 (30%) 45/103 (44%)
Type 2 116 (17%) 2/6 (33%)
Type 3 5/14 (36%) 7/14 (50%)
Type 4 3/15 (20%) 6/15 (40%)

We also found no association between sulcal patterns and the presence of

hippocampal shape and positioning changes or a history of febrile seizures
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(Table 3.5). In relation to gender, sulcal pattern Type 1 was more frequently
associated with males (male: 58/66 = 88% vs. female: 45/72 = 63%; p = 0.001)
and Type 4 with females (male: 4/66 = 6% vs. female: 14/72 = 19%; p = 0.03).

Discussion

Studying the morphological patterns of the inferior surface of the temporal lobe in
healthy controls and TLE, we found that more than 70% of TLE patients exhibit a
single-branch, unbroken CS connected with the RS. On the other hand, more
than half of the controls presented with patterns displaying a lack of continuity
between the CS and the RS. In particular, a CS connected with the OTS, but
separated from the RS (corresponding to Type 2), was more common in healthy
controls than in TLE patients. Overall, in the majority of subjects, the same

sulcal pattern was observed in both temporal lobes.

Sulcal pattern variants in healthy controls

The precise mechanisms leading to cortical folding are not well known and
possibly involve a combination of factors. Mechanical forces with increased brain
size include forces resulting from different tension of growth between early
cortical strata (Armstrong et al., 1991; Caviness, 1975), tension along axons,
dendrites, and glial processes that reduce axonal length between interactive
cortical areas to the shortest possible distance (Van Essen, 1997) and changes
in subcortical connectivity patterns (Rakic, 1988; Welker, 1990). Sulcal patterns
may also depend on non-uniform distribution of neuronal differentiation and
neurite growth (Mima and Mikawa, 2004). Hemispheric sulcal morphology is
thought to be primarily modulated by a variety of non-genetic factors, including
intrauterine environment (Bartley et al., 1997; Lohmann et al., 1999; Mohr et al.,
2004; Steinmetz et al., 1995; Wiesel, 1982). On the other hand, data from

morphological analysis of individual sulci suggest genetic encoding (Le Goualher
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et al., 2000; Molko et al., 2003). Most sulci and gyri develop during the third
trimester, and the primary and secondary fissures are visible at birth (Chi et al.,
1977; Ono et al., 1990). Typically, the major sulci continue to develop after birth
(Jernigan et al., 1991) and during early childhood the degree of gyrification
stabilizes (Zilles et al., 1988). The CS is among the deep sulci that appear early

during human gestation, around the 23rd week’ s gestation (Chi et al., 1977).

Although the basic topological pattern of gyri and sulci is maintained across
humans, the precise topographic arrangement of each individual sulcus shows a
high degree of variability between individuals (Bailey and Von Bonin, 1951). Post
mortem studies have reported variable folding patterns in the inferior surface of
the temporal lobe (Gloor, 1997; Ono et al., 1990). Studying 25 non-diseased
brains, Ono et al. (Ono et al.,, 1990) described CS categories based on its
connection patterns to the neighboring sulci and found that the CS was
connected with the RS in 26% of the specimens. Examining five human brains of
the Yakovlev Collection, which were serially sectioned in the frontal plane, Gloor
(Gloor, 1997) found only one brain presenting an unbroken long collateral sulcus
extending into the uncal region. The relatively low percentages of this pattern
compared to our results could be partly explained by the limited number of brain
specimens included in these studies. Our findings in 51 healthy controls are in
agreement with previous in vivo MRI studies that used similar number of subjects
and showing an unbroken single-branch CS connected with the RS in about 45%
of individuals (Pruessner et al., 2002). These studies also reported comparable
proportions of the other sulcal patterns, namely Type 2 and 3 in about 35% and
Type 4 in 20% of subjects. This suggests that identification of sulcal patterns on
MR, in particular when using 3D surface models, can be reliable and as accurate
as postmortem evaluations. Also, MRI and 3D rendering allow studies of
increased number of cases compared to ex vivo analysis and are therefore

suitable to assess sulcal variability.

We found a high inter-hemispheric similarity in sulcal arrangement in the basal
temporal lobe. There are indications that the greatest inter-hemispheric sulcal

pattern variability is found in the frontal and parieto-occipital regions (Luders et
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al., 2004; Ono et al.,, 1990). However, previous studies in healthy controls
(Ochiai et al., 2004; Sowell et al., 2002) and diseased populations (Kippenhan et
al., 2005; Levitt et al., 2003) have been focused on inter-hemispheric
asymmetries of sulcal length, depth, position, or angle and did not assess inter-
hemispheric characteristics of inter-sulcal relations. Therefore, our results

complement previously published data.

TLE is associated with a “simplified” sulcal anatomy of the basal temporal
lobe

Type 1 single-branch, unbroken long CS connected with the RS was present in
more than 70% of our TLE patients, while Type 2 (i.e., CS connected with the
OTS, but separated from the RS) was found in only 4% of them.

To our knowledge, only one previous paper investigated individual variations in
the sulcal anatomy of the basal temporal lobe in TLE (Novak et al., 2002). Using
coronal MR images, the authors found a CS Type 1 only in 33% of the subjects.
The low incidence may be explained by the use of low resolution MRI data with a
slice thickness varying between 2 and 4 mm, which could lead to an incorrect
determination of the sulcal depth, connectivity and interruption. The high-
resolution MR images with isotropic voxels, no inter-slice gap and a 1mm
thickness we used in this study allowed for a better identification of sulcal
patterns. The use of advanced MR image processing enabled us not only to
inspect brain surfaces in a similar way as in postmortem studies, but also to
create 3D sulcal models that allow a comprehensive spatial evaluation of sulcal
morphology. Finally, compared to the above study, the comparison with a set of
healthy controls in our cohort, allowed us to establish that Type 1 CS is indeed

the predominant sulcal pattern in TLE.

We did not find any association with sulcal patterns and the side of the seizure
focus, indicating that the location of the epileptogenic focus and morphological

changes may not necessarily overlap. Furthermore, the various patterns
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occurred regardless of the presence of mesio-temporal atrophy on MRI.
Expected effects of atrophy would rather be a displacement of the position of a

sulcus without changes of its morphology (Molko et al., 2004).

“Simplified” temporal Ilobe sulcal pattern: a marker of abnormal

connectivity?

Cortical complexity is usually used to describe the frequency of gyrification in a
particular region of the brain (Luders et al., 2004; Zilles et al., 1988). Comparing
the overall sulcal shape and organization in our subjects, Type 1 CS appears as
“simplified”, since its relationship with the surrounding sulci produces a low
degree of complex arrangement (Figure 3.14). The simplified sulcal
arrangement may be the result of various overlapping mechanisms and could

suggest an incomplete maturation of the inferior temporal lobe.

The pattern of folding is an effect of the massive expansion of cortical gray matter
and the development of interconnecting circuits. Accordingly, cortical sulci form
macroscopic landmarks of functional areas (Dumoulin et al., 2000; Yousry et al.,
1997). It is generally assumed that a “normal” gyral pattern, albeit with a wide
amount of variation, exists when neuronal connections are constructed properly
during development. Variations in sulco-gyral patterns that exceed normal
variance may therefore reflect deviations in cortical connections. Since the
development of the temporal lobe is characterized by progressive folding
involving several adjacent structures, a disruption in the genesis of any of these
structures could potentially have consequences on the development of the others
(Hines, 1922; Humphrey, 1967; Macchi, 1951). Experimental lesion studies in
monkeys indicate that the disruption of afferent pathways, when occurring very
early in pregnancy, can lead to the emergence of abnormal sulcal/gyral patterns
(Rakic, 1988). We previously showed that the degree of volumetric reduction in
densely interconnected temporal lobe regions is similar (Bernasconi et al.,
2003b). Likewise, a modification in sulco-gyral pattern could occur via input

alteration. Therefore, it is tempting to speculate that the relative simplification (or
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loss of complexity) found in TLE could reflect variations in the underlying,
possibly disturbed neuronal connectivity involving the subplate during the early
stages of corticogenesis, particularly at the level of cortico-cortical connections.
A modified connectivity in cortical areas adjacent to the CS known to be involved
in the epileptogenic network in TLE, particularly the entorhinal and perirhinal
cortices (Bartolomei et al., 2001; Bernasconi et al., 2003a; Bernasconi et al.,
2003b; Bertram et al., 1998; Du et al., 1995), could lead to the distinctive sulcal

pattern variant that we found to be typically associated with this form of epilepsy.

The first primordial entorhinal cortex can be detected towards the end of the third
fetal month. The parahippocampal gyrus completes folding by the 6™ month (Chi
et al.,, 1977). The formation of the neighboring isocortex and the hippocampus is
completed later. Which anatomical region represents the primary abnormality in
our TLE patients remains unclear. However, it is plausible that an early lesion in
the parahippocampal region could lead to a disturbance in the development of

the sulco-gyral pattern of the basal temporal lobe.

Sulco-gyral patterns: an indicator of subtle dysplasia predisposing to TLE?

Our findings raise the question as to whether the characteristic sulcal
arrangement in the basal temporal lobe of our TLE patients is a marker of a

subtle malformation of cortical development.

A phenomenon yet unresolved is the overt discrepancy between the large
percentage of TLE patients reporting initial precipitating insults and the fact that
only few children experiencing such insults subsequently develop mesial TLE
(Verity, 1998). In that context, several authors have proposed a second-hit
hypothesis, where some pre-existing abnormality is constituting a susceptibility
factor, predisposing the temporal lobe to a focal insult, thereby triggering the
epileptogenic process. Cerebral dysplastic lesions have been suggested as
candidates, because these are developmental malformations clearly present

before the onset of epilepsy (Blumcke et al., 2002; Tassi et al., 2002; Thom et al.,
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2002b) and often associated with intractable epilepsy. However, most cases of
TLE show only MR signs of hippocampal sclerosis (Sloviter and Pedley, 1998).
The concept, therefore, was expanded to include microscopical cortical dysplasia,
which represents an increasingly recognized cause of TLE (Palmini et al., 2004;
Tassi et al., 2002). The prototypes of these lesions are Type IA (architectural)
and IB (cytoarchitectural) cortical dysplasia that are characterized by subtle
cortical laminar dysorganization without cytoskeletal abnormalities or balloon
cells (Palmini et al., 2004; Tassi et al., 2002). Such subtle cortical development
abnormality, overlooked or not visible on MRI, may leave the temporal lobe more
vulnerable to precipitating injuries occurring as early as the third trimester of

gestation.

An early nature of the precipitating event is supported by our results showing the
lack of relationship between sulcal morphology and history of febrile seizures in
our TLE patients. The fact that this arrangement was present in more than 40%
of our controls indicates that additional factors (i.e. genetic or environmental) are
necessary for the emergence of the particular sulcal arrangement. Furthermore,
the lack of relationship with hippocampal shape and positioning changes in our
patients suggests that this phenomenon may occur independently from

developmental changes in the mesial temporal areas.

In conclusion, the “simplified” sulco-gyral pattern of an unbroken CS in TLE may
point to alterations in the course of corticogenesis, related either to a genetic or
environmental influence, and be an important element when considering the time
of origin of this disorder. It is possible that a developmentally abnormal temporal

lobe may become vulnerable to injury in ways that a normal temporal lobe is not.
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Chapter 4

Assessment of the impact of
morphological abnormalities on
automatic hippocampal

segmentation in TLE

4.1 Preface

A vast number of automated hippocampal segmentation techniques have been
developed to substitute the anatomical expertise-requiring, time-consuming and
rater-biased manual procedures. To be suited to a clinical setting where surgical
decisions are made on a patient-to-patient basis, the evaluation of sensitivity and
specificity is critical prior to implementation. Recent studies have shown that
segmentation performance of automated methods are satisfactory in healthy

controls, reaching a degree of agreement with manual labelling that is
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comparable to the inter-rater reliability (Aljabar et al., 2009; Chupin et al., 2009b;
Collins and Pruessner, 2010).

In TLE, automatic segmentation algorithms have shown poorer agreement with
manual labels than in healthy controls, with kappa indices ranging from 0.63 to
0.77 (Akhondi-Asl et al., 2011; Avants et al., 2010; Chupin et al., 2009b;
Hammers et al., 2007; Heckemann et al., 2010; Pardoe et al., 2009). The inferior
performance likely stems from factors other than atrophy, as previous
approaches achieved performances similar to controls in patients with
Alzheimer’'s disease, which is associated with marked hippocampal volume
reduction (Barnes et al., 2008; Chupin et al., 2009a; Leung et al., 2010).

Using surface-based techniques developed in Chapter 3, our comprehensive
analysis shows that in addition to hippocampal atrophy, malrotation, which is
characterized by atypical positional changes, is present in a large percentage of
TLE patients relative to controls. Moreover, we revealed an altered morphology

of cortices surrounding the hippocampus in TLE.

In this chapter, we evaluated the impact of morphological abnormalities in the
hippocampus and its surroundings on the performance of two state-of-the-art
automated methods. We chose two algorithms previously used in this capacity
(Chupin et al., 2009b; Pardoe et al., 2009): SACHA, a region growing-based
approach that utilizes rule-based detection of anatomical landmarks (Chupin et
al., 2009b), and FreeSurfer (Fischl et al., 2002), a freely available algorithm
based on the non-linear warp of a target image to a probabilistic atlas.
Segmentation accuracies were evaluated relative to manual volumetry using
overlap indices and surface-based shape mapping. We then correlated these
accuracy indices with 3D descriptive model-based metrics characterizing
hippocampal malrotation. To guarantee high statistical power, we included a

large dataset of patients and controls.

124



4.2 Manuscript 4

Submitted to Neuroimage.

Automatic hippocampal segmentation in temporal lobe

epilepsy: impact of developmental abnormalities

Hosung Kim'?2, Marie Chupin®, Olivier Colliot®, Boris C. Bernhardt?, Neda

Bernasconi?, Andrea Bernasconi?

'Department of Biomedical Engineering, ?Department of Neurology and
Neurosurgery and Brain Imaging Center, McGill University, Montreal
Neurological Institute and Hospital, Montreal, Quebec, Canada and *Cognitive
Neuroscience and Brain Imaging Laboratory, CNRS, UPR 640, Université Paris 6,

Hépital de la Salpétriére, Paris, France

125



Abstract

In drug-resistant temporal lobe epilepsy (TLE), detecting hippocampal atrophy
on MRI is important as it allows defining the surgical target. The performance of
automatic segmentation in TLE has been so far considered unsatisfactory. In
addition to atrophy, about 40% of patients show developmental abnormalities
presenting as atypical morphologies of the hippocampus and collateral sulcus,
referred to as malrotation. Our purpose was to evaluate the impact of
malrotation and atrophy on the performance of two state-of-the-art automated
algorithms. We segmented the hippocampus in 66 patients and 35 sex- and
age-matched healthy subjects using SACHA, a region-growing algorithm
constrained by anatomical priors, and FreeSurfer, a freely available atlas-based
software. To quantify malrotation, 3D models were created from manual
hippocampal labels and automatically extracted collateral sulci. Segmentation
accuracy of automated techniques was evaluated relative to manual labeling
using the Dice similarity index and surface-based shape mapping, for which we
computed vertex-wise displacement vectors between automated and manual
segmentations. We then correlated segmentation accuracy with malrotation
features and atrophy. Although, SACHA outperformed FreeSurfer (mean Dice
index: 79.4 £ 6.2 vs. 68.9 £ 5.4; t=15.4, p<0.001), both algorithms showed lower
accuracy in patients compared to controls. Surface-based analysis of contour
accuracy revealed that SACHA over-estimated the lateral convexity of the
hippocampus in presence of malrotation (r=0.61; p<0.0001), but performed well
in the presence of atrophy (|r|<0.34; p>0.2). Conversely, FreeSurfer was
affected by both hippocampal malrotation (r=0.57; p<0.02) and atrophy (r=0.78,
p<0.0001). Compared to manual volumetry, the automated procedures detected
smaller effect sizes of atrophy (Cohen's d: manual: 1.68; SACHA: 1.1;
FreeSurfer: 0.9, p<0.0001). In addition, they tended to less accurately lateralize
the seizure focus in the presence of malrotation (manual: 64%; SACHA: 50%,
p=0.1; FreeSurfer: 41%, p=0.05). Hippocampal developmental anomalies are
prevalent not only in TLE, but may occur in neuro-psychiatric disorders in which

the temporal lobe is implicated. Our results showing suboptimal performance of
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automated methods in the presence of malrotation imply atypical morphologies to

be taken into account when designing segmentation algorithms.
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Introduction

Temporal lobe epilepsy (TLE) is the most frequent form of drug-resistant epilepsy.
The majority of patients display hippocampal sclerosis, a lesion characterized by
various degrees of neuronal loss and astrocytic gliosis (Babb and Brown, 1987).
On MRI, hippocampal sclerosis generally appears as atrophy and signal changes
(Jackson et al., 1990 ). Detecting hippocampal sclerosis is clinically relevant, as
it allows to define the surgical target and is associated with favorable surgical

outcome in more than 70% of patients (Schramm and Clusmann, 2008).

Manual delineation of the hippocampus is considered the gold standard, as it is
accurate, reproducible and sensitive to detect atrophy (Bernasconi et al., 2003b;
Jackson et al.,, 1993a; Kuzniecky et al., 1999). On the other hand, time
requirement, rater-bias, and increased demand to study large cohorts of healthy
and diseased populations have motivated the development of automated
segmentation procedures. Most methods employ deformable (Kelemen et al.,
1999; Yang and Duncan, 2004), appearance-based (Avants et al., 2010;
Duchesne et al., 2002 ) or atlas-based approaches (Aljabar et al., 2009; Collins
and Pruessner, 2010; Fischl et al., 2002; Khan et al., 2008; Lotjonen et al., 2010).
Modeling spatial relationships and texture has improved segmentation accuracy
(Avants et al., 2010; Chupin et al., 2009b). Although algorithms, study groups,
imaging type and performance metrics vary across studies, results in healthy
controls have generally been satisfactory, with kappa agreement indices ranging
from 0.75 to 0.89 (Aljabar et al., 2009; Chupin et al., 2009b; Collins and
Pruessner, 2010; Khan et al., 2008; L6tjonen et al., 2011).

In TLE, automatic segmentation algorithms have shown less good agreement
with manual labels than in healthy controls, with kappa indices ranging from 0.63
to 0.77 (Akhondi-Asl et al., 2011; Avants et al., 2010; Chupin et al., 2009b;
Hammers et al., 2007; Heckemann et al., 2010; Pardoe et al., 2009). The
reduced performance likely stems from factors other than atrophy, as previous

approaches achieved performances similar to controls in patients with
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Alzheimer’ s disease, a disorder associated with marked hippocampal volume
reduction (Barnes et al., 2008; Chupin et al., 2009a; Leung et al., 2010). Indeed,
in addition to atrophy, about 40% of TLE patients show atypical shape and
positioning of the hippocampus (Bernasconi et al., 2005a; Voets et al., 2011).
These features, commonly referred to as malrotation, are considered markers of
neurodevelopmental anomalies (Baulac et al., 1998; Voets et al., 2011) and may
contribute to the pathogenesis of this condition (Blumcke et al., 2002; Sloviter et
al., 2004). They are mainly characterized by a rounder appearance and atypical
orientation of the hippocampus, and an abnormally deep and verticalized
collateral sulcus (Baulac et al., 1998; Bernasconi et al., 2005a). Malrotation
features thus not only alter the hippocampal morphology, but also modify its

spatial relationship with surrounding structures.

Our purpose was to evaluate the impact of malrotation, quantified through 3D
descriptive models (Kim et al., 2006; Voets et al., 2011), on the performance of
two fully automated hippocampal segmentation algorithms in TLE. We chose
two algorithms previously used in this condition (Chupin et al., 2009b; Pardoe et
al., 2009): SACHA, a region growing-based approach that utilizes rule-based
detection of anatomical landmarks (Chupin et al., 2009b), and FreeSurfer (Fischl
et al., 2002), a freely available algorithm based on the non-linear warp of a target
image to a probabilistic atlas. Segmentation performance was evaluated relative
to manual volumetry using overlap indices and surface-based shape mapping. In
addition, we assessed the ability of automated methods to lateralize the seizure

focus using linear discriminant analysis.

Methods

Subjects

We studied 66 consecutive patients (36 males; 16-44 years, mean age 36+10

years) referred to our hospital for the investigation of drug-resistant TLE.
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Demographic and clinical data were obtained through interviews with the patients
and their relatives. TLE diagnosis and lateralization of the seizure focus into left
TLE (LTLE; n=35) and right TLE (RTLE; n=31) were determined by a
comprehensive evaluation including video-EEG recordings and MRI evaluation in
all patients. None of the patients had a mass lesion (tumor or vascular
malformation), developmental malformation of the neocortex (cortical dysplasia,
heterotopia or polymicrogyria), or traumatic brain injury. Forty-eight patients
underwent surgery. Mean follow-up time was 3.1+3.4 years. We determined
surgical outcome according to Engel's modified classification (Engel et al., 1993).
Thirty-four (71%) patients had Class | outcome, 5 (10%) Class Il, 5 (10%) Class
Il and 4 (8%) Class IV. Following qualitative histopathological analysis
(Meencke and Veith, 1991), hippocampal sclerosis was detected in 41/48 (85%)
of patients in whom hippocampal specimen was available. In the remaining
seven, hippocampal specimens were either incomplete or unsuitable for

histopathology due to subpial aspiration.

The control group consisted of 35 age- and sex-matched healthy individuals (19
males; 20-56 years, mean age 32+12 years). The Ethics Committee of the
Montreal Neurological Institute and Hospital approved the study, and written

informed consent was obtained from all participants.

MRI acquisition and processing

MR images were acquired on a 1.5 T Gyroscan (Philips Medical Systems,
Eindhoven, The Netherlands) using a 3D T1-fast field echo sequence (TR=18
ms; TE=10 ms; NEX=1; flip angle=30°;, matrix size=256x256; FOV=256x256
mm?; slice thickness=1 mm), providing an isotropic voxel of 1mm?volume. Prior
to processing, images underwent automated correction for intensity non-

uniformity and intensity standardization (Sled et al., 1998).
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Hippocampal segmentation

The hippocampus was segmented manually according to our previously

published protocol (Bernasconi et al., 2003b). Prior to segmentation, MR images

were linearly registered into a standardized stereotaxic space based on the
Talairach atlas (Collins et al., 1994).

We performed automatic hippocampal segmentations in native space using
SACHA (Chupin et al., 2009b) and FreeSurfer (Fischl et al., 2002) as detailed

below.

a.

b.

SACHA. This algorithm simultaneously segments the hippocampus and the
amygdala based on a competitive region deformation that is constrained by
automatically detected anatomical landmarks and probabilistic prior. To
initialize the iterative deformation process, SACHA first warps probabilistic
atlases of the hippocampus and amygdala (based on a sample of 16 healthy
subjects) to a given target image in native space using ANIMAL a piece-wise
linear coarse-to-fine deformation (Collins et al., 1995). We chose ANIMAL
instead of the original nonlinear registration based on the discrete cosine
basis (Ashburner and Friston, 1999) originally adopted in SACHA, because a
recent study (Guizard et al., 2009) demonstrated that the performance of the
former is comparable to diffeomorphic registration techniques. During the
deformation, voxels along the boundaries of the object are iteratively
reclassified to minimize a global energy functional. This process is
constrained by anatomical priors derived from a set of landmarks (Chupin et

al., 2007) and by the probabilistic atlases.

FreeSurfer. In this approach, the hippocampus is segmented using a non-
linear template matching (Fischl et al., 2002). The algorithm initially
estimates the non-linear transformation between a given MRI and a
probabilistic atlas of the hippocampus constructed from a cohort of 14 young
and middle-aged subjects using a maximum likelihood criterion. Probabilistic
atlas labels are warped back to the individual MRI using the inverse of this
transform. The final segmentation is accomplished by maximizing the a

131



posteriori probability in the Bayes formula at each voxel, where probabilistic
labels and their predicted image intensities serve as the prior probability term,
while the intensity similarity between the target image and the template
serves as the likelihood term.

We mapped automatically generated hippocampal labels to Talairach space

using the linear transformation matrix generated for manual segmentation.

Models of hippocampal malrotation

The most representative indicators of hippocampal malrotation are medial
positioning, vertical orientation, and increased depth of the collateral sulcus
(Baulac et al., 1998; Bernasconi et al., 2005a). To quantify these characteristics,
3D models of the left and right hippocampi in each subject were created from
manual labels and automatically extracted sulci as previously described (Kim et
al., 2008a; Voets et al., 2011) and detailed below.

a. Sagittal translation (Figure 4.1A), measuring the position of the hippocampus
relative to the midline, was calculated as the distance between the geometric

centre of the hippocampus and the mid-sagittal plane.

b. Axial rotation (€ayxia: Figure 4.1B), reflecting a medial-lateral deflection of the
hippocampus relative to its geometric centre, measured the degree of
rotation with respect to the z-axis between the 1% principal (i.e., longitudinal)
axis (vi1) of a given hippocampus and the 1% principal axis (vig) of a
reference hippocampus (segmented manually on the MNI ICBM-152
template). e.xia, Was positive, respectively negative, when the caudal portion
of the hippocampus was more medially, respectively laterally, positioned

relative to its rostral portion.

c¢. Longitudinal rotation (€j.ng, Figure 4.1C), indicating a relative vertical deviation
of the hippocampus from its normal horizontal orientation. By aligning the 1°
principal axis of a target hippocampus (v4,7) to that of the reference (vir)
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using a rotation matrix (so that v’ 41 = v4r ), the 2nd principal axis of the
target (vo1) was rotated to v'2 7. €.,y Was measured as the angle between
the 2" principal axis of the target (v'27) and the reference (VaRr). €y Was
positive, respectively negative, when the target hippocampus was more
vertically oriented than the reference due to upward, respectively downward,

rotation.

Collateral sulcus depth. Using BrainVISA (Riviere et al., 2002), we
reconstructed surfaces corresponding to GM-WM and GM-CSF interfaces
and automatically extracted the collateral sulcus, that we converted into a
binary set of voxels. The accuracy of the extraction was verified in all
subjects prior to further analysis. To measure its depth, we first defined the
sulcal bottom point on the coronal plane as the inner edge of the sulcus
(Cachier et al., 2001). The depth of this point was determined by calculating
the shortest distance computed using Chamfer’ s transform (Borgefors,
1986) from the outer cortical surface (Smith, 2002). Lastly, we averaged the
depths of all sulcal bottom points on consecutive coronal slices within the

extent of the hippocampus.
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A Sagittal translation

Mid sagittal plane

B Axial rotation

Reference hippocampus
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C Longitudinal rotation
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Figure 4.1. Models of hippocampal malrotation.
A) Sagittal translation (D); B) Axial rotation 6, C) Longitudinal rotation 6,4

Abbreviations: V1, V2: 1% and 2™ principal hippocampal axes, respectively; T, R: target
and reference hippocampi, respectively.
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Measurements were normalized through a z-transform relative to the
corresponding distribution of healthy controls. A feature was considered
abnormal if its z-score was 2 standard deviations (SD) above the mean of
controls (Table 4.1).

Table 4.1. Prevalence of hippocampal malrotation based on a 2 standard deviation
cutoff from the distribution of healthy controls.

Sagittal Axial Longitudinal Collateral sulcus

translation rotation rotation depth

Left Right Left Right Left Right Left Right

Controls

138%) 1(3%) 2@B%) 1(3%) 1(06%) 13%) 2(©6%) 1(3%)
(n=35)
LTLE

10 (29%) 2(6%) 9(26%) 3(9%) 8(23%) 1(3%) 12(34%) 3(9%)
(n=35)
RTLE
(n=31) 7 (23%) 9(29%) 6 (19%) 2(6%) 1(3%) 6(19%) 11(35%) 6 (19%)

LTLE/RTLE: left/right temporal lobe epilepsy

Performance evaluation of automated segmentation algorithms

a. Volume-based correlations. To evaluate the ability of each automatic
segmentation algorithm to capture variability in volume, we computed

Pearson correlations between manual and automated labels.

b.  Volume-based Dice index. To quantify the accuracy of automatic

segmentation, we computed the Dice similarity index:

D =2xv(M N A)/ (v(M) + v(A)), where M/A are the voxels comprising
manual/automated labels; “M N A” are voxels in the intersection of M and A;
v (*) is the volume operator. For each algorithm, we compared Dice indices
between patient groups (i.e. LTLE and RTLE) and controls using Student's t-

tests. Inter-hemispheric differences were assessed using paired t-tests.

In a separate analysis, we assessed the sensitivity of the automatic

algorithms to detect atrophy in TLE groups relative to controls by computing
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Cohen's d (mean volume controls — mean volume TLE) / pooled SD), a

measure that indicates the effect size of a between-group difference. We

computed the significance of the observed effect using t-tests.

Significances were adjusted for multiple comparisons using Bonferroni-

correction.

c. Surface-based analysis of contour accuracy. To assess potential systematic
shape bias, manual and automated labels were converted to surface meshes
and parameterized using an area-preserving, distortion-minimizing mapping
technique based on spherical harmonics (SPHARM) (Styner et al., 2006).
Based on a uniform icosahedron-subdivision of the SPHARM, we obtained a
point distribution model (PDM) with shape-inherent surface point (i.e., vertex)
correspondence across subjects. For each algorithm, we pooled controls
and patients, computed the surface-normal component of the displacement
vector between the automated and manual label at each vertex, and then
employed vertex-wise t-tests on the differences (Morey et al., 2009). In
addition, we mapped the SD of the displacement vector at each vertex.
Differences in SD between SACHA and FreeSurfer were assessed using F-
tests. Significances were thresholded at a false discovery rate < 0.05
(Benjamini and Hochberg, 1995).

d. Performance evaluation with respect to hippocampal atrophy and malrotation.
For both volume-based and surface-based analyses, we used linear models
to investigate the effect of hippocampal atrophy and malrotation on variations

of the Dice index.

Seizure focus lateralization

For each set of hippocampal labels (i.e., manual and automated), we calculated
an asymmetry ratio as 2(L - R) / (L + R), where L/R, stands for volume of the
left/right hippocampus. This ratio was standardized using a z-transform relative to
the distribution of controls. To lateralize the side of seizure focus in each patient,

we input the standardized ratio into a linear discriminant analysis classifier. To
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maximize the specificity of the classifier, we defined decision margins so that no
classification fell within the asymmetry range of healthy controls. Cross-
validation was performed using a leave-one-out approach. This procedure, by
which an individual patient is lateralized using only the data of all other subjects,
allows an unbiased assessment of lateralization performance for previously
unseen TLE cases.

Results

Correlations between manual and automated labels showed that both automated
algorithms generally captured the volume variability of manual segmentation
(SACHA: r=0.86; FreeSurfer: r=0.90, p<10™'%; Figure 4.2).
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Figure 4.2. Correlation between manual and automated segmentation.
SACHA (A) and FreeSurfer (B) in controls (blue), patients with left TLE (green) and right

TLE (red).
Volume-based assessment of segmentation accuracy

Dice similarity indices between automated and manual hippocampal
segmentations in healthy controls and TLE patients are detailed in Table 4.2.
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Table 4.2. Evaluation of automated segmentation methods using Dice similarity index.

SACHA FreeSurfer

Left Right Left Right

Controls (n=35)  81.2 (+3.3) 82.6 (3.1)  70.1 (£25)*%  73.5 (+2.6)*

LTLE (n=35) 77.4(x4.3)**  80.8(+3.0)  62.2(x54)*"  70.4 (+3.4)*

RTLE (n=31)  79.9 (+4.9) 79.8 (+5.6) 68.2 (3.9  68.4 (+5.5)*

Dice indices are presented in % mean (£SD); LTLE/RTLE: left/right temporal lobe
epilepsy; (*) indicates differences in accuracy between the two algorithms; for each
algorithm differences in accuracy between controls and patients is indicated in bold; (A)
indicates hemispheric asymmetry; significances are thresholded at p<0.05 after Bonferroni
correction;

Although, overall SACHA outperformed FreeSurfer (mean Dice index: 79.4 + 6.2
vs. 68.9 = 5.4; t=15.4, p<0.001), both algorithms showed lower accuracy in

patients compared to controls.

For SACHA, Dice index in healthy controls did not correlate to variations in
hippocampal volume or malrotation features (|r|<0.34, p>0.2). On the other hand,
in patients, lower Dice index was correlated with increased degrees of
hippocampal longitudinal rotation and collateral sulcus depth (|r[>0.5; p<0.04).
While this effect was seen ipsilaterally in LTLE, correlations were bilateral in
RTLE.

For FreeSurfer, Dice index in controls was positively correlated with the volume
of the left hippocampus (r=0.55, p=0.02). In TLE patients, Dice index was
influenced bilaterally by both atrophy (r>0.78, p<0.001) and longitudinal rotation
(Ir]>0.55; p<0.02; Table 4.3). Interaction analysis, however, showed that atrophy
had a larger effect on the Dice than malrotation (t>5.4 p<0.00001).
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Table 4.3. Correlations between automatic segmentation accuracy and hippocampal

volume/malrotation features.

Sagittal Axial Longitudinal
Volume CS depth
translation rotation rotation

Left Right Left Right Left Right Left Right Left Right

SACHA

Controls 0.18 0.09 -0.08 -0.06 -0.34 -022 -0.25 -0.32 -0.19 -0.13
LTLE 037 030 -0.12 -0.10 -0.35 -0.17 -0.51 -041 -0.55 -0.37
RTLE 0.31 043 -023 -0.04 -0.13 -0.11 -0.44 -0.52 -0.61 -0.68
FreeSurfer

Controls 0.55 048 -005 0.03 005 -0.11 -0.04 -0.12 -0.24 -0.09
LTLE 077 079 -0.17 -0.12 -0.05 -0.33 -0.55 -045 -0.36 -0.31
RTLE 078 079 -0.13 0.05 -0.11 -0.03 -0.60 -0.55 -0.31 -0.35

Significances (in bold) are thresholded at p<0.05 after Bonferroni correction for |r|>0.48;
LTLE/RTLE: left/right temporal lobe epilepsy

Shape analysis of segmentations

Shape differences between manual and automated hippocampal tracings are
shown in Figure 4.3. SACHA’ s segmentation was similar to manual. However,
SACHA systematically underestimated the supero-medial border (mean error: -
0.9+0.4 mm, FDR<0.05) and overestimated the infero-medial region (mean
error: 1.2+0.8 mm, FDR<0.05) corresponding to the subiculum. FreeSurfer, on
the other hand, overestimated the hippocampus globally (mean error:
1.7£2.1mm, FDR<0.05). Moreover, the SD of the displacement vectors was
overall higher for FreeSurfer than SACHA (2.1 mm vs. 0.8 mm, p<0.00001).
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Figure 4.3. Shape differences between manual and automated tracings.
For each method, maps of mean vertex-wise displacement (A) and standard deviation
(B) averaged across all subjects are shown.
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Impact of malrotation and atrophy upon segmentation accuracy

For SACHA, overestimation of the lateral convexity of left hippocampus was
related to lower Dice index (r=-0.67; FDR<0.001, Figure 4.4A). In this region,
we found a positive correlation between the segmentation error and the depth of
the collateral sulcus (r=0.61; FDR<0.001, Figure 4.4B).
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Figure 4.4. Surface-based analysis of contour accuracy.

Correlation maps and plots of vertex-wise surface-normal components of the
displacement vectors between manual tracing and SACHA segmentation (ie.,
segmentation error) with Dice similarity index (A and C), and collateral sulcus depth (B
and D).

As illustrated in Figure 4.5, the deeper the collateral sulcus, the more it protrudes
vertically towards the wall of the lateral ventricle, thus coming in contact with the

lateral border of the hippocampus. In this case, the automatic procedure tends to
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erroneously include the fundus of the sulcus into hippocampal tracing. Atrophy

on the other hand, did not have a negative impact on segmentation accuracy.

Dice =0.85

vertex-wise
segmentation
error (in mm)

Dice = 0.60

Figure 4.5. Impact of hippocampal malrotation on SACHA.

Two examples are shown: The upper panel shows a TLE patient with normally
positioned hippocampus and collateral sulcus (dotted lines). The lower panel shows a
patient with atypical positioning characterized by vertical orientation of both the
hippocampus and the collateral sulcus. A) Coronal MRI sections; B) Hippocampal label
overlaid on MRI; C) Parameterized surfaces of the automatic label (red) overlaid on the
manual label (wireframe); D) Vertex-wise differences in contour (i.e., segmentation error)
between the two set of labels. While there is good agreement between manual and
automatic segmentation when typical anatomical rules are maintained (Dice=0.85),
SACHA shows poor performance in the presence of hippocampal malrotation
(Dice=0.60).

142



For FreeSurfer, the overestimation of hippocampal volume was associated with
lower Dice index across all vertices bilaterally (r>-0.71; FDR<0.001). We also
found a negative correlation between the segmentation error and volume, i.e.
the more atrophic the hippocampus, the higher the segmentation error (r=-0.78;
FDR<0.001). There was no association between the segmentation error and
malrotation (r<0.35; FDR>0.1).

Ability of automated methods to lateralize the seizure focus

Group analysis. Both manual and automated approaches identified hippocampal
atrophy ipsilateral to the seizure focus in TLE (Table 4.3). However, the effect
size of atrophy was lower when using automated methods (Cohen's d
LTLE/RTLE: SACHA=1.26/0.94, t=5.2/3.8; FreeSurfer=1.02/0.77, t=3.9/3.6;
manual volumetry=1.96/1.41, t=7.9/4.9).

Individual analysis. Results are shown in Figure 4.6. Using decision margins
that enforced non-classification of patients in whom asymmetry values fell within
the range of healthy controls, manual volumetry correctly lateralized the side of
the focus in 67% (44/66) of patients. Automated methods lateralized the seizure
focus in fewer patients (SACHA: 61%=40/66, Fisher’ s exact test, p=0.29;
FreeSurfer: 56%=37/66, Fisher’ s exact test, p=0.14). SACHA misclassified one
RTLE patient as LTLE. In this patient with malrotation (longitudinal rotation:
z=2.1), the volume of the right hippocampus was overestimated, because the

fundus of the collateral sulcus was erroneously segmented as hippocampus.

Among the 23 patients with hippocampal malrotation, 14 (64%) were correctly
lateralized using manual volumetry, 11 (50%) using SACHA and 9 (41%) using
FreeSurfer (Fisher’ s exact test; SACHA: p=0.15; FreeSurfer: p=0.05).
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Figure 4.6. Seizure focus lateralization in TLE.

For each segmentation method, the hippocampal asymmetry ratio was standardized
using z-transformation relative to the distribution of healthy controls and then fed into a
linear discriminant function classifier. Crosses denote individuals in controls (NC) and
patients with left/right temporal lobe epilepsy (LTLE/RTLE). Circles below the crosses
To maximize the specificity of the
classifier, we defined decision margins (broken lines) so that no classification fell within

identify patients with hippocampal malrotation.

the asymmetry range of controls.
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Discussion

In this study, we quantitatively evaluated the influence of developmental shape
and positioning anomalies on the performance of two state-of-the-art automatic
segmentation algorithms, SACHA (Chupin et al., 2009b) and FreeSurfer (Fischl
et al., 2002). Using a large database of controls and TLE patients, we observed
that SACHA overestimated the volume of the lateral convexity of the
hippocampus in cases with malrotation, but behaved relatively well in the
presence of atrophy. The performance of FreeSurfer, on the other hand, was
affected by both hippocampal malrotation and atrophy. We also found that the
automated procedures detected smaller effect sizes of hippocampal atrophy and
tended to be less accurate for seizure focus lateralization compared to manual
volumetry. Our results suggest that the accuracy and clinical utility of automated
methods are suboptimal in cases that grossly deviate from the range of normal

shape variants, but also in case of marked atrophy.

Compared to manual segmentation, FreeSurfer performed relatively poorly in
both healthy controls and TLE patients, a finding in agreement with two previous
studies including smaller cohorts (Akhondi-Asl et al., 2011; Pardoe et al., 2009).
While differences in segmentation protocols may have contributed to these
unsatisfactory results (Konrad et al., 2009), consistently reduced performance
across studies is more likely driven by the single averaged template constructed
from only 14 healthy subjects used in this algorithm. Such template may not
sufficiently capture structural variations within and beyond the distributions of
controls. In addition, our results showing a downgrade in performance across
the whole hippocampus in the presence of atrophy and malrotation makes a

systematic bias related to segmentation protocols unlikely.

The recently developed SACHA software has been shown to be minimally
affected by the presence of atrophy, as it is performs with similar degrees of

accuracy in patients with Alzheimer’ s disease and controls (Chupin et al.,
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2009a). Our results are in line with this observation as SACHA performed
relatively well in patients who presented with hippocampal atrophy as the
predominant shape abnormality. On the other hand, hippocampal malrotation
impaired the segmentation markedly. We hypothesize that the landmark models
of SACHA, that are based on anatomical knowledge derived from healthy
subjects, may be unsuitable when the hippocampus does not display the usual
relationships with its surrounding. Indeed, surface-based shape mapping
revealed segmentation errors in the presence of an unusually deep collateral
sulcus. A deep, vertically oriented sulcus protrudes towards the wall of the
lateral ventricle and tends to touch the lateral border of the hippocampus. In this
scenario, the proximity between these two structures creates partial volume,
which results in a thin and darkened parahippocampal white matter, thus
decreasing its intensity gradients. As shown in Figure 4.5, the region growing
process falsely penetrates the sulcus and includes its fundus into the tracing of
the hippocampus. This type of intensity changes, however, is not likely to
mislead manual delineation, since the white matter tissue remains visually
distinguishable from the hippocampus. In addition, the rater generally utilizes

multiple sources of information to determine anatomical landmarks.

High correlations between manual and automated procedures found in our study
and in previous publications (Barnes et al., 2008; Crum et al., 2001; Morey et al.,
2009; Pardoe et al., 2009) suggest that automated methods have the potential to
capture volume variations to a degree similar to that of manual tracing, even in
the presence of shape alterations. This may explain why, despite superior
sensitivity of manual segmentation in detecting hippocampal atrophy, the
proportion of TLE patients in whom the seizure focus was correctly lateralized did
not statistically differ between approaches. Nevertheless, the automated
methods did not determine the side of the focus in four (SACHA) and seven
(FreeSurfer) patients who were correctly lateralized using manual volumetry.
Moreover, their performance was further decreased by the presence of

malrotation, leading to wrong focus lateralization in one patient. In a clinical
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setting where decisions concerning surgery are taken on a patient-by-patient
basis, even a relatively small decrease in sensitivity and lateralization

performance is detrimental.

Hippocampal developmental anomalies are prevalent in TLE (Baulac et al., 1998;
Bernasconi et al., 2005a; Depondt et al., 2002; Sloviter et al., 2004; Stiers et al.,
2010; Voets et al., 2011), but also present in up to 60% of patient with
malformations of cortical development (Baulac et al., 1998; Bernasconi et al.,
2005a; Sato et al., 2001) and have been documented in schizophrenia (Connor
et al., 2004). We believe therefore that atypical anatomical characteristic should
be taken into account when designing automated segmentation methods.
Recent algorithms based on template libraries and label fusion overcome the
limitations of techniques based a single individual or averaged template (Aljabar
et al., 2009; Collins and Pruessner, 2010; Hammers et al., 2007). The basic
principle underlying these methods is to build expert priors-based models
corresponding to shape variations (Coupé et al., 2011) and to select
automatically those that best fit the structure to segment. To date, these
techniques have been applied to segment healthy hippocampi. In the presence
of malrotations, automatic approaches may fall into local minima when using a
template or prior-knowledge based on healthy subjects. We are currently
evaluating an automated segmentation based on multi-template library derived
from a large cohort of healthy controls and patients that accounts for inter-subject

variability, in particular shape variants.
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Chapter 5

Automatic segmentation of

hippocampal structures in TLE

5.1 Preface

The poor performance of automatic hippocampal segmentation in the presence
of malrotation, as described by the preceding experiments, suggests that such
atypical anatomical characteristics should be taken into account when designing

automated segmentation methods.

As discussed in Chapter 2, recent algorithms based on a template library and
label fusion (or multi-template) have the potential to overcome the inaccurate
segmentation of shape variants (Aljabar et al., 2009; Collins and Pruessner,
2010; Hammers et al., 2007). The strategy underlying these approaches is the
creation of a database of manual labels and their corresponding MR images (i.e.,
atlas) (Coupé et al., 2011) and the automatic selection of those atlases that best

fit the target structure to segment.
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Yet, contemporary studies still have a few shortcomings. Intensity-based
registration techniques used in multi-template approaches lack accurate point-
wise inter-subject correspondences. Moreover, most approaches use template
libraries including only healthy hippocampi, likely due to the difficulty of collecting

pathological data.

We postulated that SPHARM-PDM based surface modeling and fitting (that we
applied in Chapter 3) may surmount the limitation of intensity-based registration
methods.

In this project, we designed a surface-based multi-template segmentation
framework. To create a template library, we include a large database of healthy
controls (n=40) and patients with TLE (n=144). We compared our segmentation
results with those of state-of-the-art volume based single- and multi-template
approaches. In addition, we evaluated the impact of hippocampal malrotation,
quantified through 3D descriptive models developed in Chapter 4, on the

performance of automated hippocampal segmentation algorithms.
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Abstract

The most frequent drug-resistant epilepsy is temporal lobe epilepsy (TLE) related
to hippocampal atrophy. In addition, TLE is associated with atypical hippocampal
morphologies referred to as malrotation. Automatic hippocampal segmentations
have generally provided unsatisfactory results in this condition. We propose a
novel segmentation method (SurfMulti) to statistically estimate locoregional
texture and shape using a surface-based approach that guarantees shape-
inherent point-wise correspondences. To account for inter-subject variability,
including shape variants, we used a multi-template library derived from a large
database of controls’ (n=80) and patients' (n=288) hippocampi. We compared
SurfMulti results to manual tracing and segmentations obtained using volume-
based approaches. Lastly, we evaluated the impact of hippocampal malrotation,
quantified through 3D descriptive models on the performance of the automated
algorithms. SurfMulti outperformed state-of-the-art single- and multi-template
approaches, with performances comparable to controls (Dice index: 86.1 vs.
87.5%). While segmentation results derived from volume-based approaches
were hampered by hippocampal malrotation and atrophy (|r|>0.28, p<0.05),
SurfMulti’s performance was not influenced by either of these anomalies (|r|<0.20,
p>0.2). Furthermore, the sensitivity of SurfMulti to detect atrophy was similar to
that of manual volumetry (Cohen's d: 1.60 vs.1.71; p>0.1). Given that in TLE
detecting hippocampal atrophy on MRI is clinically relevant as it allows defining
the surgical target, the proposed automated algorithm assures to be a robust
surrogate tool in the presurgical evaluation for the time-demanding manual
procedure. Aside TLE, hippocampal atrophy and developmental anomalies may
occur in epilepsy related to malformation of cortical development and a variety of
other neurological and neuropsychiatric disorders such as schizophrenia and
autism. The influence of these abnormalities to a broad range of disorders
emphasizes the consideration of atypical anatomical characteristics when

designing automated segmentation methods.
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Introduction

The most frequent form of drug-resistant epilepsy is temporal lobe epilepsy (TLE)
related to hippocampal sclerosis, which generally appears as atrophy on MRI
(Bernasconi, 2006; Cascino, 2008; Cendes et al., 1993b; Jackson et al., 1990).
Detecting hippocampal atrophy is clinically relevant as it allows lateralizing the
side of seizure focus and defining the surgical target. Removing the diseased
hippocampus is the only effective treatment, offering seizure freedom in up to
80% of patients (Cascino, 2004; Schramm and Clusmann, 2008).

Manual labeling is generally considered the gold standard to measure
hippocampal volume, as it is accurate, reproducible, and sensitive (Bernasconi et
al., 2003b; Jackson et al., 1993a; Kuzniecky et al., 1999). High time requirement
and the demand to study large cohorts of healthy and diseased populations have

motivated the automation of hippocampal volumetry.

Most segmentation methods employ approaches based on deformable models
(Kelemen et al., 1999; Pitiot et al.,, 2004; Yang and Duncan, 2004), tissue
appearance (Avants et al., 2010; Duchesne et al., 2002 ) or atlases (Aljabar et al.,
2009; Collins and Pruessner, 2010; Fischl et al., 2002; Khan et al., 2008;
Lotjonen et al.,, 2010). The use of deformable parametric surfaces based on
locoregional features has improved performance in healthy controls (Pitiot et al.,
2004). However, this approach estimates features on vertices arranged without
anatomical correspondences that may produce inaccurate segmentation in the

presence of topological discrepancies due to pathology.

In patients with TLE, automatic algorithms have generally yielded poorer results
than in healthy subjects, with Dice similarity indices ranging from 0.63 to 0.77
(Akhondi-Asl et al., 2011; Avants et al., 2010; Chupin et al., 2009b). Reduced
performance in TLE may stem from factors other than atrophy, as previous
studies achieved results similar to controls in patients with Alzheimer’s disease, a
neurodegenerative disorder also associated with marked hippocampal atrophy

(Chupin et al., 2009b). In fact, 40% of TLE patients show atypical morphologies
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of the hippocampus and surrounding structures, referred to as malrotation
(Baulac et al., 1998; Bernasconi et al., 2005a). In the presence of such abnormal
anatomical variants, automatic approaches may fall into inaccurate local minima
when using a template or prior-knowledge based on healthy subjects. Multi-
template approaches offer a suitable framework to account for structural
variability by selecting from a database a subset that best describe anatomical
characteristics of the target structure. To date, these techniques have been
volume-based and applied to segment healthy hippocampi (Aljabar et al., 2009;
Collins and Pruessner, 2010). However, they rely on non-linear image

registration, which may also fail in case of atypical morphology.

In this paper, we propose a novel hippocampal segmentation method based on a
multi-template approach that relies on statistical parametric surface models and
locoregional texture features (SurfMulti). We applied our method to large cohorts
of healthy subjects and patients with TLE, and compared the results to manual
tracing and segmentations obtained using volume based single- and multi-
template approaches (Collins and Pruessner, 2010; Fischl et al., 2002). Lastly,
we evaluated the impact of hippocampal malrotation, quantified through 3D
descriptive models (Kim et al., 2006; Voets et al., 2011), on the performance of

the automated algorithms.
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Methods

Our approach consists of a template
segmentation stage, as illustrated in Figure 5.1.

following sections.

library construction stage and a
Each stage is detailed in the

Surface-based Template Library Construction
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Figure 5.1. Flowchart of SurfMulti.
Our approach consists of a template library construction stage (panels outlined in blue)

in which shape.

0 and texture features are trained from manual labels, and a segmentation stage (panels
outlined in red) in which, for a given MRI, an optimal subset of training surfaces and
features is selected based on a similarity function. The final segmentation is obtained by
evolving the averaged surface of the selected subset. See text for details.

Template library construction

a. Surface extraction from manual labels

154




Manually segmented hippocampal labels were converted into surface meshes
and parameterized using an area-preserving, distortion-minimizing mapping
techniqgue based on spherical harmonics (SPHARM). Using a uniform
icosahedron-subdivision of the SPHARM, we obtained a point distribution model
(PDM) with shape-inherent surface point (i.e., vertex) correspondence across
subjects (Styner et al., 2006).

b. Regional texture models

Each surface was mapped to its corresponding image to compute regional
textures. For each vertex v;, a spherical neighborhood with various radii (3mm,
5mm, 7mm) was defined. The “inner region” (IR) and “outer region” (OR) of
these local neighborhoods were determined with respect to the surface boundary.

The following texture features were then computed for every v;.

i. Normalized intensity (NI) to capture regional tissue homogeneity. Let yjg ;
and pog jbe the mean of intensities within IR and OR at v; respectively, and
SDir j and SDog,j be the standard deviation. We defined Nlg ;= pir i/ SDir

iand Nlogr ;= Wor, j/ SDori.

ii. Relative intensity (RI) to assess the contrast between IR and OR voxels. Rl

was defined as Rl i= 2X (HOR, j= [.I/R,') / (HOR, it MR ,').

iii. Gabor energy (GE) to capture image texture through a multi-channel
filtering strategy (Grigorescu et al., 2002). Mimicking human visual
perception, this feature portrays the complexity, directionality and repetition
of the intensity distribution. Let x,y,z be the spatial coordinates and Ry a
3x3 rotation matrix whose 3D Euler angle 8 defines the orientation of the
normal to the parallel stripes of a Gabor function. The Gabor filter

(Grigorescu et al., 2002) is defined by:
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y is the aspect constant that defines the elongation of the filter, ¢ is the
phase offset that makes the filter asymmetric when it is non-zero and the
ratio a/A describes the bandwidth, namely the filter size b according to:

b
b= log, 7z0'/1+«/0.51n2’ oL /ln_22b+1 @
76 /A —+/0.5In2 z\ 2 2°-1

At a voxel I(x,y,z), the Gabor energy is given by GE g, 5 0.y, ¢ (X.¥,Z) = || e, A 5,
v.o (X¥.2) * I(x,y,2) ||, where * is the convolution operator. In this work, we
calculated the Gabor energy of the immediate surroundings only along the
surface normal 8. We fixed ¢ as 0 (no offset) and y as 1 (same amount of
information horizontally and vertically). Multiscale texture analysis was
performed by varying the bandwidth b = {0.5, 1, 2}.

iv. Intensity gradient (1G) to capture edge information. Gradients along x, y, z

directions were computed and linearly interpolated on the vertices.

¢. Regional shape models

The following features constrained the deformable model evolution within the

range of the anatomical variability in the template.
i. Distance between adjacent vertices to prevent irregular vertex topology.
ii. Gaussian curvature to constrain local convexity/concavity.

iii. Local orientation. Manual tracing in regions where anatomical boundaries
are not visible often rely on arbitrary oblique planes as geometric landmarks
(e.g., the inferomedial border separating CA1 from the subiculum) (Konrad

et al., 2009). To model this feature, we projected the surface normals to the

156



Xy, yz and zx planes and computed their angles with respect to their
orthogonal axis x, y and z-axis.

For each subject, texture and shape features were normalized across vertices
using a z-transform and combined at each vertex v; into a vertex-wise vector.

F, =|F F

v; texture,v; ~ shape, v; J .

Automatic Segmentation of the Hippocampus
a. Automatic selection of an optimal shape and feature template

Let §;= [v4, V2 ... vi ..., v{] be a SPHARM-PDM surface of the template library,

which is initially mapped on its own MR image. Let F, ; be the true features, i.e.,

the set of features computed at v;from the related MRI. Given a test image we

mapped the templates S1. S5 ... S; ... Sy, to the test image and computed a set of

estimated features IATV‘, ;- For each mapping, we computed the following similarity

measure:
Fv,v,'_la‘v,v,‘ _ 1 N
0;=-2 1L j jﬁ IR
- ) P ®3)
\/NZ(Fvi,k -F)
k=1

Equation (3) represents a normalized similarity between the true-features of the j-
th template and the estimated-features extracted from the test image. Based on
(3), we were thus able to identify the closest templates to the test image. Two
template selection approaches were investigated:

i. Equal weight approach. Given a test image, we selected the n most similar
templates (surfaces and their corresponding features) (Aljabar et al., 2009;
Collins and Pruessner, 2010). We then averaged the n selected surfaces
(Sopt 15 Sopt 2, --- » Sopt n) t0 generate an initial shape for the later

segmentation process. Best results were obtained experimentally with

n=10 templates. At each vertex, we also computed mean (Fv,) and SD
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(Opy, ) of the true-features of the n selected surfaces (4) to compute the

objective function (9) in the later segmentation stages.

_ 1< 1 | —
FV,‘ _;;Fvioptj’ GFV,' _;\/;(Fvi,opt/ _Fvi) (4)

ii. Advanced adaptive approach. Coupé et al. (Coupé et al., 2011) recently
proposed a weighted averaging of the selected volume labels according to
their global similarity measure. Even though our library includes a large
number of pathological hippocampi, it may not cover the entire spectrum of
morphological variability. Noteworthy, however, some shape and texture
features in the subset may be similar to the target, and thus their separate
modeling likely provides a more suitable strategy to create the optimal
subset. Thus, we also investigated a weighted averaging strategy as

follows:

Let ws and wg be nx 1 weight vectors for optimal surfaces and features,

respectively. We defined the new average surface as:

§=le5,jsop,j; Zws’jzl (5)
=

Similarly, we defined the weighted mean and SD of features at vertex v; by:

n n

¥ = . —-1- — _F \?

Fv, _ZWF’j Fvloptj ’ ZWFJ =1 ’ GFV, _\/ZWFJ(FVHOWJ F"f) (6)
Jj=1 J=1

We re-defined the similarity function based on the n-top ranked subset to

take into account the weights:

Osubset = _24 (7)

i G
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13“‘, 5 Is the estimated feature-set computed on the surface S mapped on

the test image. Finally, both weights were determined by maximizing the
similarity between the current template-subset and the test image.

W= [WS WF] = arg max Osuhset (8)
We initially set all the components of w as 1/n. We then iteratively
perturbed every w; by #5-1/n and updated it if the similarity function (7)
increased. The step-size parameter & was initialized to 1 and decreased by
0.1 at each iteration. This process stopped when either Ogypset did not

increase after the current iteration or 10 iterations were performed.

b. Automatic segmentation: evolution and objective function

The final segmentation was obtained as follows. We first linearly mapped the
averaged template computed in the previous section to the test image. Then, we
locally deformed the surface at each vertex along the surface normal based on a
multi-level b-spline interpolation (Lee et al., 1997). We centered a b-spline
function at a vertex on the current evolving surface. Using a coarse-to-fine
hierarchy of control lattices, a 2D smooth scalar field was generated to adaptively
interpolate the given deformation magnitude at the vertex. We then mapped
these scalar values to their corresponding vertices for the later transformation.
Previous multi-template approaches have shown that the shape averaged from
the optimal subset produces good agreement with manual labeling (Aljabar et al.,
2009; Collins and Pruessner, 2010). Therefore, the use of this averaged shape
as an initial segmentation allows the subsequent local deformation to be robust
against local minima and to reach convergence with few iterations.

In our algorithm, we empirically optimized the initial magnitude of deformation to

be set as 5mm and decreased it at each iteration by 1mm. Inward and outward
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deformations along the surface normal were tested at each vertex. The final

deformation was achieved by maximizing a cost function.

Analogous to Eq. (6), the cost function was defined at iteration k as:

0, =-Y

1

F, -F, ;|/s, (©)

S, is a deformed surface at iteration k and F, 5, s its estimated feature vector.

N

We maximized O using the gradient descendent approach (Kiwiel, 2001).

Experiments and Results

Experiments
a. Subjects

Our training-set included 40 healthy controls (18 males; mean age 3312 yrs)
and 144 consecutive patients (61 males; mean age 36+11 yrs), referred to our
hospital for the investigation of drug-resistant TLE. Demographic and clinical
data were obtained through interviews with the patients and their relatives. TLE
diagnosis and lateralization of the seizure focus into left TLE (LTLE; n=73) and
right TLE (RTLE; n=71) were determined by a comprehensive evaluation
including video-EEG recordings and MRI evaluation in all patients. None of the
patients had a mass lesion (tumor, vascular malformation or malformation of

cortical development), or traumatic brain injury.

The Ethics Committee of the Montreal Neurological Institute and Hospital
approved the study, and written informed consent was obtained from all
participants.

b. MRI acquisition and processing
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MR images were acquired on a 1.5 T Gyroscan (Philips Medical Systems,
Eindhoven, The Netherlands) using a 3D T1-fast field echo sequence (TR=18
ms; TE=10 ms; NEX=1; flip angle=30°; matrix size=256x256; FOV=256x256

mm?; slice thickness=1 mm), providing an isotropic voxel of 1mm?volume.

Prior to processing, images underwent automated correction for intensity non-
uniformity and intensity standardization (Sled et al., 1998) and were linearly
registered into a standardized stereotaxic space based on the Talairach atlas
(Collins et al., 1994). The hippocampus was segmented manually according to
our previously published protocol (Bernasconi et al., 2003b). Using z-score
normalization based on the distribution of healthy controls, we identified 91 (63%)

patients with hippocampal atrophy (i.e., z<-2) ipsilateral to the seizure focus.

c. Evaluation of template selection approaches

We evaluated the template selection using a leave-one out strategy. For each
test data, we selected optimal subsets and built the initial shape and feature
models using both the traditional and the adaptive approach. To quantify the
accuracy of automatic segmentation, we computed the Dice similarity index:
D=2xv(MnA)/(v(M)+v(4)) , where M/A are the voxels comprising
manual/automated labels; “M N A” are voxels in the intersection of M and A; v (-)
is the volume operator. We then compared the segmentations resulting from

each initialization using Dice index and paired t-tests.

d. Evaluation of feature contribution

To investigate the individual contribution of each feature to the segmentation
performance, we segmented all healthy hippocampi (n=80) using all features of
the feature vectors (described in Methods) but one. Using Dice index and paired
t-test, each segmentation result was compared with the result when all features

were included.
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e. Comparison with volume-based single- and multi-template approaches

We obtained hippocampal segmentation using a volume-based single-template
approach (FreeSurfer, (Fischl et al., 2002)), and a multi-template approach
(Collins and Pruessner, 2010), henceforth named VolMulti. For VolMulti, we
used ANIMAL as the non-linear registration method (Collins et al., 1994) and
chose optimal subset of 11 templates as suggested by (Collins and Pruessner,
2010). For SurfMulti, an optimal subset of 10 templates produced the best

segmentation accuracy.

For each automated algorithm, we compared Dice indices between patient
groups (i.e. LTLE and RTLE) and controls using Student's t-tests.

In a separate analysis, we assessed the sensitivity of each algorithm to detect
atrophy in TLE relative to controls by computing Cohen's d (mean volume
controls — mean volume TLE) / pooled SD), a measure that indicates the effect

size of a between-group difference.
We computed the significance of the observed effect using t-tests.

Significances of all statistical tests were adjusted for multiple comparisons using

Bonferroni-correction.

f. Surface-based analysis of contour accuracy

To assess potential systematic shape bias between methods, automated
segmentations produced by FreeSurfer and VolMulti were converted to surface
meshes and parameterized using SPHARM-PDM (Styner et al., 2006) as
described above. This process allowed shape-inherent vertex-wise
correspondence across subjects and methods, thus enabling consistent
comparison with the final segmentation returned by SurfMulti.
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For each algorithm, after pooling controls and patients, we computed the normal
component of the displacement vector between the automated and manual label
at each vertex and then employed vertex-wise t-tests on the differences (Morey
et al.,, 2009). In addition, we mapped the standard deviation (SD) of the
displacement vector at each vertex. Differences in SD between automated
segmentations were assessed using F-tests. Significances were thresholded at

a false discovery rate of FDR < 0.05 (Benjamini and Hochberg, 1995).

g. Performance evaluation with respect to hippocampal atrophy and malrotation

The most representative indicators of hippocampal malrotation are medial
positioning, vertical orientation, and increased depth of the collateral sulcus
(Baulac et al., 1998; Bernasconi et al., 2005a). To quantify these characteristics,
we created 3D metrics of the left and right hippocampi in each subject (Voets et
al., 2011) from manual labels to determine: (i) sagittal translation, measuring the
position of the hippocampus relative to the midline was calculated as millimeter
distance between the geometric centre of the hippocampus and the mid-sagittal
plane of the brain; (ij) axial rotation, reflecting a medial-lateral deflection of the
hippocampus relative to its geometric centre; and (iii) longitudinal rotation,
indicating a relative vertical deviation of the entire hippocampus from its normally
horizontal orientation. Axial rotation and longitudinal rotation were measured in
angles of deviation from the orientation of a reference average hippocampus,
which was manually segmented on the ICBM-152 template. (iv) Collateral sulcus
depth, representing the shortest distance in mm between the sulcal bottom point
and the outer cortical surface, computed using Chamfer’s transform (Borgefors,
1986). Each measurement was normalized through a z-transformation relative to
the corresponding distribution of controls. In our controls and patients,
prevalence of malrotation features that were greater than z=2 are shown in Table
5.1.

We used linear models to investigate the effect of hippocampal atrophy and

malrotation on the performance of the automated methods.
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Table 5.1. Prevalence of hippocampal malrotation in healthy controls and patients.
Values were standardized relative to healthy controls distribution using the z-score
transformation.

Sagittal Axial Longitudinal Collateral sulcus
translation rotation rotation depth

Left Right Left Right Left Right Left Right

g]‘;gtsr)‘"s 1(3%) 1(3%) 2(3%) 1(3%) 1(6%) 1(3%) 2(6%) 1(3%)
:'::7%) 10 (29%) 2 (6%) 9 (26%) 3(9%) 8 (23%) 1(3%) 12 (34%) 3 (9%)
Lony T(23%) 9(29%) 6(19%) 2(6%) 1(3%) 5(16%) 11(35%) 6(19%)

LTLE/RTLE: left/right temporal lobe epilepsy

Results
a. Volume-based assessment of segmentation accuracy

The adaptive template selection approach outperformed the traditional strategy
(all groups: p<0.02, Table 5.2). We therefore took as reference the adaptive

approach for the following experiments.

Table 5.2. Segmentation accuracy as defined by Dice index (% mean+SD).

Group FreeSurfer VolMulti SurfMulti
. Advance
Equal weight adaptive weight
Controls 72.1£2.5 84.5+4.5 86.413.2 87.5+2.6
Ipsilateral 65.814.5 81.245.7 84.5+3.3 86.1+2.9
Contralateral 70.0£3.7 82.7£5.5 86.6+3.5 87.7+2.7

Ipsilateral and contralateral refer to the hemisphere of the seizure focus

b. Evaluation of feature contribution

Results are shown in Figure 5.2. Removing texture features dropped minimally

(p>0.1) the accuracy compared to the segmentation using all features.
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Conversely, excluding shape constraints deteriorated significantly the
performance of SurfMulti (Dice=82.445.1 vs. 87.1+2.8; p<0.0001).

c. Comparison with volume-based single- and multi-template approaches

In all groups, performance of SurfMulti (Dice=87.31+2.7) was superior to the two
volume-based approaches (vs. FreeSurfer: 68.843.8, p<10e-15; vs. VolMulti:
82.51+5.4, p<0.0004, Table 5.2). Moreover, our algorithm performed equally well
in TLE patients and controls (p>0.1), whereas volume-based approaches

segmented poorly hippocampi in patients (FreeSurfer: p<10e-6; VolMulti: p=0.02).

Group-wise comparisons identified hippocampal atrophy ipsilateral to the seizure
focus in TLE patients irrespective of the method, i.e., manual or automated
(p<0.05, Table 5.3). However, the effect size of atrophy detected using SurfMulti
was the closest to manual labeling (Cohen's d: Manual=1.71, t=7.6;
SurfMulti=1.60, t=7.0; VolMulti=1.38, t=6.1; FreeSurfer=0.91, t=3.9).

Dice
90 |
— *
L | 1 N
85 \\
4
80 |
) J I I . I ._
e None GE RI NI IG Shape
Excluded feature(s)

Figure 5.2. Contribution of texture and shape features to SurfMulti segmentation
performance.

Bars and whiskers present mean and standard deviation for each test. Abbreviations:
GE=Gabor energy, Rl=relative intensity, NI=normalized intensity, IG=intensity gradient,
Shape=shape constraint features. Dice=Dice similarity index.
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Table 5.3. Hippocampal volumetry. Values represent z-scores with respect to controls
(meanzSD) and the effect size of atrophy as Cohen's d (within parentheses; 0.2
indicates a small effect, 0.5 a medium effect, and >0.8 is a large effect).

Manual FreeSurfer VolMulti SurfMulti
losilateral -2.41+1.85 -1.35+2.06 -1.49+1.40 -1.78%1.45
P (1.71) (0.91) (1.38) (1.60)
Contralateral -0.65+1.40 -0.05+1.91 -0.22+1.29 -0.57+1.41

(0.56) (0.03) (0.22) (0.47)

Ipsilateral and contralateral refer to the hemisphere of the seizure focus

d. Surface-based shape analysis of segmentations

Shape differences between manual tracing and automated methods are shown in
Figure 5.3. Individual segmentation results are also illustrated in Figure 5.4.
Among the three methods, segmentation using SurfMulti was most similar to
manual labeling, with only sub-millimetric differences (mean error: 0.6mmz=0.4,
FDR<0.05) mainly at the lateral border. VolMulti showed overall increased mean
and SD of shape displacements with respect to manual labels (absolute mean
error: 1.2+1.0 mm, FDR<0.05). In addition to overestimating the lateral border
(mean error: 0.9£1.1 mm, FDR<0.05), VolMulti underestimated a large area in
superior and infero-medial surface (mean error: -1.3mm+0.9 mm, FDR<0.01). In
contrast to the other two methods, FreeSurfer globally overestimated the volume
(mean error: 1.7mmz*2.1, FDR<0.05) and showed increased SD of the
displacement vectors (vs. SurfMulti: p<0.00001; vs. VolMulti: p=0.002).

166



VolMulti FreeSurfer

FDR<0.05
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Mean
displacement 0
ol s

superior Inferior

0

Figure 5.3. Shape analysis of automated segmentation algorithms.
Vertex-wise maps of mean displacement and standard deviation averaged across all
subjects.
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Manual SurfMulti VolMulti FreeSurfer

vertical
orientation

84.2 69.8

vertical
orientation
and
atrophy

79.8 65.7

head medial
positioning

89.6 83.3

tail medial
positioning
and
atrophy

86.6 81.4 63.5

Figure 5.4. Representative examples of the automated segmentation algorithms.

Each row presents automated segmentations (in red) overlapped with manual labels
(wireframe) in case of shape anomalies associated with hippocampal malrotation and
atrophy. The Dice index (in %) is indicated below each method.
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e. Impact of malrotation and hippocampal atrophy upon segmentation accuracy

Results are shown in Table 5.4. While the Dice index of SurfMulti did not
correlate with variations in hippocampal volume or malrotation features in any
group (|r|<0.20, FDR>0.2), the segmentation accuracy of VolMulti was influenced
by the axial rotation in all groups (|r|>0.28, FDR<0.05). For FreeSurfer, the Dice
index in controls was positively correlated with hippocampal volume (r=0.55,
p<0.001). Conversely, in TLE patients, the Dice index was influenced bilaterally
by both atrophy (r>0.77, p<0.0001) and longitudinal rotation (|r|>0.55; p<0.001)
and ipsilaterally by collateral sulcus depth (|r|=0.42, p=0.002). Interaction
analysis however, showed that atrophy had a larger effect on the Dice than
malrotation (t>5.4 FDR<0.00001).

Table 5.4. Association between automatic segmentation accuracy (as determined by
Dice index) and hippocampal volume / malrotation features.

Volume Sagitt'fﬂ Axi:al Longitu.dinal Collateral
translation rotation rotation sulcus depth

SurfMulti
Controls -0.03 0.02 0.02 0.13 -0.20
Ipsilateral 0.16 0.03 -0.10 -0.19 -0.02
Contralateral 0.03 -0.07 0.15 -0.03 -0.11
VolMulti
Controls -0.17 0.27 -0.30 0.11 0.05
Ipsilateral -0.12 -0.10 -0.35 -0.05 -0.04
Contralateral 0.24 -0.25 -0.28 -0.26 0.03
FreeSurfer
Controls 0.55 -0.25 -0.04 0.06 -0.05
Ipsilateral 0.78 0.35 -0.07 -0.55 -0.42
Contralateral 0.77 -0.13 -0.03 -0.59 -0.13

Significances (in bold) are thresholded at p<0.05 after Bonferroni correction for |r|>0.28.
Ipsilateral and contralateral refer to the hemisphere of the seizure focus.
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Discussion

We proposed a novel hippocampal segmentation algorithm that integrates
deformable parametric surfaces and multiple templates in a unified framework.
Our technique achieved a level of accuracy in TLE patients virtually identical to
healthy controls with a Dice index of 86.1% for the hippocampus ipsilateral to the
seizure focus. To the best of our knowledge, such performance has not yet been
paralleled in epilepsy populations. Vertex-wise shape mapping showed that
SurfMulti with adaptive weight had an excellent overlap with manual labels, with

sub-millimetric precision.

While the volume-based single- and multi-template approaches showed poorer
performance in the presence of hippocampal malrotation and atrophy, SurfMulti
was not influenced by either of these anomalies. Furthermore, our segmentation
achieved the same sensitivity as manual volumetry in detecting atrophy
ipsilateral to the seizure focus. Given that volumetry is superior to conventional
MRI to detect hippocampal atrophy, our automated algorithm may constitute a
robust surrogate tool for the time-demanding manual procedure in the presurgical

evaluation.

To segment brain structures, multi-template algorithms use either mutual
information (Collins and Pruessner, 2010) or entropy (Aljabar et al., 2009) as a
measure of similarity between the target and the template. In these methods, if
intensity distributions of the two images are different, segmentation may fail. Our
features, on the contrary, capture intrinsic image characteristics by computing
higher order semantic features from a given image, i.e. image homogeneity,
contrast, gradient and texture. Moreover, they are weighted according to both
mean and SD of the optimal subset. Our experiments demonstrated that the
removal of any single texture feature did not weaken the performance of

SurfMulti. The reduced performance when excluding shape features on the other
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hand highlights the importance of such constraints, suggesting their capability to

regulate the range of deformations within anatomical variabilities.

Our results showed that hippocampal malrotation influenced significantly the
performance of state-of-the-art volume-based approaches we evaluated.
Malrotation not only alter the shape of the hippocampus but also deforms its
neighboring structures, potentially hampering their modeling. To capture
anatomical variability, we created vertex-wise spherical neighborhoods and
sampled separately inner and outer regions of structures that are within several
millimeters of the hippocampal boundary. Multi-template approaches offer a
suitable framework to account for structural variability by selecting from a
database a subset that best describe anatomical characteristics of the target
structure. To date, these techniques have been volume-based and applied to
segment healthy hippocampi (Aljabar et al., 2009; Collins and Pruessner, 2010).
However, they rely on non-linear image registration, which may also fail in case

of atypical morphology.

To date template libraries (Aljabar et al., 2009; Collins and Pruessner, 2010;
Hammers et al., 2007) have been constructed based on volume labels of healthy
hippocampi where malrotation features are less prevalent. We believe that the
good performance we obtained in both healthy and diseased populations results
from the integration of surface-based shape-inherent point-wise
correspondences guaranteed by SPHARM-PDM and our vertex-wise sampling
scheme with respect to the surface boundary, allowing for a better
characterization of locoregional texture and shape of structures neighboring the
hippocampus. Finally, our multi-template library derived from a large cohort of
healthy controls and patients accounts for inter-subject variability, in particular
shape variants. Aside TLE, hippocampal atrophy and developmental anomalies
occur in epilepsy related to malformation of cortical development (Baulac et al.,
1998; Bernasconi et al., 2005a; Montenegro et al., 2006; Sato et al., 2001) and a

variety of other neurological and neuropsychiatric disorders such as
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schizophrenia (Connor et al., 2004; Narr et al., 2004; Pegues et al., 2003;
Whitworth et al., 1998) and autism (Nicolson et al., 2006; Salmond et al., 2005).
The influence of these abnormalities to a broad range of disorders emphasizes
the consideration of atypical anatomical characteristics when designing

automated segmentation methods.
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Chapter 6

Summary and Conclusions

This dissertation portrays the development of a series of surface-based
morphometric techniques and their clinical usefulness in assessing
mesiotemporal shape variants in patients with phamacologically intractable

temporal lobe epilepsy (TLE).

The overall goal was to develop advanced morphometric methods to statistically
model characteristics of pathology that have not been previously evaluated on
MRI and that are not evident in measurement of total volume or in the visual
assessment. To achieve this aim, we proposed a comprehensive surface-based
analysis that independently assesses volumes and positions of the
mesiotemporal structures and patterns of morphological changes occurring in the
collateral sulcus. We minimized the human intervention in this procedure by
designing an automated hippocampal tracing method that can segment shape

variants almost as accurately as manual labelling.

Manuscript 1 described a design of a unified surface-based framework to analyze
independently volume and position. In this framework, vertex-wise Jacobian
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determinants were computed to quantify local volume variations. In addition, a
medial axis model inheriting the shape-constrained point correspondence of
SPHARM-PDM was constructed to quantify fine-scale local position and
curvature. On synthetic shapes, our method unambiguously disentangled local
volume from positional changes by quantifying independently both morphological
characteristics. In TLE patients, atrophy and positional changes co-occurred at
the level of the posterior hippocampus. Hippocampal malpositioning is believed
to be a marker of neurodevelopmental deviance occurring during early phases of
gestation. Disentangling volume from positioning may provide new insights in a
variety of other neurological conditions in which these morphological anomalies
coexist and neurodevelopmental abnormalities have been modeled as a potential

underlying pathogenic mechanism.

In Manuscript 2, we assessed local volume changes in mesiotemporal structures
using the surface-based Jacobian determinant developed in Manuscript 1. Our
findings of atrophy preferentially affecting specific subfields emphasize the ability
of post-processing of anatomical MRI to unveil anomalies not otherwise detected
on visual evaluation or whole-structure volumetric analysis. In addition to atrophy,
likely related to neuronal damage, we found hypertrophy in bilateral dentate
gyrus as well as in the amygdala. Our results, in line with histopathological
reports and experimental models, provide compelling evidence of aberrant

seizure-related plasticity in TLE.

In Manuscript 3, analysis of basal temporal sulcal morphology revealed that the
majority of TLE patients exhibit a single-branch, unbroken long collateral sulcus
as compared to healthy controls. Given that developmental malformations are
clearly present before the onset of epilepsy and often associated with intractable
epilepsy, this “simplified” sulcal arrangement may be a biological marker of
altered corticogenesis and predispose the temporal lobe to be vulnerable to

injuries during early gestation.
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In Manuscript 4, we assessed the influence of morphological anomalies on the
performance of automated segmentation algorithms. We found that SACHA
overestimated the volume of the lateral convexity of the hippocampus in cases
with malrotation, but behaved relatively well in the presence of atrophy. The
performance of FreeSurfer, on the other hand, was affected by both hippocampal
malrotation and atrophy. The automated procedures detected smaller effect
sizes of hippocampal atrophy and tended to be less accurate for seizure focus
lateralization compared to manual volumetry. Sub-optimal performance of
automated methods in the presence of malrotation implied atypical morphologies

to be taken into account when designing segmentation algorithms.

Manuscript 5 presented a novel automatic hippocampal segmentation method
combining deformable parametric surfaces and multiple templates in a unified
framework. Our technique achieved a level of accuracy in TLE patients virtually
identical to healthy controls, with a Dice index of 86.1%., a performance that has
not yet been matched in epilepsy. Vertex-wise surface-based shape mapping
showed that SurfMulti with adaptive weighting had an excellent agreement with
manual labels. Furthermore, we achieved the same sensitivity as manual
volumetry in detecting atrophy. The proposed automated algorithm promises to

be a robust surrogate tool for the time-demanding manual procedure.

The significance of this thesis lies in the detection of aspects of pathology that
have not been previously assessed using conventional MRI analyses. This was
accomplished by the developed surface-based morphometric framework which
statistically analyzes subtle and local morphological variations. Furthermore, it
can prove useful in surgical target localization and post-surgical outcome
prediction, the two main challenges of contemporary epilepsy surgery affecting
100,000 patients across Canada. Given that mesiotemporal morphological
alterations are related to various neurological and neuropsychological disorders
(Ballmaier et al., 2008; Burton et al., 2009; Ehrlich et al., 2010; Ho and Magnotta,
2010; Nicolson et al., 2006), the proposed morphometric framework may be of

diagnostic value. Finally, the developed methodology and techniques that
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enhance a universal surface model and model generic texture and shape

features can be extended to the analysis of a variety of subcortical structures,

{ M| 2 [h1]: corrected

such as the amygdala, the caudate, the thalamus and the ventricles. |
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