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a b s t r a c t
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 so far been considered unsatisfactory. In addition to atrophy, about 40% of patients present with developmental abnormalities
(referred to as malrotation) characterized by atypical morphologies of the hippocampus and collateral sulcus.
Our purpose was to evaluate the impact of malrotation and atrophy on the performance of three state-of-theart automated algorithms. We segmented the hippocampus in 66 patients and 35 sex- and age-matched
healthy subjects using a region-growing algorithm constrained by anatomical priors (SACHA), a freely available atlas-based software (FreeSurfer) and a multi-atlas approach (ANIMAL-multi). To quantify malrotation,
we generated 3D models from manual hippocampal labels and automatically extracted collateral sulci. The
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. ANIMAL-multi demonstrated similar accuracy in patients and healthy controls (p > 0.1), whereas SACHA and FreeSurfer were less accurate in patients (p b 0.05). Surface-based analysis of contour accuracy
revealed that SACHA over-estimated the lateral border of malrotated hippocampi (r = 0.61; p b 0.0001), but
performed well in the presence of atrophy (|r| b 0.34; p > 0.2). Conversely, FreeSurfer and ANIMAL-multi
were affected by both malrotation (FreeSurfer: r = 0.57; p = 0.02, ANIMAL-multi: r = 0.50; p = 0.05) and atrophy (FreeSurfer: r = 0.78, p b 0.0001, ANIMAL-multi: r = 0.61; p b 0.0001). Compared to manual volumetry,
automated procedures underestimated the magnitude of atrophy (Cohen's d: manual: 1.68; ANIMAL-multi:
1.11; SACHA: 1.10; FreeSurfer: 0.90, p b 0.0001). In addition, they tended to lateralize the seizure focus less
accurately in the presence of malrotation (manual: 64%; ANIMAL-multi: 55%, p = 0.4; SACHA: 50%, p = 0.1;
FreeSurfer: 41%, p = 0.05). Hippocampal developmental anomalies and atrophy had a negative impact on
the segmentation performance of three state-of-the-art automated methods. These shape variants should
be taken into account when designing segmentation algorithms.
© 2011 Elsevier Inc. All rights reserved.

Introduction
Temporal lobe epilepsy (TLE) is the most frequent form of drugresistant epilepsy. The majority of patients display hippocampal sclerosis, a process 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 the deﬁnition of the surgical target and is associated with favorable outcome in more than 70% of patients (Schramm and Clusmann,
2008).
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Manual delineation of the hippocampus is the current gold standard, as it is accurate, reproducible and able to detect atrophy with
high sensitivity (Bernasconi et al., 2003; Jackson et al., 1993;
Kuzniecky et al., 1999). On the other hand, time requirement, raterbias, 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(Avants et al., 2010; Duchesne et al., 2002) or atlas-based approaches
(Collins et al., 1995; Fischl et al., 2002; Khan et al., 2008). Modeling
spatial relationships and texture has improved accuracy (Avants et
al., 2010; Chupin et al., 2009b). Alternatively, optimizing atlas-based
techniques with graph-cuts may impact favorably results in patients
with Alzheimer's disease and hippocampal atrophy (van der Lijn et
al., 2008; Wolz et al., 2010). Recently developed multi-template (or
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template library and label fusion) techniques account for structural
variability by selecting from a database a subset that best describe anatomical characteristics of the target structure (Aljabar et al., 2009;
Avants et al., 2010; Collins and Pruessner, 2010; Lötjönen et al.,
2010). 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; Avants et al., 2010; Chupin
et al., 2009b; Collins and Pruessner, 2010; Coupé et al., 2011;
Heckemann et al., 2006; Khan et al., 2008; Lötjönen et al., 2011;
Morey et al., 2009; Pohl et al., 2007; van der Lijn et al., 2008).
In TLE, agreements between manual labeling and automated segmentation have been low compared to 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 accuracy likely stems
from factors other than atrophy, as previous approaches achieved a
performance similar to controls in patients with Alzheimer's disease
(Barnes et al., 2008; Chupin et al., 2009a; Leung et al., 2010). Indeed,
studies in early and declared forms of this condition have reported
hippocampal volume reductions ranging from 23 to 34% (Frisoni
et al., 1999; Jack et al., 1992; Lehericy et al., 1994; Xu et al., 2000). Notably, the degree of atrophy is generally larger in declared Alzheimer's
disease than in TLE, in which the effect size is in the order of 20%. In
addition to atrophy, about 40% of TLE patients show atypical shape
and positioning of the hippocampus (Bernasconi et al., 2005; 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., 2005). Thus,
malrotation features not only alter 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 three fully automated hippocampal segmentation algorithms. We chose two algorithms previously used in TLE:
SACHA, a region growing 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 nonlinear warp of a target image to a probabilistic atlas (Akhondi-Asl
et al., 2011; Pardoe et al., 2009). In addition, we evaluated a multiatlas approach based on ANIMAL registration technique (Collins and
Pruessner, 2010) that is among the most performant algorithms in
healthy controls, but has not been applied to TLE. Performance was
assessed relative to manual labeling using overlap indices and
surface-based shape mapping. The ability of automated methods to
lateralize the seizure focus was evaluated 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. The lateralization of the seizure focus was based
on a standard clinical evaluation including detailed history of seizure
semiology, recording of seizures by means of video-EEG monitoring
and radiological assessment of hippocampal sclerosis through visual
estimation of atrophy and increased T2 signal. Based on the convergence of these exams, patients were classiﬁed into left TLE (LTLE;
n = 35) and right TLE (RTLE; n = 31). None of the patients had a
mass lesion (tumor or vascular malformation), developmental
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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 I
outcome, 5 (10%) Class II, 5 (10%) Class III 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 a hippocampal specimen was available. In the remaining
seven, specimens were either incomplete or unsuitable for
histopathology.
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
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 = 256 × 256; FOV = 256 mm; slice thickness = 1 mm), providing
an isotropic voxel volume of 1 mm 3. 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., 2003). Prior to segmentation, MR images were registered into the MNI ICBM-152 nonlinear
template (Fonov et al., 2011) using 9 parameter linear transformation
(Collins et al., 1994).
Automatic hippocampal segmentation
1. SACHA. This algorithm simultaneously segments the hippocampus
and the amygdala based on a competitive region deformation constrained by automatically detected anatomical landmarks (Chupin
et al., 2007) and probabilistic priors (Chupin et al., 2009b). During
the deformation, voxels along the boundaries of the object are iteratively reclassiﬁed guided by anatomical priors. In our study, we
modiﬁed the initialization step. Instead of registering probabilistic
atlases of the hippocampus and amygdala (constructed from 16
healthy subjects) to a given target image in native space using
the original nonlinear discrete cosine basis registration
(Ashburner and Friston, 1999), we employed ANIMAL that combines linear transformation and non-linear warping based on a
piece-wise linear coarse-to-ﬁne deformation (Collins et al.,
1995). The choice of ANIMAL registration was empirical, as we
found an improvement in the segmentation performance of
SACHA in a set of 10 healthy controls (Dice index = 82.2 ± 3.3 vs.
80.5 ± 3.2, t = 3.2, p = 0.005).
2. FreeSurfer. In this approach, the hippocampus is segmented using
a nonlinear template matching (Fischl et al., 2002). After linearly
registering the test image to the template, the algorithm estimates
the nonlinear 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 labels are warped back to the individual MRI
using the inverse of this transform. The ﬁnal segmentation is accomplished by maximizing the a posteriori probability in the
Bayes formula at each voxel. Voxel-wise probabilistic labels and
their predicted image intensities serve as the prior term, while
the intensity similarity between the target image and the template
serves as the likelihood term.
3. Multi-atlas approach based on ANIMAL registration (Collins and
Pruessner, 2010) (henceforth denoted ANIMAL-multi). In brief,
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MR images of controls and patients were linearly registered to the
MNI ICBM-152 nonlinear template (Fonov et al., 2011) using the
transformation parameters generated for manual labeling. We created a template library including these images and corresponding
manual labels. The performance was evaluated using a leaveone-out strategy in which we iteratively excluded the image to
segment from the template library. For a given test image, we
ﬁrst nonlinearly warped each individual template to it using the
ANIMAL registration (Collins et al., 1995). Then, we computed a
similarity index between the warped template and the test
image deﬁned by the normalized mutual information within a volume of interest centered on the hippocampus. We selected the n
most similar templates and obtained the ﬁnal segmentation
using label fusion on a voting strategy (Aljabar et al., 2009;
Heckemann et al., 2006; Rohlﬁng et al., 2004) in which segmentations were averaged and thresholded at 0.5.
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., 2005). To
quantify these characteristics, in each subject we generated 3D
models of the left and right manual hippocampal labels, and automatically extracted sulci (Kim et al., 2008; Voets et al., 2011). We chose
the MNI ICBM-152 nonlinear template (Fonov et al., 2011) on which
we manually segmented the hippocampus as the reference for computing malrotation features.
1. Sagittal translation (Supplementary Fig. 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 (determined at 0 on the x-axis of the
Talairach coordinate system).
2. Axial rotation (θaxial; Supplementary Fig. 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 1st principal (i.e., longitudinal) axis (v1,T,) of a given
hippocampus and the 1st principal axis (v1,R) of the reference. θaxial
was positive/negative, when the caudal portion of the hippocampus was medially/laterally positioned relative to its rostral portion.
3. Longitudinal rotation (θlong; Supplementary Fig. 1C), indicating a
relative vertical deviation of the hippocampus from its normal horizontal orientation. By aligning the 1st principal axis of a target hippocampus (v1,T) to that of the reference (v1,R) using a rotation
matrix (so that v′1,T = v1,R), the 2nd principal axis of the target
(v2,T) was rotated to v′2,T. θlong was measured as the angle between
the 2nd principal axis of the target (v′2,T) and the reference (v2,R).
θlong was positive, respectively negative, when the target hippocampus was more vertically oriented than the reference due to upward, respectively downward, rotation.
4. Collateral sulcus depth. Using BrainVISA (Riviere et al., 2002), we
constructed surfaces corresponding to GM–WM and GM–CSF interfaces and automatically extracted the collateral sulcus. The 3D
sulcal surface was then binarized into voxels. A rater (HK)
inspected the accuracy of collateral sulcus extraction. In addition,
the rater veriﬁed that the deepest voxel of the sulcal line on consecutive coronal sections was correctly located at the fundus, and
performed manual corrections in case of mislocation. Sulcal depth
was determined by calculating the shortest distance between the
outer cortical surface and the voxel at the sulcal fundus (Smith,
2002). Lastly, we averaged the depths of all sulcal bottom points
on consecutive coronal slices within the extent of the hippocampus. We determined the prevalence of hippocampal malrotation
based on a 2 standard deviation cutoff from the distribution of
healthy controls (Supplementary Table).

Performance evaluation of automated segmentation algorithms
To evaluate the segmentation accuracy and perform statistical
testing, SACHA and FreeSurfer segmentations were mapped to the
MNI ICBM-152 nonlinear template (Fonov et al., 2011) using the linear transformation parameters generated for manual labeling.
1. Volume-based agreements. We performed correlation analyses between manual and automated segmentations, and constructed
Bland-Altman plots (Bland and Altmann, 1986), on which for
each subject the difference between the two measurements is
drawn against their mean.
To assess the segmentation accuracy, we computed the Dice similarity index: D = 2 × v(M ∩ A) / (v(M) + v(A)), where M/A are the
voxels comprising manual/automated labels; “M ∩ 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.
In a separate analysis, we assessed the ability of the automatic algorithms to detect atrophy in TLE groups relative to controls by
computing Cohen's d ((mean volume controls − mean volume
TLE) / pooled SD) that measures the effect size of a betweengroup difference, and calculated the signiﬁcance of the observed
effect using t-tests. Signiﬁcances were adjusted for multiple comparisons using Bonferroni correction.
2. Surface-based analysis of contour accuracy. To assess potential systematic shape biases, manual and automated labels were converted to surface meshes and parameterized using an areapreserving, distortion-minimizing mapping technique based on
spherical harmonics (SPHARM) (Styner et al., 2006). The uniform
icosahedron-subdivision of the SPHARM allows obtaining a point
distribution model (PDM) that guarantees shape-inherent
vertex-wise correspondence across subjects. For each algorithm,
we pooled controls and patients, computed vertex-wise surfacenormal component of the displacement vector between the automated and manual label, and computed 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, FreeSurfer, and ANIMAL-multi were assessed using Ftests. Results were thresholded for statistical signiﬁcance using
the False Discovery Rate (FDR) correction at q b 0.05 (Benjamini
and Hochberg, 1995).
3. Performance evaluation with respect to atrophy and malrotation.
For both volume- and surface-based analyses, we used linear
models to investigate the effect of hippocampal atrophy and malrotation on variations of the Dice index and the surface normal
components of the displacement vector, respectively.
Seizure focus lateralization
As stated earlier, the lateralization of the seizure focus is based on
the convergence of clinical, electrographic and radiological data. To
evaluate the yield of MRI volumetry alone to lateralize the seizure
focus we performed a linear discriminant analysis. 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 ztransform relative to the distribution of controls. To determine the
side of seizure focus in each patient, we input the standardized ratio
into the classiﬁer. To maximize speciﬁcity, we deﬁned decision margins so that no classiﬁcation fell within the asymmetry range of
healthy controls. Cross-validation was performed using a leave-oneout approach. This procedure, by which an individual patient is classiﬁed on the basis of the remaining patients, allows an unbiased assessment of lateralization performance for previously unseen TLE
cases.
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Table 1
Comparison between automated segmentation methods and manual labeling using Dice similarity index.
SACHA

FreeSurfer

Left
Controls (n = 35)
LTLE (n = 35)
RTLE (n = 31)

81.2 (± 3.3)
77.4 (± 4.3)⁎
79.9 (± 4.9)

ANIMAL-multi

Right

Left

Right

Left

Right

82.6 (± 3.1)
80.8 (± 3.0)
79.8 (± 5.6)

70.1 (± 2.5)⁎
62.2 (± 5.4)⁎
68.2 (± 3.9)

73.5 (± 2.6)
70.4 (± 3.4)
68.4 (± 5.5)

83.5 (± 4.8)
80.7 (± 6.5)⁎
82.4 (± 5.0)

85.4 (± 4.3)
84.1 (± 8.6)
82.3 (± 5.7)

Dice indices are presented in % mean (± SD); LTLE/RTLE: left/right temporal lobe epilepsy; for each algorithm differences in accuracy between controls and patients are in bold.
⁎ Indicates hemispheric asymmetry; signiﬁcances are adjusted for multiple comparisons using Bonferroni correction (p = 0.05/18 = 0.003).

Results
We observed strong correlations between manual and automated segmentations (SACHA: r = 0.86; FreeSurfer: r = 0.90;
ANIMAL-multi: r = 0.83, p b 10 − 10; Supplementary Fig. 2). The
Bland–Altman plots showed that differences in volume between
manual and automated procedures did not differ (t b 2.0, p > 0.1;
Supplementary Fig. 3).
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 1. Overall, ANIMAL-multi (mean Dice index 83.1 ± 5.7) was superior to the other algorithms (vs. SACHA: 79.4 ± 6.2; t = 4.4,
p b 0.001; vs. FreeSurfer: 68.9 ± 5.4; t = 17.1, p b 0.001). ANIMALmulti and SACHA performed better than FreeSurfer in all groups
(p b 0.001). ANIMAL-multi performed equally in patients and controls
(p > 0.1), whereas SACHA and FreeSurfer showed lower accuracy in
patients (p b 0.05).
For SACHA, Dice index in healthy controls did not correlate with
variations in hippocampal volume or malrotation (|r| b 0.34, p > 0.2;
Table 2). On the other hand, in patients, a lower Dice index was associated with increased degrees of hippocampal longitudinal rotation
and collateral sulcus depth (|r| > 0.5, p b 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 left hippocampal volume (r = 0.55, p = 0.02). In TLE patients, it
was inﬂuenced by both atrophy (r > 0.78, p b 0.001) and longitudinal
rotation (|r| > 0.55, p b 0.02) bilaterally. Interaction analysis, however,
revealed a larger effect of atrophy than malrotation (t > 5.4,
p b 0.00001) on the Dice index.
For ANIMAL-multi, Dice index in healthy controls was not inﬂuenced by variations in hippocampal volume or malrotation (|r| b
0.34, p > 0.2), whereas in TLE patients a lower index was associated

with more severe atrophy (r > 0.58, p b 0.001) and longitudinal rotation (|r| > 0.49; p b 0.05) ipsilateral to the seizure focus. These associations were weaker than those observed for FreeSurfer (t > 3.7,
p b 0.001).
Shape analysis of segmentations
Shape differences between manual and automated hippocampal
tracings are shown in Supplementary Fig. 4. SACHA and ANIMALmulti produced segmentation results that were globally similar to
manual labeling. However, SACHA systematically underestimated
the supero-medial margin (mean error: − 0.9 ± 0.4 mm, FDR b 0.05)
and overestimated the infero-medial boundary (mean error: 1.2 ±
0.8 mm, FDR b 0.05) corresponding to the subiculum. ANIMAL-multi
underestimated the superior and medial hippocampal margin
(mean error: − 0.6 ± 0.3 mm, FDR b 0.05). FreeSurfer, on the other
hand, globally overestimated the hippocampus (mean error: 1.7 ±
2.1 mm, FDR b 0.05). Moreover, the SD of the displacement vectors
was overall higher for FreeSurfer (2.1 mm) than the two other algorithms (vs. SACHA: 0.8 mm, p b 0.00001; vs. ANIMAL-multi: 0.7 mm,
p b 0.00001).
Impact of malrotation and atrophy upon segmentation accuracy
For SACHA, the overestimation of the lateral boundary of left hippocampus was related to a lower Dice index (r = −0.67; FDR b 0.001,
Fig. 1A). In this region, we found a positive correlation between the
segmentation error and the depth of the collateral sulcus (r = 0.61;
FDR b 0.001, Fig. 1B). As illustrated in Fig. 2, 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 erroneously
include the fundus of the sulcus into the hippocampal tracing. Atrophy on the other hand, did not have a negative impact on segmentation accuracy.

Table 2
Correlations between automatic segmentation accuracy and hippocampal volume/malrotation features.
Volume

Sagittal translation

Axial rotation

Longitudinal rotation

Collateral sulcus depth

Left

Right

Left

Right

Left

Right

Left

Right

Left

Right

SACHA
Controls
LTLE
RTLE

0.18
0.37
0.31

0.09
0.30
0.43

− 0.08
− 0.12
− 0.23

− 0.06
− 0.10
− 0.04

− 0.34
− 0.35
− 0.13

− 0.22
− 0.17
− 0.11

− 0.25
− 0.51
− 0.44

− 0.32
− 0.41
− 0.52

− 0.19
− 0.55
− 0.61

− 0.13
− 0.37
− 0.68

FreeSurfer
Controls
LTLE
RTLE

0.55
0.77
0.78

0.48
0.79
0.79

− 0.05
− 0.17
− 0.13

0.03
− 0.12
0.05

0.05
− 0.05
− 0.11

− 0.11
− 0.33
− 0.03

− 0.04
− 0.55
− 0.60

− 0.12
− 0.45
− 0.55

− 0.24
− 0.36
− 0.31

− 0.09
− 0.31
− 0.35

ANIMAL-multi
Controls
LTLE
RTLE

0.34
0.58
0.35

0.17
0.32
0.64

− 0.20
− 0.37
− 0.13

− 0.23
− 0.21
− 0.33

0.24
− 0.05
− 0.11

− 0.14
− 0.15
− 0.36

− 0.04
− 0.49
− 0.39

− 0.30
− 0.33
− 0.50

− 0.14
− 0.37
− 0.31

− 0.22
− 0.40
− 0.34

Signiﬁcances (in bold) are adjusted for multiple comparisons using Bonferroni correction (p = 0.05/90 = 0.0006); LTLE/RTLE: left/right temporal lobe epilepsy
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right: r = 0.53, FDR = 0.005). We found a negative correlation between the segmentation error and hippocampal volume on the superior boundary, i.e. the more atrophic the hippocampus, the larger the
error (left: r = − 0.57, FDR b 0.001; right: r = −0.51; FDR = 0.01).
Fig. 1 C to E shows results for the left hippocampus.
For FreeSurfer, the overestimation of hippocampal volume was associated with lower Dice index across all vertices bilaterally (r >
−0.71; FDR b 0.001). We also found a negative correlation between
the segmentation error and volume (r = −0.78; FDR b 0.001). On
the other hand, there was no association between the segmentation
error and malrotation (r b 0.35; FDR > 0.1).
Figs. 2 and 3 show examples of segmentation errors related to
malrotation and atrophy.
Ability of automated methods to lateralize the seizure focus in patients
Group analysis
Both manual and automated approaches identiﬁed hippocampal
atrophy ipsilateral to the seizure focus (Table 3). However, compared
to manual volumetry (Cohen's d LTLE/RTLE: 1.96/1.41, t = 7.9/4.9),
automated methods detected a smaller magnitude of volume reduction (vs. SACHA: 1.26/0.94, t = 5.2/3.8; vs. FreeSurfer: 1.02/0.77,
t = 3.9/3.6; vs. ANIMAL-multi: 1.21/1.01, t = 4.9/4.0).
Individual analysis
Results are shown in Fig. 4. 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 (Fisher's exact test;
SACHA: 61% = 40/66, p = 0.29; FreeSurfer: 56% = 37/66, p = 0.14;
ANIMAL-multi: 58% = 38/66, p = 0.19). SACHA and ANIMAL-multi
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 SACHA erroneously included
the fundus of the collateral sulcus in the segmentation and ANIMALmulti incorporated voxels adjacent to the lateral boundary of the
hippocampus.
Among the 23 patients with hippocampal malrotation, 14 (64%)
were correctly lateralized using manual volumetry, 12 (55%) with
ANIMAL-multi, 11 (50%) by SACHA, and 9 (41%) using FreeSurfer
(Fisher's exact test; ANIMAL-multi: p = 0.38; SACHA: p = 0.15; FreeSurfer: p = 0.05).
Discussion

Fig. 1. Surface-based analysis of contour accuracy. Correlation maps and plots of
vertex-wise surface-normal components of the displacement vectors between manual
tracing and automated segmentation with Dice similarity index (A, C), collateral sulcus
depth (B), hippocampal longitudinal rotation (D) and hippocampal volume (E). The
left hippocampus is shown. In A, the ﬁve outliers with a Dice index below 65% are patients with hippocampal malrotation.

For ANIMAL-multi, the overestimation of the supero-lateral hippocampal boundary was related to a lower Dice index (left: r =
−0.63, FDR b 0.001; right: r = − 0.56, FDR = 0.002). The overestimation was related to longitudinal rotation (left: r = 0.59, FDR b 0.001;

We quantitatively evaluated the inﬂuence of hippocampal shape
and positioning anomalies on the performance of three state-of-theart automatic segmentation algorithms. Overall, our results suggest
that the accuracy and clinical utility of automated methods are suboptimal in patients in whom shape grossly deviates from the range
of normal variants, but also in case of marked atrophy. SACHA overestimated the volume of the hippocampus in its lateral border in cases
with malrotation, but behaved relatively well in the presence of atrophy. On the other hand, ANIMAL-multi and FreeSurfer were affected
by hippocampal malrotation and atrophy, although the magnitude
of these anomalies were smaller in the former. Compared to manual
segmentation, automated procedures underestimated the magnitude
of atrophy. Importantly, the automated methods did not determine
the side of the seizure focus in four (SACHA), six (ANIMAL-multi)
and seven (FreeSurfer) patients who were correctly lateralized
using manual labeling, and the presence of malrotation lead to
wrong lateralization in one patient. In a clinical setting where decisions concerning surgery are taken on a patient-by-patient basis,
even a relatively small decrease in sensitivity and lateralization performance may have detrimental consequences.
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Fig. 2. Impact of hippocampal malrotation on automated algorithms. A) Coronal MRI section of a patient with atypical positioning characterized by vertical orientation of both the
hippocampus and the collateral sulcus (dotted lines). B) Automatically generated hippocampal labels overlaid on MRI. C) Parameterized surfaces of automatic labels (red) overlaid
on the manual tracing (wireframe). The horizontal dotted lines in the hippocampal body correspond to the level of the coronal sections shown in panel A and B. D). Vertex-wise
differences in contour (i.e., segmentation error) between manual and automated labels. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to
the web version of this article.)

Compared to manual segmentation, FreeSurfer performed rather
poorly in both controls and patients, a ﬁnding in agreement with
two previous studies examining 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 is more likely driven
by the use of a single-template in this algorithm. Such template, derived from 14 healthy subjects, may not capture salient structural variations. Our surface-based analysis of contour accuracy revealed that
the magnitude of random errors in segmentation was larger in FreeSurfer than the two other algorithms, as shown by the overall higher
standard deviation of the displacement vectors. In addition, the accuracy of FreeSurfer was inﬂuenced by both atrophy and longitudinal
rotation, and this association was stronger than that of ANIMALmulti. Thus, FreeSurfer's low performance throughout the hippocampus makes a bias related exclusively to segmentation protocols unlikely. On the other hand, FreeSurfer's performance with respect to
seizure focus lateralization was satisfactory. Thus, a comprehensive
benchmark assessment evaluating not only accuracy but also the clinical usefulness likely provides a more realistic view of the global performance of a given automated technique.
In SACHA, the initial segmentation resulting from the non-linear
warping is further reﬁned through local deformation guided by

anatomical priors. This process may reduce, at least to some extent,
biases related to the use of a single-template. Nevertheless, priors derived from healthy subjects may be unsuitable when the hippocampus does not display the usual relationships with its surroundings.
Indeed, surface-based shape mapping revealed errors in the presence
of a deep collateral sulcus protruding towards the wall of the ventricle and thus coming in close contact with the lateral border of the
hippocampus. This atypical anatomical arrangement results in a partial volume effect of the collateral sulcus in the white matter of the
parahippocampal gyrus, which appears darkened, with intensity gradients resembling that of the hippocampus. In this scenario, the region growing process falsely penetrates the sulcus and includes its
fundus into the tracing of the hippocampus. These intensity changes,
however, are not likely to mislead manual delineation, since the
white matter remains distinguishable from the hippocampus on visual inspection. In addition, the rater generally utilizes multiple sources
of information to determine anatomical landmarks.
By building expert prior-based models of shape and selecting automatically those that best ﬁt the structure to segment, algorithms
using multi-template libraries and label fusion (Aljabar et al., 2009;
Collins and Pruessner, 2010; Heckemann et al., 2006) have the potential to overcome the limitations of individual or averaged template
techniques. These multi-template techniques have so far been rarely
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Fig. 3. Impact of hippocampal atrophy on automated algorithms. A) Coronal MRI section of a patient with hippocampal atrophy. B) Automatically generated hippocampal labels
overlaid on MRI. C) Parameterized surfaces of automatic labels (red) overlaid on the manual tracing (wireframe). The horizontal dotted lines in the hippocampal head correspond
to the level of the coronal sections in A and B. D) Vertex-wise differences in contour (i.e., segmentation error) between manual and automated labels. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

used to segment pathological hippocampi (Barnes et al., 2008; Leung
et al., 2010). Compared to a previous study based on 18 TLE patients
that yielded a Dice index of 78.3% (Hammers et al., 2007), ANIMALmulti's performance was 82.4% in our study. The higher
performance likely stems from our database constructed from a
large sample of patients and controls. In addition, the template
selection strategy of ANIMAL-multi using mutual information as
image similarity metric has been shown to outperform the traditional
random subset selection approach (Aljabar et al., 2009).
Hippocampal developmental anomalies are prevalent in TLE
(Baulac et al., 1998; Bernasconi et al., 2005; Depondt et al., 2002;

Sloviter et al., 2004; Stiers et al., 2010; Voets et al., 2011), but also
found in up to 60% of patient with various types of malformations of
cortical development (Baulac et al., 1998; Bernasconi et al., 2005;
Sato et al., 2001), and have been documented in schizophrenia
(Connor et al., 2004) and autism (Salmond et al., 2002). We therefore
believe that malrotation should be taken into account when designing automated segmentation methods. Noteworthy, in our study,
the use of a large cohort of patients including those with malrotation
likely broadened the spectrum of shape variations within the template library, allowing ANIMAL-multi to achieve the highest segmentation accuracy. Statistical texture models (Hamarneh and Li, 2009;

Table 3
Group analysis.
Controls

Manual
SACHA
FreeSurfer
ANIMAL-multi

LTLE

RTLE

Left

Right

Left

Right

3668 ± 368
3954 ± 572
6216 ± 573
3558 ± 345

3924 ± 434
3906 ± 540
6147 ± 547
3885 ± 470

2551 ± 747 (1.96)*
2979 ± 947 (1.26)*
5391 ± 1129 (1.02)*
2985 ± 595 (1.21)*

3593 ± 727
3709 ± 723
6301 ± 725
3649 ± 966

Left
(0.62)
(0.31)
(− 0.03)
(0.33)

3463 ± 479
3800 ± 524
6149 ± 769
3418 ± 591

Right
(0.49)
(0.28)
(− 0.03)
(0.30)

3134 ± 842 (1.41)*
3205 ± 998 (0.94)*
5301 ± 1274 (0.77)*
3301 ± 703 (1.01)*

Hippocampal volume in mm3 is presented in mean ± SD; values in parentheses indicate Cohen's d index, i.e. the strength of the effect size of hippocampal atrophy (0.2 indicates a
small effect, 0.5 a medium effect, and >0.8 a large effect); group-wise signiﬁcances in volumes (bold) and effect size (*) are adjusted for multiple comparisons using Bonferroni
correction (p = 0.05/24 = 0.0021).
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Fig. 4. 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 identify patients with hippocampal
malrotation. To maximize the speciﬁcity of the classiﬁer, we deﬁned decision margins
(broken lines) so that no classiﬁcation fell within the asymmetry range of controls.

Paragios and Deriche, 2002) may further capture loco-regional anatomical variability. Finally, modeling shape is likely to guide the deformation within the range of the template library.
Supplementary materials related to this article can be found online at doi:10.1016/j.neuroimage.2011.11.040.
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