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a b s t r a c t
Autism is a severe developmental disorder whose neurological basis is largely unknown. The aim of this
study was to identify the shape differences of the corpus callosum between patients with autism and control
subjects. Anatomical landmarks were collected from midsagittal magnetic resonance images of 25 patients
and 18 controls. Euclidean distance matrix analysis and thin-plate spline analyses were used to examine the
landmark forms. Point-by-point shape comparison was performed both globally and locally. A new local
shape comparison scheme was proposed which compared each part of the shape in its local coordinate
system. Point correspondence was established among individual shapes based on the inherent landmark
correspondence. No signiﬁcant difference was found in the landmark form between patients and controls,
but the distance between the interior genu and the posterior-most section was found to be signiﬁcantly
shorter in patients. Thin-plate spline analysis showed signiﬁcant group differences between the landmark
conﬁgurations in terms of the deformation from the overall mean conﬁguration. Signiﬁcant global shape
differences were found in the anterior lower body and posterior bottom, and there was a local shape
difference in the anterior bottom. This study can serve as both a clinical reference and a detailed procedural
guideline for similar studies in the future.
© 2010 Elsevier Ireland Ltd. All rights reserved.

1. Introduction
Autism is a severe developmental disorder characterized by social
deﬁcits, impaired communication, and restricted and repetitive
behavior patterns (American Psychiatric Association, 2000). Magnetic
resonance imaging (MRI) has found inconsistent results regarding the
abnormalities of brain structures in autism. The inconsistency may be
due to factors such as the sample size, subject age and gender.
However, heterogeneity within the autism diagnosis can signiﬁcantly
obscure the genetic basis of the disorder (Miles et al., 2005).
The corpus callosum (CC) is the major commissural pathway
between the brain hemispheres and plays an integral role in relaying
sensory, motor, and cognitive information from homologous regions
in the two hemispheres. Many studies have reported abnormalities of
the CC in autism. Quantitative morphologic assessment of individual
brain structures is often based on volumetric measurements and
shape analysis. Volume comparison gives global information about
the size difference between pathological and healthy structures, but
no local shape difference is revealed. Early works focused mostly on
the area of the CC on the midsagittal slice (e.g., Piven et al., 1997;
Hardan et al., 2000), and most of them found reductions in the size of
different sub-regions of the CC in autism. Shape analysis, on the other
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hand, can precisely locate morphologies at any location on the brain
structure. However, point correspondence among individual shapes is
a crucial and difﬁcult problem. Studies by Vidal et al. (2006) and He et
al., (2008) both found the anterior and posterior portions of the CC
were more inward in autism. Point correspondence was established
globally across the entire shape. Note that their shape correspondence
was based on 2D contours of the CC on sagittal MR images, because
the shape characteristics of the of the CC can be sufﬁciently reﬂected
by the sagittal view.
Landmark-based shape analysis has been popular in neuroanatomical research because of its convenience and effectiveness in
obtaining shape information. Landmarks are usually determined by
anatomical prominences of the biological structure of interest.
Euclidean distance matrix analysis (EDMA) and thin-plate spline
(TPS) analysis are two common ways to examine the landmarks.
EDMA uses landmark coordinate data to calculate all pairwise
distances between landmarks (Burrows et al., 1999). It is invariant
to the coordinate system, which makes it biologically and statistically
advantageous (Theodore and Richtsmeier, 1998). For example, it was
used to analyze sex-related differences in the inter-landmark
distances of the CC (Ozdemir et al., 2007). TPS (Bookstein, 1989)
has been widely used to compare landmark conﬁgurations (Ozdemir
et al., 2007; Bookstein et al., 2001; Fink and Zelditch, 1995; Lapeer and
Prager, 2000; Rosas and Bastir, 2002). The fundamental principle of
TPS is the comparison of two different shapes by deforming one shape
to the other. The expansion factors can be used as a measurement of
the deformation (Bookstein, 1991).
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Although the above landmark analyses can reveal some shape
information, shape morphologies at non-landmark locations cannot
be detected. In this study, we conducted both traditional landmark
analyses and a landmark-guided shape comparison, in order to
examine the abnormalities of the CC in autism. A conﬁguration of
landmarks was identiﬁed in brain MRI midsagittal sections based on a
predeﬁned criterion (Ozdemir et al., 2007). In the traditional analyses,
we performed the aforementioned EDMA and TPS procedures. In the
landmark-guided shape comparison, we aimed at ﬁnding the
morphology at every location on the shape. Point correspondence
was established based on the landmark correspondences, and
statistical methods were used to compare two groups of shapes
(autism vs. control) at every location in the global shape comparison.
In addition, a new local shape comparison was proposed that assessed
each part of the shape in its local coordinate system. Each of the above
three analyses examined the shape morphology from a different
perspective.
2. Materials and methods
2.1. Subjects
The study was conducted on patients with autism and the control
subjects. Twenty-ﬁve children with autism were recruited from the
Thompson Center for Autism and Neurodevelopmental Disorders. All
patients came from families who had come to the Thompson Center
and gone through our standard diagnostic protocol (Autism Diagnostic Interview - Revised, Autism Diagnostic Observation Schedule,
cognitive evaluation, genetic assessment). Children with disorders
known to cause an autism phenotype such as Fragile X, chromosome
abnormalities or severe prematurity with brain damage, children with
IQs less than 50 and children with premature puberty were excluded.
To maximize homogeneity, children in this autism group were limited
to individuals with no history of seizures, abnormal brain EEGs, or
abnormal MRIs.
Eighteen control subjects were recruited from the community
under the regulations of the Thompson Center control subject
recruitment protocol. The control group of typically developing
children was matched for gender, age and ancestry. They underwent
a short intake history to rule out signiﬁcant language, cognitive or
social delays. Children receiving special education with an IEP,
diagnosed and treated symptoms of attention deﬁcit/hyperactivity
disorder and other childhood psychiatric disorders, and children with
a sibling diagnosed with autism were excluded.
Table 1 summarizes the demographic characteristics of the autistic
patients and comparison controls. Student's t-test was used to
compare the ages, and the χ2 test was used to compare the gender
ratios. There is no signiﬁcant difference between the two groups in
terms of age, gender and race.
This study was approved by the Health Sciences Institutional
Review Board. The parents or legal guardians of all subjects provided
written consent for participation in this study, while the subject
provided voluntary assent.

2.2. MRI acquisition and processing
Axial, coronal and sagittal T1-weighted images were acquired using
the Siemens Symphony 1.5 T scanner with the following parameters:
TR= 35 ms, NEX = 1, ﬂip-angle = 30°, thickness = 1.5 mm, ﬁeld of
view = 22 cm, matrix= 512 × 512. Sedations were performed if needed
on some of the subjects based on our autism anesthesia protocol. The
16-bit MR data were compressed to 8 bits by linearly rescaling the voxel
intensities. Any voxel whose intensity was below the 2nd percentile
was set to 0, and any voxel whose intensity was above the 98th
percentile was set to 255. The remaining voxel intensities were then
linearly interpolated between these two extremes to ensure that all
data points fell within the 8-bit scale. The data were aligned with the
stereotactical coordinate system and re-sliced to isotropic voxels of
1 mm3 using Slicer (www.slicer.org).
2.3. CC segmentation and landmark collection
From the sagittal planes, the midsagittal section that most clearly
displayed the cerebral aqueduct, CC, and superior colliculus was
selected manually (Ozdemir et al., 2007). From the midsagittal image,
the CC was segmented using a semiautomatic method (He et al.,
2007). Three mouse clicks were required and the segmentation was
then performed automatically. In order to ensure the accuracy of the
segmentation, we allowed manual adjustment of the segmentation
result if it did not comply with the true CC boundary. Generally this
method worked well on most data sets, and the need for manual
adjustment was rare. The accuracy of this method was validated (He
et al., 2007). The segmentation was performed by the same trained
expert for all the data. The resulting contour was represented as a
sequential point list.
After the CC contour of each subject was extracted, the contours
were aligned in order to remove the shape differences due to
translation, scaling and rotation. The centroid of each shape was
calculated as the mean coordinates of the points on the contour, and
the shape was translated by the centroid coordinates so that the new
centroid was at the origin. Then each shape was scaled by its
normalized centroid size deﬁned as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

1 N  2
∑ x + y2i
s=
N i=1 i

ð1Þ

where N is the number of points on the contour. The centroid size
obtained from the scaling step is the only size measurement that is
uncorrelated with shape variation (Bookstein, 1991). Therefore, our
analysis reveals a pure shape difference without the effect of size. The
rotation difference is then removed by aligning the principal axes of
each shape to those of a template shape which can be randomly
selected from the entire group of contours (Dalal et al., 2007).
Nine anatomical landmarks were identiﬁed on each of the aligned CC
shapes (Fig. 1). Anatomical landmarks are biologically meaningful loci
that can be repeatedly located with high accuracy and precision

Table 1
Demographic characteristics of autistic patients and controls.
Measures

Patients

Controls

Test statistics

P-value

Age (mean ± std)

6.86 ± 2.87
(Range 3.6∼12.8)
20:5
All Caucasians

8.44 ± 4.34
(Range 4.5∼14.2)
14:4
All Caucasians

t = 0.861

0.197

χ2 = 0.030

0.975

Gender (M:F)
Race
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Fig. 1. Landmarks of the CC.
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Table 2
Landmark deﬁnitions.
Landmarks

Deﬁnitions

1
2
3
4
5
6
7
8
9

Interior angle of genu
Tip of genu
Anterior most of CC
Topmost of CC
Splenium topmost point
Posterior most of CC
Bottommost of splenium
Interior notch of splenium
CC-fornix junction

where ϕ(r) = r2 log r2,(xi, yi) are the landmark coordinates on the
starting form, * can be x or y, and n is the number of landmarks. Given
that f(xi, yi) = v i where v i is the corresponding landmark on the target
form, the coefﬁcients a0, ax, ay, wi can be solved from a linear equation.
Deﬁne the following matrices
3
3
2
0; ϕðr12 Þ; :::; ϕðr1n Þ
1; x1 y1
6 ϕðr21 Þ; 0; :::; ϕðr2n Þ 7
6 1; x2 y2 7
7 P=6
7
K=6
5
4 :::::::::::::::::::::::
4 ::::::::: 5
ϕðrn1 Þ; ::::::; 0
1; xn yn n×3
n×n
2

→ 3
v1
→ 7
6v
6 27
K; P
7
L=
Y =6
:::
T
6→7
P ; O ðn + 3Þ×ðn + 3Þ
4v 5
n
O ðn + 3Þ×2
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(Richtsmeier et al., 1995). We followed the landmark deﬁnition in
(Ozdemir et al., 2007), which included extreme points or terminals and
maxima of curvature (Table 2). All landmarks were manually identiﬁed
by a single rater. Intra-rater and inter-rater reliability of landmark
selection was tested using the method described in Ercan et al. (2008).
Two raters each performed the landmark selection twice, and Gcoefﬁcients between two landmark sets from the same rater (2 pairs)
and from two different raters (4 pairs) were calculated. A G-coefﬁcient
close to 1 indicates high intra/inter-rater reliability. The minimum Gcoefﬁcient for all six pairs of landmark sets was 0.994, which indicated
high reliability of the landmark selection.
2.4. Form difference analysis by EDMA
In this analysis the shape change was measured in terms of the
overall landmark conﬁguration. Euclidean distances were calculated
between every pair of landmarks, leading to a form matrix for each
shape (Burrows et al., 1999). The k landmarks had k(k − 1)/2 interlandmark distances. Since the form matrix is symmetric, a form vector
of length k(k − 1)/2 can be used to describe the matrix. Box's M test
(Dryden and Mardia, 1998) was performed to test the homogeneity of
the variance. The EDMA I method was used if there were existing
homogeneities of variance–covariance matrices; otherwise, EDMA II
method was preferred for shape analysis.
We adopted the EDMA I method because the hypothesis of
homogeneity of variance could not be rejected (P = 0.95). We
performed statistical tests on the null hypothesis that the two groups
of shapes did not differ in form (Burrows et al., 1999). In brief, the
average form vector was computed within each group, and the ratio of
the two average form vectors was the form difference vector. The raw
test statistic was computed from the maximum value (max) and the
minimum value (min) of the form difference vector, which was
T0 = max/min. A permutation test was used to ﬁnd the statistical
signiﬁcance of the difference between the two form vectors. In this
procedure, a bootstrap was used to generate M permutated samples,
and thus M test statistics (T*) can be computed in the same fashion as
T0. The percentage of T* that was greater than T0 was the P-value. A
signiﬁcant level of 0.05 was selected and M = 1000 in our experiment.
We also performed traditional t-tests on each inter-landmark
distance under the null hypothesis that each distance was the same in
the two groups. Since only a small number (9*8/2 = 36) of distances
were tested simultaneously, the Bonferroni procedure (Shaffer, 1995)
was used to adjust each P-value for multiple comparison.
2.5. Shape deformation analysis by TPS
TPS (Bookstein, 1989) describes the deformation by a mapping
function f(x, y) = [fx(x, y),fy(x, y)] which maps the location (x, y) to a
new location [fx, fy]. Each of the functions fx and fy has the form:
n

f* ðx; yÞ = a0 + ax x + ay y + ∑ wi ϕð j j ðxi ; yi Þ−ðx; yÞj j Þ
i=1

ð2Þ



where O is a matrix of zeros whose size depends on the parent matrix
it is in and rij = ||(xi, yi) − (xj, yj)||. The two columns of the matrix L− 1Y
are the coefﬁcients in the functions fx and fy, respectively. The 2n
coefﬁcients wi (n coefﬁcients in each direction) correspond to the
non-uniform (non-afﬁne) transformation. The expansion factor at
each landmark can be computed from the Jacobian of wi with respect
to the transformed landmarks (Bookstein, 1991).
Two types of shape deformation were calculated. The ﬁrst type
was the deformation from the mean landmark form of the controls to
that of the patients. The second type was the deformation from the
overall mean landmark form (both patients and controls) to the mean
forms of the patients and the controls, respectively. For each type we
used the data analysis package PAST (Hammer et al., 2001) to
calculate the expansion factors and display the deformation grid.
The overall mean landmark form was also deformed to the
landmark set of each individual subject, and multivariate statistical
analysis was used to compare the non-uniform coefﬁcients wi
between patients and controls. Speciﬁcally, Hotelling T2 two-sample
test was performed separately on the coefﬁcient vectors in x direction
(n − D), the coefﬁcient vectors in y direction (n − D) and the
concatenated coefﬁcient vectors of both directions (2n − D). A
positive, larger T2 corresponds to a smaller P-value, which indicates
more signiﬁcant group difference in the landmark deformation.
2.6. Landmark-guided shape comparison
In this section, shape difference was examined at every location on
the contour. Two types of shape comparison were conducted: one in
the global coordinates and one in the local coordinates. Point
correspondence among individual shapes must be established before
any shape comparison. Previous methods on shape correspondence
have been proposed such as shape contexts (Belongie et al., 2002) and
landmark sliding (Dalal et al., 2007). Most of them try to use some
global optimization algorithm to ﬁnd the correspondence between
two shapes without any consideration about the object that the shape
represents. The problem is that meaningful points may not be matched
among individual shapes. For example, one cannot guarantee that an
anatomical landmark on one CC shape is also matched to the same
landmark on the other CC shape. We address this problem by using the
landmarks as guidance for shape correspondence. Since the landmarks
used in this study represent certain anatomical features on the CC
shape, we assume that they are already corresponded. The landmarks
divide the contour into several segments, and thus the segments
terminated by the same two landmarks are corresponded among
different shapes. The rest task is to ﬁnd the point correspondence each
segment, which becomes much simpler since each segment is a simple
open contour and the two terminal points (which are landmarks) are
already corresponded. Although more complex algorithms can be used
for the correspondence of each segment, a simple uniform sampling
can serve this purpose without much difference in the results. The
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sampling can be implemented by axis parameterization in which the
sampled points are equally spaced along the axis deﬁned by the two
terminal landmarks, or by arc-length parameterization in which the
points are equally spaced along the contour. These two methods have
similar results when the contour is close to a straight line. For axis
parameterization, we require the contour segment to be a single
valued function of the points on the axis in order to obtain a unique
point on the contour at each sampling point on the axis. The contour
segments deﬁned by our landmarks satisfy this requirement, and there
is no global curvature extreme within each segment because the
landmarks already cover the curvature extremes on the contour.
Therefore, we used axis parameterization since it was simple. Fig. 2(a)
illustrates the uniform sampling on one segment. For each segment,
we sampled the same number of points on different shapes, so that
these points were corresponded by their indices. For simplicity, we
ignored landmark 9 in the sampling process because the segment
between landmarks 1 and 8 already satisﬁed the single value
condition. In order to keep the point density the same along the entire
shape contour, we set the number of sampled points on each segment
proportional to the average length of this segment across different
shapes. Fig. 2(b) shows the resulting point correspondence between
two CC contours. The point correspondence can be used for both global
comparison and local comparison.
In the global comparison, aligned CC shapes (Section 2.3) were
compared point by point across the whole contour. Since each point
coordinate is a 2D vector, the Hotelling T2 two-sample metric was used
again. Each raw P-value obtained from the test statistic T2 was
an optimistic estimation because the comparisons were made at
hundreds of CC contour points. It was important to control the P-values
for the multiple comparison problem. Non-parametric permutation
tests (Pantazis et al., 2004) and False Discovery Rate estimate (FDR)
(Hochberg and Benjamini, 1995) were typically used for P-value
correction. We adopted FDR because it provides an interpretable and
adaptive criterion with higher power, and also is computationally
efﬁcient (Styner et al., 2006). The FDR method allows the false positive
to be within a small proportion α (α = 0.01 in our experiment).
In the local comparison, we focused on the group difference in
each part of the CC shape instead of the whole shape. Each contour
segment was compared in its local coordinate system as shown in
Fig. 2(a). The x-axis was the line connecting the two terminal
landmarks, and we scaled the distance between the two terminal
landmarks to 1. In this way the same segments across difference
shapes were aligned by a common local coordinate system. Since our
uniform sampling for point correspondence was based on the x-axis,

Fig. 2. (a) Uniform sampling and local coordinate system on one segment of the CC
contour. (b) The correspondence between two CC contours.
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the corresponding points had the same x coordinates in their local
coordinate system. For each segment, we compared the y-coordinates
of the points between the two groups using t-tests followed by FDR
correction. While the global comparison gives the group difference of
the whole shape regardless of the segments, the local comparison
gives the shape difference with regard to each part of the shape.
3. Results
3.1. Form difference of landmarks
In EDMA analysis, no signiﬁcant difference was found in the
landmark form between the two groups of shapes (P = 0.41). In the
tests of individual distances, most of the inter-landmark distances did
not show signiﬁcant differences between the two groups after P-value
correction. The only signiﬁcant difference was found in the distance
from landmarks 1 to 6 (P = 0.0006). Fig. 3 shows the mean landmark
conﬁgurations of the patients and the controls overlaid on the mean
shape of the CC. The distance 1–6 was longer in the control shape than
in the patient shape.
3.2. Shape deformation
Fig. 4 shows the TPS transformation grid along with the expansion
factors of the transformation to each group from the overall mean. In the
deformation from overall mean to the patients (Fig. 4(a)), landmark 3
(anterior most) exhibits expansion and all other landmarks exhibit
shrinking. Landmark 7 (posterior bottom) has the largest shrinking. In
the deformation from overall mean to the controls (Fig. 4(b)), landmark
3 (anterior most) exhibits shrinking and all others exhibit expansion.
Landmark 7 has the largest expansion. The deformation from
the controls to the patients (Fig. 4(c)) is similar to the deformation in
Fig. 4(a) except the expansion and shrinking are stronger. Landmark 7
again has the largest shrinking.
Hotelling T2 test indicated that there was a signiﬁcant difference
between patients and controls in the concatenated deformation
coefﬁcients (P = 0.01), but no signiﬁcant difference in the coefﬁcients
of x (P = 0.09) or y direction (P = 0.9) alone.
3.3. Local shape differences
Fig. 5(a) shows the average CC shapes of the two groups, providing
a descriptive visualization of the shape difference between the two
groups. The CC of the patients is more inward at both ends, resulting
in a shorter distance in anterior–posterior length which is consistent
with the results in Section 3.1. Note that the difference in the length
does not reﬂect the size because we have removed the size difference
in our spatial alignment. It is rather due to the different bending
degrees of the CC body. Fig. 5(b) and (c) shows the raw and corrected
signiﬁcance maps of the global shape comparison (signiﬁcance
level = 0.05). The raw P-values suggest signiﬁcant shape difference
in the anterior most and top, anterior lower body and posterior, while
the corrected P-values retain signiﬁcant differences in the anterior
lower body and posterior bottom. This is consistent with the results in

Fig. 3. Overlaid mean landmark conﬁgurations of the patients (*) and the controls (o)
on the overall mean shape. (a) Overall mean to patients. (b) Overall mean to controls.
(c) Controls to patients.
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Section 3.2 where the posterior bottom of the shape for the patient
group shows severe shrinking relative to the control shape. Fig. 5(d)
and (e) shows the raw and corrected signiﬁcance maps of the local
shape comparison, where landmarks are highlighted in a different
color. There is a signiﬁcant shape difference in the anterior bottom
and posterior lower body in the raw P-values, and the corrected Pvalues retain the signiﬁcance in the anterior bottom and part of the
posterior lower body (isthmus). Both anterior bottom and isthmus
bottom show different bending degrees between patients and
controls, which causes the local shape difference.
4. Discussion

Fig. 4. TPS transformation grids and the expansion factor at each landmark.

Most previous studies found reduced size in the CC in autism, but
the results are inconsistent with regard to CC sub-regions. For
example, Piven et al. (1997) reported reductions in the size of the
body and posterior regions of the CC in autistic patients, Hardan et al.
(2000) found signiﬁcant differences in anterior regions, and Vidal et
al. (2006) found reductions in the genu and the splenium. A recent
study (Duan et al., 2009) measured the oriented bounding rectangle
of the CC and found the anterior–posterior length is shorter in autism.
Shape analysis (Vidal et al., 2006) found the anterior and posterior of
the CC were less projected in autism, which also indicated a shorter
anterior–posterior length.
Local shape analysis has gained more interest recently due to its
potential to locate shape morphologies. However, only a few studies
have conducted local shape analysis of the CC in autism. Landmarkbased methods have been popular in shape analysis due to the belief
that evaluating general form differentiation in the shape by using
neuroanatomical landmarks is most relevant (Ozdemir et al., 2007). In
this study, we performed traditional landmark-based analyses using
the EDMA and TPS methods to examine the shape abnormalities of the
CC in autism. Moreover, we used the anatomical landmarks as a
guidance to establish the point correspondence among individual
shapes, thus facilitating the following shape comparison. Every point
location was compared in both global and local shape comparisons so
that more details of the shape abnormalities could be revealed. To our
knowledge, this study was the ﬁrst to use landmark-based methods to
analyze the CC abnormalities in autism, and the local shape
comparison had not been done before.
Our analysis permits some insight into the callosal functions
potentially involved in the pathology of autism. The connections across

Fig. 5. (a) Average shapes of the CC (red: patients; blue; controls). (b) Raw signiﬁcance map of the global comparison. (c) Corrected signiﬁcance map of the global comparison. (d)
Raw signiﬁcance map of the local comparison. (e) Corrected signiﬁcance map of the local comparison (landmarks are shown as blue dots in (d) and (e)).
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the corpus callosum are topographically organized where the relay of
sensory, motor and cognitive information is transmitted from two
cerebral hemispheres. Existing ﬁndings have suggested the complexity
of the callosal connectivity. For example, Moses et al. (2000) examined
the regional size reduction of the CC in children with focal lesions, and
conﬁrmed the cortico-callosal topography documented in adult persons
and nonhumans. It also suggested limits to developmental neuroplasticity subsequent to perinatal brain injury. Aboitiz et al. (1992) reported
that primary and secondary sensory information was transmitted via
large diameter callosal ﬁbers and higher-order sensory and cognitive
information was transmitted through small diameter ﬁbers. There are
different representations of large and small diameter ﬁbers in different
callosal channels (Aboitiz et al., 1992). Anterior callosal regions may be
involved in the transmission of cognitive information (Clarke et al.,
1998). The isthmus is where the callosal motion ﬁbers cross through
(Wahl et al., 2007), and it has been demonstrated to connect myelinated
ﬁbers from posterior language regions and auditory association areas
(Clarke and Zaidel, 1994). Local shape differences are found in these
areas in our study, which may be associated with the aberrant cognition
and impaired verbal communication in autism. Posterior callosal regions
are involved in transmitting sensory information (Clarke et al., 1998),
and autistic patients often have extreme sensory issues (hypersensitivity or hyposensitivity) which may be related to the more inward
posterior of the patients found in our study.
The results reported in this article need to be interpreted with
caution. We include both males and females in our subjects, which may
overlook the gender difference of the CC (Ozdemir et al., 2007).
However, due to the unbalanced male-to-female ratio (4:1) in autism, it
is difﬁcult to conduct separate experiment in female patients because of
the sample size. We therefore use a matching ratio of males to females in
the control subjects. The sample size in this study is relatively small,
which may affect the statistical results. Further study on a larger sample
size will be conducted when more data are available.
The contribution of this study is two-fold. First, the ﬁndings of this
study provide some insight into the pathology of autism related to the
functions of the CC, although further studies need to be performed to
conﬁrm the results. Secondly, the procedures of our analysis can be
applied to similar studies of other brain structures. The CC is a special
brain structure whose shape can be characterized by a 2D contour.
Generalizing our methods to other 2D biological shapes is straightforward since anatomical landmarks on 2D shapes are usually distinct to
visualize and manually identify. However, most brain structures are
naturally 3D, which adds more difﬁculty to the shape analysis. Manually
identifying anatomical landmarks on a 3D mesh is non-trivial and less
accurate, and some automatic or semiautomatic methods for 3D
landmark localization have been developed recently which demonstrate their potential in clinical application (Liu et al., 2008; Worz and
Rohr, 2006). Point correspondence among 3D shapes is even more
challenging, and most existing methods do not explicitly consider
anatomical landmarks (Dalal et al., 2007; Styner et al., 2006). We believe
that anatomical landmarks can still serve as guidance for establishing
point correspondence among 3D shapes. An ongoing study is being
carried out which extends our method in Section 2.6 to the case of 3D
shapes. Therefore, with some modiﬁcations, our landmark-based
analysis framework can still be a promising method for 3D shapes.
In conclusion, this study found global shape differences caused by
different bending degrees of the CC body, and local shape differences
in the anterior bottom of the CC between the autism and control
groups. These abnormalities of the CC may be related to the cognitive,
sensitive and motor deﬁciencies in autism. This study can serve as
both clinical reference and guidance for similar studies.
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