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This paper presents a novel statistical framework for human cortical folding pattern analysis that relies on a
rich multivariate descriptor of folding patterns in a region of interest (ROI). The ROI-based approach avoids
problems faced by spatial normalization-based approaches stemming from the deficiency of homologous
features between typical human cerebral cortices. Unlike typical ROI-based methods that summarize folding
by a single number, the proposed descriptor unifies multiple characteristics of surface geometry in a high-
dimensional space (hundreds/thousands of dimensions). In this way, the proposed framework couples the
reliability of ROI-based analysis with the richness of the novel cortical folding pattern descriptor. This paper
presents new mathematical insights into the relationship of cortical complexity with intra-cranial volume
(ICV). It shows that conventional complexity descriptors implicitly handle ICV differences in different ways,
thereby lending different meanings to “complexity”. The paper proposes a new application of a
nonparametric permutation-based approach for rigorous statistical hypothesis testing with multivariate
cortical descriptors. The paper presents two cross-sectional studies applying the proposed framework to
study folding differences between genders and in neonates with complex congenital heart disease. Both
studies lead to novel interesting results.
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Introduction

Cerebral cortical folding (Armstrong et al., 1995; Ono et al., 1990;
Van-Essen, 1997) forms an underpinning for the cognitive skills and
behavioral traits in humans. It is one of the major maturational
processes of the human brain that occurs rapidly throughout fetal
and early postnatal life and is a major factor contributing to human
intelligence. For the last few decades, magnetic resonance (MR)
imaging has enabled in vivo studies of human cortical folding
patterns.

One class of approaches to folding analysis relies on spatial
normalization (Nordahl et al., 2007; Yeo et al., 2008; Yu et al., 2007)
and subsequently performs statistical hypothesis testing at every
voxel or surface element in the normalized space. However, the
difficulty in finding a large number of homologous features (Lyttelton
et al., 2007; Mangin et al., 2004; Van-Essen and Dierker, 2007) may
directly affect the normalization and, thereby, the reliability of
findings in the clinical study. Furthermore, the phenomenon of
cortical folding has an inherent large-scale or non-local character that
may be difficult to capture with point-based descriptors.
A second class of approaches proposes region-based folding
descriptors (Batchelor et al., 2002; Pienaar et al., 2008; Rodriguez-
Carranza et al., 2008; Van-Essen and Drury, 1997), which avoid the
challenges associated with normalization by reducing spatial sensi-
tivity from a voxel to a region of interest (ROI) that can be reliably
defined in each individual based on observed homologous features.
Examples of such ROIs can be brain lobes, regions aroundmajor sulci/
gyri, etc. Some descriptors quantify surface complexity alone: fractal
dimension (FD) (Griffin, 1994; Majumdar and Prasad, 1988; Thomp-
son et al., 1996) captures the rate of increase in surface area over
multiscale representations of the surface; gyrification index (GI)
(Zilles et al., 1988) is the ratio of the length of a planar/2D curve to the
length of its convex hull/envelope; convexity ratio (CR) (Batchelor
et al., 2002) is the ratio of the area of the surface to the area of the
convex hull of the surface; isoperimetric ratio (IPR) (Batchelor et al.,
2002; Im et al., 2008; Toro et al., 2008) is the ratio of the surface area
to the two-third power of the volume enclosed by the surface; average
curvedness (AC) (Awate et al., 2008) measures the deviation of the
surface from a plane; another measure is the 2D centroid of the 1D
histogram of curvature (HC) (Pienaar et al., 2008). Some folding
descriptors capture partial folding characteristics by integrating
specific measures for all surface patches: intrinsic curvature index
(ICI) (Van-Essen and Drury, 1997) integrates degrees of hemispheri-
city; mean curvature norm (MCN) (Batchelor et al., 2002) integrates
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degrees of hemisphericity and cylindricity; Gaussian curvature norm
(GCN) (Batchelor et al., 2002) integrates degrees of hemisphericity
and saddle-likeness; average shape index (AS) (Awate et al., 2008)
integrates shape indices. Thus, typical ROI-based approaches produce
scalar or low-dimensional summary statistics for the entire ROI,
risking information loss.

This paper presents a new ROI-based statistical framework for
folding analysis relying on a rich multivariate non-local descriptor
that captures multiple aspects of surface geometry (Awate et al.,
2009a,b). The proposed descriptor is a joint probability density
function (PDF) of two complementary/independent variables, one
capturing surface curvedness and the other capturing surface shape
index. The resulting surface folding descriptor lies in a space having
hundreds or thousands of dimensions. The paper proposes a new
application of a nonparametric permutation-based approach for
statistical hypothesis testing with multivariate cortical descriptors.
In these ways, the proposed framework couples the reliability of ROI-
based analysis with the richness of the proposed descriptor. This
paper validates the proposed framework, on simulated as well as
clinical data, and presents applications on two neuroimaging studies,
in adults and neonates.

While several folding studies concern neurodevelopmental
disorders, studies on gender differences, in the normal population,
have received very little attention. Moreover, while one study
(Luders et al., 2004) using the FD measure reported higher
complexity in adult females, two recent studies (Im et al., 2008;
Toro et al., 2008) using the IPR measure report higher complexity in
larger adult brains (i.e. males). The study in this paper elucidates
these seemingly-conflicting findings. This paper provides new
theoretical insights into relationships between folding measures
with intra-cranial volume (ICV), pinning them down to the
fundamental issues of scale and replication. It shows that standard
folding measures in the literature imbibe different meanings of
“complexity”. This paper proposes two systematic methods for
handling ICV changes in folding studies using the proposed
descriptor and shows that while the findings using one method are
consistent with (Luders et al., 2004), those using the other method
are consistent with (Im et al., 2008; Toro et al., 2008).

The second study in this paper deals with cortical folding in the
operculum in neonates with complex congenital heart disease
(CHD). The operculum includes language areas and the sensory
motor cortex for the mouth, tongue, and throat. There is growing
evidence of immature features or delayedmaturation of the brains of
full-term infants with complex CHD (Licht et al., 2009; Miller et al.,
2007). This immaturity probably gives rise to unexpected vulnera-
bility to a white matter injury termed periventricular leukomalacia,
previously seen only in premature infants. Abnormally low fetal
blood oxygenation and bloodflow in the brain are likely causes of this
maturational delay. While direct evidence is lacking, there are
differences in the circulatory patterns in fetuses with different forms
of complex CHD. This paper quantitatively evaluates cortical folding
in the operculum in two key subtypes of CHD, namely hypoplastic left
heart syndrome (HLHS) and transposition of the great arteries (TGA).
This paper reports differences in not only the complexity of folding
patterns, but other geometrical aspects as well.

Methods and materials

A novel multivariate high-dimensional folding descriptor

This section describes a novel high-dimensional multivariate
surface descriptor that captures multiple aspects of surface geometry.

For surfaceM, at every pointm∈M, the principal curvatures κmin

(m) and κmax(m) describe the local geometry (DoCarmo, 1976) (up to
second order and up to a translation and rotation). The space
bκmin,κmaxN can be reparameterized, by a polar transformation, into
the orthogonal bases of curvedness C and shape index S that
meaningfully separate notions of bending and “shape” (Koenderink
and van Doorn, 1992; Koenderink, 1990).

Novel cortical folding descriptor
We propose the joint PDF PM(C,S) as the multivariate high-

dimensional descriptor of cerebral cortical folding patterns for surface
M. Fig. 1 provides a visual overview of these concepts.

In a way, PM(C,S) subsumes scalar descriptors such as ICI, MCN,
GCN, AC, AS, and HC, because these descriptors can be computed using
a subset of the values/information in the proposed descriptor PM(C,
S). The next paragraph provides a brief sketch of the underlying
theoretical modeling framework. The paragraphs following that
provide details on the practical aspects in estimating PM(C,S) from
data.

Modeling cortical surfaces
We employ the following generative model for the proposed

studies of human cerebral cortical surfaces. We assume cortical
surfaces, in ROIs, to be smooth 2-D Riemannianmanifolds (Davatzikos
and Prince, 1995; Joshi et al., 1995) that possesses a smooth 2-
parameter planar parameterization f :Ω∈ℜ2↦M. The smooth pa-
rameterization also implies a smooth spatial variation of curvedness
and shape index values on the surface.

Let us consider C̃ : Ω→½0;∞Þ and S̃ : Ω→½−1;1� as continuous
random fields describing the curvedness and shape index, respec-
tively, at each point on the surface. Let us also consider the joint PDF
that captures the dependencies between C̃ðωÞ and S̃ðωÞ, ∀ω∈Ω, for a
specific class of surfaces. Thus, human cortical surfaces, in a study
group, can be considered as independent instances of a single field of
random vectors ð C̃; S̃ Þ. Consider a finite collection of points
f ω1
� �

;…;f ωT
� �� �

= m1;…;mT
� �

uniformly distributed over the
surface M. Then, an MR image yields a discretization (in Ω)

C̃ ω1
� �

; S̃ ω1
� �� �

;…; C̃ ωT
� �

; S̃ ωT
� �� �n o

of an instantiation of the field

of random vectors ðC̃; S̃ Þ. For making analysis tractable, we assume

that each observation C̃ðωÞ; S̃ðωÞ
� �

, ∀ω∈Ω, is randomly drawn from

a single PDF PMðC̃; S̃ Þ, i.e. the random field is stationary (Papoulis and
Pillai, 2001). The complexity and variability in cortical folding in the
human population suggest that dependencies between random
vectors C̃ðω1Þ; S̃ðω1Þ

� �
and ðC̃ðω2Þ; S̃ðω2ÞÞ decrease at a fast rate

with increasing geodesic distance between surface locations f(ω1) and
f(ω2) or, equivalently, ω1 and ω2, i.e. the random field is mixing
(Papoulis and Pillai, 2001).

Estimating the proposed cortical descriptor
For a given surface M, we propose to estimate the folding

pattern descriptor PM C̃f−1; S̃f−1
� �

= PMðC;SÞ from the sample

ðCðmtÞ;f SðmtÞÞ:t = 1;…;Tg. A consistent nonparametric estimate
for the folding descriptor is the Parzen-window kernel density
estimate (Parzen, 1962; Lu and Chen, 2004): PMðC; SÞ≈1

T
∑T

t = 1

GtððCðmtÞ; SðmtÞÞ;∑tÞ; where G((μ1,μ2),∑) is a 2D Gaussian kernel with

mean (μ1,μ2) and covariance ∑t, dependent on T, and we employ a
penalized maximum-likelihood scheme (Chow et al., 1983) to estimate
∑t; the literature provides many schemes (Wand and Jones, 1995).

The aforementioned estimation scheme for PM(C,S) relies on the
sample {m1,…,mT} being uniformly distributed over the surfaceM. We
obtain a reasonably uniform distribution of points by obtaining an
implicit surface parameterization as a level set of a distance transform
on a Cartesian grid (Osher and Paragios, 2003; Sethian, 1999); more
sophisticated approaches exist in the literature e.g. (Peyre and Cohen,
2006). We employ the time-efficient sparse-field formulation (Whi-
hitaker, 1998) for the level set fitting procedure. This paper represents
the level set in a grid of isotropic voxels of size υ3mm3with υ=0.4 mm.



Fig. 1. (a) A sagittal slice of a head MR image overlapped with the cortical surface M. (b) Curvedness values C(m) painted on M (red→blue≡zero→high). In this figure, red areas
are almost flat and blue areas are highly curved. (c) Shape index values S(m)∈ [−1,1] painted on M (red→blue ≡−1→1). In this figure, red/yellow areas are concave, blue/cyan
areas are convex, and green areas are saddles. (d) Proposed descriptor PM(C,S) (blue→ red≡0→1 probability; colormap shown on right). For all plots of PM(C,S) in this paper:
horizontal axis≡S, vertical axis≡C. The illustrations of local surface patches, at the top and bottom of this figure, depict patches for the entire range of possible S values;
corresponding patches at the top and bottom have the same S value; all patches at the top have the same C value that is higher than the C value for all the patches at the bottom; the
left half of the domain comprises concave patches, while the right half comprises convex patches.

452 S.P. Awate et al. / NeuroImage 53 (2010) 450–459
To reduce effects of noise, level set fitting incorporates smoothing. The
level set fitting, performed at sub-pixel accuracy, is driven by two forces
resulting from: (i) the data-consistency term that enforces the level
set to align with the (discrete) boundary between white matter (WM)
and gray matter (GM) given by the tissue probabilities, at voxels,
after segmentation (Awate et al., 2006) and (ii) the mean curvature
term that enforces smoothness of the level set and counteracts some of
the “noise”/errors in the segmentation as well as the limited resolution
(discrete nature) of MRI data. Figs. 1(b) and (c) show the fitted level
set surface where every point is colored by the values of C and S,
respectively.

Empirically, we find that values of C virtually never exceed cmax=
(15v)−1 mm−1 equivalent to a minimum radius of curvature of
15υ=6 mm. Figs. 1(b) and (c) indicate that this degree of smoothing
continues to capture essential folding pattern information in typical
cortical surfaces. The lower limit of 6 mm is more conservative than
the limit of 3 mm in (Pienaar et al., 2008). Imaging limitations, on
voxel sizes and signal-to-noise ratios, risk fidelity in capturing
sharper surface features.

Discretizing PM(C,S) on an I× J grid leads to an IJ-dimensional
descriptor. In this paper, we choose I= J=64, which yields a 4096-
dimensional folding descriptor for each cortical surface. The trade-
offs involved in choosing the grid size, i.e. I and J, are very similar to
those involved in standard voxel-based morphometry in the
neuroimaging literature regarding smoothing of the data and the
scale(s) at which statistically-significant effects are searched for in
the data (Jones et al., 2005; Worsley et al., 1996); this analysis relies
on the matched-filter theorem in linear filtering in signal processing.
For instance, coarser grids result in a higher degree of smoothing. In
addition to such trade-offs, the trade-offs in our case are also related
to the amount of available data, i.e. the sample size T underlying the
density estimation. For example, a larger sample size (resulting from
a larger anatomical region of interest in the study) can allow a higher-
resolution probing of the data to reliably search for subtle effects in
PM(C,S). On the other hand, larger IJ increases the computation time.
Lastly, the choice of the grid size is also determined by the
relationship between the clinical hypotheses of interest and the
associated size of the region(s) in the bC,SN domain.

Fig. 1(d) shows a typical PM(C,S), which is multimodal and far
from standard parametric PDFs, thus justifying nonparametric PDF
estimation for reliability of the clinical study. In practice, typical ROIs
yield sample sizes T in the range of thousands or tens of thousands,



Fig. 2. What does “complexity” mean when volumes differ: issues of scale and
replication. S1 and S2 occupy the same volume (i.e. volume of their convex hulls); S2 is
more complex than S1. S3 and S4 occupy larger volumes than S2. S3 enlarges/scales the
folds in S2. S4 replicates the folds in S2. How do we compare the complexities of (i) S3
and S2 and (ii) S4 and S2?
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producing (i) very narrow kernel bandwidth estimates (∑t has small
Eigen values) such that PM cb0;s∉½−1;1�ð Þ is desirably close to zero
and (ii) robust estimations. Moreover, the PDF mass very close to
the c=0 axis (shape index is undefined for a plane) is also negligible:
PM cbcmin;s∈½−1;1�ð Þbδ for sufficiently small cmin and δ. This paper
sets cmin=0.001.

A novel testing scheme for multivariate density analysis

This section proposes a new application of a known nonparametric
permutation-based approach, i.e. the statistical nonparametric map-
ping (SnPM) algorithm (Nichols and Holmes, 2002), for statistical
hypothesis testing with Nmultivariate cortical descriptors in a clinical
study, i.e. PM n ðC;SÞ:n = 1;…;Nf g:

Typical hypothesis tests, e.g. cross-sectional, longitudinal, re-
gression, etc., are subsumed in the framework of general linear
models (GLM). The GLM framework has been applied extensively
for voxel-based neuroimaging studies of brain function and
structure, via the statistical parametric mapping algorithm (SPM)
(Ashburner and Friston, 2000; Friston et al., 1995). SPM entails
running parametric GLM tests at each voxel in the image followed
by corrections for multiple comparisons via, for instance, Gaussian
field theory. However, such parametric approaches make strong
assumptions on the data concerning the parametric distributions of
the values at each point in the domain and the dependencies within
neighborhoods (Nichols and Holmes, 2002). Such strategies can be
prone to spurious results when the underlying assumptions become
invalid.

Permutation tests (Fisher, 1935), on the other hand, are
nonparametric and rely on the less inclusive assumption of
exchangeability: under the permutation-test null hypothesis, i.e.
both groups of surfaces being generated by one distribution, the
independent and identically-distributed observations are exchange-
able. Compared to parametric tests, permutation tests are more
stringent (stronger control over Type-1 error) and more robust to
random noise in the imaging measurements and random inaccuracies
in the post-processing of image data. In this way, permutation tests
can lead to more reliable inferences from clinical studies. A rigorous
hypothesis testing scheme based on nonparametric permutation
testing for voxel-based studies is the SnPM algorithm (Nichols and
Holmes, 2002).

The proposed strategy for testing differs from conventional
strategies in twoways: (i) unlike typical usage of the SnPM algorithm
involving functions on the image domain (Nichols andHolmes, 2002)
or surface domain (Styner and Gerig, 2003), both of which
necessitate spatial normalization, we propose to apply the SnPM
algorithm to discretized cortical descriptors PMn(C,S); and (ii) unlike
conventional multivariate hypothesis testing (e.g. using Hotelling T2

statistic), the SnPM algorithm provides the locations (pixels and
clusters), in the domain bC,SN, for significant differences/effects.

The proposed multivariate hypothesis testing algorithm is as
follows:

1. Empirically select thresholds cminN0 and cmaxNcmin for curvedness
values and a very small � such that, ∀n = 1;:::;N:PMn c∉ cmin;½ð
cmax�;s∉ −1;1½ �Þb�.

2. For the domain [cmin,cmax]×[−1,1], construct a regular rectangu-
lar tessellation of the desired resolution. Denote the resulting I× J
rectangular bins by {bij:i=1,…,I; j=1,…, J}.

3. For all surfaces n=1,…,N and all bins {bij}, compute the
probabilities PMn((c,s)∈bij)∈ [0,1].

4. Use the N 2D images of probability values, P1,…,PN, as input for
permutation testing via the SnPM algorithm (Nichols and Holmes,
2002). The SnPM algorithm indicates (i) a set of locations {(i, j)}
and (ii) a set of clusters exhibiting statistical significance for the
underlying GLM experiment. Fig. 3 shows a validation study that is
explained in detail later in Validation using simulated MRI (brain
web) of healthy adults section.

Complexity and volume relationships: new insights

This section presents new theoretical insights into (i) relationships
between folding and ICV and (ii) different meanings of “complexity”
underlying descriptors.

In Fig. 2, S1 and S2 occupy equal volumes (i.e. the volume of their
convex hulls) but S2 has a larger number of finer-scale features than
S1. Desirably so, typical complexity measures, e.g. aforementioned
measures in Introduction section, inform that S2 is more complex
than S1.

Now consider surfaces occupying different volumes. ICV increase
can be associated with two kinds of effects on cortical surfaces:
(i) folds are scaled up/enlarged, e.g. comparing S2 and S3, or (ii)
folds are replicated, e.g. comparing S2 and S4. This section shows that
the meaning of “complexity” imbibed in folding descriptors reflects
how the descriptors handle scaling and replication.

One class of measures is invariant to the aforementioned processes
of scaling and replication; this includes GI and CR, which are both
normalized by the convex hull surface area. Thus, GI and CR inform
that S2, S3, and S4 have equal complexity.

A second class of measures is designed to be invariant to scale,
but not replication; this includes IPR, ICI, MCN, GCN, and AC (Awate
et al., 2008; Batchelor et al., 2002; Im et al., 2008; Toro et al., 2008),
which are normalized by surface-patch area or ICV2/3. Thus, these
measures inform that S3 and S2 have equal complexity, but S4 is
more complex than S2.

A third class of measures is invariant to replication, but not
scale; this includes FD (Luders et al., 2004), HC (Pienaar et al.,
2008), and the proposed PM(C,S) in A novel multivariate high-
dimensional folding descriptor section. Unlike the first two classes,
these measures are not normalized via area or ICV2/3. Thus, they
inform that S4 and S2 are equally complex, but S3 is less complex
than S2.

We now propose a new scale-invariant descriptor. Isotropically
enlarging or rescaling a volume by a factor β3, where βN1, reduces
curvedness values of every point on the surface, lying within that
volume, by a factor of β. Indeed, unit-area patches in enlarged
surfaces appear more planar, as dictated by Taylor's theorem. Thus,
a scale-invariant version of PM(C,S) is PM(CβM,S), where β3

M is the
ratio of the mean group ICV to the ICV for cortical surface M.
Similar to the second class of measures described in this section,
PM(CβM,S) informs that S3 and S2 have equal complexity, but S4 is
more complex than S2.

Subsequent sections denote Preplication=PM(C,S) and Pscale=PM
(CβM,S).

image of Fig.�2
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Clinical cohorts and imaging

This paper applies the proposed framework for two clinical studies
using the following cohorts:

1. Healthy adults: the clinical cohort comprised T1-weighted MR
images (1 mm3 isotropic voxels) of 30 females (mean age
34.8 years, standard deviation 9.6 years) and 27 males (mean
age 36 years, standard deviation 11 years), obtained after enfor-
cing quality-assurance checks on every image in the designed
brain database described in (Mortamet et al., 2005).

2. Neonates with complex congenital heart disease: the clinical
cohort (Licht et al., 2009) comprised 42 neonates with complex
CHD (29 with HLHS, 13 with TGA) between 1 and 2 weeks of age,
before undergoing corrective heart surgery. Neonates with
independent risk factors (e.g. shock, end-organ injury, and intra-
uterine growth retardation) for abnormal brain development were
excluded. MR images were acquired on a 3T scanner with voxel
sizes around 0.88×0.88×1.5 mm3 using T1-weighted, T2-weight-
ed, and FLAIR schemes. The HLHS and TGA groups were well
matched by age and brain volume. The left and right operculums in
every image were parcellated semi-automatically with expert
supervision.

Validation of the proposed framework

Cortical folding analysis pipeline

The studies in this paper employed the following processing
sequence: (i) brain extraction (Smith, 2002; Yushkevich et al., 2006),
ROI parcellation (atlas registration (Avants and Gee, 2004) on
healthy adults), denoising, inhomogeneity correction (Vovk et al.,
2006), and (for neonatal images only) contrast enhancement via
adaptive histogram equalization; (ii) automatic intensity-based
probabilistic tissue segmentation (Awate and Gee, 2007; Awate
et al., 2006; Song et al., 2007); (iii) resample the segmentation to an
isotropic voxel size of 0.4×0.4×0.4 mm3; (iv) define M to be the
cortical GM–WM interface corresponding to a cortical-WM mem-
bership of 0.5; the GM–WM interface is estimated much more
reliably than interface between GM and cerebrospinal fluid,
especially in neonatal/pediatric populations; (v) represent cortical
surfaceM in the ROI, to subvoxel accuracy, as a level set of a distance
transform (Osher and Paragios, 2003); (vi) compute curvedness C
(m) and shape index S(m) values at every voxel m on the zero
crossing of the level set M, (vii) estimate the proposed multivariate
folding pattern descriptor PM(C,S) in the ROI as described in A novel
multivariate high-dimensional folding descriptor section and dis-
Fig. 3. Validation: a simulated cross-sectional study between the group of cortical surfaces
and a second group created by moderately smoothing the 20 BrainWeb surfaces. For all plots
(C,S)=(cmin,−1); bottom right corner: (C,S)=(cmin,1); top left corner: (C,S)=(cmax,−
original and smoothed surfaces, respectively, as proposed in A novel multivariate high-dimen
for the original and smoothed surfaces; tN0⇒PoriginalNPsmoothed. Expectedly, the map indica
as compared to the smoothed surfaces. (d) The significant locations (pb0.05) produced via p
p values (corrected; permutation testing) for significant locations/clusters are visualized b
=1.65, z(p=0.005)=2.58.
cretize it on an I× J=64×64 Cartesian grid, and (viii) perform
multivariate statistical hypothesis testing as described in A novel
testing scheme for multivariate density analysis section using the
SnPM algorithm. The implementation and visualization in this
paper relied on the Insight Toolkit (ITK, 2010), Matlab, ITK-SNAP
(Yushkevich et al., 2006), and the Visualization Toolkit (VTK, 2010).

Validation using simulated MRI (BrainWeb) of healthy adults

Wevalidated the proposed framework for folding pattern analysis
using 20 simulated images from the BrainWeb (Aubert-Broche et al.,
2006) repository having ground-truth segmentations. We simulated
a cross-sectional study between (i) the group of GM–WM surfaces in
the BrainWeb images and (ii) another group of surfaces obtained
after slightly smoothing the surfaces in the first group (mean
curvature flow, time step 0.24, iterations 4). Figs. 3(a) and (b)
show the means of the surface descriptors PMn(C,S) in the two
groups. As expected, the smoothed surfaces have the mean PDF,
shown in Fig. 3(b), shifted slightly downwards, i.e. towards regions of
low curvature, relative to Fig. 3(a).

The t statistic map (Fig. 3(c)) clearly reveals the difference
between the two groups. The blue (or red) significant locations
(Fig. 3(d)), at level of significance α=0.05, correspond to those
locations whose t statistics were less than (or greater than) the
lowest (or greatest) 100α-th percentile of the permutation distri-
bution of the smallest (or largest) t statistic over the bC,SN domain.
Similarly, significant clusters (in all figures in this paper) are shown
in blue (or red) when the sizes of the clusters formed by thresholding
the negative (or positive) t statistics are larger than the 100α-th
percentile of the permutation distribution of the maximum cluster
size obtained after thresholding the negative (or positive) t statistics.

Figs. 3(c) and (d) indicate that (i) the first (BrainWeb) group has a
larger mass in the top of the plot, while the second (smoothed
surfaces) group has moremass on the bottom part of the plot; and (ii)
there is a high degree of (left–right) symmetry in the plots with
respect to the vertical centerline. Indeed, the low degree of smoothing
of the cortical surfaces is expected to have a greater effect in reducing
the complexity/curvedness of the surfaces by eliminating fine-scale
variations as compared to causing significant changes in the
distribution of concave/convex patches. In this way, the proposed
framework indicates that the differences between the groups are
mainly in cortical complexity.

Validation using clinical MRI of healthy adults

This validation experiment used 50 MR images of healthy adults
and measured the average fraction of cortical surface area
(interface between GM and WM) of 20 BrainWeb (Aubert-Broche et al., 2006) images
in this paper, horizontal axis≡S, vertical axis≡C, coordinates for the bottom left corner:
1). (a)–(b) Mean of the multivariate surface descriptors PMn (C,S) for the n=1,…, 20
sional folding descriptor section; red≡high and blue≡ low values. (c) The t statistic map
tes that the original surfaces have larger mass (red/yellow) in high-curvedness regions
ermutation testing (Fisher, 1935; Nichols and Holmes, 2002). For all plots in this paper,
y coloring them by the associated z score (Papoulis and Pillai, 2001), e.g. z(p=0.05)

image of Fig.�3
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comprising concave surface patches that belong predominantly to
sulci. The left halves, i.e. Sb0, of the plots concern concave patches
(mainly associated with sulci), while the right halves, i.e. SN0,
concerns convex patches (mainly associated with gyri). The mass in
the left half (c≥0, sb0) of the average PDF descriptor is a robust
estimate of the fraction of the surface area of the cortical surface
buried in sulci. We estimated this fraction to be 0.58 for the frontal,
parietal, and temporal lobes in adults, which comes very close to the
published value of 0.61 for GM–WM interfaces of entire brains (Van-
Essen and Drury, 1997; Zilles et al., 1988). For the occipital lobes,
however, our estimate of this fraction was lower, i.e. 0.54. Fig. 4
shows this phenomenon clearly, i.e. the PDF in Fig. 4(d) has more
mass (red) on the right (convex gyral regions) relative to the PDFs in
Figs. 4(a)–(c). These experiments demonstrate that the proposed
descriptor is sensitive to changes in cortical shape and can provide
clinically-relevant estimates consistent with the literature on
cortical anatomy.
Results and discussion

Gender differences in cortical complexity and shape in adults

This section describes the results of applying the proposed
framework to study gender differences in adults. A discussion on
these results is continued in Conclusion section.

The proposed replication-invariant folding descriptor Preplication,
described in A novel multivariate high-dimensional folding descriptor
section, produces t maps (Figs. 5(a)–(d)) indicating larger mass (red)
for males in low-curvedness regions (bottom half) and larger mass
(red) for males in convex regions (right half). The SnPM algorithm
indicates significant clusters for the occipital lobes (Fig. 5(e)), but not
for other lobes. Nevertheless, when the ROI size is increased to a
hemisphere, these effects get significantly strengthened; evident in t
maps (Figs. 5(f) and (h)) and significant clusters (Figs. 5(g) and (i)).
These results show that female cortical surfaces are more “complex”
based on the meaning of “complexity” ingrained in Preplication

(consistent with Luders et al., 2004) and significantly less convex
than those of males. Figs. 5(j)–(k) visualize the (accentuated)
complexity differences by displaying colored cortical surfaces on a
chosen larger-than-average male brain and a chosen smaller-than-
average female brain in the cohort. Referring back to Fig. 2, these
results rule out analogizing female andmale cortical surfaces using S2
and S4, respectively, because that wouldmake female cortical surfaces
less “complex” than what the results indicate.

The proposed scale-invariant folding descriptor Pscale, described in
Complexity and volume relationships: new insights section, produces
t maps (Fig. 6(c)) indicating larger mass (red) for males in high-
Fig. 4. Validation: measuring the fraction of surface area of the cortical GM–WM surface co
Proposed surface descriptors for the frontal, parietal, temporal, and occipital lobes, respective
consistent with published clinical studies (Van-Essen and Drury, 1997; Zilles et al., 1988). N
curvedness regions (top half) for all lobes. Complexity differences are
very strong, producing significant locations (Fig. 6(d)) and clusters for
all lobes, and overwhelm shape index differences. These results show
that, when ICV differences have been accounted for via rescaling, male
cortical surfaces are more “complex” than those of females based on
the meaning of “complexity” ingrained in Pscale. This interpretation is
consistent with (Im et al., 2008; Toro et al., 2008) that analyzed brains,
in the same way as the scale-invariant IPR measure, via the ratios of
their surface areas to the two-thirds power of their volumes. Figs. 6
(e)–(f) help visualize the (accentuated) complexity differences by
displaying colored cortical surfaces on a large male brain and a small
female brain that is rescaled so that these two brains have equal
volume. Referring back to Fig. 2, these results rule out analogizing
female and male cortical surfaces using S2 and S3, respectively,
because that would make male cortical surfaces less “complex” than
what the results indicate.

The two aforementioned cross-sectional clinical studies demon-
strate that while the female cortex has a larger number of finer-scale
features (which is themeaning of “complexity” in Luders et al., 2004),
the male cortex has a disproportionately greater bending in
proportion to its larger volume (which is the meaning of “complex-
ity” in Im et al., 2008; Toro et al., 2008). Thus, the results show that
folding patterns in males differ from those in females in two
fundamental ways: (i) enlargement/scaling of folds and (ii)
additional folds or bending. Amazingly, the magnitude of the latter
effect is (i) weak enough to keep the bending in female folds, without
any adjustment for ICV, more than the bending in males, but (ii)
strong enough to reject the hypothesis that folding patterns in the
two genders are simply scaled versions of each other. In the context
of Fig. 1, if we consider the typical cortical surface in females to be S2,
then the typical cortical surface inmalesmay be amodified version of
S3, say S3*, that is modified with the addition of some finer-scale
features. However, the features should be added in such a way that
the fraction of the resulting high-curvature features in S3* continues
to be less than S2. Furthermore, this paper is perhaps the first to show
significant gender differences in gyral/sulcal shape (as indicated by
the shape index variable).
Folding differences between normal and abnormal operculums
in neonates

Before studying opercular differences in HLHS and TGA, we first
study the differences between normal and abnormal (in CHD)
opercular folding. Fig. 7 shows the differences in the surface
descriptors of two sub-groups of neonates selected by a pediatric
neurologist, via visual examination of MR images from the clinical
cohort: one sub-group comprises the 2 closest-to-normal operculums
mprising concave surface patches (predominantly sulci) in 50 healthy adults. (a)–(d)
ly. The asymmetry between the left and right halves, i.e. concave and convex patches, is
ote the reduced left–right asymmetry in (d) relative to (a)–(c).
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Fig. 5. (a)–(d) Student's t statistics for a cross-sectional study with Preplication (positive t≡ larger value in males) for frontal, parietal, temporal, and occipital lobes, respectively, in the
left hemisphere. Similar patterns exist for lobes in right hemisphere. (e) Significant clusters (via permutation testing) for left occipital lobe. (f),(h) t statistics and (g),(i) significant
clusters (via permutation testing) for Preplication for left hemisphere (4 lobes) and whole brain (8 lobes), respectively. A similar pattern exists for the right hemisphere. Note the larger
mass (red) for males in the low-curvedness regions (bottom half) and larger mass (red) for males in the convex regions (right half). (j)–(k) Selected smaller-than-average female
and larger-than-average male brains, respectively, painted by C values (red→blue≡zero→high) to enable/accentuate visualization of the differences. Thus, based on the meaning
of complexity ingrained in Preplication, the female cortex appears more “complex”, i.e. more blue/cyan. Compare this with Fig. 6(e–f).
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(mature, “closed”, folded) and another sub-group comprises the 4
farthest-from-normal operculums (immature, “open”, less folded).
Fig. 7(e) indicates that opercular maturity leads to (i) a larger fraction
of surface patches that have higher curvedness (top half of the plot is
red; relating to more complex folding) and (ii) a larger fraction of
surface patches that are concave (left half of the plot is red; relating to
deeper or more number of sulci and a more “closed” shape). Thus,
Fig. 7(e) associates meanings/interpretations, in terms of the
proposed folding descriptor, to the radiologists' qualitative interpre-
tation of opercular folding maturity.

The findings from this quantitative study between normal and
abnormal operculums are consistent with those from qualitative
studies, of immature operculums in neonates (Chen et al., 1996;
Childs et al., 2001), which provide drawings of immature opercular
cortical surfaces. These findings are consistent with a subjective
clinical study indicating delayed maturation in the operculum in
both HLHS and TGA variants of complex CHD (Licht et al., 2009).
These findings indicate that normal maturational processes in the
neonatal human brain affect both cortical complexity (as indicated
by the distribution of the curvedness of surfaces patches) as well as
cortical shape (as indicated by the distribution of shape indices of
surface patches).

Folding differences in opercular regions between neonates with HLHS
and TGA

Fig. 8 shows the differences in folding complexity and shape index
between HLHS and TGA. The group differences in Figs. 8(e–f) seem to
be dissimilar, and much more subtle, as compared to those between
normal and abnormal operculums detected in Fig. 7(e). Figs. 8(e) and
(f) indicate that TGA neonates seem to have a larger fraction of high-
curvature patches,whileHLHS neonates tend to have a larger fraction
of concave low curvature surface patches. Relating Figs. 8(e) and (f)
to Fig. 7(e) suggests that HLHS and TGA may affect opercular
development in different ways, i.e. while HLHS might cause a greater
reduction in opercular folding complexity (lower curvedness of
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Fig. 6. (a)–(b) Average of Pscale for males and females, respectively, for the left frontal lobe. (c)–(d) t statistics (positive t≡ larger value in males) and significant locations (via
permutation testing), respectively, for the left frontal lobe. Similar patterns exist for all other lobes. Note the larger mass (red) for males in the high-curvedness (top half) regions.
(e)–(f) Selected smaller-than-average female and larger-than-average male brains, respectively, adjusted for ICV and painted by C values (red→blue≡zero→high) to enable/
accentuate visualization of the differences. Thus, based on the meaning of complexity ingrained in Pscale, the female brain appears less “complex”, i.e. more red/yellow. Compare this
with Figs. 5(j–k).
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patches) as compared to TGA, TGA might cause more “open”
operculums via shallower or fewer sulci (smaller fraction of concave
patches) as compared to HLHS.

This study between HLHS and TGA reports differences in multiple
aspects (complexity and shape index) of folding patterns. Neverthe-
less, the differences between HLHS and TGA are subtle and the study
can be made more informative via larger sample sizes.
Fig. 7. (a)–(b) Example MR images of the normal (mature, “closed”, more folded) and farth
with the extracted cortical surfaces. (c)–(d) Average cortical folding descriptors Paveragenor
operculums, respectively, chosen by a medical expert based on a subjective clinical scoring p
and red≡positive values.
Conclusion

This paper presents a novelmultivariate high-dimensional (4096-
dimensional) folding descriptor that captures multiple aspects of
surface geometry. The paper provides new mathematical insights
into the different meanings of complexity in the context of ICV
differences. The paper exploits these insights to resolve two
est-from-normal (immature, “open”, less folded) operculums, respectively, overlapped
mal(C,S) and Paverageabnormal(C,S) for 2 closest-to-normal and 4 significantly-abnormal
rotocol (Licht et al., 2009). (e) Paveragenormal(C,S)−Paverageabnormal(C,S); blue≡negative
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Fig. 8. (a)–(b) Average of cortical folding descriptors P(C,S) in right and left operculums, respectively, for 29 neonates with HLHS. (c)–(d) Average of the descriptors in right and left
operculums, respectively, for 13 neonates with TGA. (e)–(f) t statistic maps; tN0⇒PHLHSNPTGA. For right and left operculums, respectively. (g)–(h) Significant clusters (via
permutation testing) for right and left operculums, respectively.
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seemingly-contradictory findings in the state of the art on gender-
based cortical folding, i.e. (Luders et al., 2004) and (Im et al., 2008;
Toro et al., 2008) differ in which gender has higher “complexity”.
Recent studies (Sowell et al., 2007) have found that the female cortex
is thicker in some regions even without compensating for lower ICV.
After accounting for ICV differences, the entire cortex is significantly
thicker in females. The complementary findings concerning cortical
complexity, shape, and thickness might help explain the similarities
and differences in cognitive skills possessed by both genders.

The results in this paper are perhaps the first to quantitatively
demonstrate (i) opercular folding differences between closed and
open operculums and (ii) differences between neonates with HLHS
and TGA.

A cross-sectional folding study between CHD neonates and normal
neonates with large sample sizes would be very interesting and
probably yieldmuchmore significant differences; indeed, this is a part
of future work. This paper also demonstrates the potential for
proposed cortical folding pattern descriptor to help quantify the
extent of neurodevelopmental delay or abnormality.

The proposed descriptor measures the discrepancy between two
surfaces by the differences in the corresponding PM(C,S). However,
equivalence of PDFs doesn't necessarily imply equivalence of the
surfaces M and this is a limitation of the proposed descriptor.
Nevertheless, the proposed descriptor (a PDF characterized by
thousands of numbers) is significantly more descriptive than typical
folding descriptors in the literature that characterize folding by a
single number.

The proposed permutation testing approach for multivariate
random variables is general and can be applied in a straightforward
manner to any clinical study dealing with multivariate data. For
instance, the technique has been recently applied in a study of WM
tracts incorporating multivariate data in the form of fractional
anisotropy and thickness for every point on the tract (Zhang et al.,
2009, 2010). The proposed cortical surface model can be easily
extended to include cortical thickness resulting in a model for the
cerebral cortex (cortical sheet) that captures its folding as well as
thickness characteristics. The resulting nonparametric cortical sheet
model, together with the proposed multivariate permutation testing
approach that continues to be applicable for hypothesis testing with
the cortical sheet model, can lead to more probing cortical clinical
studies. The proposed surface descriptor can be extended for multi-
scale analysis by establishing a scale space for the surface geometry.
The proposed framework also lends itself to longitudinal studies and
correlation studies via modifications of the statistical test at every grid
point in the domain of the descriptor; e.g. t test for cross-sectional
studies can be replaced by regression tests for correlation or
longitudinal studies. The proposed random field statistical model for
cortical surfaces can be extended to be able to incorporate local
interactions between surface patches, enabling the modeling and
analysis of cortical surfaces as geometric textures.
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