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Abstract
Tensor based morphometry (TBM) is a powerful approach to analyze local structural changes in
brain anatomy. However, conventional scalar TBM methods do not completely capture all
direction specific volume changes required to model complex changes such as those during brain
growth. In this paper, we describe novel TBM descriptors for studying direction-specific changes
in a subject population which can be used in conjunction with scalar TBM to analyze local
patterns in directionality of volume change during brain development. We also extend the
methodology to provide a new approach to mapping directional asymmetry in deformation tensors
associated with the emergence of structural asymmetry in the developing brain. We illustrate the
use of these methods by studying developmental patterns in the human fetal brain, in vivo. Results
show that fetal brain development exhibits a distinct spatial pattern of anisotropic growth. The
most significant changes in the directionality of growth occurs in the cortical plate at major sulci.
Our analysis also detected directional growth asymmetry in the peri-sylvian region and the medial
frontal lobe of the fetal brain.
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1. Introduction
Tensor based morphometry (TBM) is now widely used as a method to detect structural brain
differences across a population or across time. TBM studies involve statistical analysis of
deformation fields computed from non-rigid registration of different anatomies. Scalar
TBM, in its original form [7], continues to be used to analyze structural changes caused by
neurodegenerative conditions in adult brains [44] [40].

More recently, TBM is also being used for modeling of growth in developing brains [26]
[24] [11] [2] [43] [38]. Formation of a sulcated adult brain from a smooth fetal brain is
characterized by simultaneous increases in tissue volume and complexity of cortical shape.
This suggests that the brain maturation manifests as an age-related series of directionally
specific volume expansions with locally varying growth rates. In order to fully understand
the development of brain morphology, we need to study both the magnitude and direction of
local tissue volume increase.

However, a key limitation of scalar TBM is that it explicitly ignores directionality of volume
changes. The multivariate, strain tensor metric proposed by Lepore et al. [27], analyzes the
entire deformation gradient tensor. This metric ignores volume independent, local
orientation changes within the brain, and is unable to specify the directionality of shape
change for intuitive anatomical understanding [48]. Studying the complex shape changes
during brain development is a key motivation for the extension of TBM to look at patterns
of direction specific volume change. For example, the Sylvian fissure in the fetal brain is
related to superior-inferior expansions in the frontal and temporal lobes along with left-right
contractions in the inferior aspect of the frontal cortex and superior aspect of the temporal
cortex, which has been described as a sharpening angle between the insula and the adjacent
gyrus [32].

Directional growth information is particularly helpful in modeling fetal, human brain
development. During gestation, the smooth fetal brain undergoes a series of interconnected
increases in regional tissue volume in tissue volume and shape to form a complex, sulcated
adult brain [36] [17] [35] [16]. Historically, fetal brain growth studies have been based on
global tissue volume or gyrification indices [5] [3]. More recently, fetal brain growth is
modeled using scalar morphometric models that characterize primary gyro-genesis as a
deepening of the sulcus through curvature [9, 16] or depth [18] measurements on a surface
representation. These models do not describe the full spatial pattern of cortical folding
because they do not assess cortex and underlying tissue simultaneously and in that way are
limited in how they model the folding process. However, global analysis of volume and
gyrification show that cortical gyrification occurs in conjunction with tissue volume increase
in the fetal brain[22].

In this paper, we build on our previous work [33] on studying direction specific volume
changes associated with brain deformation. We use the mathematical foundations of the
metrics presented in [33] and extend it to quantify directional patterns of volume change
across a population. We present a test to detect principal growth directions at a particular
tissue location. Using the principal growth direction as a baseline, we propose statistical
metrics to localize regions showing significant changes in directionally specific growth. In
the current paper, we have also enhanced the proposed metrics to be able to detect
asymmetric deformation corresponding to the emergence of structural asymmetry in the
developing brain.

We use the proposed metrics to model the primary patterns of directionally specific growth
associated with fetal brain development. We also characterize significant increase/decrease
in growth rate along these directions. By studying brain development as a combination of
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volume and direction change patterns, we are able to better characterize the mechanism of
brain growth than the study of scalar volumes changes alone. By including directional
information in the study of tissue volume change, we have for the first time identified
specific directional changes in local brain size that result in local volume changes. We then
demonstrate the correlation between local volume change and gyrification by modeling
brain growth as a series of directionally specific local changes in brain size. By using the
proposed metrics in a group comparison framework, we detect directional asymmetry in
growth patterns underlying the emergence of interhemispheric asymmetries in early fetal
development. While hemispheric asymmetry has been detected in other scalar TBM models
[4, 23], we uniquely showed interhemispheric differences in local brain size along specific
directions by using a consistent co-ordinate system. The study extends the timeline of brain
developmental trajectories into the fetal period and enhances our understanding of the early
brain development.

2. Methods
A cross-sectional population of N subjects, are spatially normalized such that each subject
anatomy is aligned to common, anatomical coordinate system, also known as average space.
For each subject, we compute a transformation Ti, where i = 1, 2, …N, which maps the
anatomical changes required to spatially normalize that particular subject to the average
space. At each voxel p, the local change can be derived from the Jacobian matrix which is

defined as the spatial gradient of the transformation vector 

(1)

By computing J at each voxel, we form a map of local changes across the subject
population. In this paper, we use information from the tensor decomposition properties of
the Jacobian matrices to extract deformation direction.

2.1. Deformation Direction Vector (DDV)
The principal deformation direction can be obtained from the principal component of the
Jacobian matrix at each voxel. In order to avoid stability issues associated with eigen
analysis of any Jacobian matrix, we leverage the polar decomposition property of J [12] to
compute the primary deformation direction indirectly. At each voxel, the Jacobian matrix,
being a second order tensor, can be separated into a rotational and a strain component [31].

(2)

where R is the orthogonal, rotation tensor such that R−1 = RT and det(R) = + 1. S and S′ are
symmetric, positive definite tensors known as the right and left stretch tensors respectively.
S and S′ are related by S′ = RSRT. The stretch tensors can be computed from the following
relationship

C and C′ are known as the right and left Cauchy-Green tensors (CGT), respectively.
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As illustrated Figure 1, this decomposition is analogous to first stretching the voxel by S and
then rotating it by R to realize the deformation [8]. Therefore, the direction of deformation,
is computed by extracting the principal eigenvector of strain (e) from S, and rotating this by
R yields the DDV. Here, we would like to emphasize that e only specifies the principal
direction of strain and not the direction of the complete deformation. For each subject, we
compute a DDV map (DDV at each voxel), which is used to analyze local changes in
directionality.

Statistical Analysis DDV—The DDV map can then be used in the TBM framework to
detect population wide changes. In Equation 3, the basis vectors correspond to the three
primary, orthogonal directions in reference anatomy: inferior-superior, left-right and
anterior-posterior. The scalar multiplicative factors (x,y,z) from the DDV are separated to
form three directional component maps (DCM). The DCM can be considered statistically
independent within the single deformation tensor, as knowledge of the scalar component
along one direction gives no information about the other two values in the DDV.

(3)

In order to minimize local variations in direction arising as a result of residual mismatch
after registration, the DCMs are individually smoothed. Although conventional TBM studies
apply smoothing to the deformation maps directly, smoothing the DCMs in this application
has the following advantages: it avoids the artificial spatial uniformity that is introduced in
the maps and maximizes the sensitivity of our directional metric to small but relevant
anisotropic changes in the anatomy. In this work, the size of the Gaussian smoothing kernel
(σ= 2 mm) was chosen experimentally to maximize statistical power and minimize
registration mismatch. Kernel sizes larger than 2 mm diminished the power of the statistical
tests by averaging out meaningful local variations, while smaller kernel sizes did not
sufficiently diminish the effect of registration mismatch.

Regression—Using regression, we examine if there is a relationship between the basis
vectors and variables of interest related to each subject (such as age or clinical criteria) using
the multivariate general linear model at each voxel [39]. Growth models of DDV with
respect to age can be performed using multivariate, multiple regression as shown in
Equation 4. Here A corresponds to the vector of DCM values at each voxel, V1,…, Vm are
the independent variables (age, gender, clinical condition, etc.) and ε are the errors. (The
matrix dimensions of each of the variables are indicated below each variables in Equation
4). Linear least square methods are used to solve for β1,…, βm at each voxel.

(4)

Hypothesis Testing—Resulting regression coefficient (β1,…, βm) maps are tested for
significance using a standard t-test. Statistical significance was computed and these were
corrected for multiple comparisons using permutation tests [30]. The corrected p-value maps
of the three directional components can then be analyzed individually or can be combined

using Fisher’s meta-analysis method [10] for independent tests. Let  be the k
independent null hypotheses being tested. Fisher’s meta-analysis tests the null hypothesis
that all the individual null hypotheses are true. The alternate hypothesis of the meta-analysis
is that at least one of the individual null hypothesis is false. The p-values from the individual

tests are combined using the formula  loge(pi) where pi is the p-value of
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the ith individual hypothesis test. The meta-analysis statistic κ has a chi-squared distribution
under the null hypothesis with 2k degrees of freedom.

The β1,…, βmvalues are estimates of increase or decrease in volume along a particular
direction and the hypothesis tests estimate statistical significance of these changes.
Multivariate hypothesis tests are not well suited for this metric as a meaningful covariance
between directions cannot be established.

2.2. Principal Growth Direction (PGD)
In scalar TBM, the definition of volume change is well understood, i.e. undeformed voxels
have a Jacobian determinant of 1 and any deviation from this value is considered as change.
For directional properties, such a distinct baseline does not exist. To establish a baseline, we
make use of the DDV map for each subject which provides orientation information specific
to each subject at any given location. As described in Equation 5, PGD at a voxel is defined
as the DDV (of a single subject) which has the least circular distance [28] from DDVs of all
the other (N–1) subjects.

(5)

The PGD map gives us a baseline which can be used along with the results from the
directional TBM in Section 2.1 to interpret how the directionality of growth changes with
age and development. Therefore, we propose to first compute the most common growth
direction at each tissue location across the population being studied and then analyze how
directional growth is varying with respect to this direction at each location.

If a PGD cannot be clearly established, i.e. the eigenvalues are not well-separated at many
locations, the study can be done on each of the 3 directions separately. Three deformation
direction maps are formed and are studied individually. After being tested individually, the
three significance maps are combined using an OR method or the fisher test.

3. Experiment
To illustrate the properties of the proposed descriptors, we have used a set of simulated
image volumes. A reference image (RI) of size 256 × 256 × 128, with 0.5 mm isotropic
resolution was simulated. The foreground of the RI contained an ellipsoid with equatorial
radii of 30 mm and 60 mm and polar radius of 20 mm. We added the following deformation
and shape changes to the RI to form various test images (TI) (as shown in Figure 2):

TI1 Anisotropic volume increase: The equatorial radius along the y direction was
increased to 35 mm to simulate volume increase corresponding to directional
elongation of the Jacobian tensor.

TI2 Isotropic volume increase: The radii along all three directions were increased to
(45, 75, 35) mm.

TI3 Anisotropic volume and shape change: The RI was rotated by 45° along the z-
axis and the ellipsoidal radii were changed to (30, 35, 20) mm.

The test images include all the basic elements of deformation, including 3-D isotropic
expansion and contraction, and 1-D and 2-D elongations. Any local brain shape change can
be explained as a combination of these elements.
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In any TBM study, the suitability of a morphometric measure to capture local changes in the
dataset is dependent on the registration model used. In order to best understand the
properties of the proposed measures, we used it in combination with a suitable registration
method. Also, the absence of ground truth for all TBM applications makes validation of new
measures challenging. In the current experiments, the availability of the original
deformations facilitates a complete picture of mechanics of the proposed morpho-metric
measures. Each of the TIs was registered to the RI using a symmetric, pairwise registration
method. The registration method estimates a pair of unbiased, dense deformation fields that
align the two images to a common or average space. The average distance from each point
in the common space when mapped to each of the images is forced to be zero. The
deformation fields are calculated by iteratively minimizing the squared difference between
the intensity boundaries of the images and the common space using gradient descent
refinement. In order to enforce diffeomorphic transformation during alignment, a single-
level Gaussian smoothing kernel [42] [29] was used for regularization. The deformation
fields were used to compute the Jacobian tensor maps for each RI-TI pair. The DDV maps
corresponding to the deformation of each TI-RI pair were computed as described in Section
2.1. Figures 3–5 show the DDV maps (of each pair of registrations between the RI and the
TIs) overlaid on the spatially normalized average and displayed using RView software1.
Figures 3–5 (b) show that voxel-wise volume changes, resulting from registration of two
images, occurs along specific directions. As with any deformation based statistical
descriptors, the properties of the DDV are determined by the registration model and the
associated regularization method. This accounts for the discrepancy between changes at
image boundaries that seem uncorrelated to the actual global difference between the two
images being registered (in Figure 3).

Figure 6 shows the various stages of decomposition of the deformation tensor to compute
the DDV vectors. The vectors computed from the positive root of the Cauchy-Green tensor
(CGT) correspond to the primary eigen direction of the stretch component of the
deformation tensor (namely the vector ei in Figure 1). The final DDV which includes both
stretch and rotation information (corresponding to vector υi in Figure 1) is shown in the left
column. Figure 6 also illustrates the advantage of using the proposed statistical metrics over
those derived from CGT [27] [47]. Figure 6 (c) shows a region (denoted with a yellow oval)
where the primary direction of deformation changes significantly upon including the whole
Jacobian tensor as opposed to only the positive root of the CGT. We would like to note that
the proposed metrics better capture the progressive change along the image boundaries by
including both stretch and rotation information.

4. Application – Early fetal brain growth
4.1. Fetal subjects and image acquisition

The following experiments were performed using 40 clinical scans of 38 fetuses at
gestational ages (GA) ranging from 20.57 to 27.86 weeks GA, estimated by last menstrual
period. The mothers were referred for MRI of the fetal brain due to questionable findings on
prenatal ultrasound, a prior abnormal pregnancy, or volunteered for scans as part of studies
at UCSF. All women had normal fetal MRI. The subject population contains 19 females and
19 males. The mean delivery age was 39.3 weeks GA (37.4 – 41.57 weeks GA). The
imaging study has IRB approval and complies with NIH human subject guidelines. Clinical
MR imaging was performed on a 1.5T scanner (GE Healthcare, Milwaukee,WI) using an
eight-channel torso phased-array coil. Multiple stacks of single-shot fast spin- echo (SSFSE)
T2 weighted slice images (in plane pixel size of 0.5 mm × 0.5 mm, thickness 3 mm, no gap)

1http://rview.colin-studholme.net
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were obtained in the approximately axial, sagittal and coronal planes with respect to the fetal
brain. All slice images were acquired in an interleaved manner to reduce saturation of spins
in adjacent slices. The MR sequence parameters (repetition time TR = 3000 – 9000ms, echo
time TE = 91 ms) were originally designed for clinical scans. To account and correct for
spontaneous fetal movement during scanning, all image slices in the slice stacks of a subject
were registered using the slice intersection motion correction (SIMC) technique [21] and
reconstructed into 3D volumes with isotropic voxel size of 0.5 mm. The SIMC method has
been validated using 100 synthesized datasets and 45 clinically acquired datasets. The
method has shown to recover fetal motion between slice acquisitions of up to 15 mm of
translation and 30 degrees of rotation with subvoxel accuracy. The 3D volume was
reconstructed by gradient weighted Gaussian averaging, where voxels were selectively
weighted by the acquisition quality and compounded into a 3D volume that is consistent
with each of the 2D slices.

4.2. Automatic tissue segmentation
Using manual segmentations of 30 subjects, we created a spatiotemporal atlas of MR
intensity, tissue probability, and shape of the fetal brain [14]. Using this atlas, a synthetic
age-specific MR intensity template and an age-specific tissue probability map were
generated for all 40 subjects used in this study. Each subject MRI was aligned to the age-
matched MR template using a sequence of global linear registrations driven by
maximization of the correlation coefficient between the age synthesized MRI and subject
MRI intensities [41], followed by multiple elastic deformations driven by maximization of
mutual information [46] within a fixed mask. Based on the inverse of the estimated spatial
transformation, the age-matched tissue probability map was aligned with the subject MRI
and used as a source of spatial priors for automatic atlas-based expectation-maximization
(EM) segmentations of developing brain tissues [15]. The reconstructed volumes were
automatically segmented into regions of the cortical plate (CP); subplate (SP), intermediate
zone (IZ), and deep gray nuclei (DG); germinal matrix (GMAT); and ventricles (VENT)
(Figure 7b)).

4.3. Groupwise registration
Deformation based morphometric brain studies require that all subject anatomies be spatially
aligned so as to bring subject anatomies into the same anatomical coordinate system. For
fetal morphometric studies, the optimal registration method should be template-free to avoid
introducing a shape bias in the significant range of anatomies being studied. To this end, we
used an unbiased groupwise registration method to coalign the tissue maps of the subjects
being studied [34]. The registration method simultaneously estimates an unbiased, minimum
deformation population average and diffeo-morphic transformation to each of the subjects
being studied.

Fetal MR registration presents a few unique challenges which were addressed as follows:

Changing tissue contrast The developing fetal brain exhibits significant MR
tissue contrast change with age. In order to avoid the possibility of bias introduced
by such changing contrasts, we took the approach of aligning tissue label maps
derived from automated segmentation, rather than aligning the raw MR image
values directly.

Transient tissue types The fetal anatomy also contains transient tissue types that
change in volume across age groups; specifically regions of GMAT and subplate
are more visible on MRI in the beginning of this period (20 wks GA) but not
visible in many brain regions later in the developmental period (27 weeks GA). The
inconsistent tissue boundaries would introduce artifactual deformations between
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anatomies as the algorithm attempts to account for the missing tissue classes in
older anatomies. In order to compute meaningful diffeomorphic transformations
between the anatomies, we combine the tissue classes to exclude inconsistent tissue
boundaries. This was achieved by combining the transient tissue classes,
corresponding to the germinal matrix, the intermediate zone, subplate, and
subcortical gray matter, into a not cortical plate (NCP) tissue label (Figure 7b).

The groupwise registration is initialized with a linear registration of the NCP region of every
subject to a single, average NCP tissue map [15]. The registration then estimates a set of
unbiased, dense field deformations that minimize the mean square difference between the
tissue label maps (CP, NCP, VENT) of each subject to the current average tissue label map
(CP, NCP, VENT) for the group. Using an iterative gradient descent optimization, the
squared difference in tissue labels between the current average and each individual’s tissue
map is summed over each tissue class, then minimized with respect to the displacement
vector at each voxel. To ensure spatially differentiable mappings, a multi-level, Gaussian
smoothing [42] [29] operator was used to regularize the deformation fields during
alignment. A 2 mm Gaussian kernel was used at the first level to capture larger-scale shape
differences and then a 1 mm Gaussian kernel was used to capture the smaller-scale and more
local shape changes. A composition of a sequence of two of these diffeomorphic mappings,
each characterized by a vector field of displacements (Figure 7c), from the average anatomy
to each subject was estimated. The regularization factors were chosen experimentally so to
enforce numerically diffeomorphic mapping during registration.

In order to validate the accuracy of the registration process, we used a subset of subjects
which formed a representative age group for which manual segmentations were also
available. These subjects were aligned using a combination of automatic segmentation and
the groupwise registration method presented in this paper. The computed transformations
were used to map the manual segmentations into the resulting average space, thus providing
an independent measure of tissue alignment. The resulting overlap of the manually
segmented regions in the common space was evaluated with DSC coefficients of 0.84 ± 0.02
for the CP and 0.94 ± 0.01 for the NCP. This was comparable to the underlying differences
between manual and automated tissue segmentation, indicating that the groupwise
registration had resolved the majority of true differences in anatomy. In addition, we
confirmed that all deformations remained diffeomorphic for these regularization parameters.

4.4. Directionality of growth from TBM
For each subject, the Jacobian matrix maps were computed, from the resulting deformation
fields, to quantify the pattern of deformation required to spatially normalize individual
anatomies. For each subject, we computed the DCM maps from which DDV maps were
extracted. An illustration of the DDV maps for a representative subject is shown in Figure 7.
Using the DDV maps, we performed multivariate, multiple linear regression on the
population with age as the independent variable and the directional coefficients as the
dependent variables. The regression coefficients were tested for statistical significance. The
growth directions are specified in the initial orientation of the average anatomical target
space (axial slices with respect to a fetal brain). Among the approaches that can be used to
represent growth directions, the artificial Cartesian scanning coordinates allows us to model
anisotropic brain growth within a framework that is easy to understand and interpret.
Regions with significant age-related changes in growth direction are shown overlaid on the
spatially normalized average MRI and displayed using RView software.

We also computed, using the DDV maps, a PGD map for the subject population.
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4.4.1. Group Comparison using DDV – Asymmetries in Growth Direction—
Here, we present an example of using DDV to detect group differences by examining the
emergence of asymmetries in fetal brain development. We performed an additional TBM
analysis that used a symmetric groupwise nonrigid registration of the tissue maps that also
accounted for differences in anatomy on each side of the brain. This was performed by
reflecting each of the tissue maps along the sagittal midline (longitudinal fissure) and then
registering the original and reflected brains collectively to form a single symmetric average
brain shape from the group. We then tested for age-consistent differences in directional
volume change between the left and right hemispheres, while accounting for linear growth
rate in the group. Permutation testing was used within a brain mask of the right hemisphere
to correct the asymmetry maps of significance for multiple comparisons. Positive significant
differences indicated greater directional volume in the right hemisphere compared to the left
and vice versa for negative values.

4.5. Results and Discussion
In this paper, we have shown that the anisotropic growth that occurs during fetal brain
development can be quantified using the proposed descriptors. By using these descriptors in
conjunction with the TBM framework, we have detected significant changes in the direction
of anisotropic growth in the age interval being studied. Significant changes in direction of
growth occur primarily in the cortical plate at locations corresponding to the formation of
primary sulci. When the direction of cortical growth at any sulcus changes rapidly, it occurs
in conjunction with change in direction of growth in the underlying cerebral mantle.

Figure 8 shows a distinct spatial pattern in the PGD for the age range studied. The parietal
and occipital regions of cerebral mantle, near the mid-line, show a strong growth along the
anterior-posterior (A-P) axis during this period. Along the cortical plate, PGD alternates
between superior-inferior (S-I) and right-left (R-L) axis corresponding to the formation of
sulci and gyri respectively. Regions of the cerebral mantle underlying locations of sulcal
formation show a predominant growth along the S-I axis to accommodate changes in tissue
distribution at the sulci and gyri. The ventricles do not show a distinct direction of growth as
during this period in fetal brain development, the ventricles do not change significantly in
absolute size as the brain expands in volume around them [35, 13].

Figures 9 – 11 show the regions where directional growth has changed significantly with
age. The regions showing significant changes correspond to regions of major cortical
folding. The largest clusters of significant voxels occur at the Sylvian fissure (Fig. 9) where
the significant acceleration of growth along the R-L axis and deceleration along the S-I axis
indicate deepening of the fissure. As marked by the dotted circle, we see that the
combination growth acceleration along the R-L axis and deceleration along S-I axis at the
superior aspect of the temporal lobe results in closing of the Sylvian fissure [6, 1, 32]. To
accommodate these changes in the cortical regions, we see that the cerebral mantle
underlying the insular region is being “stretched” along the S-I axis, since growth along the
R-L axis is restricted by neighboring structures. This combination of directional growth may
be likened to the ultrasongraphy-based characterization of the temporal operculum
“overriding the insula” by progressing from a 45° angle with the insula to a rounded gyrus
that covers the posterior half of the insula in the axial plane [32].

In Figure 10, the white arrow indicates the location of the developing central sulcus. Similar
to the Sylvian fissure, the R-L growth has significantly increased while S-I growth shows
decrease at this sulcus. In contrast, the appearance of the inter-hemispheric fissure (shown
by the dotted circle in Fig. 10) is characterized by accelerated expansion of the cerebral
mantle in the S-I direction paired with deceleration along the R-L axis.
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At the choroidal fissure, in Fig. 11, we notice a significant deceleration in growth along the
R-L axis with no significant acceleration in either of the other two directions. This
corresponds to the apparent shrinkage of the choroidal fissure with respect to surrounding
tissues because by 19 weeks GA the fissure has reached its mature form [6].

In addition to regions of cortical folding, another region showing a large cluster of
significant voxels occurs at the hippocampus. In Fig. 12, we see that formation of the
hippocampus is associated with accelerated growth along the R-L axis while growth along
the S-I axis shows deceleration. Infolding and laminar organization of the hippocampus is
established between 18 and 21 weeks GA [19, 20]. Further growth of the hippocampus may
be a result of lateral expansion of the subfields, which would result in R-L expansion, but
this is yet to be shown by histological study.

Considering the PGD in Figure 8 together with directional changes in growth indicated by
Figures 9 – 12, we see that brain growth is characterized by spatially distinct variations in
growth directions. In some regions this directionality does not change significantly as the
fetus matures. For example, the cerebral mantle which showed a very pronounced growth
along the A-P axis in Figure 8 does not exhibit significant accelerations and decelerations in
any direction in the period of growth considered for this study. Major shape changes in the
cortex occur due to significant changes in directional growth at sites of sulci and gyri. The
effect of these changes in direction on underlying tissue is determined by the rate of those
changes in the age range being studied. For example, the operculization of the Sylvian
fissure and changes at the inter-hemispheric fissure occur at a rapid rate and thereby the
change in directionality in both the CP and the underlying cerebral mantle are captured.
During the same age range, the rate the choroidal and central sulci show a slower rate of
growth in the same age range [16], therefore the changes in the underlying cerebral mantle
are not significantly higher than the surrounding tissue.

4.5.1. Group Comparison using DDV – Asymmetries in Growth Direction—By
comparing directional growth rates across the hemispheres, we detected local asymmetries
in the peri-sylvian region and the medial frontal lobe of the developing brain (Figure 13).
We observed that rightward asymmetries are strongly correlated with significant increase in
growth along the R-L axis. This directional growth asymmetry is coupled with rightward
volumetric growth asymmetry in the temporal operculum, as shown in previous study of the
same population [34]. The congruent findings show that the faster growth in this region on
the right hemisphere is due to greater expansion along the R-L axis. Ex vivo studies of fetal
brain development have consistently demonstrated that this fissure develops earlier in the
right hemisphere [6, 1] and the DDV shows where the opercularization process is occuring
significantly faster.

The emergence of medial frontal asymmetries manifests as greater growth along the R-L
axis paired with slower growth along the S-I axis in the right hemisphere. The asymmetric
contribution along the R-L axis may be attributing to the phenomenon known as torque [45],
in which the right anterior frontal lobe is larger than the left and protrudes over the skull
cavity midline in the mature brain [25].

4.6. Comparison to results from scalar TBM models
Figure 14 shows an overview of results from the proposed directional TBM method and
scalar, volume based morphometric model that study fetal brain growth, at an identical age
range [34]. Both the scalar and the proposed directional growth models examine the growth
patterns associated with gyrogenesis along much of the developing cerebral mantle. The
scalar model detects regions where statistically significant changes in local volume occur in
the age range being studied. By including directional information, we were able to specify
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the axis along which brain dimensions change resulting in volume changes. Localizing the
axis of dimension change allows us to characterize interconnected changes associated with
gyrification across tissue types. For example, the findings from the current DDV model and
the volume growth rate model of the same dataset [34] showed bilateral differential growth
at the emerging cingulate sulcus in both the cortical plate and underlying subplate (Figure 9
and Figure 14 (b)). The tissues that would be associated with the crest of the adjacent gyri
do not share the pattern of increased growth rate. Importantly, the DDV indicates a cle ar
increase in growth rate along the right-left axis, which corresponds to increasing depth of the
central sulcus that affects more than just the shape of the cortical surface. In conjunction
with the growth rate model, the current directional TBM model allows an estimation of the
rate of sulcal deepening to then be made over multiple tissues.

Using diectional information in conjunction with scalar TBM analysis also enhances our
understanding of the appearance of structural lateralization. For example, both scalar [34]
and directional analysis of the same dataset used here showed significant growth rate
asymmetry in the peri-Sylvian region. Specifically, the right superior temporal gyrus and
temporal operculum grew faster in the right hemisphere and the inferior frontal gyrus and
frontal operculum expanded faster on the left. Similarly, local mean curvature analysis
detected asymmetries in cortical folding that match the growth rate spatial pattern [16].
Together these findings suggested the Sylvian fissure hemispheric asymmetries (flat on left,
posteriorly arched on right) observed in the mature brain [25, 18] actively form during
primary gyrogenesis and that the right hemisphere undergoes cortical folding earlier than the
left. Results from the current directional analysis of asymmetry shows that this reliable
hemispheric asymmetry is only significantly associated with greater right-left expansion in
the posterior part of the temporal operculum (Figure 13). The directional information
illustrates that the right Sylvian fissure is emerging sooner by expansion of the temporal
operculum laterally, rather than by differences in growth direction along the insular region.
The right-left acceleration in the temporal region, in contrast to the frontal or parietal, may
also be a driving factor in the shape differences of the Sylvian fissure. Modeling the
mechanisms by which the fissure reaches mature form would necessitate extending the
directional TBM model to term, when the contributions of latter emerging gyri could be
evaluated.

4.7. Limitations
When using structural MRI (T1W or T2W), regions of uniform tissue result in regions with
uniform intensity and therefore lack contrasting features for registration. This limits the
interpretation of results from any brain volume mapping technique in regions deep within
uniform tissue. In the absence of dense features, such as those provided by diffusion tensor
imaging for TBM [37], the resulting maps of volume differences between anatomies reflect
an optimally smooth representation of deformations that must occur within the region to
create the observed differences in the surrounding boundaries (e.g., thickening, elongation,
folding). When using T2W MRI data for brain volume mapping, the final deformation maps
are inevitably linked to the regularization method used during the registration process.

In both the current study and other studies that use similar methods, the significant regions
detected in the cerebral mantle are in agreement with published literature (from histology
and other methods). This provides a validation of the claim that even in regions where the
regularization effects are most pronounced, characteristic patterns detected by this method
are still useful in understanding the process of fetal brain growth. Most TBM studies (fetal
brain or otherwise) include some level of regularization without it influencing the final
outcome of the study. Therefore, the dependence of the deformations on the regularization
does not however limit the usefulness and statistical significance of the characteristic
volume change patterns extracted by the TBM approach.
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5. Conclusion
In this paper, we have used two novel morphometric descriptors that allow us to characterize
anisotropic growth associated with fetal brain development. The two complementary metrics
allowed us to model common patterns in directional growth associated with human, fetal
brain development during mid-gestation and also detect regions showing significant
deviations from these patterns as the brain matures. By including directional information
along with volume growth, we have for the first time simultaneously modeled both volume
and shape changes associated with primary gyrogenesis. The inclusion of directional growth
information with standard TBM allowed us to model both cortical changes and the
associated growth patterns on the underlying cerebral mantle that occur during gyrogenesis.
Unlike other morphometric descriptors, growth patterns are specified in terms of the
Cartesian anatomical co-ordinate system, whose ease of interpretation increases the clinical
value of our method. We have also used the proposed metrics to measure directional
asymmetry associated with the emergence of structural lateralization in the developing
brain. While hemispheric asymmetry was detected in other scalar TBM models, we have for
the first time, reliably modeled the series of interconnected, local changes associated with
lateralization of this structure. This allows us to better understand the mechanism by which
structural asymmetry emerges in the developing human brain.

The use of these descriptors need not be restricted to only brain development studies. Any
TBM application where brain structural differences (within or between groups) arise from
directional variations in tissue gain/loss can be studied using the proposed descriptors.
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Highlights

• Mathematical framework to detect anisotropic volume changes associated with
brain deformation

• Framework includes two novel descriptors that quantify directionality of volume
change

• Used, with TBM, to model population-wide patterns in brain morphological
changes

• Proposed method used to map local patterns of directional growth in fetal
human brain

• Also used to map directional hemispheric asymmetry in growth
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Figure 1.
Computation of deformation direction vector (DDV) from polar decomposition of Jacobian
matrix
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Figure 2.
Simulated Images

Rajagopalan et al. Page 17

Neuroimage. Author manuscript; available in PMC 2013 November 01.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 3.
a) Comparing RI (brown solid figure) with TI 1 (white contour). b) Deformation direction
vector (DDV) of the deformation of TI 1 to RI overlaid on the average output (of the
registration) image. The three orthogonal slices of the 3D object show that the registration
resulted in changes predominantly along the Y direction. Each reference direction is
represented by one color: red = X ; green = Y; blue = Z.
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Figure 4.
a) Comparing RI (brown solid figure) with TI 2 (white contour). b) Deformation direction
vector (DDV) of the deformation of TI 2 to RI overlaid on the average output (of the
registration) image. The figure shows that local deformation patterns are directionally
specific for two images separated by an isotropic volume increase. Each reference direction
is represented by one color: red = X ; green = Y; blue = Z.
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Figure 5.
a) Comparing RI (brown solid figure) with TI 3 (white contour). b) Deformation direction
vector (DDV) of the deformation of TI 3 to RI overlaid on the average output (of the
registration) image. We note that as the changes between the RI and TI become more
complex, the directionality of volume changes become increasingly localized. Each
reference direction is represented by one color: red = X ; green = Y; blue = Z.
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Figure 6.
a) Single Slice view comparing RI (brown solid figure) with TI 3 (white contour). b)
Example to illustrate the importance of including rotational information in the Jacobian
tensor. c) Each reference direction is represented by one color: red = X ; green = Y; blue =
Z.
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Figure 7.
Example intermediate results of processing steps for a representative subject (26.86 weeks
GA). a. Original T2-weighted image. b. Automatic segmentation of the image into cortical
plate (CP) shown in blue, subplate (SP) and intermediate zone (IZ) shown in orange,
germinal matrix (GMAT) shown in green, and ventricles (VENT) shown in red. The
segmentation is converted into tissue probability maps for CP (top right) and not cortical
plate or NCP (bottom right) to exclude age-inconsistent, transient tissue boundaries. c.
Deformation vector map overlaid on the population average image showing the deformation
required to map the group average anatomy to the subject. d. Deformation direction vector
(DDV) map computed from the deformation tensors overlaid on the average image;
directional component along each reference anatomical axis is indicated by one color: red =
left-right (L-R); green = anterior- posterior (A-P); blue = superior-inferior (S-I).
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Figure 8.
Principal growth direction (PGD) vectors for the group of fetal anatomies studied. Changes
along each reference anatomical axis is indicated by one color: red = left-right (R-L); green
= anterior- posterior (A-P); blue = superior-inferior (S-I). The panels from left to right
indicate axial, sagittal and coronal views of the brain.
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Figure 9.
Directional growth changes caused by operculization, as shown by white dotted circle.
Folding causes significant changes both in the cortical plate and underlying cerebral mantle.
Changes along each reference anatomical axis is indicated by one color: red = left-right (R-
L); green = anterior- posterior (A-P); blue = superior-inferior (S-I).
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Figure 10.
Axial view showing directional changes at the central sulcus (white arrows). Along the
interhemispheric fissure, the change in directional growth is more dominant at the
underlying cerebral mantle (shown my dotted ellipse) than on the cortical plate. Changes
along each reference anatomical direction is indicated by one color: red = left-right (R-L);
green = anterior- posterior (A-P); blue = superior-inferior (S-I).
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Figure 11.
Coronal view showing deceleration of R-L growth at the choroidal fissure, as shown by
white dotted circle. Changes along each reference anatomical direction is indicated by one
color: red = left-right (R-L); green = anterior-posterior (A-P); blue = superior-inferior (S-I).
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Figure 12.
Sagittal view showing the R-L expansion of the hippocampal region. The region also
exhibits significant deceleration of S-I growth. Changes along each reference anatomical
direction is indicated by one color: red = left-right (R-L); green = anterior-posterior (A-P);
blue = superior-inferior (S-I).
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Figure 13.
T statistic maps of significant (p ≤ 0.05, corrected) local volumetric asymmetries present
from 20 to 28 weeks GA, in which warm colors indicate right hemisphere greater than left
and cool colors represent left greater than right. T values are overlaid on cross-sectional
slices of the right hemisphere. Positive T values indicate greater directional volume in the
right hemisphere compared to the left and vice versa for negative values.
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Figure 14.
Comparing directional TBM results to scalar volume TBM. a) An overview of the major
changes in directional growth rate detected by the proposed method. b) Significant changes
in growth rate detected using scalar volume based TBM alone. Major changes detected by
both methods occur at similar locations. In addition to detecting volume changes, directional
TBM allows us to localize anisotropic size changes that contribute to overall volume
changes in the brain.
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