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ABSTRACT

Hippocampal atrophy in Alzheimer’s disease (AD) is
asymmetric and spatially inhomogeneous. While extensive
work has been done on volume and shape analysis of atrophy
of the hippocampus in AD, less attention has been given to
hippocampal asymmetry specifically. Previous studies of hip-
pocampal asymmetry are limited to global volume or shape
measures, which don’t localize shape asymmetry at the point
level. In this paper, we propose to quantify localized shape
asymmetry by optimizing point correspondences between left
and right hippocampi within a subject, while simultaneously
favoring a compact statistical shape model of the entire sam-
ple. To account for related variables that have impact on AD
and healthy subject differences, we build linear models with
other confounding factors. Our results on the OASIS3 dataset
demonstrate that compared to using volumetric information,
shape asymmetry reveals fine-grained, localized differences
that indicate the hippocampal regions of most significant
shape asymmetry in AD patients.

Index Terms— brain asymmetry; Alzheimer’s disease;
shape analysis; point distribution model

1. INTRODUCTION

Alzheimer’s disease (AD) is the most common type of de-
mentia and is characterized by neurodegeneration [1} 2]. The
hippocampus is one of the most common sites of neurode-
generation in AD and is often atrophied [3]]. Hippocampal
atrophy in AD is often asymmetric. The asymmetry of the
hippocampus in pathological AD brains is a well-known phe-
nomenon that may have diagnostic, management, and prog-
nostic implications and can dictate cognitive trajectory [4].
Thus, understanding the hippocampal asymmetry can be clin-
ically informative. While the asymmetry of hippocampus in
histopathology has long been studied in AD [4], anatomical
asymmetry on structural neuroimaging has received recent at-
tention. Fox et al. [5] documented asymmetrical atrophy of
the brain for people with AD. In a more recent study [3]], the
authors revealed that the asymmetry index of hippocampus
increases with the progression of AD.

While the analysis of asymmetry in brain structure vol-
umes provides information about atrophy in AD, volume
measurements are a crude summary of the complex neu-
roanatomy. Volumetric analysis on conventional magnetic
resonance imaging (MRI) can provide little information
about specific regions within the hippocampus and how their
involvement in the disease process may impact cognitive
trajectories. In contrast, statistical shape analysis captures
finer localized neuroanatomic variations that can have more
meaningful clinical and prognostic implications. Thus, by
exploring asymmetry of the brain with shape analysis, we
could potentially better characterize and visualize the mor-
phological asymmetric changes in the structures of interest in
people with dementia and AD.

There has been very limited research on characterizing
brain shape asymmetry in AD. Wachinger et al. [6] used
BrainPrint [1]] to analyze the shape asymmetry of several
brain structures in AD. This method uses surface-based
Laplace-Beltrami eigenvalues and eigenfunctions to define
shape descriptors called ShapeDNA [8]]. The authors demon-
strated that using ShapeDNA to characterize morphological
asymmetry outperforms using volumetric asymmetry on sev-
eral structures. However, using Laplace-Beltrami eigenvalues
and eigenfunctions to characterize shape has its drawbacks.
Wachinger et al. [6] tried to localize areas of the hippocampal
asymmetry that show the strongest association with AD. They
utilized level-set analysis, in which the level set curves from
the first eigenfunction wrap around the hippocampus. They
computed a mixed-effects model on the absolute difference
of level-set curve lengths for the left and right hippocampus.
The level-set analysis relies on the assumption that the cor-
responding eigenfunction for each subject are in correspon-
dence, which does not always hold because of the eigenvector
switching problem [9]. Additionally, level-set curve length
is an aggregated measure that lacks point-wise correspon-
dences. The visualization of shape differences is limited to
highlighting level set curves with significant asymmetry in
their lengths. Thus, there is not a point-wise and intuitive
statistical analysis and visualization of the asymmetry.

Therefore, to better understand the fine-grained morpho-



logical asymmetry differences between healthy controls and
AD patients, we propose to use a point distribution model
(PDM) [I10]] as the representation for hippocampal shape. In
addition, we devise a method for point-wise quantification
and statistical analysis of the hippocampal asymmetry, which
enables localization of the areas with significant shape asym-
metry differences between healthy controls and people with
AD. Our shape model is based on the particle correspondence
optimization method of ShapeWorks [[10], which we aug-
ment to optimize interhemispheric correspondences of left
and right hippocampi within subjects at the same time as op-
timizing shape correspondences across subjects. We devise a
point-wise shape asymmetry measure and statistical analysis
that we show on OASIS3 [11] data highlights statistically
significant, fine-grained shape asymmetry in AD.

2. METHOD

2.1. Preliminaries

ShapeWorks [10] is a software tool that constructs compact
particle-based shape models on a sample of anatomical struc-
tures. It iteratively optimizes the positions of particles on the
surfaces of each subject’s anatomical structure. The optimiza-
tion achieves two goals: a) evenly distributing the particles on
each surface so as to fully capture the surface geometry, and
b) maintaining geometric correspondences of particles across
the set of surfaces.

These two goals are achieved by minimizing a joint cost
function Q. For a sample of N 3D shapes, S = {z1, ..., 25 },
each shape z; has M particles that characterize the surface,
denoted as z; = [z}, ..., 2M] € R*M with each particle liv-
ing in R3. There are two types of random variables in this
particle-based representation: a shape space variable Z €
R3M and a particle position variable X; € RM that encodes
the distribution of particles on the ¢-th shape.

By minimizing the joint cost function:

N

Q=aH(Z) - Z H(X;), (1)

where H is an entropy estimation of the distribution, and «
is the relative weighting, ShapeWorks aims to create a sta-
tistical shape model with compact shape space distribution,
which enforces particle correspondence among shapes, and
good surface sampling for each shape.

2.2. Proposed Approach

The first step is to build the PDM of hippocampus for /N sub-
jects. In order to have good correspondences between left
and right hippocampi and across the population, we flip the
segmentation of right hippocampus for each subject along the
sagittal plane, and use the left hippocampus segmentation and

flipped right hippocampus segmentation as input to Shape-
Works [[12]. We note that (T]) is invariant to the flipping of all
input, thus the choice of flipping either the left or right side
will yield the same optimal correspondences.

We then rigidly align the input shapes to a chosen ref-
erence shape, and set the number of points M on each hip-
pocampus to be 512, which is heuristically selected to ensure
good surface sampling. The output shape models from Shape-
Works are registered to the mean shape model through gen-
eralized Procrustes analysis iteratively until the mean shape
model converges. And to characterize the shape asymmetry
for subject 4, we subtract each point " (m = 1, ...,512) € R?
of the left hippocampus by the corresponding point r}" of the
flipped right side, and get the difference vector d]* pointing
from the right side to the left:

dr =1 — . )

The normal component of the difference vector encodes
the inward or outward movement of the surface, which is re-
lated to hippocampal atrophy. Whereas the tangential compo-
nent accounts for the particle sliding along the surface, which
does not describe localized atrophy. Thus, we would like to
use a reference shape for calculating the normal directions.
Here, we choose to use the linear mean shape of the left PDM
l;(i = 1,..,N) € R*N and the PDM of flipped right hip-
pocampus 7; as the reference. The linear mean F; of [; and r;
is defined as:

And the normal direction at point m for subject ¢ calculated
on E; is nj*. The directions of calculated normals are all
pointing outwards of the mean hippocampus.

Thus, for subject ¢, the difference at point m is defined as:

yi' =d" -}’ 4)

7

where y;" is the directional change from the left side to
the right side. To characterize undirectional changes, we
only need to take the absolute value |y!"|, and the direc-
tional asymmetry for each subject ¢ is characterized by
yi = [yl s yM] € RM.

Finally, to account for other factors that might affect
asymmetry, we used a linear model to include other factors
as covariates. Initially, we chose sex, age, handedness, and
estimated intracranial volume (eTIV) as covariates. However,
handedness was later removed in the final linear model after
we found out that it was not considered as statistically signif-
icant. We denote the covariates for subject ¢ (age at the scan,
sex, eTTV, and diagnosis) as X;;(j = 1,2, 3,4) respectively.
The linear model for the point asymmetry (i = 1, ..., N)
at point m as dependent variable is:

Y =0y 4+ B X + 85" Xio + B3 Xis + 1" Xia. (5)

We extract the statistics and p-values of covariate diagnosis
X4 in each linear model for our analysis, and p-values are
FDR thresholded by ¢ = 0.05.
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Fig. 1: Normalized directional volume asymmetry and undi-
rectional volume asymmetry

3. RESULTS

3.1. Data

The data we used in this study is from OASIS3 database [11]].
Since we aimed to compare neuroimaging findings of peo-
ple with AD with healthy controls, we determined the subject
type using the clinical diagnosis in the database. Eventually,
we included 208 AD patients and 717 healthy participants
with normal cognition who met the inclusion criteria. The
segmentation results and statistics are provided in OASIS3.

3.2. Volumetric Asymmetry Analysis

We first looked into the hippocampus volumetric asymmetry
characteristics between AD and healthy control groups. The
volumes were normalized by dividing by eTTV. We analyzed
both normalized directional left-to-right asymmetry, and nor-
malized undirectional asymmetry, as shown in Figure[T]

The distributions of the undirectional asymmetry mea-
sures are highly skewed. Thus normality cannot be assumed,
which we confirmed with a Shapiro-Wilk normality test, and
a t test is not appropriate. Therefore, we chose to use a non-
parametric Mann-Whitney U test. From Table[T} we can see
that we were able to reject the null hypothesis for normalized
undirectional difference but not the directional difference.
This shows that using volumetric information alone is not
enough to characterize the directional asymmetry between
two groups. Thus, it is necessary for us to investigate the
directional asymmetry using shape analysis.

To further validate our conclusion, we also built a multi-
variate linear model with the same covariates as in @), ie.,
sex, age and eTIV, and we used normalized directional and
undirectional asymmetry as dependent variable. Even after
accounting for these variables, we found significant differ-
ence in undirectional asymmetry but not in directional asym-
metry, with p-values being 1.80 x 10~* and 0.33 respectively.

3.3. Shape Asymmetry Analysis

As an overview of the shape asymmetry, we first qualitatively
assessed the asymmetry by superimposing the left and flipped

Normalized Normalized
(left - right) abs(left - right)
AD | Healthy | AD | Healthy
Mean (x10~%) | -1.04 -0.96 2.06 1.57
SD (x10~%) 2.44 1.84 1.66 1.36
U-statistics 73712.0 61725.0
P-values 0.80 0.00015

Table 1: Summary of asymmetry and Mann-Whitney U tests
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Fig. 2: Superimposed left and right mean hippocampus for
AD and healthy subjects

right mean hippocampus for both AD and healthy controls
group (Figure 2). The left side was found to be generally
more atrophied at the head and lateral side.

We then examined the mean asymmetry for both groups.
Each subject has asymmetry y; = [yl, ..., y?1%] € R>!2. We
took the linear mean asymmetry for both AD and healthy as
the group asymmetry. To quantitatively assess the asymmetry
between the two groups, we first performed principal compo-
nent analysis and then a Hotelling T2 test. The number of
components to retain was determined by Horn’s parallel anal-
ysis, and in our case, we chose to keep the first 30 components
that explain 92.90% of the variance. The test statistic was
72 = 168.37, with corresponding p-value being numerically
zero, which showed strong statistically significant difference
in shape asymmetry between the two groups.

We note that shape asymmetry highlights the direction-
ality of hippocampal asymmetry, which is not possible using
volumetric analysis alone.

With the Hotelling test analyzing the overall shape asym-
metry, we can further analyize the point-wise shape asymme-
try components that significantly contribute to differentiating
the two groups. In order to do so, we built a linear model as
shown in (3)) for each point m, with sex, age, eTIV, and diag-
nosis as covariates, as discussed in Section[2.2] We extracted
the p-values and statistics for covariate diagnosis X;4 in each
linear model. Finally, p-values were corrected using FDR
with threshold ¢ = 0.05. We found out that, out of 512 tests,
we were able to reject 177 null hypothesis that correspond to
177 points out of 512 that are considered as statistically sig-
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Fig. 3: Linear model statistics of diagnosis and statistically
significant areas after FDR correction(blue dots)

nificant in differentiating AD and healthy groups. The areas
that are covered by these 177 points are also viewed as the
most statistically significant areas of directional shape asym-
metry, and they characterize the shape asymmetry changes in
the course of healthy to AD disease progression.

4. DISCUSSION

Compared to the level-set method, our method was able to vi-
sualize the fine-grained shape asymmetry difference in a com-
bined manner, instead of on each eigenfunction. This method
of visualization is more intuitive and could be extended to
other cortical and subcortical structures in the brain.

In volumetric asymmetry analysis, we found undirec-
tional asymmetry to be significantly different but not for
directional asymmetry when we compared people with AD
to healthy controls. Sarica et al. had similar findings for
undirectional asymmetry. In the directional shape asymmetry
analysis, we found significant asymmetry in AD compared
to controls, and hippocampal head and lateral portions to be
more atrophied in the left in AD compared to the right side.

In conclusion, we proposed a method to characterize the
hippocampal shape asymmetry in people with AD, which is
highly sensitive and enables intuitive and combined visualiza-
tion. This can have significant clinical, diagnostic, manage-
ment and prognostic implications.
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