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   Abstract: Background: Early detection of Alzheimer’s disease (AD) and its early stage, the mild cog-
nitive impairment (MCI), has important scientific, clinical and social significance. Magnetic resonance 
imaging (MRI) based statistical shape analysis provides an opportunity to detect regional structural 
abnormalities of brain structures caused by AD and MCI. 
Objective: In this work, we aimed to employ a well-established statistical shape analysis pipeline, in 
the framework of large deformation diffeomorphic metric mapping, to identify and quantify the re-
gional shape abnormalities of the bilateral hippocampus and amygdala at different prodromal stages of 
AD, using three Chinese MRI datasets collected from different domestic hospitals. 
Methods: We analyzed the region-specific shape abnormalities at different stages of the neuropatholo-
gy of AD by comparing the localized shape characteristics of the bilateral hippocampi and amygdalas 
between healthy controls and two disease groups (MCI and AD). In addition to group comparison 
analyses, we also investigated the association between the shape characteristics and the Mini Mental 
State Examination (MMSE) of each structure of interest in the disease group (MCI and AD combined) 
as well as the discriminative power of different morphometric biomarkers. 
Results: We found the strongest disease pathology (regional atrophy) at the subiculum and CA1 subre-
gions of the hippocampus and the basolateral, basomedial as well as centromedial subregions of the 
amygdala. Furthermore, the shape characteristics of the hippocampal and amygdalar subregions exhib-
iting the strongest AD related atrophy were found to have the most significant positive associations 
with the MMSE. Employing the shape deformation marker of the hippocampus or the amygdala for 
automated MCI or AD detection yielded a significant accuracy boost over the corresponding volume 
measurement. 
Conclusion: Our results suggested that the amygdalar and hippocampal morphometrics, especially 
those of shape morphometrics, can be used as auxiliary indicators for monitoring the disease status of 
an AD patient.	
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1. INTRODUCTION 

 Alzheimer’s disease (AD) is a neurodegenerative disease 
characterized by progressive cognitive and functional  
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deficits as well as behavioral changes [1-3]. Clinically, pro-
gressive memory loss, cognitive impairment, and language 
disturbance are the main manifestations of AD, which seri-
ously affect the lives of the elderly and bring a heavy burden 
to their families and the entire society. Currently, there are 
more than 35 million AD patients in the world, with the cor-
responding number being more than 9 million in China. By 
2050, the global incidence of AD is expected to triple [4, 5]. 
At the same time, the annual burden of AD for an economic 
giant like China is estimated to exceed 1 trillion US dollars 
by 2050 [6]. Early detection and prevention have become 
important directions in the field of AD research and have 
important scientific, clinical and social significance. 
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 Currently, the severity and progression rate of AD is typ-
ically assessed by clinical examinations and neuropsycholog-
ical tests, such as the Mini-Mental State Examination 
(MMSE) [7], mainly focusing on memory, attention, orienta-
tion, language, and learning. In the diagnosis of AD, the 
MMSE test is powerful, but its results could be subjective 
and easily affected by the patient’s mental and physical state 
at the time of the test. It may also be late and relatively inef-
ficient for patients to be diagnosed in this way, especially for 
patients at an early stage of AD, such as the mild cognitive 
impairment (MCI) [8]. Recently, magnetic resonance imag-
ing (MRI) based analysis has been suggested to be capable 
of detecting AD at an early stage by quantifying the structur-
al brain changes [9-11], which are very sensitive to the de-
generation that occurs in MCI and AD [12] and has been 
extensively studied in the research of AD diagnosis criteria 
[13]. Early detection of AD based on structural brain chang-
es will allow early intervention before significant functional 
damage or neuronal damage occurs. 
 In the past decade, volumetric analysis of the medial 
temporal lobe structures, especially the hippocampus and the 
amygdala, has drawn a lot of attention in AD-related struc-
tural MRI research [14]. Various studies have identified hip-
pocampal and amygdalar volume atrophy in MCI and AD 
patients compared to the healthy control (HC) [15-18]. The 
main limitation of volumetric analysis is that it cannot pro-
vide detailed information about subregional changes and thus 
cannot accurately identify which part of the structure of in-
terest is affected the most by the neuropathology of the dis-
ease. Recently, research focus has shifted to region-specific 
shape changes of the hippocampus and the amygdala as well 
as their relevance to AD manifestations. It has been shown 
that the regional shape characteristics of those two structures 
can improve imaging-based diagnostic accuracy of MCI and 
AD [19-21]. In addition, combining structural shape analysis 
and subregion segmentation of the hippocampus and the 
amygdala has been demonstrated to be useful in understand-
ing how AD spreads within a single structure of interest and 
identifying which part of each of the two structures is mostly 
affected by the disease [20-27]. 
 An earlier study on a relatively small group of subjects 
showed that the hippocampal atrophy induced by AD is re-
gion-specific rather than uniformly homogeneous [19]. A 
similar finding was also reported for the amygdala [22]. 
Novel shape analysis techniques that can track this type of 
local shape changes would be a promising research tool for 
the analysis and early diagnosis of AD. The large defor-
mation diffeomorphic metric mapping (LDDMM) frame-
work has been successfully employed in the statistical shape 
analyses of subcortical and ventricular structures using struc-
tural MRI from a large group of HC, MCI, and AD subjects 
[20, 21]. For MCI and AD, strong and significant local shape 
change patterns were found for both the hippocampus and 
the amygdala. The strongest hippocampal atrophy was de-
tected at CA1 and the strongest amygdalar atrophy was de-
tected at the basolateral complex [20]. Automated classifica-
tion accuracy of MCI and AD using shape deformation fea-
tures was significantly higher than that of using the structural 
volumes [20, 21]. These findings were then further con-
firmed in a study involving long-term follow-up subjects 
[23], by correlating shape change rates with cognitive deteri-

oration rates [24, 26]. Follow-up studies using other types of 
MRI modalities [25] and structural network analysis [27] 
were also conducted. However, most previous studies cen-
tered on subjects from North America or Europe [19-24, 26, 
27], or only investigated single-site subjects with a relatively 
small sample size [25]. A comprehensive multi-site study 
from other regions of the world is a strong need to compare 
and confirm the results from previous studies, which is the 
essential motivation of this study. 
 In this work, we employed a well-established shape anal-
ysis pipeline to assess the regional shape abnormalities of the 
bilateral hippocampus and amygdala in MCI and AD, using 
three Chinese MRI datasets collected from different domes-
tic hospitals. The shape analysis pipeline has been used and 
validated in many previous studies to investigate region-
specific structural abnormalities in various neurodegenera-
tive diseases [20, 23-25, 28-36]. The main goal of this study 
is to identify and quantify the hippocampal and amygdalar 
shape abnormalities at different stages of the neuropathology 
of AD. In addition to studying the regional shape abnormali-
ties, we also quantified the linkage between the structural 
shape patterns and cognitive decline as measured by MMSE. 
Findings have been analyzed at a subregion level by dividing 
each structure of interest into four parts: CA1, CA2, CA3 
combined with dentate gyrus, and subiculum for the hippo-
campus; and basolateral, basomedial, centromedial, and lat-
eral nucleus for the amygdala. The discriminative power of 
the hippocampal and amygdala shape characteristics has also 
been investigated. 

2. MATERIALS AND METHODS 

2.1. Dataset 

 In this study, we acquired our MRI datasets from three 
different Chinese hospitals (hospital A, hospital B, and hos-
pital C), consisting of three groups of subjects: HC, MCI and 
AD. There were 281 subjects in total, of whom 74 were from 
hospital A, 88 were from hospital B, and 119 were from hos-
pital C. Among them, 89 were HC, 80 were MCI, and 112 
were AD. The inclusion and exclusion criteria followed a 
previous study [37] and are similar to the Alzheimer’s Dis-
ease Neuroimaging Initiative (ADNI) dataset [38, 39]. There 
was no long-term follow-up information for our three da-
tasets, and thus the MCI and AD subjects were not further 
divided into subgroups. Detailed clinical and demographic 
characteristics are presented in Table 1. A general idea about 
each group’s severity can be obtained through the MMSE 
score. 
 For subjects from hospital A, the MR images were ac-
quired from a 3.0 T MR scanner (Magnetom Tril, Siemens, 
Germany). Sagittal T1-weighted MR images were acquired 
using a magnetization-prepared rapid gradient-echo 
(MPRAGE) sequence (TR/TE = 2000/2.6 ms, FA = 9°, ma-
trix = 256 × 224, FOV = 256 mm × 224 mm, 176 continuous 
sagittal slices with 1 mm thickness). For subjects from hospi-
tal B, sagittal structural images with a resolution of 0.94 × 
0.94 × 1.2 mm3 were acquired using a 3D MPRAGE se-
quence with a 3.0 T GE MR system (GE Healthcare, Mil-
waukee, WI) using a standard head coil. The scanning pa-
rameters were as follows: TR = 2000 ms, TE = 2.6 ms, and 
FA = 9°. For subjects from hospital C, a 3.0 T Siemens MR 
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system (Skyra, Siemens, Germany) with a standard head coil 
was used to acquire the MR images. The structural scans 
were obtained using a 3D MPRAGE sequence with the fol-
lowing parameters: TR = 2530 ms, TE = 3.43 ms, FA = 90°, 
matrix = 256 × 256, FOV = 256 mm × 256 mm, slice thick-
ness = 1 mm. Each volume comprised 192 sagittal slices 
with a resolution of 1 × 1 × 1 mm3. 

2.2. Data Processing 

 Volumetric segmentations of the bilateral amygdala and 
hippocampus were automatically obtained from the 
MRICloud platform (https://mricloud.org/). The MRICloud 
platform provides a fully-automated cloud service for brain 
segmentation using MPRAGE images based on a two-level 
Bayesian parameter estimation algorithm. More details of 
this segmentation algorithm can be found elsewhere [40, 41], 
in which the authors have demonstrated its superior perfor-
mance, especially in segmenting the amygdala and the hip-
pocampus. After that, the segmented binary volumes were 
converted into triangulated surfaces for subsequent statistical 
shape analysis in the framework of the LDDMM [20, 42]. 
 Following that, for each structure of interest, we created a 
common template surface from the triangulated surfaces of 
all subjects across all three groups. All surfaces were first 
rigidly aligned to a common spatial position via rotation and 
translation. And then, the common template surface was es-
timated from all rigidly aligned surfaces using a Bayesian 
template estimation algorithm [43], the key of which is an 
approximation of the expectation-maximization algorithm 
[44]. 
 After obtaining the template surface for each structure of 
interest, we computed a structure-specific diffeomorphic 
registration between the template and each target surface 

using the LDDMM-surface mapping algorithm [30, 45]. For 
a given target surface, the LDDMM-surface algorithm deliv-
ers a diffeomorphic transformation that can be applied to 
deform the template to be very close to the target. From each 
template-to-target LDDMM-surface mapping, a scalar field 
was calculated as the determinant of the Jacobian of the dif-
feomorphism from LDDMM-surface, measuring the degree 
of expansion or atrophy at each vertex on the template sur-
face relative to each subject/target surface. We shall call this 
scalar field a deformation marker. For each structure, all 
subject-specific deformation markers are indexed in a com-
mon template space. 
 Both the amygdala and the hippocampus are composed 
of several subregions with unique functions. For a better 
analysis, we divided the amygdalar and hippocampal tem-
plate surfaces into functionally meaningful subregions. This 
division was achieved by performing LDDMM-surface 
mapping between manually-delineated template surfaces of 
high-field (7T) segmentations and our “population-averaged” 
template surfaces to connect the two coordinate systems, and 
then transferring the boundary definitions of those high-field 
subregions to our template surfaces. More details of this sub-
region division methodology can be found in the study by 
Tang et al. [20]. The bilateral hippocampus was divided into 
four distinct subregions: CA1, CA2, CA3/dentate gyrus, and 
subiculum. The bilateral amygdala was also subsegmented 
into four distinct subregions: basolateral, basomedial, cen-
tromedial, and lateral nucleus. 

2.3. Group Comparison Analysis 

 In our vertex-based statistical shape analysis, we quanti-
fied the degree of each structure’s shape abnormality at each 
vertex of the template surface in each patient group (MCI or 

Table 1. Clinical and demographic information of the MRI dataset collected from three Chinese hospitals (A, B, and C). 

Group Hospital No. of Subjects Gender (Male/Female) Age (mean±std) MMSE (mean±std) Intracranial Volume (mm3) 

HC 

All 89 42/47 67.9438±7.1037 28.6292±1.2914 1215423±112545 

A 21 7/14 65.0476±8.1638 28.4762±1.3645 1166498±90583 

B 27 16/11 69.1852±6.4691 28.8889±1.0127 1188889±95564 

C 41 19/22 68.6098±6.6779 28.5366±1.4159 1257955±119337 

MCI 

All 80 38/42 71.3750±8.5245 25.6625±3.6351 1215569±118900 

A 18 10/8 70.1667±7.9354 21.9444±5.0465 1209421±136638 

B 28 15/13 74.4286±7.9229 26.8929±1.7917 1186340±129331 

C 34 13/21 69.5000±8.8223 26.6176±2.4743 1242895±95003 

AD 

All 112 46/66 69.4375±9.0978 15.7589±7.1323 1180563±117969 

A 35 17/18 65.7714±8.3034 10.1429±6.6913 1163864±117388 

B 33 9/24 72.6667±9.0646 19.6061±4.3871 1153427±111007 

C 44 20/24 69.9318±8.8775 17.3409±6.4805 1214199±117935 
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AD) relative to the HC group. We employed the following 
statistical model 

!! ! = !!,! + !!,!! ! + !!"#!!"#(!)!"# + !!(!),  

where !!(!) is the deformation marker of subject ! at ver-
tex ! of the template surface; !!"#(!) are the covariates 
including gender, age, and the intracranial volume; γ s  is a 
binary group variable and equals to 0 if subject ! belongs to 
the HC group and 1 otherwise; !! !  represents the random 
noise; −!!,! represents the degree of the group shape dif-
ference (atrophy or expansion) at vertex !. The parameters 
!!,!, !!,!, !!"# are estimated using the maximum likelihood 
estimation. We tested the null hypothesis that !!,! = 0 
simultaneously for all vertices. The statistical significance 
of a group difference is measured by a p-value obtained 
from Fisher’s method of randomization, more details of 
which can be found elsewhere [20, 46]. Since the statistics 
were computed at all vertices of the triangulated template 
surface to correct for multiple comparisons, we adjusted the 
p-values to control the familywise error rate (FWER) at a 
level of 0.05 based on the maximum statistic method [47]. 
We also tested and quantified the volumetric group differ-
ences for all four structures. For the volume comparisons, 
we used the same linear regression model. But there was no 
need for multiple comparison correction since there was 
only one comparison for each single structure. 

2.4. Classification Experiment 

 To quantify the discrimination capabilities of different 
morphometric biomarkers, a set of classification experi-
ments were performed on both volumes and shape defor-
mation markers of the hippocampus and the amygdala. 
Among the available machine learning algorithms, Support 
Vector Machine (SVM) is one of the most popular classifi-
cation methods for constructing AD detection models [48-
56]. As such, SVM was used to build our automated HC-
vs-AD and HC-vs-MCI classifiers. Considering the running 
speed of software implementation, LIBSVM [57] was uti-
lized to construct the SVM classifiers in our experiments. 
As the default setting in LIBSVM, the traditional C-support 
vector classification model [58] and the radial basis func-
tion (RBF) kernel [59] were chosen along with the regular-
ization parameter C = 1.0 and the kernel parameter 
γ = !

!"#$%&  !"  !"#$%&"'
. 

 In each classification experiment, a stratified 10-fold 
cross-validation was applied, and this 10-fold cross-
validation was repeated 10 times to get more stable results. 

2.5. Correlating Morphometry with MMSE 

 We then examined whether the hippocampal and amyg-
dalar morphometrics, in terms of both volume and shape, can 
predict the degree of cognitive impairment in AD as meas-
ured by MMSE. To do that, we quantified the association 
between the MMSE score and the volume as well as the 
shape deformation marker of each structure of interest using 
the Pearson correlation coefficient (PCC). We used age, sex, 

and the intracranial volume as the covariates when calculat-
ing the PCCs. p-values were used to measure the statistical 
significance of the correlations. In the shape-to-MMSE cor-
relations, given that there are multiple correlation tests per-
formed simultaneously at all vertices of each single struc-
ture’s template surface, we need to correct for multiple cor-
relations. The “maximum statistic” method was again used 
by controlling the FWER at a level of 0.05 [60]. In this 
study, we analyzed the volume-to-MMSE and shape-to-
MMSE correlations in the disease group (a combination of 
MCI and AD). 

3. RESULTS 

3.1. Volume Analysis 

 The volumes, in terms of mean and standard deviations, 
of the hippocampus and the amygdala of each of the three 
groups (HC, MCI, and AD) are tabulated in Table 2. Com-
paring the volumes of HC, MCI, and AD, we found volu-
metric reductions of the bilateral hippocampi and amygda-
las in MCI and AD, and the volumes of the three groups 
followed the order of HC>MCI>AD. The corresponding p-
values obtained from the volumetric group comparisons are 
shown in Table 3. There was no significant group differ-
ence between HC and MCI in terms of the left amygdalar 
volume (p>0.05). The significant right amygdalar volumet-
ric reduction was detected in the MCI group (p<0.05). The 
bilateral hippocampal volumes decreased significantly in 
MCI relative to HC (p<0.05). Comparing AD with HC, we 
found significant volumetric reductions of the bilateral hip-
pocampi and amygdalas (p<2.50E-05) in AD. The classifi-
cation results of the volumes of the hippocampus and the 
amygdala on HC-vs-AD and HC-vs-MCI tasks are tabulat-
ed in Table 4. The bilateral amygdalas performed much 
better than the bilateral hippocampi in terms of HC-vs-AD 
classification, but there is no huge difference on the HC-vs-
MCI classification task. 
 The volume-to-MMSE correlation results of the bilateral 
hippocampi and amygdalas, within the disease group (MCI 
and AD combined) are shown in Fig. (1). From the fitted 
lines and the PCC values, we found that MMSE correlated 
positively to the volume of each of the four structures of 
interest. The volume-to-MMSE correlations were stronger 
for the bilateral amygdalas than those for the bilateral hippo-
campi. Also, the volume-to-MMSE correlations were all 
statistically significant (p<0.05). 

3.2. Shape Analysis 

 The p-values obtained from comparing the shapes of the 
four structures of interest between HC and MCI as well as 
HC and AD are also tabulated in Table 3. As shown in that 
table, there was a significant shape difference between HC 
and MCI for the right amygdala (p<2.50E-05), but not for 
the left amygdala (p>0.05), being consistent with volume 
findings. For the bilateral hippocampi, significant shape dif-
ferences between HC and MCI were detected (p<2.50E-05). 
Comparing AD and HC, we found significant AD-specific 
shape abnormalities of the bilateral amygdalas and hippo-
campi (p<2.50E-05). The corresponding classification results 
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Table 2. Mean and standard deviations of the volumes of the bilateral amygdalas and hippocampi of each of the three groups (HC, 
MCI, and AD) (in mm3). 

- HC MCI AD 

Left Amygdala 1623±156 1555±246 1289±265 

Right Amygdala 1878±187 1724±334 1471±294 

Left Hippocampus 3673±418 3442±461 3207±575 

Right Hippocampus 3826±403 3545±499 3259±549 

 

 
Fig. (1). The volume-to-MMSE correlation results of the bilateral amygdalas and hippocampi within the disease group (MCI and AD com-
bined). (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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Table 3. A comparison of p-values obtained from the volume analysis and the shape analysis in comparing the bilateral amygdalas 

and hippocampi between HC and MCI as well as HC and AD. 

- HC vs. MCI HC vs. AD 

- Volume Shape Volume Shape 

Left Amygdala 0.12 0.06 <2.50E-05 <2.50E-05 

Right Amygdala 1.00E-03 <2.50E-05 <2.50E-05 <2.50E-05 

Left Hippocampus 1.00E-04 <2.50E-05 <2.50E-05 <2.50E-05 

Right Hippocampus 1.00E-04 <2.50E-05 <2.50E-05 <2.50E-05 

 
Table 4. The HC-vs-MCI and HC-vs-AD classification results by using volume and shape biomarkers of each of the four structures 

of interest. 

- HC vs. MCI HC vs. AD 

- Volume Shape Volume Shape 

Left Amygdala 57.34%±1.66% 62.31%±1.99% 82.49%±0.51% 84.78%±1.00% 

Right Amygdala 64.97%±0.83% 66.39%±1.65% 80.65%±0.28% 83.78%±1.00% 

Left Hippocampus 58.22%±1.58% 63.08%±1.58% 67.71%±0.64% 83.48%±0.56% 

Right Hippocampus 66.27%±0.48% 69.41%±1.37% 73.63%±0.91% 83.78%±1.11% 

 
of the shape characteristics of the four structures of interest, 
in terms of HC-vs-MCI and HC-vs-AD classifications, are 
tabulated in Table 4. Compared to volume, the shape of each 
of the four structures of interest yielded much better classifi-
cation results in terms of both HC-vs-MCI and HC-vs-AD. 
 The detailed region-specific shape findings of those four 
structures are demonstrated in Fig. (2) and Fig. (3). As 
shown in Fig. (2), no significant shape difference was detect-
ed between MCI and HC in the left amygdala. In the right 
amygdala, vertices belonging to almost every subregion ex-
hibited localized surface atrophies in MCI relative to HC, 
with the degree of atrophy ranging from 6% to 13%. In AD, 
atrophies occurred at almost everywhere of the bilateral 
amygdalas, with the central region having the most severe 
atrophy (15%~20%). 
 As shown in Fig. (3), for the shape abnormalities of the 
bilateral hippocampi in MCI, we observed vertices belonging 
to the CA1, CA2 and subiculum subregions of the bilateral 
hippocampi exhibited localized surface atrophies in MCI 
relative to HC, with the degrees of atrophy ranging from 6% 
to 9%. The AD-related atrophies occurred at vertices belong-
ing to almost every subregion, with the vertex-wise degrees 
of atrophy ranging between 13% and 25%. The most severe 
hippocampal atrophy occurred at vertices belonging mainly 
to the CA3 combined with Dentate Gyrus subregion and 
partially the CA1 and CA2 subregions. 
 Maps of the correlations between MMSE and the vertex-
wise shape deformation markers of the bilateral hippocampi 
and amygdalas are demonstrated in Fig. (4). Statistically 
significant positive correlations were found between MMSE 
and the region-specific shape characteristics of the bilateral 

hippocampi and amygdalas. For the bilateral amygdalas, as 
shown in Fig. (4), significant regional shape-to-MMSE cor-
relations were observed. Vertices belonging to each subre-
gion had significant shape-to-MMSE correlations, with the 
strongest ones occurring mainly at the central region. This 
agrees well with the group comparison findings. 
 As shown in Fig. (4), significant positive correlations 
were also observed between the localized surface atrophies 
of the left hippocampus and MMSE, with the strongest cor-
relation occurring at vertices belonging mainly to the CA1, 
CA2, and subiculum subregions. For the right hippocampus, 
significant shape-to-MMSE correlations were found at verti-
ces belonging to almost every subregion. 

4. DISCUSSION 

 In this paper, we employed a well-established statistical 
shape analysis pipeline to analyze the region-specific shape 
abnormalities of the bilateral hippocampi and amygdalas in 
MCI and AD. Specifically, we compared the localized shape 
characteristics of the bilateral hippocampi and amygdalas 
between HC and two disease groups (MCI and AD) using a 
relatively large MRI dataset obtained from three different 
Chinese hospitals. In addition to group comparison analyses, 
we also investigated the volume-to-MMSE and shape-to-
MMSE associations of each structure of interest in the dis-
ease group (MCI and AD combined) as well as the MCI and 
AD discrimination abilities of different morphometric bi-
omarkers. 
 Several findings have emerged from this study: (1) The 
volume of each of the four structures of interest had a ten-
dency of HC>MCI>AD, which is consistent with existing 
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Fig. (2). Demonstration of the group shape differences of the bilateral amygdalas between HC and MCI, HC and AD, as well as the corre-
sponding subregions. For figures in the left panel, the color bar denotes the percentage of atrophy in the disease group relative to that in HC. 
For figures in the right panel, the colordenotes each of the four amygdalar subregions. (A higher resolution / colour version of this figure is 
available in the electronic copy of the article). 

 

 
Fig. (3). Demonstration of the group shape differences of the bilateral hippocampi between HC and MCI,HC and AD, as well as the corre-
sponding subregions. For figures in the left panel, the color bardenotes the percentage of atrophy in the disease group relative to that in HC. 
For figures in the right panel, the color denotes each of the four hippocampal subregions. (A higher resolution / colour version of this figure is 
available in the electronic copy of the article). 



8    Current Alzheimer Research, 2020, Vol. 17, No. 0 Wei et al. 

 
Fig. (4). Demonstration of the shape-to-MMSE correlations of the bilateral amygdalas and hippocampi within the disease group (MCI and 
AD combined), as well as the corresponding subregions. For figures in the left panel, the color bar denotes the PCC values. For figures in the 
right panel, the color denotes each of the four amygdalar and hippocampal subregions. (A higher resolution / colour version of this figure is 
available in the electronic copy of the article). 

 
published results [18, 61, 62], suggesting that the volumes of 
those four structures may serve as auxiliary indicators for 
monitoring the disease status. (2) There were significant 
shape differences between MCI and HC for all four struc-
tures excluding the left amygdala. Significant region-specific 
AD-vs-HC shape differences were detected in all four struc-
tures, with a large number of surface vertices having been 
affected. (3) Overall, there existed vertices belonging to al-
most every subregion of each of the four structures of inter-
est that had significant surface atrophies in AD relative to 
HC, with the most severe atrophy occurring at the CA3 com-
bined with Dentate Gyrus subregion for the hippocampus 
and the central region (the basolateral and basomedial subre-
gions) for the amygdala. (4) Significantly positive volume-
to-MMSE and shape-to-MMSE correlations were observed 
for all four structures, and the shape regions showing the 
strongest correlations to MMSE agreed well with those ex-
hibiting the strongest atrophies, both suggesting that the 
amygdalar and hippocampal morphometrics can be used as 
auxiliary indicators of the clinical status of an AD patient. 
(5) The shape biomarkers largely outperformed the corre-
sponding volume biomarkers for each of the four structures 
of interest with respect to automated MCI and AD discrimi-
nations. This finding agrees well with our conjecture, given 
that shape provides more detailed morphological phenotype 
than volume and thus is more discriminating and sensitive to 
AD neuropathology. This would be the most important take-
home message for clinicians, as now the practical guidance 
of incorporating shape biomarkers into the clinical AD diag-
nosis is still missing. One may anticipate that utilizing the 
complimentary information of shape and volume will pro-

vide new insights into the neuropathology of AD and further 
improve the early diagnosis accuracy of MCI and AD. 
 For bilateral hippocampi, the MCI-related abnormalities 
occurred at vertices belonging to the CA1 and subiculum 
subregions (see Fig. 3). This roughly indicates that those two 
hippocampal subregions were affected the earliest in the neu-
ropathology of AD, which is consistent with previous find-
ings [20, 63-65]. In AD, region-specific atrophies occurred at 
almost every subregion of the hippocampus bilaterally. This 
agrees with the results from one of our previous works [20]. 
However, in this study, we found that the most severe hippo-
campal atrophy occurred at vertices mainly belonging to the 
CA3 combined with Dentate Gyrus subregion. This observa-
tion is somehow different from that of one of our previous 
works [20] focusing on AD patients from US and Europe but 
is consistent with another work, the subjects of which were 
recruited from China as well [25]. This may suggest that AD 
neuropathology is related to race, which needs to be further 
rigorously investigated in future research involving patients 
differing solely in race. 
 Despite its proximity to the hippocampus, relatively little 
is known about the role of the amygdala in AD. Recent 
shape analysis studies [20, 22, 23] have revealed substantial 
amygdalar atrophies in both MCI and AD. In our experi-
ments, we found significant region-specific atrophies at eve-
ry subregion of the bilateral amygdalas, with the strongest 
atrophy occurring at the central region, including the baso-
lateral and the basomedial subregions. This is keeping in line 
with previous findings [20, 22]. For the amygdala, the ab-
normality patterns agree well with previous studies, of which 
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subjects were recruited from China as well as Europe and 
US. 

CONCLUSION 

 In this study, because there was no long-term follow-up 
information for our three datasets, we could not analyze sub-
group characteristics of MCI and AD nor correlate shape 
change rates with cognitive deterioration rates to confirm 
longitudinal findings from previous studies [21, 24, 26]. The 
APOE genotype was also unavailable despite its significant 
correlations to volume and shape morphometrics reported in 
a previous study [31]. These are the two major limitations of 
this study. In the future, analyzing subjects at different phas-
es of the disease course (more refined than the MCI and AD 
categorizations) along with cognitive deterioration and geno-
type data will help better understand the disease pathology. 
In addition, future work will also focus on analyzing the 
shape morphometrics of other brain regions as well as com-
bining more advanced machine learning techniques such as 
convolutional neural networks [66-70] and geometric deep 
learning [71-79] to design a much more accurate MCI and 
AD diagnosis system. 
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