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This study aimed to analyse cerebral grey matter changes in mild cognitive impairment (MCI) using voxel-based morphometry and
to diagnose early Alzheimer’s disease using deep learning methods based on convolutional neural networks (CNNs) evaluating these
changes. Participants (111 MCI, 73 normal cognition) underwent 3-T structural magnetic resonance imaging. The obtained images
were assessed using voxel-based morphometry, including extraction of cerebral grey matter, analyses of statistical differences, and
correlation analyses between cerebral grey matter and clinical cognitive scores in MCI. The CNN-based deep learning method was
used to extract features of cerebral grey matter images. Compared to subjects with normal cognition, participants with MCI had
grey matter atrophy mainly in the entorhinal cortex, frontal cortex, and bilateral frontotemporal lobes (p < 0.0001). This atrophy was
significantly correlated with the decline in cognitive scores (p < 0.01). The accuracy, sensitivity, and specificity of the CNN model for
identifying participants with MCI were 80.9%, 88.9%, and 75%, respectively. The area under the curve of the model was 0.891. These
findings demonstrate that research based on brain morphology can provide an effective way for the clinical, non-invasive, objective
evaluation and identification of early Alzheimer’s disease.
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Introduction
Alzheimer’s disease (AD), a progressive and irreversible
disease characterized by memory loss and cognitive
impairment, has become the most common neurodegen-
erative disorder. Recently, researchers have focused on
the preclinical stage of AD based on its clinical symptoms
and biological markers (Rathore et al. 2017; Jack Jr
et al. 2018). Mild cognitive impairment (MCI), which
is characterized by a slight but measurable cognitive
decline and memory function impairment, has been
considered the intermediate stage between physiological
aging and AD (Lennart 2009). Studies have shown that
the cognitive decline may start several years to decades
before the clinical AD diagnosis, first as an asymptomatic
period, then transforming into MCI (Petrella et al. 2003;

Hinrichs et al. 2011). If a patient at the MCI stage could be
recognized in time for interventions and treatments, the
patient’s disease progression might be delayed or even
prevented from advancing to the AD stage (Langa and
Levine 2014).

During the past years, several neuroimaging biomark-
ers have been used to classify MCI and AD patients
or to predict the conversion of patients with MCI (Suk
et al. 2014; Moradi et al. 2015; Li et al. 2019). Struc-
tural magnetic resonance imaging (sMRI) is the exten-
sive utilization of neuroimaging methods due to nonin-
vasive techniques and high resolution. The features of
brain atrophy can be directly observed and measured
on sMRI, including ventricle enlargement (Nestor et al.
2008), hippocampal atrophy (Henneman et al. 2009), and
gray matter (GM) loss. Thus, volumetric measures and
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morphometric patterns are potential features for the
diagnosis of MCI and AD, as well as the prediction of
conversion from MCI to AD (Liu et al. 2019; Wang et al.
2019).

Voxel-based morphometry (VBM) can analyze and
evaluate the structural changes of brain regions in
neurodegenerative diseases, such as dementia (Karas
et al. 2004; Muñoz-Ruiz et al. 2012; Möller et al. 2016),
Parkinson’s disease (Potgieser et al. 2014; Tessitore et al.
2016; Gao et al. 2017), and multiple sclerosis (Zhang et al.
2016). This method was first proposed and standard used
by John Ashburner and his colleagues (Ashburner and
Friston 2000). The size of each voxel of the segmented
tissue automatically analyze by VBM is analyzed to
identify volume differences indicative of GM atrophy or
local changes in WM density. Therefore, VBM is not biased
towards structural changes in a specific area of the
brain, avoids subjective differences caused by artificially
depicting regions of interest, and can objectively and
comprehensively evaluate the anatomical changes of the
entire brain. Even small brain volume or density changes
in early AD can be visualized (Burton et al. 2004; Whitwell
et al. 2007; Josephs et al. 2008; Serra et al. 2010; Chapleau
et al. 2016; Matsuda 2016).

Based on the characteristics of cerebral GM changes,
medical images contain a large amount of valuable infor-
mation that reflects the development and progression of
the disease. Advancements in data mining and machine
learning make it possible to extract many quantitative
features and convert medical images into minable data
(Erickson et al. 2017; Rathore et al. 2017). Deep learn-
ing, as a branch of machine learning, has been widely
used in the field of medical image research and has
shown great potential (Hosny et al. 2018). The processing
dimensionality of medical imaging is higher than that of
other fields, which requires a more powerful model in
terms of learning and adaptability. Thanks to its network
architecture, deep learning can automatically extract
and learn highly representative features from different
medical image data and perform feature representations,
thereby expressing the internal image information more
objectively and explicitly. At present, machine learning
and deep learning approaches are used for different MR-
based tasks, such as deep learning frameworks for diag-
nostic AD classification (Ortiz et al. 2016; Luo et al.
2017), multipattern recognition of arterial spin labeling
perfusion maps to classify patients with AD, MCI, and
subjective cognitive decline (Collij et al. 2016; Lyduine
et al. 2016), and hippocampal MRI data to accurately
predict the progression of MCI to AD (Lin et al. 2018; Liu
et al. 2020).

In this study, we focus on early AD stages, aiming to
discover subtle differences in brain anatomy between
subjects with normal aging but normal cognition and
those with MCI using VBM-based processing and analysis
techniques. We also propose a convolutional neural net-
work (CNN) that can distinguish between normal aging
and MCI based on GM images extracted by VBM from MR
images.

Materials and methods
Study population
We enrolled 13 normal control (NC) participants and
17 individuals with MCI in this study. The MCI criteria
included: (1) the preservation of the general cognitive
function is determined by a clinician based on structured
interviews with informants and patients, (2) no signs
of dementia, (3) decline in episodic memory, defined as
1.5 standard deviations lower than the average of the
control group (Jessen et al. 2014), (4) normal activities
of daily living and normal general cognitive function in
activities of daily living, and (5) no psychiatric or medical
explanation for the diagnosed memory impairment. The
criteria to include participants into the NC group were as
follows: (1) no cognitive impairment, (2) no abnormalities
on conventional brain MRI, (3) no neurological deficits,
and (4) no physical, mental, or neurological disorders.
The MCI and NC groups were recruited in our hospital
from the Department of Neurological Clinic Service and
the Medical Examination Center, respectively. Informed
consent was obtained from all participants before MR
examination according to the procedures approved by
the local ethics committee.

Magnetic resonance imaging
MRI was performed using a 3.0-T scanner (Signa; General
Electric Medical Systems) with an 8-channel standard
head coil. The main MRI parameters of the 3D volume
imaging sequence that covered the whole brain were
repetition time (TR) = 6.8 ms, echo time (TE) = 2.5 ms,
slice thickness = 1 mm with no intersection gap, matrix
size = 512 × 512, and field of view = 160 × 160 mm.

Database
For this study, 94 subjects with MCI (60 early MCI and
34 late MCI) and 60 NC subjects were randomly selected
from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database. This database was established in 2003
by the National Institute on Aging (NIA), the National
Institute of Biomedical Imaging and Bioengineering
(NIBIB), and a contribution from various pharmaceutical
companies and foundations. The database is mainly
aimed at different stages and subtypes of pathologies like
MCI, AD, and vascular dementia, as well as healthy sub-
jects, to compile their MRI, PET, functional MRI, and other
biological data. Clinical markers and neuropsychological
evaluation scores are integrated to determine sensitivity
and specificity of early AD onset markers through
imaging-omics. This database can help researchers
and clinicians to develop new treatment methods and
monitor treatment effects in patients with AD (Jack et al.
2010; Weiner et al. 2010; Wyman et al. 2013).

Image preprocessing
T1-weighted MR images of the brain were preprocessed
using the VBM8 tool of the SPM8 software package
(Wellcome Department of Imaging Neuroscience, Lon-
don, United Kingdom) based on MATLAB R2012b (The
MathWorks, Natick, MA, United States of America).
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Fig. 1. Flowchart depicting the VBM processing. The original T1-weighted magnetic resonance image was registered to the standard brain template for
head movement correction and skull dissection. Then, GM segmentation was performed using the configured standard cerebral GM. After Gaussian
smoothing, the final cerebral GM image was obtained. Abbreviations: GM, gray matter; VBM, voxel-based morphometry.

First, the structural images were segmented into GM,
WM, and cerebrospinal fluid images by using a unified
segmentation procedure after image-intensity nonuni-
formity correction was performed. The segmented GM
and WM images were then nonlinearly transformed
using diffeomorphic anatomical registration (DARTEL)
techniques. Subsequently, the images were modulated
to create a modified template for DARTEL based on
the MNI152 template provided by SPM8, followed by
smoothing with an 8-mm full width at half maximum
isotropic Gaussian kernel. The obtained GM images were
analyzed using the SPM8 statistical software package,
with age, sex, and total intracranial volume as covariates,
to compare the differences between groups and to assess
changes in brain structure corresponding to overall
cognitive function (Fig. 1).

Deep learning
Additionally, we developed a 3D CNN-based deep learn-
ing architecture to recognize early AD using MR images.
Image preprocessing included noise removal and nor-
malization. The GM images of the 2 groups were reposi-
tioned and resampled to a resolution of 121 × 145 × 121,
and a few abnormal points were excluded. The image
values were proportionally distributed in the [0,1] space
and flipped in the same direction. Thus, all GM images of
the brain were registered in the same template space and
had the same intensity range. The 3D CNN network had
4 convolutional layers and 4 pooling layers. The size of
the first pooling layer was 5 × 5, whereas the sizes of the
other 3 layers were 3 × 3. The sizes of the 4 convolutional
layers were 2 × 2, and the first convolution layer gen-
erated 64 images with a feature size of 117 × 141 × 117.
After pooling, the 64 feature images were sampled to
58 × 70 × 58. Finally, a 5 × 7 × 5 feature vector was gen-
erated through three convolutional layers and a pooling

layer. The feature vector was sent to the completely
connected layer and softmax layer for classification, and
dropout was used in this layer to better fit the image
features (Fig. 2).

Statistical analysis
All data are presented as the mean ± standard devia-
tion. The two-sample t-test was applied to comparisons
between the NC and MCI groups because all samples had
a normal distribution. We used Pearson’s χ2-test to com-
pare the sex distribution between the 2 groups. P < 0.05
was considered a statistically significant difference. Sta-
tistical analyses were performed using SPSS 20.0.

The SPM8 T-map was obtained using a threshold for
statistical significance of GM volume changes with a
false discovery rate of P = 0.01 and family-wise error of
P = 0.05. After correction with AlphaSim, brain regions
with P < 0.05 and clusters larger than 100 voxels were
considered significantly different. Using the same correc-
tion method, the correlation analysis between Gaussian-
smoothed cerebral GM images and Mini-Mental State
Examination (MMSE) scores was performed to obtain a
statistical difference map and evaluate the changes in
cerebral GM structure corresponding to the overall cog-
nitive function. The statistically significant brain areas,
center coordinates (MNI coordinates), and peak intensi-
ties were recorded. Finally, the xjView toolkit was used to
visualize the results.

Results
Participants
Baseline demographic and clinical characteristics of the
MCI and NC groups are presented in Table 1. Significant
differences between the study groups were found in
mean age (P < 0.05), MMSE score (P < 0.01), and Montreal
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Fig. 2. The convolutional neural network architecture. Abbreviations: MCI, mild cognitive impairment; NC, normal control.

Table 1. Demographic characteristics of the MCI and NC groups.

MCI NC P value

Number 73 111 -
Male/female 35/38 58/53 0.883
Age (year) 68.76 ± 6.62 69.60 ± 6.94 0.514
MMSE (score) 20.76 ± 6.17 27.23 ± 1.74 <0.01
MoCA (score) 16.12 ± 6.96 25.08 ± 3.20 <0.01

Abbreviations: MCI, mild cognitive impairment; MMSE, Mini-Mental State
Examination; MoCA, Montreal Cognitive Assessment; NC, normal control.

Cognitive Assessment (MoCA) score (P < 0.01). As can be
expected, median MMSE and MoCA scores were higher in
NC subjects compared to those in patients with MCI.

VBM: comparison of GM volumes between MCI
and NC participants
To correct for cluster size, we used the AlphaSim appli-
cation (implemented in REST 1.8) with P < 0.0001 (cor-
rected, voxel-level). Compared to the NC group, patients
of the MCI group showed GM atrophy in the left parahip-
pocampal gyrus, inferior temporal gyrus, middle tem-
poral gyrus, medial frontal gyrus, inferior frontal gyrus,
postcentral gyrus, medial frontal gyrus, Frontal_Inf_Tri_L
(aal), and Parietal_Inf_L (aal), as well as the right sublo-
bar, superior temporal gyrus, and Frontal_Sup_Medial_R
(aal) (Table 2, Fig. 3).

GM volume changes related to MMSE scores in
MCI
Regarding GM volume changes, brain regions showing a
significant correlation with the decline in MMSE score
mainly included the left parahippocampal gyrus, inferior
temporal gyrus, middle temporal gyrus, inferior frontal

gyrus, and inferior parietal edge of the angular gyrus, as
well as the right putamen and superior temporal gyrus
(P < 0.01; Table 3, Fig. 4).

Deep learning
In the training data set, the accuracy of the CNN-based
deep learning model to identify changes in the cerebral
GM of participants with MCI was 97.8%. Thus, the model
was used to classify images of the verification data set.
The accuracy of the CNN model with the verification data
set was 96.0%. In the test set, the accuracy of the model
to identify changes in the cerebral GM of participants
with MCI was 80.9%, and the sensitivity and specificity
were 88.9% and 75.0%, respectively. The area under the
receiver operating characteristics curve was 0.891 (Figs. 5
and 6).

Discussion
To study AD-related changes in the brain, researchers
used the VBM method to analyze changes in the GM of
patients with AD in different populations, at different
stages of onset, and with different pathogenetic mecha-
nisms (Burton et al. 2004; Josephs et al. 2008; Lee et al.
2010). When comparing GM changes between patients
with AD and cognitively healthy people, morphological
alterations in the AD population mainly comprised
atrophy of the medial temporal lobe, including the hip-
pocampus (Rombouts et al. 2000; Baron et al. 2001; Hirao
et al. 2006), entorhinal cortex (Frisoni et al. 2005; Ishii,
Kawachi, et al. 2005a; Di Paola et al. 2007), and amygdala
(Shiino et al. 2006; Whitwell et al. 2007). These findings
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Table 2. Anatomic locations of areas showing significant gray matter differences between MCI and normal control participants
(FDR = 0.01, FEW = 0.05 corrected).

Brain region Side Talairach coordinates P value Peak intensity Z score

X Y Z

Parahippocampal gyrus Left −13.5 −36 −1.5 <0.0001 8.5237 7.78
Temporal_Inf_L (aal) Left −52.5 −19.5 −25.5 <0.0001 6.3737 6.04
Middle temporal gyrus Left −51 −51 −13.5 <0.0001 7.2746 6.80
Sub-lobar Right 30 9 −10.5 <0.0001 8.1034 7.47
Frontal_Sup_Medial_R (aal) Right 6 60 4.5 <0.0001 6.1283 5.83
Medial frontal gyrus Left −6 60 7.5 <0.0001 6.7069 6.33
Superior temporal gyrus Right 54 −52.5 18 <0.0001 6.587 6.22
Inferior frontal gyrus Left −46.5 6 27 <0.0001 6.8632 6.46
Frontal_Inf_Tri_L (aal) Left −40.5 34.5 16.5 <0.0001 6.8677 6.46
Postcentral gyrus Left −54 −24 15 <0.0001 5.7569 5.51
Parietal_Inf_L (aal) Left −46.5 −45 45 <0.0001 6.2427 6.51
Medial frontal gyrus Left 28.5 9 54 <0.0001 5.8299 5.57

Abbreviations: FDR, false discovery rate; FEW, family-wise error; MCI, mild cognitive impairment.

Fig. 3. Comparison of GM volumes between patients with MCI and NC participants (transverse plane). Significant changes (P < 0.0001) are indicated as
colored brain areas where GM atrophy of the MCI group exceeds that of the NC group. Abbreviations: GM, gray matter; MCI, mild cognitive impairment;
NC, normal control.

are consistent with the clinical symptoms of memory
dysfunction in this population (Ishii, Sasaki, et al. 2005b;
Kinkingnéhun et al. 2008). Some researchers examined
the differences in GM atrophy between early-onset

and late-onset AD. Compared to subjects with early-
onset AD, the hippocampus, temporoparietal cortex,
and precuneus of early-onset AD patients showed GM
atrophy, while those with late-onset AD also experienced
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Table 3. Anatomic locations of areas showing significant correlations between gray matter atrophy and MMSE performance decline in
patients with MCI (FDR = 0.01, FEW = 0.05 corrected). Abbreviations: FDR, false discovery rate; FEW, family-wise error; MCI, mild
cognitive impairment; MMSE, mini-mental state examination.

Brain region Side Talairach coordinates P value Peak intensity Z score

X Y Z

Parahippocampal gyrus Left −15 −5 −38 <0.01 5.9253 5.59
Putamen Right −31 −31 −42 <0.01 7.7716 7.07
Inferior temporal gyrus Left 26 65 −11 <0.01 6.7818 6.29
Middle temporal gyrus Left −2 34 −30 <0.01 7.3907 6.78
Superior temporal gyrus Right 3 −62 68 <0.01 6.2792 5.88
Inferior frontal gyrus Left −40 −43 18 <0.01 6.9193 6.40
Inferior parietal edge angular gyrus Left −15 −5 −38 <0.01 6.771 6.28

Fig. 4. GM volume changes related to MMSE scores in patients with MCI (transverse plane). Significant correlations (P < 0.01) between MCI atrophy
and MMSE score are indicated as colored brain areas. Abbreviations: GM, gray matter; MCI, mild cognitive impairment; MMSE, mini-mental state
examination.

the same. It affected most areas of the temporal lobe,
and the degree of atrophy in the brain area of memory
function, especially the hippocampus and entorhinal
cortex area were more obvious than that of early onset
(Frisoni et al. 2005). Some researchers also suggest that
in the late-onset AD population, GM atrophy only occurs
in the bilateral hippocampus, and the younger the
onset age, the lower the GM density of the precuneus
(Karas et al. 2007).

In this study, we focused on MCI because patients at
this stage still have no memory impairment and their

changes in MR images of the brain are basically the
same as those found in the general population. Moreover,
the use of VBM to examine changes in the cerebral GM
of aged but cognitively normal subjects and individu-
als with MCI was less researched. The visualization of
statistical difference maps demonstrated that subjects
with MCI had distinct changes in the cerebral GM, such
as the atrophy of the parahippocampal gyrus, a region
of the entorhinal cortex. This result is consistent with
pathological changes in AD stages III-IV (Braak and Braak
1995; Matsuda 2016).
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Fig. 5. The solid lines represented the accuracy of the CNN-based deep learning model for training and validation sets. The dotted line in the background
represented the curve fitted by the model during the training and validation data set. Abbreviations: CNN, convolutional neural network.

Fig. 6. ROC curve of the deep learning model. The solid line represents
the ROC curve of the test data set. Abbreviations: AUC, area under
the curve; CNN, convolutional neural network; ROC, receiver operating
characteristics.

We also observed that patients with MCI presented
atrophy of the cerebral cortex and subcortical structures
prior to cognitive impairment. The temporal lobe is
closely related to learning and memory. Atrophy in the
temporal lobe of the dominant hemisphere may cause
impairments of language and memory functions. When
the atrophy affects also the nondominant temporal lobe,
the ability to delay memory will be further reduced,
affecting the brain’s coordinated response to spatial
positioning. We also found that the brain area in the
left hemisphere of participants with MCI showed signifi-
cantly more atrophy than the right hemisphere, which is
related to the function of the dominant hemisphere.

In patients with MCI, morphological changes related
to overall cognition are mainly located in the subcortical
area and entorhinal cortex, especially the parahip-
pocampal gyrus (Pinto et al. 2019). This study showed
that patients with lower scores tended to be affected
by severer atrophy, especially in brain regions related
to memory function, which may be related to the
pathological mechanism of cognitive impairment in
these patients.

sMRI can visualize the brain atrophy of people with
dementia, which manifests as the reduction in cerebral
GM, and the functional performance is in early-stage
dementia related to neuropathological changes, such
as neuronal damage and degeneration (Jack et al.
2013). The composition of the human cerebral GM
plays an important role in behavioral responses such
as memory (Graybiel 2000), cognition (Babikian et al.
1990), and sensorimotor function (Grahn et al. 2008),
making the evaluation of GM changes in MCI populations
useful.

Consequently, a deep learning CNN was trained in
this study to extract GM features and learn from the
extracted image features to distinguish patients with MCI
from a normal cognitive population with good results.
To improve our data set, we added images from a public
data set based on the sample size of the enrolled partic-
ipants. To increase the data volume of the sample, the
T1-weighted MR images were registered into a common
anatomical space through linear and nonlinear trans-
formations, eliminating differences between individuals
with varying brain sizes and shapes. In the CNN model,
we appropriately used 4 convolutional layers and 4 pool-
ing layers to extract the feature vector of brain gray mat-
ter, and added more nonlinear information to make the
network have stronger fitting ability. Each convolutional
layer was applied to the input image and detected the
extracted gray matter image features. Each pooling layer
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reduced the spatial dimension of the convolved image
and the computational complexity of the network to
controls overfitting. After pooling, the size of the feature
images would gradually decrease, but the image feature
information contained in each pooling layer would be
more and more accurate than the previous pooling layer,
so the obtained feature vector would be sent to the
complete connection layer and softmax layer for classifi-
cation. Further, since the subjects collected in the exper-
iment came from 2 data sets, the weights of each layer
were updated in each training, and the validation set was
appropriately used to find the best model for the model
on the basis of controlling data overfitting. The optimal
parameters improved the model stability. For example,
Zhao et al. (2020) collected T1-weighted brain images of
normal cognitive, MCI, and AD subjects obtained from
6 different MR scanners and public ADNI data sets to
apply the modified segmentation method based on local
label learning. The regions of interest were selected in the
bilateral hippocampi, and other clinical parameters were
added. Finally, a multivariate-based SVM classifier was
used to categorize the images and predict the levels of
the 3 study groups (Zhao et al. 2020). In particular, char-
acteristic hippocampus changes have a certain clinical
value as a biomarker to predict early AD transformation
(Huang et al. 2019; Spasov et al. 2019; Liu et al. 2020).
Li et al. (2019) used hippocampal changes over a 3-year
period to establish a time-to-event model based on deep
learning that identified people with MCI at a high risk
of developing dementia. Given that the MCI population
has a higher risk of developing dementia every year, we
strived in our study to discriminate patients with MCI
from aged but cognitively normal subjects before they
had cognitive impairment or mild memory impairment.

Some researchers divide MCI into early- and late-onset
groups, and the area of interest selects the GM of the
brain. The difference is that the authors divided the 3D
GM image into 2D planes, then conducted deep learn-
ing according to the standard anatomical orientation
(Gorji and Kaabouch 2019). Considering that 3D contin-
uous MR images are used in clinical practice, we did
not perform plane cutting, which was conducive to deep
learning methods that can continuously extract features
from GM images with zero spacing. Moreover, we used
VBM to segment the GM of the brain before using the
CNN to identify early AD. The deep learning method
eliminated a small number of abnormal image points,
and the GM images from both data sets were placed in
the same template space, reducing differences between
brains and ensuring the same intensity range of images.
From the perspective of brain GM changes in the onset
of MCI, good accuracy was achieved in the test set of
MCI subjects with its own data set, so that early AD
could be identified and achieved good results. Our results
demonstrate that research based on brain morphology
can provide effective tools for the clinical, noninvasive,
objective evaluation, and identification of individuals
with MCI.

This study has some limitations. First, it was difficult
to clinically identify patients with MCI. Although
sufficient MCI samples were obtained from the ADNI
database, limitations of our corresponding collection
need to be considered. Second, according to the time
of MCI onset, some of the enrolled participants with MCI
may have already been in the late-onset stage. We did not
distinguish between early and late stages of MCI onset
and disease progression. Third, to identify MCI in the
normal aging population based on GM changes, we used
a deep neural network to evaluate the generalization of
the model without evaluating it with other deep learning
models.

In conclusion, VBM, used as an analysis method for
morphological changes in neurological diseases, can
facilitate the evaluation of altered brain structures
related to memory and cognitive impairment in early AD.
Furthermore, a newly developed deep learning CNN had
good accuracy in identifying patients with MCI based on
cerebral GM changes. The evaluation of brain structures
is an effective tool to noninvasively and objectively
assess and identify patients with early stages of AD.
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