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Abstract
Neuroimaging data analysis has attracted a great deal of attention with respect to the accurate diagnosis of
Alzheimer’s disease (AD). Magnetic Resonance Imaging (MRI) scanners have thus been commonly used to study
AD-related brain structural variations, providing images that demonstrate both morphometric and anatomical
changes in the human brain. Deep learning algorithms have already been effectively exploited in other medical image
processing applications to identify features and recognise patterns for many diseases that affect the brain and other
organs; this paper extends on this to describe a novel computer aided software pipeline for the classification and early
diagnosis of AD. The proposed method uses two types of three-dimensional Convolutional Neural Networks (3D CNN)
to facilitate brain MRI data analysis and automatic feature extraction and classification, so that pre-processing and
post-processing are utilised to normalise the MRI data and facilitate pattern recognition. The experimental results
show that the proposed approach achieves 97.5%, 82.5%, and 83.75% accuracy in terms of binary classification AD vs.
cognitively normal (CN), CN vs. mild cognitive impairment (MCI) and MCI vs. AD, respectively, as well as 85% accuracy
for multi class-classification, based on publicly available data sets from the Alzheimer’s disease Neuroimaging
126
Initiative (ADNI).
Key Words: Alzheimer’s Disease Diagnosis, Neuroimaging, Magnetic Resonance Imaging, Deep Learning,
Convolutional Neural Networks, 3D VGG16, 3D ResNets18, 3D U-net.
DOI Number: 10.14704/nq.2021.19.11.NQ21183
NeuroQuantology 2021; 19(11):126-140

Introduction
AD is a chronic disease that affects the brain by
causing degeneration that results in cell death and
overall brain volume loss. This in turn leads to
cognitive issues such as memory loss and
confusion, which are among the most prominent
characteristics of Alzheimer’s cases (World Health
Organization - WHO, 2020).
The main cause of AD is the accumulation of two
types of brain proteins, Beta Amyloids (Aβ) and Tau
Tangles that disrupt the normal functioning of
brain cells (neurons) and trigger a series of toxic
events. During such disruption, neurons become
damaged, lose their connections to surrounding
neurons, and eventually die, and current scientific

thinking suggests that the process overall is caused
by a combination of genetic factors and lifestyle and
environmental triggers (Bloom, 2014).
As more neurons die, entire areas of the brain begin
to suffer from shrinkage, resulting in the common
cognitive function problems that are considered
highly symptomatic of Alzheimer's disease. Such
damage also becomes more widespread as the
disease progresses, causing the brain to shrink
significantly.
Although there is currently no cure for AD, its
progression can be slowed with improvements to
various physical, cognitive, lifestyle, and dietary
factors.
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As a result, accurate and early diagnosis of
Alzheimer's disease (AD) in its earliest form of mild
cognitive impairment (MCI) is critical for the
implementation of optimal medication and
improved patient care in good time (Yiannopoulou
KG, 2020) (Weller J, 2018). Brain structural
variations, such as cerebral cortex thinning,
hippocampus shrinkage, and ventricle enlargement,
are considered to be the most common MRI
biomarkers in AD. These can thus be effectively
used diagnose this type of dementia at an early
stage (Amaral D, 2007) (Giovanni B. Frisoni, 2010).
Clinically, numerous medical imaging techniques,
including Structural Magnetic Resonance Imaging
(sMRI), Functional Magnetic Resonance Imaging
(fMRI), Positron Emission Tomography (PET) and
Computed Tomography (CT), can be implemented
to detect structural and functional changes
occurring in the brain across different stages of the
disease. In particular, T1-weighted sMRI scans
reveal high-resolution structural information about
the brain, and these can thus be used to identify
atrophic changes. Figure 1 shows an example of
structural changes in the brain captured by sMRI
(taken from the ADNI* datasets) (Giovanni B.
Frisoni, 2010).
a)

b)

Figure 1. Two sets of images in three dimensions, Axial, Sagittal, and
Coronal respectively for a) Healthy brain and b) AD brain
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The standard AD diagnosis process, which is often
performed manually by specialists, is, however,
time-consuming and costly. In recent years, a lot of
effort
has
thus
gone
into
developing
Computer-Aided Diagnosis (CAD) systems that can
utilise various machine learning methods to study
and classify disease characteristics as captured in
MR images.
Machine learning studies using neuroimaging data
to improve diagnostic tools have helped a lot in the
automation of brain MRI analysis, and deep
learning (DL) has emerged as one of the most
promising tools for diagnosing Alzheimer's disease,
as discriminative features can be extracted
automatically from raw data using DL models. The
most advanced DL architectures have been
designed to work with real-world images for the
purposes of image segmentation, Region-of-Interest
(ROI) parcellation, Image regression and
classification, and several other visual imagery
analysis methods. These models, however, require
large quantities of training data, particularly in the
form of brain MR images, to learn the patterns and
features embedded in these images. The benefit of
DL models is that learned features are directly
extracted from input images, eliminating the need 127
for manually generated features (Chan HP, 2020).
This paper thus proposes a framework for
diagnosing Alzheimer's disease based on
post-processed sMRI data in conjunction with DL.
Each MR image is passed through three preprocessing steps: intensity normalisation, spatial
registration, and brain extraction. The three types
of brain tissues, White Matter (WM), Gray Matter
(GM), and Cerebrospinal Fluid (CSF), are then
segmented using a Hidden Markov Random Field
(HMRF) segmentation technique.
Parcellation of the ROIs most commonly affected by
Alzheimer's disease, such as the hippocampi and
lateral ventricles, is done using U-net architecture
CNN. U-net can learn from a small dataset, yet still
demonstrates superior performance with regard to
affected region parcellation. This is important as
the hippocampus is considered to be the most
significant AD biomarker, being responsible for
generating new memories in the brain; any atrophy
in the hippocampi regions thus causes the memory
issues symptomatic of AD.
The resulting sets of pre-processed images, tissue
segmented images, and ROI parcellated images are
thus combined and fed into two types of CNN
architecture:
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•

A 3D Residual Neural Network (ResNet), for
the automatic extraction of the global
features; and

•

A 3D Visual Geometry Group (VGGNet) for the
automatic extraction of local features
embedded in hippocampi and the inferior
horns of the lateral ventricles.
Both architectures are then integrated in parallel to
form a robust architecture that is relatively
immune to noise, variations, overfitting and
underfitting. Early experimental results show that
the proposed approach offers better accuracy than
either the original images alone or the ROIs, as well
as showing that the proposed approach is more
efficient in terms of NC, MCI, and AD diagnosis.
The main contributions of this paper can thus be
summarised as follows:
•

The design of a computer aided diagnosis
system (CAD) that automatically and
accurately discriminates between AD, MCI,
and NC cases.
• Proof of concept that this CAD can contribute
to the reduction of doctors' workloads in
addition to facilitating earlier and more
efficient diagnoses of AD to help maintain
patient quality of life and to allow the
adoption of life style changes to slow disease
progression.
The rest of this paper is organised as follows: After
the introduction, a brief description of related
works in the area of AD classification is provided in
Section 2. Section 3 then describes the data used in
this work, before the proposed model is described
in detail in Section 4, and Section 5 provides the
experimental results. Section 6 then introduces a
discussion of these results, while an overall
conclusion is offered in section 7.
Related Works
Machine learning (ML) and deep learning (DL) are
the most important tools for computer
development and data science. Deep learning
methods can learn to utilise unique patterns from
raw data based on their hierarchical and layer-wise
structures: several deep learning methods for AD
diagnosis using sMRI scans have thus been
proposed, which have outperformed traditional
machine learning-based methods.
The first attempts at AD diagnosis primarily
focused on features extracted from regions
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segmented from whole brain MR images, using
volumetric-based, surface-based, or voxel intensity
features. Farhan et al. (Saima Farhan, 2014) used
volumetric features computed using Statistical
Parametric Mapping (SPM) segmentation of brain
tissues in software; these included GM, WM, CSF,
and the hippocampi regions volume. These features
were classified using an ensemble of classical
machine learning techniques: Support Vector
Machine (SVM), Random Forest (RF), and Neural
Networks (NN).
Many researchers, including Klöppel et al. (Stefan
Klöppel, 2008), Karas et al. (Karas GB, 2004), and
Baron et al. (Baron JC, 2001) have used the
segmentation of GM tissue by means of voxel-based
morphometry implemented in SPM to allow direct
classification of whole segmentation images using a
classical machine learning technique. Khedher et al.
(L. Khedher, 2015) also initiated feature reduction
using Principal Component Analysis (PCA) before
classification to reduce learning complexity.
Ahmed et al. (Olfa Ben Ahmed, 2014) used visual
regional-based shape features extracted from the
segmented
hippocampi
regions
and
the
surrounding CSF volume to discriminate between
AD, CN, and MCI cases using Bag-of-Visual Features 128
techniques. Fan et al. (Yong Fan, 2007) used a
watershed algorithm to automatically partition
sMRI images into an adaptive set of brain areas
before extracting the regional volumetric features
to train an SVM-based AD classification model.
Chupin et al. (Marie Chupin, 2009) and Colliot et al.
(Olivier Colliot, 2008) segmented hippocampi
regions and classified AD cases based solely on
hippocampal volume, while Liu et al. (Yawu Liua,
2011) utilised other regional volumes and cortical
thickness measures in addition to hippocampal
volume. Shen et al. (Shen, 2011) compared several
hippocampus surface-based shape-description
analyses as a way to study local and global brain
structural variations caused by hippocampal
atrophy to develop their understanding of the
progression of AD. However, these traditional
machine learning techniques retained two major
limitations:
1. Such techniques are time-consuming and
require a great deal of experience in medical
imaging among users to produce an accurate
diagnosis.
2. These techniques also require intensive
pre-processing steps to facilitate manual
feature extraction and selection, which can be
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error-prone, while extracting low-level
features from multiple imaging modalities
may fail to achieve the best results.
DL has thus recently become popular as a useful
way to facilitate medical image analysis, including
the diagnosis of AD using imaging techniques. CNNs
is the most common and popular type of DL, due to
its efficiency with regard to image analysis. CNNs
were thus utilised in the medical image
segmentation field by Zhou et al. (Chenhong Zhou,
2020), Peng et al. (Suting Peng, 2020), Chen et al.
(Wei Chen, 2019), and Isensee et al. (Fabian
Isensee, 2018) as a way to detect and segment
brain tumours using a U-net CNN architecture.
In the medical image classification field,
Puente-Castro et al. (Alejandro Puente-Castro,
2019) implemented a trained 2D ResNet to extract
features from sagittal views of MR images; the
relevant features were then input to a final SVM
classifier to diagnose AD. Valliani et al. (Aly Valliani,
2017) implemented the same model with
replacement of the final classification technique
with a fully-connected layer. Islam et al. (Jyoti
Islam, 2018) used an ensemble of CNNs with dense
layers for all three views, Sagittal Coronal, and
Axial, as a way to identify different stages of AD.
The latter’s results showed that pre-trained
networks surpassed shallow networks, but also
suggested that 2D pre-trained networks lose most
of the information embedded in the 3D MR images
when sliced and analysed in the form of 2D
convolutional layers. Using all three views for MR
images is thus necessary to reduce such
information loss to a certain extent.
In more recent research, authors focused on 3D
networks to address the problem of insufficient
information in the 2D slice-level approach, despite
their higher computational cost, these models are
better at extracting discriminative features from
the 3D brain in MR images. Yagis et al. (Ekin Yagis,
2020) designed a deep 3D CNN model, inspired by
the VGG-16 architecture, for binary classification
(AD vs. CN). This approach was evaluated on two
data sets, ADNI and OSAIS, using T1-weighted
structural brain MR images. Pan et al. (Dan Pan,
2020) developed a novel deep learning approach
that combined 2D CNN and Ensemble Learning
(CNN-EL), comparing this to two other methods,
the SVM-PCA method and a 3D CNN based on
Squeeze and Excitation blocks (SENet). Their
experimental results showed that the CNN-EL
surpassed that of the 3D CNN SENet, though no
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comparisons with other 3D CNN architectures were
provided.
Li et al. (Fan Li, 2018) proposed a classification
method based on multiple cluster dense CNN
(DenseNets) to learn the various local features of
3D patches extracted from MRI brain images and
clustered using a K-means algorithm. Local
patch-level features generated for each patch for
the same MR image were assembled to generate the
final global classification results. This method was
evaluated on both AD vs. CN and MCI vs. CN
subjects downloaded from the ADNI dataset.
Cheng et al. (Danni Cheng, 2017) proposed a
similar multiple deep 3D CNN to that in Li et al.
(Fan Li, 2018), differing only in terms of the CNN
architecture. Cheng et al. (Danni Cheng, 2017) thus
also extracted local features from MRI brain
patches and fused them to form a final diagnosis.
Katabathula et al. (Sreevani Katabathula, 2021)
proposed a lightweight 3D deep CNN model known
as DenseCNN2 for AD classification using combined
segmented hippocampus features extracted using a
DenseNet and global shape representations
obtained from the LB spectrum. Experiments were
done separately on both left and right hippocampus
129
T1 weighted MR images obtained from the ADNI
dataset.
Korolev et al. (Sergey Korolev, 2017) and Zhang et
al. (Xin Zhang, 2021) used 3D ResNet architecture
to classify AD vs. CN and progressive MCI (pMCI)
vs. stable MCI (sMCI) cases. They utilised
self-attention residual mechanisms to capture
long-range
dependencies
and
reduce
computational
inefficiency
from
repeated
convolutional operations. They also implemented
gradient-based localisation class activation
mapping (Grad-CAM) to visually explain the
resulting prediction of AD.
In previous studies, various classification
techniques have been used across various brain
regions. Several of these studies also utilised whole
MRI brain images to facilitate automatic feature
extraction and classification. However, these
methods have several limitations:
•
•
•

They are computationally intensive because of
high brain MRI resolutions.
They are prone to over-fitting due to high
dimensionality.
They ignore much of the regional and local
information that has been shown to be critical
in the diagnosis of AD.
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Other studies have focused on feature classification
extracted from segmented ROIs such as the cortical
and
subcortical
regions,
including
the
hippocampus, GM, and CSF. Such methodologies
can result in good classification accuracy, though
they neglect global brain structural variations.
In this work, two methodologies are thus focused
on: isolating significant regions (hippocampi
regions and lateral ventricles) in conjunction with
using whole brain MRI to extract those global
features that improve AD classification accuracy.
Materials
The Alzheimer's Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu) was the source
of all brain MR images used in evaluating the
proposed software. The primary goal of ADNI is to
test whether serial MRI brain images, PET images,
and other biological markers, such as CSF biopsy
and genetics, clinical and neuropsychological
assessments, can be used to track and diagnose AD
in the earliest stages of its progression. The
three-dimensional T1-weighted sMRI images were
used in this work from baseline and screening
groups ADNI1. The number of subjects was thus
835, split into three groups: 200 AD subjects, 407
MCI subjects and 228 CN subjects.
Only 200 subjects were chosen, selected randomly,
from each group to provide MR images in order to
develop a balance between classes to avoid
classification bias. This work then aimed to classify
AD vs. CN, CN vs. MCI, and AD vs. MCI cases, and to
provide multi-class classification.
Proposed System
In this section, the proposed classification software
pipeline is explained in more detail. As shown in
figure 2, pre-processing, post-processing, feature
extraction, and classification are the four main
steps in the MRI classification procedure. All work
was implemented using the latest MATLAB version:
2021a. Figure 2 shows the block diagram for the
proposed software pipeline.
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130

Figure 2. Block diagram for the proposed software pipeline

A. Pre-Processing
MR images downloaded from ADNI were passed
through several pre-processing steps before
analysis. Such pre-processing ensures that all
images are standardised and normalised, reducing
the complexity of the ensuing processes. The
pre-processing process was thus
1. Brain Extraction
The first major step is to remove any segments of
MR brain images that could be mistaken for other
brain tissues, such as skull portions, eyes, fat, dura,
etc. This process was executed using a MIDAS brain
mask provided by the ADNI website, which defines
the main brain tissues (white and grey matter). To
utilise interior and exterior brain CSF, voxel-based
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morphological operations were executed to fill any
holes in the mask representing the brain ventricles,
with the mask extended to cover the exterior and
surrounding CSF. Figure 3 shows the adapted mask
compared to the original MIDAS mask.

template, which is a nonlinear symmetric
T1-weighted MR template with a voxel size of
1×1×1 mm3. The resulting images were cropped to
exclude any surrounding background voxels, and
the final MR image resolution was set to
160×192×160.
A. Post-Processing
A post-processing stage is essential to segment
brain tissues and parcellate AD-related ROIs. The
post-processing stage can also be used to make
further refinements to pre-processed images before
they reach the feature extraction stage.

(a)

(b)

Figure 3. Comparison between a) MIDAS mask and b) Adapted mask.

2. Intensity Normalisation
Due to differences between MRI scanners and the
parameters used in each case, large intensity
variations tend to occur between MR images, which
affect the quality and performance of multiple
subsequent
processes,
particularly
the
post-processing stage. This can lower the final
classification accuracy, and thus a Simple Intensity
scaling technique was first applied to compensate
for this, based on three intensity regions:
• WM intensity (high intensity region).
• GM intensity (medium intensity region).
• CSF intensity (low intensity region).
A k-means clustering algorithm was thus used to
segment the three intensity regions, with the
computed means shifted to match the Montreal
Neurological Institute (MNI) ICBM152 template.
3. Registration
Image registration is required in order to
determine the correspondence between subjects
and to ensure that each brain region assessed in a
subject’s MRI corresponds to the same region in all
other subjects’ MRIs. This both reduces the
complexity of the subsequent post-processing stage
and improves the accuracy and robustness of ROI
parcellation.
Affine registration was thus adopted for the initial
brain alignment task. This is a rigid-body linear
registration that tends to preserve parallelism, and
thus avoids deforming brain structures; instead, it
manipulates linear parameters using translation,
rotation, scaling, and shearing. All MR brain images
were therefore registered to the ICBM152 2009a

eISSN 1303-5150

1. Brain Tissue Segmentation
In image processing, various techniques are
available for segmenting images. In this process, a
k-means clustering technique, followed by an
HMRF technique, was used to segment the three
tissue types within the brain, WM, GM, and CSF. The
HMRF process depends on two voxel features:
intensity and neighbourhood. These together are
used to classify voxels into one of the three
required classes. The k-means clustering thus
provides the initial intensity means for the HMRF 131
algorithm based only on the voxels’ intensity,
allowing the HMRF to further optimise the initial
segmentation based on both voxel intensity and
neighbourhood (Ivana Despotović, 2015).
The aim of the process is to reduce the complexity
of the image by the reducing number of data bins to
simplify analysis. In this case, this means reducing
the voxels’ intensity range to just three bins or
labels which represent the tissue classes of interest.
Tissue labelled images are then multiplied by the
relevant pre-processed images to further normalise
intensity variations and reduce overlap between
tissue types in the pre-processed images.
2. ROIs Parcellation
The hippocampus is a major component of the
brain which is located deep within the temporal
lobe. It plays a major role in the formation of new
memories in human brains, and it is unfortunately
one of the first areas in the brain to be damaged by
AD. Loss of hippocampal volume thus helps to
distinguish very mild AD from healthy aging (W.J.P.
Henneman, 2009).
Enlargement of the lateral ventricles, the two
largest interconnected CSF-filled cavities located
deep inside the cerebrum, is also considered a
robust abnormality indicator of AD. The average
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change in ventricular volume has thus been studied
extensively as a potential marker to predict
progression of this type of dementia (Liana G.
Apostolova, 2012). Figure 4 shows typical
hippocampal atrophy and lateral ventricle
enlargement in an AD patient as compared to CN
subject, with both images having been downloaded
from the ADNI dataset.

(a)

Hippocampi regions and lateral ventricles show
common patterns across all human brains, and thus
both can be parcelled by means of pattern
recognition. CNN is one of many DL classes
appropriate for visual images analysis that can be
used to parcellate those ROIs by means of DL voxel
classification. Such CNNs typically have one or
more convolution layers and one or more pooling
layers, as well as non-linearity layers and input and
output layers.
U-net (Wei Chen, 2019) was the CNN architecture
selected for the parcellation task in this case. This
consists of two stages, an encoder and a decoder,
with a bridge in between them. There are six blocks
in each stage, and

(b)

Figure 4. Coronal view of hippocampal atrophy and lateral ventricles
enlargement based on comparing a) Healthy brain and b) AD brain

132

Figure 5. U-net CNN architecture used for the parcellation process of both ROIs

Each block has seven layers. At the initiation of the
encoding stage, each block has two convolutional
layers, two normalisation layers, two activation
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layers, and a max-pooling layer. By the decoder
stage, each block has the same layers except for the
addition of a deconvolution layer at the end of each
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block and the removal of the max-pooling layer the
Bridge that separates the two stages thus consist of
a max-pooling and deconvolution layer in addition
to the six main layers. Figure 5 shows the
architecture as adopted in this experiment.
The input for the U-net was 3D MRI brain images,
while the labelled images were the output. This
network was thus used to learn the patterns
required to classify voxels based on provision of the
desired output, in this case, a ground-truth image.
In forward learning, the final layer, the
classification layer, is used to compute the dice
coefficient, which represents the output loss. In the
resulting backpropagation, the network computes
the gradients of all learnable parameters with
respect to this output loss, and these gradients can
be used to update all learnable parameters in the
right direction and by the right amount.
Ground truth images for the hippocampus were
provided by ADNI, whilst ground truth images for
the lateral ventricles were implemented in
ITK-SNAP software using a semi-automatic
segmentation technique.
Using a bounding-box over the hippocampi regions,
the ROI labelled images were cropped in order to
remove any unnecessary background voxels, giving
an output resolution of 96×64×64. Those ROI
labelled images were then multiplied by the same
region in the pre-processed images in order to
extract only the ROIs.

and thus multiple successive convolutional
operations must be implemented within the
network to extract the necessary features.
However, deep CNNs are hard to train due to the
vanishing gradient problem, as gradient repeated
multiplications cause gradients to become smaller
and smaller over time. This issue was resolved by
introducing a batch normalisation layer after each
convolutional layer. Another solution, introduced in
ResNet, is skip connections, which simplify the
network and speed up raining (Kaiming He, 2015).
ResNet-18 architecture was used without any
transfer learning to ensure that the features
extracted from the 3D brain MR images were
specific to AD. A number of experiments were then
executed to select the optimal number of learnable
3D parameters which was sufficient to solve the
problem without producing over- or underfitting.
Figure 6 shows the implemented 3D ResNet-21
architecture in detail. ResNet as downloaded from
ImageNet has 64 kernels in the first convolution
layer while the adopted version of ResNet contains
just 16 kernels. The number of global features that
can be learned using the adopted ResNet was thus
128. Global average pooling was used as a
dimensionality reduction technique to reduce 133
the number of dimensions to one, and the
fully-connected layer contained three neurons
instead of two to permit multi-class classification.
The dropout layer was included to help prevent the
CNN from overfitting to the training dataset.

B. Feature Extraction

2. 3D VGGNet Architecture

Two types of images resulted from the brain tissue
segmentation and parcellation of the ROIs most
affected by AD that offered the lowest noise
intensity and diminished spatial variations. Images
resulting from the tissue segmentation process
were utilised to extract the global features, while
images resulting from the parcellation process
were utilised to extract local features from
AD-related ROIs. A 3D ResNet was adopted for
automatic global feature extraction, whilst VGGNet
was adopted to extract local features. Both
networks were trained and optimised dependently
to allow them to later be fused to obtain the final
classification results.

VGGNet is a deep CNN architecture with fewer
convolutional layers than ResNet; it was thus
utilised in this work to extract local features from
ROIs. The adopted VGGNet has a reduced number
of learnable parameters as compared to the original
VGGNet downloaded from ImageNet, with just eight
kernels in the first convolutional layer,
Batch normalisation layers were added to the
network to overcome the vanishing gradient
problem, and a global average pooling layer was
added to reduce the dimensionality of the extracted
features. The fully-connected layer also contained
three neurons instead of two to allow multi-class
classification. The dropout layer was again included
to prevent the CNN from overfitting to the training
dataset, and the number of extracted local features
was 128, offering a total of 256 feature that could
be used in the classification task.

1. 3D ResNet Architecture
To extract deep features from an image and prevent
any overfitting, a CNN must have sufficient depth,

eISSN 1303-5150

www.neuroquantology.com

NeuroQuantology | November 2021 | Volume 19 | Issue 11 | Page 126-140 | doi: 10.14704/nq.2021.19.11.NQ21183
Zahraa S. Aaraji et al / Automatic Diagnosis of Alzheimer’s Disease Using Deep Learning Techniques

134

Figure 7. Adopted 3D VGGNet architecture

Figure 6. Adopted 3D ResNet-21 architecture

3. Data Preparation and Augmentation
The two types of CNNs were trained using different
type of images. ResNet was trained with images
resulting from the tissue segmentation process in
order to extract the global features that allow
discrimination of the different classes of the disease
based on overall brain structural variations, while
VGGNet was trained with images resulting from the
ROI parcellation process as a way to extract the
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local features embedded in the hippocampi regions
and the surrounding lateral ventricles’ CSF.
Figure 8a shows a full head MRI scan for a single
subject from the ADNI dataset without any
processing. Figure 8b shows how the image of the
brain was extracted and the image intensity
normalised by means of the first two steps of the
pre-processing stage. Figure 8c then demonstrates
the affine registration of the brain with the
ICBM2009c template.
Figure 8d shows the segmentation resulting from
the labelled image for the same subject based on
the HMRF technique in the post-processing stage.
CSF is shown in red, while GM is green, and the WM
is shown in blue. Figure 8e then represents the final
tissue normalised image that can be used as an
input to the global feature extraction CNN
architecture, 3D ResNet.
Figure 8f shows the labelled images resulting from
the ROI parcellation process, with green used to
represent the left and right hippocampi and blue
used to represent the lateral ventricles. In figure 8g,
the cropped ROIs image is shown in JET colours,
with hot areas represents both hippocampi and the
blue, cold, areas showing the lateral ventricles with
their inferior horns. This image can thus be used as
input to the 3D VGGNet for the extraction of local
ROI features.
Subjects were split into three groups, with 60%
used for training, 20% for validation, and 20% for
testing. Data splitting was performed across five
age groups to ensure adequate age variation
between subjects within each set.
All images used in the training for both CNNs
architectures were augmented randomly before
being entered into the CNN at each training epoch
to reduce the risk of overfitting to the training
dataset. Random augmentation types included:
•
•
•
•
•

-3 to 3 voxel 3D translation.
-5 to 5 degree 3D rotation.
-5 to 5 degree 3D shearing.
95% to 105% scaling.
Flipping along the axial view.

a)

b)

c)

d)
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e)

f)

g)

Figure 8. Axial, sagittal, and coronal view respectively left to right in a
head scan from a single-subject MRI session along with all resulting
images from the necessary processes

4. CNNs Training and Hyperparameters
Both CNNs were trained separately to allow them
to learn both local and global features. The CNNs
were trained using Stochastic Gradient Descent

eISSN 1303-5150

www.neuroquantology.com

NeuroQuantology | November 2021 | Volume 19 | Issue 11 | Page 126-140 | doi: 10.14704/nq.2021.19.11.NQ21183
Zahraa S. Aaraji et al / Automatic Diagnosis of Alzheimer’s Disease Using Deep Learning Techniques

with Momentum and Cross Entropy Loss functions.
At a 0.001 learning rate, with the learnable
parameters regularised with an L2 regularisation
factor of 0.1 to add additional protection against
overfitting. CNN training ceased after a validation
limit 35 epochs, so that the training was stopped if
validation loss did not go any lower after 35
epochs.
To avoid overfitting to the training set, five
methods were used:
• Data augmentation.
• Reduced number of learnable parameters.
• Dimensionality reduction by applying a
global average pooling layer.
• Dropout layer (50% drop).
• L2 regularisation term.
C. Final Classification
Local features extracted from the hippocampi
regions through VGGNet, and global features
extracted from processed whole brain MR images
through ResNet were joined by applying a
concatenation layer to form the final CNN. This
concatenation layer was followed by two
fully-connected layers with 100 neurons and either
two neurons, for binary, or two neurons, for multiclass, final classification.
To insert the subject’s age into the necessary
equation and thus correct the classification for age
variations, the final classification results and
subjects’ ages were classified using an SVM
classifier.

Table 1. Number and distribution of ground truth images used in ROI
parcellation network training

Hippocampus
GT
All
487
Training 300
Validation 100
Testing
87

Lateral Ventricles
GT
180
110
35
35

The training of the lateral ventricles parcellation
network converged to a global best solution with
no over or underfitting, as the patterns were simple
to recognise and the intensity differences of the
boundaries separating the ventricles from the
surrounding GM were crystal clear. However, in the
hippocampus parcellation network, an overfit of
7% was produced due to the MRI resolution being
relatively low, with the hippocampus area being
very small and its boundaries indistinct. This would
thus be resolved by using a higher resolution MRI,
and in any case, the overfitting was too small to
produce a significant parcellation error; the
network thus generalised sufficiently well enough
to the whole dataset on testing. Figure 8 shows a
chart of the resulting parcellation dice coefficients,
while Figure 9 shows the MATLAB training plot for 136
ROI parcellation U-net training.

Experimental Results
This section provides all results, including ROI
parcellation U-net architecture training and testing
and the ResNet, VGGNet, and final classification
results.
A. U-net Parcellation Results
In this work, 3D T1-weighted structural brain MRIs
downloaded from the ADNI1 dataset are used to
train the U-net architecture. CNN was trained
several times to fine tune the hyperparameters.
Ground truth images were randomly divided into
three groups to create training, validation, and
testing sets. Table 1 shows the ground truth
numbers for both hippocampi and lateral ventricle
sets.
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Figure 9. Dice coefficients for training, validation, and test sets under
ROI parcellation U-net.

A. Classification Results
Both ResNet and VGGNet were trained separately
to allow them to learn the patterns that
discriminate AD subjects from CN subjects. As
multiple strategies were used to prevent
overfitting, both CNNs showed no to little overfit to
the training data. Figure 10 shows the accuracy and
loss curves for the training vs. validation sets.
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(a)

137

(b)
Figure 10. Training vs. validation accuracy and loss for a) VGGNet and b) ResNet.

Table 2 shows the classification accuracies for AD
vs. CN for all models. Classification based only on
hippocampi regions achieved relatively high
accuracy; nevertheless, merging both CNNs with
two
fully-connected
layers
lowered
the
misclassification rate by a reasonable amount. Age
corrected SVM classification showed the best
results overall.
Table 2. Results for different classification stages

Accuracy

Features extracted from AD vs. CN training were
then used to train the final classification
fully-connected layers and the SVM classifier model
for AD vs. MCI and CN vs. MCI. Figure 11 shows the
area under Receiver Operating Characteristics
Curve (ROC) plots for all classes in the SVM model.
The proposed software pipeline achieved a 95%
true positive rate (true AD diagnosis) and a 100%
false positive rate (true CN diagnosis), which
represents the best rates achieved in computerised
AD diagnosis based on imaging techniques
according to the current literature.

VGGNet (Hippocampi Regions) 93.75%
ResNet (full brain MRI)

95%

ResNet + VGGNet

96.25%

CNNs + SVM (age correction)

97.5%
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the proposed CNN training and validation accuracy
and loss.

138

Figure 12. Training and validation loss and accuracy for multi-class
classification CNN (ResNet + VGGNet).

Table 3 thus shows the classification results for all
four classes in terms of final CNN accuracy,
sensitivity, and specificity. These results were
derived from the testing set only, which contained
40 subjects per class.
Table 3: Classification results for testing set only, including sensitivity
and specificity

AD vs. CN
AD vs. MCI
CN vs. MCI
Multi-class
Figure 11. ROC curves for classifying a) AD vs. CN, b) AD vs. MCI and c)
CN vs. MCI

The multi-class classification model was trained
from scratch and without any transfer learning as a
way to test the final CNN architecture. Final CNN
training appeared stable and showed no overfitting
to the training set. The multi-class classification
accuracy thus achieved was high, easily in line with
the current state-of-art methods. Figure 12 shows
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Accuracy
97.5%
82.5%
83.75%
85%

Sensitivity
38/40
37/40
36/40

Specificity
40/40
29/40
31/40

̶

̶

Discussion
This study proposed a DL approach to be applied to
the most commonly acquired brain images,
anatomical MRIs of the brain in order to accomplish
three goals:
• To achieve the binary and multi-class
classification of AD, CN, and MCI.
• To facilitate identification of the complex brain
anatomical patterns linked to AD.
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• To generate improvement on state-of-art
methods by combining assessment of the
global and local features of the disease.
A comparison of the proposed model with state-ofthe-art deep learning-based methods was
undertaken. As reported in the literature, several
studies have used whole brain MRIs yet neglected
the most important AD-related regions; these
techniques thus suffered from the loss of significant
biomarkers, leading to lower classification accuracy
(Ekin Yagis, 2020) (Sergey Korolev, 2017)
(Xin Zhang, 2021) (Amir Ebrahimi, 2020). Other
studies used only regions of the brain MR images,
causing them to neglect possible pathological
variation across the whole brain, which also
decreased classification accuracy (Sreevani
Katabathula, 2021). The current proposed method,
however, combines both local and global features in
order to collect all AD-related patterns. Table 4
thus show the results achieved as compared to
those of other state-of-art methods.
Table 4. Comparison between the proposed method and state-of-art
methods in terms of AD vs. CN classification results
References
(Ekin Yagis, 2020)
(Dan Pan, 2020)
(Fan Li, 2018)
(Danni Cheng, 2017)
(Sreevani Katabathula, 2021)
(Sergey Korolev, 2017)
(Xin Zhang, 2021)
(Amir Ebrahimi, 2020)
Proposed method

Approach
3D CNN
CNN &E L
Dense Nets
Multi-Deep CNN
DenseCNN2
RESNET
3D ResAttNet
3D ResNet-18
ResNet+VGGNet

AD vs. CN
73.4%
84%
89.5%
87.15%
92.52%
80%
91.3%
96.88%
97.5%

As shown in table 4, the proposed approach
achieved the highest accuracy as compared with
existing DL methods, with 97.5% accuracy for AD
vs. CN classification. This is thus higher than both
traditional and DL methods. These results
demonstrate that the combination of global and
local features extracted using separate CNNs
results in improved classification results. To
achieve this, both ResNet and VGGNet were trained
to recognise the necessary patterns without
overfitting or underfitting to the training set.
Conclusion
In recent years, DL techniques have been eagerly
adopted for the automatic diagnosis of AD in its
early stages as a way to satisfy clinicians’ primary
goal of acting to slow down disease progression.
This is a challenging task, however, causing many
authors to focus on the issues arising. They thus
developed many CAD systems to perform AD
diagnosis, to varying success. This paper thus
focused on an improved automatic AD diagnosis
system based on DL using 3D brain MRIs.
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The HMRF technique was used as a segmentation
method for labelling the three types of tissue, WM,
GM, and CSF, as this achieves higher accuracy than
other basic segmentation methods. For the
parcellation of hippocampi and lateral ventricles,
this paper utilised U-net CNN architecture, which
was invented specifically for medical image
analysis, to parcellate both ROIs. The resulting
U-net achieved 97.94% and 87.73% dice
coefficients for hippocampi and lateral ventricle
parcellation, respectively.
The segmented tissues were used to reduce the
noise and intensity variation in the original images
fed to the ResNet for global feature extraction.
Parcellated ROIs were then used to extract the
hippocampi regions with the inferior horn of the
lateral ventricles, producing local significant
biomarker feature extraction using VGGNet. These
two types of features were then combined to yield
the final classification results. The experimental
results on the ADNI dataset demonstrated that the
proposed model offered an accurate prediction of
94% true AD diagnoses. The proposed method also
achieved higher accuracy than other existent
methods in comparative testing, at 97.5% in AD vs.
CN, 82.5% in AD vs. MCI, 83.75% in CN vs. MCI, and 139
85% in multi-class classification.
Future efforts could, however, be focused on
improving these results further by combining
multi-modality clinical data alongside MRI brain
scans in conjunction with clinical information such
as MMSE and CDR. These latter could be integrated
to enhance the classification process. In addition,
the incorporation of other datasets should be
considered as a way to improve the robustness of
the proposed method.
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