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Abstract:

Alzheimer’s disease (AD) diagnosis at an early stage plays a significant role in reducing its
symptoms and decelerating cognitive deterioration. Hence the use of computer-aided systems for early
and accurate AD diagnosis is critical. The proposed diagnostic tool depends on classifying features
extracted from brain Magnetic Resonance Imaging (MRI). These Features must accurately capture
main AD-related variations of the anatomical brain structures, such as hippocampi region atrophy,
lateral ventricle enlargement, cortical thickness, brain volume, etc. In this work, T1-weighted structural
MRIs were employed for extracting these AD-related features. The images resulting from MRI scans
are interpreted to high-intensity visible features, making preprocessing and segmentation less complex.
This work has proposed a software pipeline consisting of several preprocessing steps, a segmentation
method for segmenting brain tissues, and Convolutional Neural Networks (CNN) for Regions of
Interest (ROIs) Parcellation that is AD-related. Features extracted from these segmented tissues and
ROIs are utilized for the final AD classification using a Support Vector Machine (SVM) classifier.
The results show that the proposed approach has reached 89.1% accuracy in the binary classification
of AD vs. CN (Cognitively Normal), Demonstrating promising classification performance.

Keywords: Alzheimer’s disease, Neuroimaging, Structural Brain MRI, Deep Learning, 3D CNN, U-
Net, SVM.

1. Introduction:
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In healthy aging, a brain shrinks to some degree, whilst in AD the shrinkage is more noticeable,
it destroys memory and cogitation skills, and, lastly, the person’s capability to do out simple daily task.
AD is the most common cause of dementia, accounting for upwards of 80% of reported cases of all
dementia cases [1].

AD is caused by beta amyloids and tau tangles abnormal protein deposits in the brain that
damage brain cells in the memory and mental functions areas in the brain. When more neurons die,
entire brain areas shrink, which leads to cognitive function problems that are the main AD symptoms.
In the more developed stage, damages become diffused and the brain undergoes a huge amount of
atrophy. Because beta-amyloid grows gradually over time, it will take over 10 years before a patient
starts to see any obvious signs of the disease [1] Figure 1 explain protein deposits in AD patient

neurons.

According to scientists, the causes seem to be related to a combination of environmental and
genetic factors. The most common factors associated with the risk of developing AD are age and some
environmental risk factors including smoking, strokes, heart disease, depression, arthritis, and diabetes.
In 2018, more than 122,000 people died from AD, an increase of 146% from the year 2000. An
estimated 5.8 million adults over 65 years are living with AD, with the number expected to more than
double by the year 2050 to approximately 14 million individuals [2].

AD is an irreversible and progressive disease, meaning that no known cure is currently
available for stopping or reversing the disease, therefore the medications are focused on relieving the
patients from the disease symptoms. Nevertheless, few precautionary steps can be taken to reduce the



risk factors and decelerate the retrogressive growth. It has been shown that early detection and

intervention of AD are effective in maintaining patients’ quality of life.
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Figure 1 Normal brain vs AD brain

One main center of creating new memories in the brain is the Hippocampi located in the
temporal lobe at both brain sides. Hippocampus atrophy is a significant biomarker that occurs in an
early stage of the disease; therefore, it is considered an effective region to efficiently diagnose this type

of dementia [3].

Developments in neuroimaging techniques, such as the MRI and Positron Emission
Tomography (PET) scan techniques, coupled with advanced computational methods, have led to
accurate prediction of the presence of the disease. MRI is a technigue that creates a detailed 3D image
of the brain employing magnetic fields and radio waves [4]. In this study, T1-weighted structural MRI
(sMRI) was used for the classification of AD. Figure 2 shows the 3 MRI planes (taken from the ADNI*

datasets).



Figure 2 T1 weighted MRI from ADNI dataset. a) Sagittal view. b) Axial view. c) Coronal view.

This paper proposes an AD diagnosis framework that depends on machine learning models.
First, several segmentation techniques were used for segmenting the brain tissues, White Matter (WM),
Gray Matter (GM), and Cerebrospinal Fluid (CSF). GM volume is one of AD essential biomarkers. A
convolutional neural network is utilized for the parcellation of ROIs that is affected by Alzheimer's
disease, such as the hippocampus and lateral ventricles ROIs. Even though, the proposed network
learns from a small dataset, it demonstrates superior performance regarding to the affected regions
parcellation. Afterwards, features from both tissue segmentation and ROIs parcellation are extracted,
such as volume, thickness, and shape description. Finally, the classification is performed based on
extracted features using an SVM classifier. Figure 3 shows the process flowchart of the proposed

framework.
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Figure 3 Flowchart of the proposed software pipeline

This article is organized as follows. Section 2 offers a brief review of different classification
methods that have been reported in the literature for this problem. The data used in this paper is
described in Section 3 and the proposed approach is introduced in Section 4. In Section 5, the
experimental results are presented, and in section 6 the results are discussed. Finally, in section 7 the
conclusion and future work are presented.

2. Related Works

Machine Learning has been used extensively in medical image analysis. Several models have
been proposed to perform multiple operations on MRI images such as segmentation, registration, and
classification.

The classifiers were built by using brain imaging data and clinical information for AD
diagnosis. Several studies have acknowledged the importance of structural variation in the regions
such as the hippocampi, cerebral cortex, and the lateral ventricles in discriminating CN brains from
AD brains. In recent years, many studies focused only on extracting a single feature from sMRI images

for the classification of AD and CN subjects. The accuracy achieved in their classification is relatively



low. However, the latest studies have shown that combining several features from different SMRI

analysis techniques improves the accuracy of the classification [4][6].

Baglat et al. [7] applied different machine learning techniques such as Logistic Regression,
Random Forest, Decision Tree, AdaBoost, and SVM for the earlier diagnosis and Classification of
Alzheimer’s disease using Open Access Series of Imaging Studies (OASIS) dataset, in which a

significant performance was achieved using Random Forest classifier.

Vemuri et al. [8] down-sampled GM density maps from an isotropic voxel size of (1mm3) to
(8mm3) by simple averaging. This step reduced the GM maps by (8) times, lowering its voxel count.
Vemuri et al. performed an additional feature selection step by ensuring a condition of large margins
when using a linear SVM classifier. This study was performed on (190) AD patients and (190) CN
subjects. It concluded that the use of SVM with feature reduction and selection can generalize well to

new data.

Ben Ahmed et al. [9] used two biomarkers: the visual feature that were extracted from the most
Common region affected by AD (hippocampal area) and the surrounding CSF amount. They proposed
a late fusion scheme for the classification of both biomarkers. First, the authors evaluated the approach
on the baseline MR images from the (ADNI) dataset and then tested it on a 3T weighted contrast MRI
obtained from Bordeaux dataset, which is a subsample of a large French epidemiological study. The
experimental results Show that classification of subjects with AD vs. CN subjects achieves 87% and

85% accuracies for ADNI subset and Bordeaux dataset respectively.

Shen et al. [10] investigated the hippocampal shape variation using several Statistical Shape
Models (SSM). SSMs' dimensionality was reduced using PCA, and their discriminative ability was
tested using SVM classifiers. They concluded that while volume alone provides significant
discrimination ability, the shape of the hippocampus can provide valuable information for the
diagnosis of AD.

Toshkhujaev et al. [11] used multi-atlas label propagation with expectation—maximization-
based refinement segmentation method to segment the brain images into 138 anatomical morphometry
regions (in which 40 features belonged to subcortical volumes and the residual 98 features belonged
to cortical thickness). The entire dataset was split into a 70:30 ratio (training stage and testing stage)
before classifying the data. Principal component analysis was used for dimensionality reduction.
Finally, an SVM classifier with a radial basis function was used for the classification of the two groups,
AD vs. CN on the ADNI dataset.

Khedher et al. [12] extracted the density maps of GM, WM, and CSF using SPM8. Then, they

exploited two feature reduction methods: Principal Component Analysis (PCA) and Partial Least



Squares (PLS), to reduce the dimensionality of the density maps. Khedher et al. tested the two feature
reduction methods with two SVM classifiers: linear and Radial Basis Function (RBF). The PLS
method reached a peak accuracy rate and outperformed the PCA method.

Daliri et al. [13] , used the SIFT descriptors to extract features from the whole brain of the
subject for the classification of brains with and without AD. Chupin et al., Colliot et al., Liua et al. and
Shen et al. segmented the hippocampus automatically and use their volume for the classification, In
addition to volumetric methods, several surface-based shape description approaches have been

proposed to comprehend the development of AD [14][17] .

In several studies, the CNN is used as a feature extractor, and the classification is performed
using a SVM with linear or polynomial kernels and logistic regression Citak-ER et al. [18] , random
forest Chaddad et al. [19] , extreme ML Lin et al. [20] , SVM with different kernels Liua et al. [16], or
logistic regression and XGBoost (decision trees) Shen et al. [21] . Only [21] compared the CNN
classification results with those obtained with other classifiers based on CNN features extraction, and

concluded that the last is more efficient.

In the above cited studies various brain regions were used: the whole brain, various cortical
and subcortical regions such as hippocampus, GM, CSF etc. In our work we focus on the more

significant regions, lateral ventricles and the hippocampus plus features extracted from different tissue

types.

3. Materials

The MRIs and clinical data used in this paper were taken from Alzheimer Disease
Neuroimaging Initiative (ADNI) dataset. ADNI dataset is open access and freely available to
researchers. The dataset goal is to track and diagnose Alzheimer's disease in its early stages. ADNI
has been running since 2004 and is currently funded until 2021. ADNI is the result of the efforts of
many co-investigators from a broad range of academic institutions and private corporations. In the
ADNI1 dataset, there are three diagnostic groups: AD, CN, and MCI. AD group refers to the patients
with Alzheimer's diagnosis, CN group refers to normal cognitive status subjects that show no sign of
AD. MCI group references patients that can take care of their daily activities with mild damage in
other cognitive areas. The images used in this paper are 3-dimensional T1-weighted structural MRI
taken from baseline and screening ADNI1 group. The number of subjects participating is 835 divided
into three groups:

e 228 CN subjects.
e 407 Mild Cognitive Impairment (MCI) subjects.



e 200 AD subjects.
In this work, 200 subjects are chosen randomly from each group to provide the MR images and

sustain the balance between classes classification bias aiming to classify AD vs. CN.

4. Methodology

In this section, the proposed classification pipeline will be described in detail. As shown in
figure 3, the procedure used for the MRI classification, includes four main steps pre-processing, post-
processing, feature extraction, and classification. All work was implemented using MATLAB version;
2021a, on a single PC with the following specifications:

e Intel 10th Gen Core i7 with 8C/16T Processor.
e Nvidia RTX 2070 with 8 Gigabyte of VRAM.
o 32 Gigabyte of system RAM.

4.1 Pre-Processing Stage
The image data downloaded from ADNI has already undergone several pre-processing steps.

This was done to limit the MRI disparities from different scanners, for better comparability across
subjects. The pre-processing steps from ADNI include distortion correction, B1 non-uniformity bias
field correction. Further pre-processing steps in this paper are performed using MATLAB which
Consists of:

« Brain extraction (skull-stripping).

e Intensity normalization.

e Registration

4.1.1 Brain Extraction

Brain extraction is an essential step in medical image analysis to remove non-brain tissues like
the skull, air, facial tissues, fat, dura matter, etc. An accurate brain extraction method should exclude
non-brain tissues without removing any part of the brain. ADNI Provides a brain tissue mask named
(MIDAS) that is created with a semi-automatic segmentation method. These masks accurately define
the main brain tissues: WM and GM but they exclude all interior and exterior CSF. Therefore, we used
voxel-based morphological operations (dilation followed by erosion) to include the CSF. Figure 4
shows the adopted mask used for extracting brain tissues and the surrounding CSF.



Figure 4 the difference between a) MIDAS mask and b) Adopted mask

4.1.2 Intensity Normalization

Different MRI scanners and parameters result in large intensity variation between MRIs, this
would greatly undermine the quality and performance of the following processes, especially in the
post-processing stage, lowering the final classification accuracies. The simple Intensity scaling
technique is chosen based on three intensity regions:

e CSF intensity (low intensity region).
e GM intensity (medium intensity region).
e WM intensity (high-intensity region).

The three intensity regions are segmented using K-means clustering algorithm, the computed
means is shifted to match the Montreal Neurological Institute (MNI) ICBM152 template.
4.1.3 Registration

Another issue of using different scanners with different parameters is the spatial variation
between MRIs. This means that a subject’s head is not located at the same coordinates, or has the same
scale and angle concerning another subject’s head.

To find correspondence between subjects, image registration is a necessity, in which a brain
region in one subject MRI is correspondent to the same region in all other subjects MRIs. This helps
to reduce the complexity of the following post-processing stage and increase ROIs parcellation
accuracy and robustness.

Affine registration is adopted for the brain alignment task. Affine registration is a rigid-body
linear registration that tends to preserve parallelism, i.e., does not deform brain structures, but rather

manipulate linear parameters:

e Translation (head location).



¢ Rotation (head angle).
e Scaling (voxel size).
e Shearing (planar direction).
All subjects are registered to the ICBM152 2009a template, which is a nonlinear symmetric
T1 weighted brain MRI with voxel size of 1x1x1 mm?,
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Figure 5 2D representation of Image Registration Parameters: Rotation, Translation, Scaling
and Shearing.
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Figure 6 Pre-processed MR images and ICBM152 template




4.2 Post-Processing Stage

The pre-processed MRI images will be further processed to segment brain tissues and extract
the AD-related ROls.

4.2.1 Brain Tissue Segmentation

Image segmentation is the process of labeling every pixel in an image with the purpose that the
pixels with the same label share certain characteristics. This process aims to reduce the complexity of
the image, and thus analyzing the image becomes Simpler. In image processing there are various
techniques available for the segmentation process, in this study, segmentation methods used in
previous works are utilized and evaluated against each other to find the best segmentation method.
References [22][26] explored the statistical approaches which segment an image based on its voxels'
intensity such as K-means, Otsu, and Fuzzy C-means. The Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO) methods are compared against Hidden Markov Random Field (HMRF)
statistical model for segmentation refinement. HMRF is a probabilistic model that can improve the
segmentation by using other image characteristics such as voxel neighborhood [27] . Evaluation of
these methods is performed upon two factors; time of execution and quality of segmentation.

Brain segmentation aims to extract the GM and CSF as a biomarker for AD diagnosis. Tablel
shows the average evaluation accuracies for seven different segmentation algorithms applied to brain
MRI images.

Table 1 Evaluation of Segmentation methods useg for segmenting brain tissues

Method Accuracy Sensitivity Specificity Dice
K-means 92.585% 89.639% 94.388% 89.148%
OTSU 90.174% 86.410% 92.644% 85.597%
FC-means 90.686% 87.012% 92.973% 86.351%
K-means + HMRF-EM 96.522% 94.943% 97.317% 94.920%
OTSU + HMRF-EM 95.587% 93.793% 96.661% 93.527%
K-means + PSO 92.588% 89.639% 94.388% 89.148%
Genetic Algorithm 92.590% 89.647% 94.392% 89.155%

As shown in Table 1, the K-means clustering technique followed by Hidden Markov Random
Fields (HMRF) technique gives the best accuracy amongst other segmentation methods. This is
because the segmentation method depends on two features instead of one, the first segmentation feature



is the voxel intensity, and the second feature is the voxel neighborhood. K-means alone is weak against
noise since it does not take voxel spatial information into consideration. K-means provides the initial
segmentation for the HMRF algorithm depending only on voxel intensity, whilst HMRF will further

optimize the segmentation depending on both voxel intensity and neighborhood

4.2.2 ROls parcelation

Hippocampus is a complex brain structure located in the depth of the temporal lobe and it has
a major role in forming new memories in human brains. References [28], [29] showed that the loss in

hippocampal volume helped to distinguish very mild AD from healthy Aging.

The ventricles in the other hand, are two interconnected cavities distributed throughout the
brain. Lateral ventricular enlargement is an important and key abnormality biomarker used in early
detection of AD. Not only volume dilation but also the average change in ventricular volume has been
studied as a potential surrogate marker to predict the improvement and progression of this type of
dementia [6]. Figure 7 shows the Hippocampus atrophy and Lateral ventricles enlargement in AD

patient compared to NC subject both downloaded from ADNI dataset.

Figure 7 The difference in the hippocampus (colored in red) and lateral ventricles (colored in
blue) between CN brain (left image) and AD brain (right image). The images are taken from
the coronal view.

Since both the hippocampus and the lateral ventricles have common patterns across all human
brain, both can be parceled by the use of pattern recognition, in which a CNN dominates. CNN is one
of many deep learning classes best used for analyzing visual imagery, which suits the ROI parcellation
task by means of voxel classification [30] .

Usually, CNN includes one or several convolution layers, one or several optionally pooling

layers, non-linearity layers, and input and output layers. Each image passes through all CNN layers.



A set of 3D filters are found in each convolutional layer, these 3D filters play an essential role
in CNNs architecture, when images are inputted to a CNN, A series of learnable filters are applied
upon the image to detect specific patterns and features, this application of filters is a convolution
operation, hence the layer name. Each filter slides over the input image to compute the feature maps.
Rectified linear units (ReLU) is a type of activation function, which introduces non-linearity to the
CNN by removing all the negative values and keeping the positive values, this concept helps the CNN
to converge faster to the optimal solution. The pooling layer performs down-sizing (down-sampling)
and reduces the feature maps spatial dimensionality. Therefore, reduce network computational
complexity. Deconvolution layers, on the other hand, is a mathematical operation that works the
opposite way of a convolutional layer and max-pooling layer. Each voxel of the input feature map
slides over the filter, as a result, the input feature map is up-sampled. The classification layer is the
network'’s last layer, this layer outputs probability maps (heat maps) for voxel classification. In the

forward learning stage, this layer calculates the output loss (misclassification rate).

The architecture used in the parcellation process is the U-net [31] . It is composed of two stages,
encoder, decoder, and a bridge between them. Each stage includes four blocks, and each block has
seven layers. Each block in the encoder stage consists of two convolutional layers, two normalization

layers, two activation layers and max-pooling at the beginning.

In the decoder stage, there are seven layers in each block, however there is only one
deconvolution layer at the end of each block and no max-pooling layer at the beginning. The Bridge
that separates the two stages consists of a max polling layer, a deconvolution layer in addition to the
main six layers. Figure 8 shows the architecture adopted in this experiment.

The U-net input is a 3D MRI brain image and the output is the labeled image. The network can
learn the patterns to classify voxel if provided with the desired output; in this case, a ground-truth
image. In the forward learning, the final layer; the classification layer, computes the dice [32]
coefficient which represents the output loss. In the backpropagation, the network computes the
gradients of all the learnable parameters to the output loss. These gradients can be used to update all
learnable parameters in the right direction and by the right amount.

Input images are cropped to contain regions of the lateral ventricles only and discard other
unneeded brain regions. The cropped images can reduce U-net complexity and speed up the training
phase since they have smaller dimensions than whole-brain MR images.

Ground-truth images for the hippocampus were provided by ADNI, while ground-truth images
for the lateral ventricles were created using ITK-SNAP software. ITK-SNAP is a software application

used to segment structures in 3D medical images, and it has various segmentation tools for this task.



Figure 9 shows all resulting images from the necessary processes on the subject downloaded
from ADNI datasets
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Figure 8 U-net architecture used in ROI parcellation
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Figure 9 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.

4.3 Feature Extraction:
After brain tissue segmentation and parcellation of ROIs that are most affected by Alzheimer’s

dementia, the next step is feature extraction from both segmentation and parcellation label images.
These features represent information about brain structures such as GM thickness and volume, CSF

amount, brain volume, hippocampus volume, lateral ventricles volume, etc.

Since all MRI brain images are spatially normalized and affine registered to the MNI template,

the number of voxels assigned to a label represents the normalized volume of that label. This means



that all subjects have roughly the same mask volume. To compute the brain volume, only WM, and
GM voxels are calculated.GM thickness is computed using distance transform across voxels with GM
label resulted in the segmentation process. Distance transform calculates the lowest distance between
a GM label voxel and a non-GM label voxel. This procedure has additional benefit of reducing the
segmentation noise that is not removed in the HMRF part of the segmentation result, i.e., a voxel with

no neighbors that has a distance value of zero.

Age is an important risk factor of AD. Subjects with age beyond 65 years old are more
susceptible to AD while younger adults are highly unlikely to have AD. Hence, all features mentioned
above should be corrected for the subject’s age by adding the age as another feature [33].

4.4 Features Classification:

In machine learning the classification is the process of recognizing, understanding, and grouping
objects into preset categories. The classifier is an algorithm that sorts unlabeled data into labeled
classes or categories of information. Many classification algorithms exist, supervised and
unsupervised. It is not possible to conclude which one is superior to the others since it depends on the
application and the nature of the available data set. In this work, several machine learning models had
been implemented such as logistic regression, decision tree, Fisher’s linear discriminant, SVM, naive
Bayes classifier, and Nearest neighbor classifiers. Table 2 shows the accuracy of each mode to compare
between classifiers. The best result was achieved using an SVM classifier for binary classification of
AD vs CN.

Table 2 shows the comparison between classical machine learning techniques in classifying the
extracted features.

Methods Accuracy
SVM 93.3%
Logistic Regression 91.7%
Naive Bayes Classifier 89.0%
Fisher’s Linear Discriminant 92.7%
Decision Trees 90.7%
Neural Networks 92.3%
K-Nearest Neighbors 87.1%




5. Experimental Results:
This section provides all results for the parcellation and classification processes.
5.1 U-net Training Results:

In this paper, images used to train the U-net architecture are 3D T1-weighted structural brain
MRI downloaded from the ADNI1 dataset. Table 3 shows the number of ground-truths for both the

hippocampus and the lateral ventricles.

Table 3 Number of ground-truths used in the ROIs parcellation network training. The number
of validation sets are 30% of the training sets and the test sets

Hippocampus GTs Lateral Ventricles GTs
All 487 180
Training 300 110
Validation 100 35
Test 87 35

Prior to the training, ground-truths are separated randomly into 3 sets. The validation set is
used to observe network generalization with respect to the whole dataset patterns. Network training
was optimized using the Stochastic Gradient Descent with Momentum (SGDM). The network was
trained several times to fine-tune the hyperparameters of the optimization algorithm. This prevents the
network from overfitting or underfitting and converges to a global optimum.

The training of lateral ventricles parcellation network converged to the global optimum with
no over or underfitting since the patterns were simple to recognize and the intensity differences of the
boundaries separating the ventricles from its surrounding GM was clear. Whilst in the hippocampus
parcellation network, an overfit of 7% was produced due to MRI resolution being relatively low.
Hippocampus size is very small and its boundaries were indistinct. This problem can be solved using
a higher resolution MRI. The overfitting was too small to produce high parcellation error and the
network did generalize well enough to the whole dataset. Figure 8 shows the chart of parcellation dice

coefficients. Figure 9 shows the MATLAB training plot for ROIs parcellation U-net training.



PARCELLATION DICE COEFFICIENT

W Training M Validation M Test

93.86
99.12
98.18
97.94

HIPPOCAMPUS PARCELLATION LATERAL VENTRICLES PARCELLATION

87.66
87.73

Figure 10 Dice coefficients for training, validation and test sets ROIs parcellation U-net.

5.2 SVM Classification Results:

After segmentation and parcellation, hippocampus volume, lateral ventricles volume, GM
thickness, and CSF amount will be computed to be used in subjects classification. Two other features
will be added to the classifier to improve upon classification accuracy, brain atrophy (whole brain
volume) and the subject’s age. Brain atrophy is computed by counting voxels with GM and WM
labels from the segmented images, i.e., CSF voxels excluded.

Two classes are used to train the SVM classifier in a binary classification way, AD vs CN.
The response data used for the SVM training is the diagnosis for each MRI session downloaded from
the ADNI website.
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Figure 11 Training plots for the U-nets used for ROIs parcellation. a) Hippocampus
Parcellation U-net, b) Lateral Ventricles Parcellation U-net.
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Figure 12 SVM minimum classification error optimization plot to fine tune hyperparameters
and choose the best kernel function

The data used to train SVM consists of 200 AD MRI brain images and 228 CN MRI brain
images. Data is divided into 180 training and validation sets for each class with a 5-fold cross-
validation training. The rest is used as test sets.

SVM training is optimized to choose the best hyperparameters; specifically the kernel which
determines the shape of the hyperplane that separates data into classes. This optimization depends on
the validation set classification error to define the best hyperparameters.

The best results were achieved using the Gaussian kernel function. Figure 10 shows the SVM
optimization plot from the MATLAB classification learner toolbox. Figure 11 shows the final

validation and test accuracies for the binary classification of AD vs. CN.

Classification Accuracy

AD vs. CN
100

50

VALIDATION TEST
Accuracy

Figure 13: The final classification accuracy of AD vs. CN using SVM.
5.3 Final pridection model

Figure 12 shows the final prediction model for AD vs CN. The red line represents CN subjects’

classification and the blue lines represent AD subjects’ classification. The black line in Figure 12a



shows an example of a correct prediction of a subject affected by AD, volumes of his brain and that
both (right and left) hippocampi are lower than normal stating atrophy. While volumes of both (left
and right) lateral ventricles are higher than normal stating enlargement. The GM thickness score is
also lower than normal stating GM atrophy. The black line in Figure 12b shows a correct prediction
for a healthy subject. This line is opposite in direction to the black line plotted in Figure 12a, meaning
that the subject has no atrophy relative to the red lines in the brain and both hippocampus volume, has

no enlargement in the ventricles and the GM thickness is relatively high.
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Figure 14 The SVM prediction model for AD vs. CN with features on the x-axis. a) Black line
shows a correct classified AD patient, b) black line shows a healthy subject.



6. Discussion
In this study, we proposed a classification software pipeline that combines CNN and classical

machine learning techniques to be applied to the most commonly acquired anatomical MRI of the
brain. The work aimed to accomplish two goals: classification of AD vs. CN, and identification of
the complex brain structural variations related to AD.

Table 4 shows the comparison with some of the previous method reported in the literature,
Reference [7] Achieved 86.84% in AD discriminant problem by using random forest classifier. The
implementation of this work is not explicit, no description of the methodology is provided on how the
data is fed in to the classifiers.

References [8], and [12] used the density maps resulted from segmenting the brain tissues.
Their feature selection methods were voxel-wise that cannot represent fully detailed patterns. Their
methods also suffered from:

1. They require intensive processing steps before manual feature extraction and selection.
2. Highly prone to the processing errors such as registration, normalization, segmentation,
etc.

Reference [9] used combination of two types of features e.g., Visual feature obtained from the
hippocampus and accumulated surrounding CSF; then adding supplementary voxels from the lateral
ventricles to enhanced the performance. The final result achieved are 87% and 85% accuracies for
ADNI subset and Bordeaux dataset respectively, which is lower than results obtained in the present
work.

Reference [11] achieved an accuracy of 91.57% on ADNI dataset. The author used MALPEM
tool for the segmentation of the 138 ROIs. The time period for segmenting one subject by this tool is
between 8 and 10 hours. The author also supplemented these features by age, gender and education.

These feature selection methods were voxel-wise that could not represent fully detailed
patterns. Except [8] who did average down-sampling to GM density maps, the rest suffered from the

same issue of being prone to registration error.



Table Error! No text of specified style in document. Comparison of proposed ML method with
state-of-art methods.

Method AD vs. CN

Baglat et al. [7] 86.8%
Ahmed et al. [9] 87.00%
Shen et al. [10] 88.00%
Khedher et al. [12] 88.49%
Vemuri et al [8]. 89.30%
Toshkhujaev et al. [11] 91.57%
Proposed ML method 89.10%

In this work, to discriminate AD from CN, brain volume, hippocampi volumes, lateral
ventricles volumes, GM thickness score, and age are adopted. Features extraction was automated using
two segmentation methods; HMRF for tissue segmentation and U-net architecture for ROIs
parcellation. Age is another important factor to enhance the accuracy of AD classification. The ML
model Training required less than 5 seconds to train the model and less than 2 minutes to optimize it
since only 7 features (7-dimensions) are employed to train the model. The ML model achieved an
accuracy of 93.3% in validation and 89.1% in testing. Table 4 illustrates that the proposed method

achieved a classification result in line with the state-of-art methods.

7. Conclusion:
Early and efficient diagnosis of AD helps maintain patient quality of life and to adopt a different

lifestyle to slow down the disease progression. This was a challenging task which many authors are
focusing on; they had developed many computer-aided diagnosis (CAD) systems to perform the
diagnosis of AD. This paper explains an automatic AD diagnosis system that is based on deep learning
on a 3D brain MRI.

The main contribution of this paper is the utilization of the U-net architecture and the HMRF
probabilistic model for the segmentation of brain tissues and AD-related ROls. Both methods achieved
accurate image segmentation compared to other methods while being highly efficient.

The HMREF is used as a method for three tissue segmentation: WM, GM, and CSF which
achieved the highest accuracy than another segmentation method. For hippocampus and ventricles
parcellation, a main advantage of CNNs compared to other classic parcellation methods is that patterns

can be automatically recognized from raw data without any expert supervision.



This paper utilized U-net architecture which was invented for medical image analysis, to
parcellate both ROIs. The U-net achieved 97.94% and 87.73% test parcellation dice coefficient for
hippocampus and lateral ventricles respectively.

Features extracted from the segmentation and parcellation are supplemented with age scores to
improve the classification. In the binary features’ classification step of AD vs CN, the SVM classifier
achieved the highest accuracy than other classification methods which reached 93.3 %, 89.1%

validation, and testing accuracies respectively.

The rate of classification error is due to the ground truths for the hippocampus were not accurate
enough in addition to the noise in the MRI images that have low resolution. The experimental results
on the ADNI dataset demonstrated that the proposed model gives an accurate prediction of the binary
classification. Lastly, it can be shown that for the AD classification task, our proposed model achieves

results within the same rate as state-of-the-art models.

In the future, efforts can be made to improve these results by combining multi-modality clinical
data different features can be obtained from different brain neuroimaging techniques which can be

integrated to enhance the capability to recognize the images patterns.
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