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Abstract

Diffusion tensor imaging (DTI) is a new technology in magnetic reso-
nance imaging, which allows us to observe the insightful structure of
the human body in vivo and non-invasively. It identifies the microstruc-
ture of white matter (WM) connectivity by estimating the movement
of water molecules at each voxel. This makes possible the identifica-
tion of the damage to WM integrity caused by Alzheimer’s disease
(AD) at its early stage, called mild cognitive impairment (MCI). Fur-
thermore, the brain’s gray matter (GM) atrophy characterizes the main
structural changes in AD, which can be sensitively detected by struc-
tural MRI (sMRI) modality. In this research, we further develop a novel
multi-modality MRI (DTI and sMRI) fusion strategy to detect WM
alterations and GM atrophy in AD patients. The latter is based on a 2-
dimensional deep convolutional neural network (CNN) features extractor
and a Support Vector Machine (SVM) classifier. The fusion framework
consists of merging features extracted from DTI scalar metrics (fractional
anisotropy (FA) and mean diffusivity (MD)), and GM using 2D-CNN
and feeding them to SVM to classify AD vs. cognitively normal (CN),
AD vs. MCI, and MCI vs. CN. Our novel multimodal AD method
demonstrates a superior performance with an accuracy of 99.79%,
99.6%, and 97.00% for AD/CN, AD/MCI, and MCI/CN respectively.

Keywords: Diffusion tensor imaging, Structural MRI, Alzheimer’s disease,
Convolutional Neural Network, Support Vector Machine
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1 Introduction

Alzheimer’s disease (AD) is an irreversible progressive neurodegenerative
disorder that affects people over the age of 65 and outlines around 60% of
dementia worldwide. It is caused by damage to nerve cells in certain brain
regions, affecting a persons memory and cognitive abilities, which disrupt their
daily life. The Alzheimer’s Association declares that AD is the sixth leading
cause of death in the USA; around 50 million people were diagnosed with this
disease in 2018 and in 2050, this number will be tripled (1). At present, no
effective treatment or prevention is found. Moreover, disease management is
prohibitively costly. Early screening of this disease is of primordial importance
for researchers to slow down its progression and optimize the treatment. In
this context, advances in neuroimaging, primarily magnetic resonance imag-
ing (MRI), have shown the potential to improve the early diagnosis of AD.

AD is characterized by a progressive loss of Gray matter (GM) that occurs
pre-symptomatically in certain neuro-anatomical structures (2). Structural
MRI (sMRI) is the most used neuroimaging modality to detect brain atrophy.
It has already highlighted many biomarkers of Alzheimer’s disease; in partic-
ular, the atrophy of structures such as the hippocampus, the amygdala, and
the thalamus (3). In fact, hippocampal atrophy in prodromal patients proved
to be the best structural predictor of Alzheimer’s disease progression (4).
However, it is associated with a large number of neurodegenerative patholo-
gies, thereby limiting its specificity to Alzheimer’s disease (5).

Within this frame of reference, many studies on the AD-prodromal phase
called mild cognitive impairment (MCI) have focused their research on the
hippocampus. Nevertheless, some other structures appear interesting such as,
the volume of the amygdala which could be a structural predictor as powerful
or even more efficient than the volume of the hippocampus to predict MCI
(6; 7). Furthermore, there are changes in white matter that preceded gray
matter atrophy but are not detectable by sMRI (8). The introduction of dif-
fusion tensor imaging allows identification of these changes when the patient
still presents an MCI (9). The MCI is the transitory phase between (CN)
decline and AD or another dementia.

DTI has conventionally studied the white matter microstructural integrity
based on the estimation of the water molecules’ diffusion in all directions
(six directions at least) (10). The degree of anisotropy of water diffusion is
represented by the fractional anisotropy (FA), while mean diffusivity (MD)
represents its magnitude. Studies have shown the importance of measuring
these two DTI indices (FA and MD) to describe the physiological aging in
the MCI patient phase (11). Increased MD and decreased FA were reported
in AD patients compared to CN. Higher MD in MCI patients was observed in
both hippocampi (12). Indeed, a considerable increase in MD and decrease in
FA indicates a progressive loss of the barriers restricting the motion of water
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molecules in tissue compartments, associated with neuronal loss in AD (13).
It, therefore, seems important to measure the DTI indices because they can
provide additional information on the pathophysiology of the disease.

The introduction of machine learning and deep learning techniques has
greatly contributed to the diagnosis and prognosis of AD based on neu-
roimaging data (14). Numerous research works have been published for the
AD classification using DTI, where the FA and MD were the most frequently
metrics used as features. The most popular among these machine learning-
based methods utilized as classifiers, are the Support Vector Machine (SVM),
and Random Forest (RF) (15; 16; 17; 18; 19). Most of them used the tract-
based spatial statistics (TBSS) algorithm (37) to extract the white matter
skeleton from FA and MD. They selected only the pertinence WM Skele-
ton information to perform binary or multi-classification using Alzheimers
disease national initiative (ADNI) data set. The difference was presented in
the classification task, where Maggipinto (18) used Random Forest and Lella
(19) proposed to concatenate the best result from different classifiers (SVM,
RF, and Multi-layer perceptron (MLP)) from all features groups (FA, MD,
radial diffusivity (RD), longitudinal diffusivity (LD)). The use of DTI-based
machine learning shows impressive performance. However, it is necessary to
extract features and subsequently select the relevant ones to perform classifi-
cation tasks, which is difficult and time-consuming.

Deep learning is a state-of-the-art machine learning method (20). Classifi-
cation techniques using deep convolutional neural networks (CNN) revealed
higher AD detection performance (21). Most of the literature approaches
have used CNN-based sMRI to classify the different stages of Alzheimer’s
disease. CNN can handle low to high automatic feature extraction from com-
plex structures. Some authors have proposed a new CNN architecture (22)
reaching promising results with an accuracy of 99.9%. Others have reported
excellent results using transfer learning methods (23; 24; 25). However, oth-
ers have suggested extracting deep discriminative features based on transfer
learning methods and classifying them with SVM (26; 27).

In recent years, DTI indices, principally MD, combined with sMRI infor-
mation have been adopted by many researchers. They proposed different
techniques to combine DTI and sMRI. Massalimova et al. (28) have tried
multi-modal Resnet-18 network (sMRI and DTI) in classifying CN, MCI, and
AD from OASIS-3 datasets. They managed to suggest that the classification
performed by the softmax layer could be preferable than another classifier in
contrast to Kang et al. (26). Kang et al. (26) suggested a fusion technique con-
sisting of merging slices with the same index of the T1w, FA, and MD images
into an RGB slice. After that, the pre-trained VGG16 network is used to
extract the features and SVM classifier to discriminate MCI patients, from CN
using the ADNI dataset. Aderghal et al. (29) proposed LeNet-like CNN based
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on sMRI and DTI-MD images. They selected the median slice Hippocampal
and its two neighbors in each projection (axial, sagittal, and coronal). The
proposed CNN is trained on the MNIST database. They first retrained the
model on sMRI then on DTI-MD. They achieved a classification accuracy of
86.83% for AD vs. CN, 69.85% for MCI vs. CN, and 71.75% for AD vs. MCI.
Marzban et al. (30) proposed a simple 2DCNN based on a single convolution
layer. They trained the model on diffusion scalars metrics (FA, MO, and MD)
and GM. The cascaded MD and GM volumes achieved an overall accuracy of
88.9% and 79.6% respectively for AD vs. CN and MCI vs. CN. Ahmed et al.
(31) extracted visual features from the hippocampus ROI in both sMRI and
MD images. The extracted features and the amount of CSF calculated on the
sMRI are combined and classified using multi-kernel learning (MKL).

Assessment of pathophysiological changes by neuroimaging would be
essential to predict AD. Single modality cannot provide enough informa-
tion, therefore, multi-modality must be combined to detect AD. sMRI and
DTI have received more attention in recent years to study the progression
of Alzheimer’s disease. These two modalities are complementary; the sMRI
detect the shrinkage of gray matter and changes in the brain volume. More-
over, the DTI is a useful prediction marker to detect the WM deterioration. In
this context, we aim to detect patterns of micro and macrostructural changes
in the different AD stages using the multi-modality MRI (sMRI and DTI)
fusion process. We propose a new methodology that consists of a new CNN to
extract the salient visual features from the DTI measurements and the GM
images separately. After that, these features are merged and transmitted to
SVM to identify AD from MCI, AD from CN, and MCI from CN.

2 Database

Dataset used in this work has been obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) (http://adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by Principal Investigator
Michael W. Weiner, MD. The objectives of the ADNI study are the identi-
fication of biomarkers for clinical use and early detection of AD (32). The
selected balanced dataset includes both Diffusion-weighted images (DWI) and
sMRI brain scans from 150 individuals of both genders (50 AD, 50 CN, and
50 MCI), with ages varying from 55 to 90 acquired by GE medical system
scanners. The 50 MCI subjects are selected with 25 early MCI and 25 Late
MCI. The selected subjects coming from ADNI-GO and ADNI-2 phases.

The raw 3D T1-weighted sMRI were acquired with 256×256×196 voxels
per volume, a voxel size of 1.0×1.0×1.2 mm3, inversion time = 400 ms, and
flip angle = 11. The raw DWI data was acquired with 128 ×128 matrix, a voxel
size of 2.7× 2.7 ×2.7 mm3, and 41 gradient directions (b = 1000 s / mm2).
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In addition to these images, 5 T2-weighted images without diffusion (b = 0)
are used as reference scans. More informtion about the acquisition parameters
can be found in the ADNI2 protocol.

3 Methodology

Our proposed strategy consists of pre-processing, a 2D slice selection, a features
extraction, and a classification. We work on DTI measurements (FA, MD)
and GM brain segmented from T1-weighted sMRI to classify (CN vs. AD),
(AD vs. MCI), and (CN vs. MCI). New 2DCNN architecture was trained
by slice-level dataset (only the 32 relevant slices selected from FA, MD, GM
images) to extract the salient features from DTI maps and GM. The optimal
FA-CNN, MD-CNN, and GM-CNN models are saved depending on lower loss
value during the training process, then adapted to extract features from the
last fully connected layer. After that, the features of each slice in the subject-
level dataset (FA, MD, GM) are extracted by their optimal model (FA-CNN,
MD-CNN, and GM-CNN). These features are merging and feeding to the SVM
classifier to improve the performance as is illustrated in figure 1. The detailed
description is found in the following subsections.

Raw DWI scans

Raw sMRI scans

2D slice  
selection

Output

2D slice  
selection

2D slice  
selection

FA Pooling FC1 FC2

......

2D Conv

MD Pooling FC1 FC2

......

2D Conv

Pooling FC1 FC2

......

2D Conv

Concatenate
features

GM

Preprocessing

DARTEL
algorithm 

Co-registration

CNN feature extractor

SVM classifier

Fig. 1 Flowchart of the proposed fusion multi-modalities system using the 2DCNN-SVM
approach for AD identification.

3.1 Pre-Processing

All downloaded data are converted from DICOM format to Neuroimaging
InFormatics Technology Initiative (NIFTI) format, using MRICro software
(http://www.mricro.com/).
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The pre-processing steps of the raw sMRI volumes to segment the GM
are performed by the CAT12 toolbox (http://www.neuro.uni-jena. de/cat/).
The CAT12 toolbox is an extension of SPM12 software (33) . In short, all T1-
weighted 3D sMRI are normalized by the DARTEL algorithm (Diffeomorphic
Anatomic Registration Through Exponentiated Lie algebra) using an affine
transformation followed by a nonlinear registration, corrected for bias field
inhomogeneities, and then segmented into GM, WM components.

DWI volumes are preprocessed using Functional Magnetic Resonance
Imaging of the Brain (FMRIB) Software Library (FSL) (34). First DWI scans
are corrected for eddy current distortions and susceptibility artefacts by the
FSL-eddy correct. FSLs Brain Extraction Tool was used to remove the brain
skull. The diffusion tensor calculations are performed by the FSL dtifit at
each voxel of fixed DWI scans. The eigenvalues of the diffusion tensor (λ1, λ2
, λ3) were utilized to obtain maps of scalar anisotropy and diffusivity. Several
diffusion metrics can be calculated. The widely used diffusion metrics are
fractional anisotropy (FA) and mean diffusivity (MD). FA is calculated using
equation 1. MD represents the magnitude of diffusion which is calculated by
averaging the three eigenvalues as it is mentioned in equation 2. Finally, FA
and MD are co-registered with the corresponding sMRI scans and each scan
contains 121×145×121 voxels using SPM12.

FA =

√

1

2

√

(λ2
1
− λ2

2
) + (λ2

2
− λ2

3
)(λ2

3
− λ2

1
)

λ2
1
+ λ2

2
+ λ2

3

(1)

MD =
λ1 + λ2 + λ3

3
(2)

3.2 2D slice selection

Each FA, MD, and GM volume is decomposed into 2D slices along the axial
view to highlight the most distinctive features and ensure improved classifica-
tion efficiency. We select 32 slices from each subject based on higher entropy
information (slices with indices 3465). The selected slices are associated with
most of the deteriorated AD brain regions mentioned in literature such as
the hippocampus, the entorhinal cortex, and thalamus. As a result, a total of
1600 (32×50) of each class (CN, MCI, and AD) are selected. More details are
shown in table1.

Table 1 Sample size of the preprocessed
selection process

Classes Number of patients Number of slices

AD 50 1600
CN 50 1600
MCI 50 1600
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3.3 Feature extraction using 2DCNN

The handcrafted features extraction was the main problem in the traditional
machine learning algorithms which is hard and time-consuming. CNN can
perform this task automatically without human intervention.
CNN is the most common deep learning model used among neural networks.
It is inspired by the human visual system. A typical CNN architecture
comprises principally an input layer, convolution layer, pooling layer, fully
connected layer, and classification layer. The convolution layer extracts auto-
matically the features from the input FA, MD, or GM images by multiplying
element-wise with a filter. The pooling layer aimed to reduce the redundant
information by acquiring the average of a region or the maximum. The fully
connected layer is used to reduce and transform the feature maps to a column
feature map. The classifiers are finally used for AD prediction.

In short, the 2DCNN architecture consists of three convolutional layers with
3×3 size filters. Each convolutional layer is followed by a RELU layer, batch
normalization (BN) layers, and a max-pooling layer, then two fully connected
layers, softmax layer, and output layer. The RELU layer sets the negative val-
ues to zero and BN accelerates the training process. More details are tabulated
in table 2.

Table 2 Layers Proprieties for the
proposed 2DCNN architecture.

Layers (#) Layer Name Layer Properties

1 Input layer 145×121×1 images
2 Convolutional 32 3× 3×1 convolutions with stride [1 1] and padding same
3 Batch Normalization 32
4 Rectified Linear Unit Rectified Linear Unit
5 Max pooling 2×2 max pooling with stride [2 2] and padding [0 0 0 0]
6 Convolutional 16 3×3×32 convolutions with stride [1 1] and padding same
7 Batch Normalization 16
8 Rectified Linear Unit Rectified Linear Unit
9 Max pooling 2×2 max pooling with stride [2 2] and padding [0 0 0 0]
10 Convolutional 8 3×3×16 convolutions with stride [1 1] and padding same
11 Batch Normalization 8
12 Rectified Linear Unit Rectified Linear Unit
13 Fully Connected 256 hidden neurons in fully connected layer
14 Fully Connected 2 hidden neurons in fully connected layer
15 Softmax Softmax
16 Classification Output 2 output classes

3.4 Classification using support vector machine (SVM)

SVM is a widely applied supervised learning method that treats small high-
dimensional data by finding a maximal margin hyperplane to separate classes
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and solve a binary classification problem (35). SVM is considered better to use
than the Softmax layer as is mentioned in previously published studies (36; 37).
The trained FA-CNN, MD-CNN, and GM-CNN are adopted to extract the
features. These features are then transmitted to the SVM classifier instead
of the Softmax layer for AD classification. These features extracted from FA,
MD, and GM images is a matrix whose size is the number of slices multiplied
by the number of features selected from each slice. For 32 slices of each subject,
the feature representation has the dimension of 32×2. For all subjects (100),
the output of each model is a matrix of 100 32×2. They are then concatenated
into a total feature matrix with the dimension of 3200×2. SVM classifier is
trained and tested using these deep extracted features as is shown in figure 2.
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Fig. 2 The pipeline of proposed GM-CNN with SVM method to distinguish between AD
and CN.

3.5 Multi-modality MRI fusion process.

The automatic AD screening fusion algorithm developed using multi-
modalities MRI is illustrated in figure 1. The three optimal CNN (FA-CNN,
MD-CNN and, GM-CNN) are used to extract features. We tried several fusion
procedures experiences (FA and MD), (FA and GM), (MD and GM), and (FA
and MD and GM) to choose the best model score. The fusion process consists
of merging the features extracted from FA, MD, and GM into a global feature
vector. Accordingly, the size of the fused FA + MD + GM feature matrix is
3200×6.
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4 Results

4.1 Experiments

In this work, several experiments are carried out to validate the effectiveness
of our proposed method to classify (AD vs. CN), (CN vs. MCI), and (AD vs.
MCI). In the first experience, we performed a direct unimodal classification of
features extracted from FA, MD, and GM. This gives us information about the
best modality and map. In the second experiment, we study whether multi-
modality increases performance and allows better discrimination between the
different classes or not. This is achieved by studying the impact of merging
features of the two modalities.
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Fig. 3 ROC curves of AD vs. CN

The 2DCNN-SVM proposed has been implemented using MATLAB ver.
R2019a and running on a 3.1 GHz Intel-i7 processor, 16 GB of RAM. The
CNN model was trained using an optimized SGDM (Stochastic Gradient
Descent Momentum) using the back-propagation algorithm and cross-entropy
as a loss function. The batch size is 64, the learning rate is 0.0001 for 25
epochs. There is a total of 3200 images of each map (FA, MD, and GM),
1600 images for each class. The dataset is divided into 75% for training, 15%
for validation and the remaining 15% for testing the SVM. The same CNN



Springer Nature 2021 LATEX template

10 Multi-modality MRI fusion for AD detection using deep learning

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

False positive rate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
T

ru
e 

po
si

tiv
e 

ra
te

ROC for Classification 

FA
MD
GM
GM+MD
GM+FA
FA+MD
FA+MD+GM

Fig. 4 ROC curves of AD vs. MCI.

architecture is used to train FA slices, MD slices and GM slices. For the SVM
classifier, the extracted data is categorized into training, validation, and test
data. We used the extracted features from 2720 images for the training and
480 images for the test.

The best SVM using radial basis function (RBF) (Gaussian kernel)
classification score was obtained by 10-fold cross-validation. The optimal
hyperparameters (cost and gamma) were determined using the grid search
technique. It finds the best model result from different combinations of param-
eters; where cost controls the error and gamma gives the curvature weight of
the decision boundary.

4.2 Evaluation

The performance of our method was validated using accuracy and the area
under the receiver operating characteristic curve (AUC). The validation
results are illustrated in table 3 and the ROC curves of 10-fold cross-validation
are shown in figures 3, 4, 5.
The fused FA, MD, and GM improved better the result and outperformed
the single modality and the sMRI+MD fused procedures adopted in many
previous studies (26; 29; 30).
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Fig. 5 ROC curves of CN vs. MCI.

Table 3 The performance of the validation dataset.

Classes
Modality DTI sMRI sMRI+DTI

Map FA MD FA+MD GM GM+FA GM+MD
GM+FA
+ MD

AD/CN
Acc 0.9548 0.9794 0.9779 0.9691 0.9912 0.9849 0.9952
AUC 0.9879 0.9952 0.9891 0.9951 0.9996 0.9897 0.9999

AD/MCI
Acc 0.9298 0.9621 0.9695 0.9687 0.9849 0.9868 0.9908
AUC 9642 0.9902 0.9954 0.9931 0.9998 0.9993 0.9996

CN/MCI
Acc 0.9331 0.9276 0.9485 0.9303 0.9717 0,9599 0.9779
AUC 0.9643 0.9518 0.9883 0.9772 0.9906 0.9865 0.996

We tested our method using 240 AD images, 240 CN images, and 240
MCI images. The used evaluation metrics are the accuracy, sensitivity, and
specificity determined by the confusion matrices. In matrices of confusion, the
sensitivity is shown in the last row and the specificity in the last column. The
diagonal boxes indicate the numbers and percentages of correctly classified
classes and the last one shows the overall accuracy of the model. An example
of the confusion matrix of the fused characteristics FA, MD, and GM is shown
in figure 6, 7, 8. All test results are summarized in Table 4.
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Table 4 shows that the FA, MD, and GM are important to discriminate
the different AD stages. For the use of FA, MD, GM independently, we report
that MD obtained the best result in the case of AD vs. CN with an accuracy
of 98.96%. However, the GM yields better results in classifying AD vs. MCI
and CN vs. MCI with an accuracy of 96.88% and 93.50% respectively.

We investigated the best combination of features (FA and MD, FA and
GM, and MD and GM). Fused FA and MD outperformed the other combined
features with an accuracy of 99.98 % and 98.33% to classify AD vs. CN and
AD vs. MCI. On the other hand, fused GM and MD achieved higher results to
classify CN vs. MCI with an accuracy of 97.00%, a sensitivity of 97.20%, and a
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Table 4 Performance evaluation of the proposed 2DCNN-SVM technique on the test
dataset.

Classes
Modality DTI sMRI sMRI+DTI

Map FA MD FA+MD GM GM+FA GM+MD
GM+FA
˜ +MD

AD/CN
Acc 0.9750 0.9896 0.9989 0.9625 0.9850 0.9938 0.9979
Sen 0.9750 0.9900 0.9875 0.9625 0.9855 0.9940 0.9980
Spec 0.9750 0.9900 0.9875 0.9625 0.9850 0.9940 0.9980

AD/MCI
Acc 0.9375 0.9542 0.9833 0.9688 0.9896 0.9813 0.9958
Sen 0.9400 0.9545 0.9835 0.9690 0.9900 0.9820 0.9960
Spe 0.9375 0.9545 0.9835 0.9685 0.9895 0.9815 0.9960

CN/MCI
Acc 0.9230 0.9210 0,9440 0.9350 0.9560 0.9700 0.9700
Sen 0.9225 0.9220 0.9450 0.9360 0.9590 0.9720 0.9695
Spec 0.9220 0.9180 0.9420 0.9325 0.9520 0.9680 0.9700

specificity of 96.80%. Compared to the use of the single modality, the merged
FA, MD, and GM led to an increase of approximately 3.54%, 5.83%, 4.1% for
the accuracy, 3.55%, 5,85%, 4.75% for the sensitivity, and 2.8%, 5.85%, 5.2%
for the specificity in the three cases of classification (AD vs. CN), (AD vs.
MCI), and (CN vs. MCI) respectively. So, the multi-modality gives the best
performance as clearly shown in figure ??.

5 Discussion

To validate the performance and efficiency of our novel workflow, we com-
pared it to the previous approaches presented in the literature and dealing
with the same databases (ADNI) and the same modalities (sMRI and DTI).
Our results gained higher accuracy in the AD detection compared to other
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Table 5 Comparison of results with state-of-the-art techniques applied to AD detection.

Study Modality
Subject size Method

(Maps and classifier)
Classification accuracy (%)

AD CN MCI AD /CN CN / MCI MCI/ AD

Lella et al 2017.
(17)

DTI 40 40 —
(FA, MD), RF,
SVM and
naive Bayes

78.00 — —

Maggipinto et al.
2017 (20)

DTI 89 90 90 (FA MD), RF 87.00 81.00 —

Ahmed et al.
2017 (31)

DTI+sMRI 45 52 58
Hippocampus ROI
(sMRI+MD)+CSF
volume, SVM

90.20 79.42 76.63

Aderghal et al.
2020 (29)

DTI+sMRI 64 399 273
Hippocampus ROI
(sMRI+MD),
LeNet-CNN

92.30 78.48 79.16

Jiang et al.
2020(27)

sMRI
— 50 70

VGG16 with SVM — 89.40 —

Marzban et al.
2020 (30)

DTI+sMRI 115 185 106
(MD, FA, MO, GM),
2DCNN

93.50 — 79.6

Kang et al.
2020 (26)

DTI+sMRI — 50 70
(FA+MD+sMRI),
VGG16+SVM

— 94.20 —

Feng et al.
2020 (37)

sMRI 130 135 133 3D-CNN+SVM 99.10 98.90 89.40

Lella et al.
2021 (19)

DTI 40 40 —
(FA+MD+RD+LD),
SVM, RF, PML

88.50 — —

Naz et al.
2021 (24)

sMRI 95 146 138 VGG16, VGG19 98.89 97.06
99.27

Our approach DTI+sMRI 50 50 50
(FA+MD,+GM),
2DCNN-SVM

99.79 99.58
97.00
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Fig. 9 Comparison of performance of proposed technique for binary classification of AD
vs. CN AD vs. MCI, and CN vs. MCI.

studies as is shown in Table 5.

In general, our results concerning AD early detection imply the existence
of distinct pathophysiological processes. In fact, the hippocampus is known
to be one of the earliest and most severely damaged structures affected by
AD. However, there are other structures involved in AD detection such as
the amygdala, thalamus, and putamen. The relevant slices selection seems a
powerful and easy method than segmenting the hippocampus or other brains
regions which requires a human expert. Our network learns the complex
patterns of brain atrophy from relevant sections that contain almost all of
the AD-affected regions mentioned in the literature, for each patient. This
eliminates the process of segmentation of the hippocampus and other regions
of the brain. Moreover, a subsequent selection of the most discriminating
characteristics is avoided in our approach.

Our results confirm the effectiveness of the DTI measurement FA and MD
in the classification of AD vs. CN, AD vs. MCI, and CN vs. MCI which is
consistent with the previous works (19; 18). In addition, The GM atrophy in
sMRI is of great interest to researchers for the AD early detection. The sMRI
based transfer learning has proven impressive results (23; 25). Generally, the
VGG16 and VGG19 models have gained higher accuracy than other pre-
trained models (24). Recently, some of the authors(26; 27) succeeded in using
a pre-trained (VGG16) model for automatic extraction of features and SVM
for the classification; they achieved a higher accuracy. However, the transfer
learning technique relies generally on natural images whose models are trained
using the Imagenet database (39). Conversely, our simple networks learn and
extract from scratch the most pertinent features.
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In the past few years, the multi modalities (DTI-MD and sMRI) were
reported by many researchers. They proposed different combination tech-
niques to ensure the best classification. Aderghal et al. (29) suggested the
transfer learning technique to perform the fusion process and Marzban et al.
(30)adopted a cascaded CNN. However, they achieved lower accuracy than
what we got which is over 97%. This is probably due to the small sample size
we used compared to them, or the fact that we didn’t work on specific ROI,
or the impact of adding FA.

In summary, both, diffusion scales metrics and the GM are powerful ele-
ments and important for AD stage discrimination. The multi-modality fusion
process (FA+MD+GM) seems to be the best technique to improve the AD
classification performance.

6 Conclusion

In this paper, we have proposed a 2DCNN-SVM classification approach based
on DTI scalar metrics (FA and MD) and GM segmented from T1w images
from ADNI databases for AD detection and diagnosis. The fusion of fea-
tures extracted from FA, MD, and GM by the proposed 2DCNN demonstrates
the effectiveness of our method achieving a classification accuracy of 99.79%,
99.85%, and 97.00% for AD/CN, AD/MCI, and CN/MCI respectively. In con-
clusion; the use of DTI-FA, DTI-MD, and GM separately gives lower results
than fused together.
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