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ABSTRACT

Alzheimer’s disease (AD) leads to memory loss and impairment,
which may cause further symptoms. It affects lives of patients se-
riously and is not curable, but early confirmation of AD may be
helpful to start proper treatment so as to avoid further brain dam-
age. Over the past decades, machine learning methods have been
applied to the classification of AD with results based on manually
prepared features and a classifier having a multiple-step architec-
ture. Recently, with the development of deep learning, the end-
to-end process of neural networks has been employed for pattern
classification. In this paper, we focus on early diagnosis of AD based
on convolutional neural networks (ConvNets) by using magnetic
resonance imaging (MRI). Image slices of gray matter and white
matter from MRI have been used as the inputs for classification.
Ensemble learning methods have been employed after the convo-
lutional operations for improving the classification by combining
outputs of deep learning classifiers [27]. Three base ConvNets were
designed, implemented, and compared in this paper. Our method
was evaluated based on a dataset from the Alzheimer’s Disease
Neuroimaging Initiative for the early diagnosis of this illness. In
particular, the accuracy rates of our classifications have reached up
to 97.65% for AD/mild cognitive impairment and 88.37% for mild
cognitive impairment/normal control.
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1 INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative sickness which
usually occurs in older people and easily destroys human memo-
rization and behaviors. It was reported that there are 26.6 million
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AD cases worldwide, including 14.99 million cases that are at an
early stage in 2006. It is predicted to affect one out of 85 people
globally. The number of AD populations is estimated to increase to
106.8 million by 2050 [2].

AD can be divided into three phases: Normal control (NC), mild
cognitive impairment (MCI), and AD. The structure of the human
brain shows little differences during the three phases. MCI, a pro-
dromal stage of AD, is an important phase for clinical trials. It is
possible to delay AD deterioration if it can be detected during the
prodromal stage. In MCI, individuals have a mild change on behav-
iors that can be observed easily by any people who are close to
the patients. Magnetic resonance imaging (MRI) was employed to
visualize the images from these three phases. MRI can provide a
clear 3D structure while being noninvasive for the diagnosis. As
we know, MRI has been successfully applied to the computer-aided
diagnosis by segmenting the images of gray matter (GM) and white
matter (WM) to classify the AD and NC [4][5][17]. In this paper,
GM and WM are preprocessed and classified based on our proposed
deep learning model.

Multiple methods have been exploited to aid the diagnosis of
AD [14]. Over the past decades, machine learning methods have
been employed for the classification of AD with a good performance.
The general process of machine learning aided diagnosis using MRI
can be grouped into three fundamental phases [18]: (1) Predeter-
mination of regions-of-interest (ROIs), (2) extraction/ selection of
features from ROIs, and (3) construction of classification models for
features. But the features were generated and extracted manually
from the MRI data. Because of the problem of high dimensionality
of features and small number of samples on medical images, various
methods [3]{10][24] for solving this problem have been proposed.

Zhu et al. [29] embedded relational information inherently into
a sparse multi-task learning framework so as to select the features.
Ortiz et al. [15] proposed to use the mean of learning vector quantiza-
tion (LVQ) to model the tissue distribution; then, SVM was adopted
as the classifier. Other work has been employed to train a classifier
with a sub-optimal performance, due to the heterogeneous nature
between feature extraction and classifier.

Deep learning is a revolutionizing methodology compared to
traditional machine learning methods. Instead of separating feature
extraction from a classifier, deep learning can learn the parameters
of neural networks directly from the images without an engagement
of human experts. Recently, convolutional neural networks have
achieved very high average precision on pattern classifications
using digital images [12]; especially it has shown the successful
applications on computer-aided diagnosis (CAD) [21][23][28].
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Gupta et al. used sparse autoencoder (SAE) to learn a set of natural
images and then applied convolutional network for AD classifica-
tion [6]. Sarraf et al. used the convolutional neural networks and
the LeNet-5 to classify Alzheimer’s disease from normal controls
with the accuracy 96.85% [20]. Shi et al. [22] proposed multimodal
stacked deep polynomial networks to fuse multimodal neuroimag-
ing data for AD diagnosis.

Ciprian et al. [1] modified the 16 layers VGGNet for the three
ways classification of AD, MCI, and NC based on the Alzheimer’s
disease neuroimaging initiative (ADNI) dataset and achieved an
overall accuracy 91.85%. Liu, et al. [11] proposed a zero-masking
scheme for data fusion so as to extract complementary information
from multiple data modalities. Lian et al. [9] proposed a hierarchi-
cal fully convolutional network (H-FCN) to automatically identify
local patches and regions in the whole brain MRI for AD diagnosis.
Suk et al. [25] proposed to combine two methods based on sparse
regression and deep learning for AD diagnosis.

Islam et al. [8] improved a CNN model based on the Inception-V4
neural network [26] with the open-access series of imaging studies
(OASIS) database [13]. Andres et al. [16] used deep belief networks
(DBN) as the base classifiers, the final prediction was determined
by using a voting scheme.

Transfer learning has been adopted for the CAD using deep
convolutional neural networks (CNNs or ConvNets) based on two
databases [23]. For the small sample problem of medical images,
transfer learning was used on the classification of AD. For ensemble
learning, Islam, et al. proposed a new deep convolution neural
networks for AD images detection and classification. DenseNet 121,
161, and 169 were used as the base classifiers, then the results were
ensembled by using the well-trained weights.

Different to existing work, in this paper, we propose an ensem-
ble classifier based on ConvNets. ResNet50 [7], NASNet [30], and
MobileNet [19] as learners are combined together for the early diag-
nosis of AD. Our work mainly has the twofold contributions: (1) the
base classifiers are trained by using the end-to-end process instead
of directly extracting convolutional features for training classifiers,
and (2) our ensemble learning is implemented using base learners
to improve the performance of the early diagnosis of AD. The rest
of this paper is organized as follows. In Section 2, we introduce
our methods and the used database. In Section 3, our experimental
results are described. Finally, conclusions are drawn at the end of
this paper.

2 OUR METHODS

2.1 Database

In this paper, the data were grabbed from the ADNI database at adni.
loni.usc.edu. ADNI especially was designed to collect, validate, and
utilize the data such as MRI, positron emission tomography (PET)
images and blood biomarkers as predictors for AD. ADNI was
initiated in 2003 to collect and analyze AD, MCI, and NC brain
images. A total of 615 MRI images were split into 179 AD, 254 MCI,
and 182 NC in Nif TI format. The ratio between male and female
samples in each category is roughly equal. The data is usually
categorized for training, validation, and test in a proportion of
3:1:1.
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2.2 Preprocessing

MRI images from the ADNI database were corrected to exclude
the influences on head movement because of long-time image ac-
quisitions by using statistical parametric mapping (SPM), that is
a software developed by the University of London based on the
MATLAB platform. The images downloaded from the website were
resized into 192 X 192 X 160.

Then, the resized MRI images were grouped into WM, GM, and
cerebrospinal fluid (CSF) categories by using SPM. The GM and
WM images were selected as the dataset for training because the
GM and WM can provide a clear and important brain structure for
the diagnosis of AD.

After the segmentation, the GM and WM has been sliced into 192
images in TIF format. According to the prior knowledge, consecu-
tive 20 slices with significant brain structure from each MRI image
were selected as the data from GM and WM. The slices from GM
were added to the collection from WM and resized into 224 x 224
as the inputs of our neural networks.

2.3 Network Architecture

Albeit conventional machine learning approaches took use of the
features extracted by experts, we utilize deep learning with the
end-to-end process to classify the AD. In this project, our model for
early diagnosis of AD would be presented. The main framework of
this paper is shown in Fig. 1.

In this project, there are three base classifiers which are em-
ployed for our experiments. Firstly, the data downloaded from
ADNI are preprocessed, 20 slices with significant brain structures
are selected and sent to the ConvNet for model training. Then,
each base classifier exports a result of the slice. We integrate the 20
slices together in order to classify this subject. At last, the ensemble
learning methods are employed on the output of each ConvNet
network.

Unlike image datasets used in computer vision, the ImageNet
offers a very comprehensive database with a lot of natural images
which were used to train a deep learning model with huge param-
eters. It is difficult to train such a big model fully using a small
medical database. Therefore, transfer learning was used on our
experiment to improve the accuracy.

The previously trained network based on the ImageNet was used
for our base classifier. As we know, the ConvNet for image classifica-
tion is comprised of two parts: a series of pooling and convolutional
layers as well as fully connected layers. In this paper, the first part
of the ConvNet is convolution base (conv_base) consisting of a
series of pooling and convolutional operations. Our fully connected
layers with initialized weights were added to the base layer so as
to combine the convolution base together. The structure of this
classifier is shown as Fig 2.

Our entire base classifier consists of three parts. The first part
and the second part form the convolution base. The third part is
committed as fully connected layers. The training of each base clas-
sifier includes two stages. Firstly, the convolution base is fixed as
we train the fully connected classifier in order to fit the weights of
the fully connected layers. The fully connected layers are randomly
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Figure 1: The overall framework is split into three parts: Preprocessing, ConvNets, and ensemble learning.

where B(-) is a Bernoulli (binomial) distribution, x denotes neurons

initialized, a large weight updates would be propagated. Other-
1)

wise, the network is modified that was previously learned by the
ConvNet.

in the layer [ that is transferred to the next layer; yEH is the output

of the neurons of layer / on the y;,i = 1,--- ,N.

Conv n-4

Conv n-3

! 4

Conv n-2

Figure 2: The structure of the base classifier ConvNet.

After the first phase, we release a few of top layers of the convo-
lution based. Then, the base classifier is trained based on fine tuning
to fit the early diagnosis of AD by using the end-to-end process.
The first part of the convolution base has been fixed all the time.
These base classifiers are eResNet50, eNASNet, and eMobileNet in
this paper.

In the third part of this network, the outputs are flattened into
a new layer. Then fully connected layers are added to the flatten
layer. In order to avoid overfitting, a dropout layer was added to the
fully connected layer. As we know, backpropagation (BP) of neural
networks adjusts the weights and offsets of the hidden layers so as
to match the output and the input.

Compared with BP neural networks, Bernoulli function is added
to the network so as to adjust the weights and offsets of the hidden
layers, avoid overfitting, and better match the inputs and outputs.
The structure of our neural network with dropout is shown in Fig. 3.
The workflow is expressed as follow:
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Figure 3: The dropout network.

3 EXPERIMENTS AND RESULTS

In this section, we validate our method mainly based on the com-
parisons: AD vs MCI and MCI vs NC. Firstly, bResNet50, bNASNet,
and bMobileNet are used as the base learns for ensemble learn-
ing considered as the comparative experiment. Then, our method
eResNet50, eNASNet, and eMobileNet are trained by using the
end-to-end process for ensemble learning. Finally, our results are
compared with the prevalent results on the classification of AD.

The proposed networks were implemented by using Python 3.5
with the Keras, and the computer we experimented facilities with a
single GPU (i.e., NVIDIA DGX-1). During the preprocessing, SPM
based on the MATLAB was used to deal with the data downloaded
from ADNI. The Adam optimizer was used for training, the learning
rate was set as 2.0 X 107> at the beginning, and the size of minibatch
was initialized as 20.

Our method was mainly validated for early diagnosis of AD (i.e.,
AD wvs. MCI, and MCI vs. NC). The classification was evaluated
by using four measures: Classification accuracy (ACC), specificity
(SPE), sensitivity (SEN), and the area under receiver operating



Table 1: Accuracy, sensitivity, specificity, and AUC of various
classification methods for AD and MCIL.

Models ~ ACC (%) SEN (%) SPE(%) AUC
bResNet50  97.65  100.00  94.29  0.95
eResNet50  98.80  98.00  100.00  1.00
bNASNet  97.65 98.00 9429  0.95

eNASNet  98.82 96.00  100.00  1.00
bMobileNet ~ 97.64  98.00  94.28  0.95
eMobileNet  97.65 96.00  100.00  1.00
bEnsemble  98.82 98.00  100.00  0.95
eEnsemble  97.65 96.00  100.00  1.00

characteristic curve (AUC). These measures are recalled as follows:

TP+TN

ACC 2
TP+TN + FP + FN
SEN = LEs (3)
- TP+TN
TN
SPE — @)
TN + FP

where TP, TN, FP, and FN are the rates of true positive, true nega-
tive, false positive, and false negative. The AUC is calculated based
on all possible pairs of SEN and SPE obtained by changing the
thresholds of the classification scores yielded by using the trained
networks.

4 COMPARISONS

In this paper, eResNet50, eNASNet, and eMobileNet were selected
as the base classifiers which were trained by using the end-to-end
process. The training of each base classifier includes two phases.
Pertaining to eResNet50, the ConvNet is fixed as we train the fully
connected classifier in order to fit the weights of the fully con-
nected layers classifier. The fully connected layers on the top were
randomly initialized, a large weight updates would be propagated.
Then, a few top layers of convolution base were released and com-
bined with the updated fully connected layers so as to fit the model
for medical images. The base classifiers were trained based on fine
tuning between fully connected layers and released layers of the
network for the early diagnosis of AD by using the end-to-end
process. The same operations were used based on eNASNet and
eMobileNet to train the base learners.

As a comparison, a previously well-trained network was used for
our experiments based on transfer learning, the classifier is trained
by using ResNet50, NASNet, and MobileNet. The new networks
are bResNet50, bNASNet, and bMobileNet. The results are used to
compare with the data from our existing base classifiers: eResNet50,
eNASNet, and eMobileNet. We test our model after training and
ensemble the results of the base ConvNet on the classification of
AD. The classification results for AD and MCI are shown as Table 1.

From Table 1, we see that all accuracy sensitivity and AUC val-
ues obtained from the models by using the end-to-end process are
higher than those from the models trained by the base classifiers.
Especially, the accuracy of eNASNet is 1.17% higher than that of
bNASNet. The “bEnsemble” is the result after combining bResNet50,
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Table 2: Accuracy, sensitivity, specificity, and AUC of various
classification methods for MCI and NC.

Models ~ ACC(%) SEN(%) SPE(%) AUC
bResNet50 81.39 80.56 82.00 0.91
eResNet50 86.05 83.33 88.00 0.95
bNASNet 81.39 55.56 100.00  0.92

eNASNet 87.21 75.00 96.00 0.95
bMobileNet 81.39 55.56 100.00 0.92
eMobileNet 89.53 83.33 94.00 0.95
bEnsemble 80.23 58.33 96.00 0.91
eEnsemble 88.37 80.56 94.00 0.96

bNASNet, and bMobileNet. The “eEnsemble” is the result after en-
sembling eResNet50, eNASNet and eMobileNet. From “bEnsemble”,
we see that not only the accuracy of the ensemble is higher than
that of the single model, but also the specificity is superior to the
single model which shows the better performance of ensemble
learning. The results between MCI and NC are shown in Table 2.

From Table 2, we see that the models trained by using the end-to-
end method have better results than the models trained by using the
features extracted from the base classifiers. Especially, the accuracy
of “eEnsemble” has been improved 8.14% compared to the results
of “bEnsemble”and the sensitivity of eNASNet is 0.19 higher than
bNASNet. In the end, the AUC of “eEnsemble” is the highest one
which demonstrates the effectiveness of our method. The receiver
operating characteristic (ROC) curves for the comparisons between
MCI and NC are shown in Fig. 4.
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False Positive Rate

Figure 4: The ROC curves for the classification between MCI
and NC using our own methods.

In this section, we compare our results with the previous work
regarding to the diagnosis of AD. Table 3 shows the results of
previous studies and our results. From Table 3, we see that our
results have a better performance on the classifications of MCIL. Our
model has a higher accuracy of classification for AD and MCIL.



Table 3: Comparisons of the results of previous studies and our method (%)

‘ AD vs NC AD vs MCI MCI vs NC
References ACC SEN SPE ACC SEN SPE ACC SEN SPE
Billones et al. [1] | 98.33 98.89 97.78 90.00 91.67 97.78 91.67 92.22 91.11
Sarraf et al. [20] | 98.84 - - - - - - - -
Ortiz et al. [16] 90.09 86.12 94.10 84.00 79.12 89.12 83.14 67.26 95.09
Lian et al. [9] 90.30 82.40 96.50 - - - - - -
Suk et al. [25] 91.02 92.72 89.94 - - - 73.02 77.60 68.22
Our method 98.59 97.22 100.00 | 97.65 96.00 100.00 | 88.37 80.56 94.00
5 CONCLUSION [10] F.Liu, C. Wee, H. Chen, and D. Shen. 2014. Inter-modality relationship constrained

In this paper, we proposed an ensemble learning method for the
early diagnosis of AD by using deep learning. Specifically, we
trained our base classifiers by using the end-to-end process. Firstly,
we fixed the base learner and fit the fully connected layers. Then,
we released a few layers on the top of the network combined with
the updated fully connected layers so as to fit the model for learning
abstract features of medical images. We trained the base classifier
in order to fit the model better. In the end, the outputs of those
base learners were ensembled to improve the accuracy and stability.
The results based on the ADNI database show that our method is
superior to the conventional machine learning approaches.
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