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Abstract. Alzheimer’Disease (AD) is themost common formof dementiaworld-
wide. Structural Magnetic Resonance Imaging (sMRI) is the supportive tool for
the diagnosis of this disease. Even, it can be used to predict the conversion of
the disease from the mild cognitive impairment (MCI) to AD stage. Neverthe-
less, the 3D image produced by sMRI is high dimensional data, which raises the
risk of overfitting in the classification model. For this reason, the combination of
Discrete Wavelet Transform (DWT) and Principal Component Analysis (PCA)
was proposed as the feature extraction techniques to reduce the dimensional and
extract significant features concurrently. The issues of DWT are the selection of
level of decomposition and wavelet filter to decompose the image. In order to
deal with these issues, a series of experiments were conducted to find the suitable
parameters. By using 2D-DWT, spatial information of 3D data cannot be cap-
tured. The connection between the slices is neglected. Hence, 3D-DWT has been
adopted instead of 2D-DWT in this paper. In the classification step, Support Vector
Machine (SVM)was used as the classifier to predict the conversion of normal con-
trol (NC) and stableMCI (SMCI) to progressiveMCI (PMCI) and AD for datasets
collected up to 2 years before the progression. The dataset used in this paper was
collected from Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. In
the validation, the proposed method outperformed the other methods by attaining
79%, 79%, 82% and 82% in accuracy for the datasets collected at different time
points, which were 1% to 4% higher than the model adopted 2D-DWT and PCA.
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1 Introduction

Alzheimer’s Disease (AD) is a degenerative brain sickness which eventually leads to
death due to complications [1]. The death rate of AD was increased 146% from year
of 2000 to 2018, while other diseases such as heart’s disease had decreased in United
States. The patient suffers AD experiences cognitive and behavioral impairment such
as memory loss, difficulty in thinking and reasoning, and personality change. Hence, it
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requires a lot of time and money in taking care the patient suffers AD. In light of the
AD facts and figures, it is becoming extremely difficult to ignore the existence of AD.
The early prediction of the conversion to AD is getting more attention to provide a more
comprehensive treatment to the patient. Also, it prepares the heart of the caregiver to
provide emotional support and daily support to the patient.

There have been a number of longitudinal studies involving Structural Magnetic
Resonance Imaging (sMRI) that have been reported to be the supportive tool in AD
diagnosis [2]. MRI is a non-invasive brain imaging technique [3], therefore, it is more
preferable compared to other brain imaging techniques aswell. SMRI reveals the internal
structure of the brain. Hence, the atrophy of the brain can be detected through examining
the 3D image produced from the device. The longitudinal study of MRI images of a
patient provides more information to the doctor on the formation of the disease [4]. On
the other hand, a single scan also allows the doctor to identify the existence of AD with
the help of brain imaging and neuropsychological tests.

There are several stages in the development of AD. The healthy patients are cate-
gorized as normal control (NC), the patients suffer mild cognitive impairment (MCI)
but they do not convert to AD after a period of observation are categorized as stable
mild cognitive impairment (SMCI), the patients suffer MCI and they converts to AD
after a period of observation are categorized as progressive MCI (PMCI), and AD refers
to the patients are having AD at the baseline scan. The prediction of the conversion to
AD in computer-aided diagnosis involves classifying the different stages of the disease,
especially on segregating PMCI fromSMCI to prescribe the rightmedicine to the patient.

Nevertheless, the brain image produced from sMRI is high dimensional data. Each
3D image contains millions of features, and it causes overfitting. Hence, feature extrac-
tion is an important procedure before classification. This paper has proposed Discrete
Wavelet Transform (DWT) and Principal Component Analysis (PCA) to perform fea-
ture extraction. Some of the researchers had adopted 2D-DWT instead of 3D-DWT in
their studies. However, 2D-DWT faces the issue of losing spatial information. It does not
consider the connection between the slices of 3D image during the data compression [5].
Besides, the main challenges of DWT are selecting suitable wavelet and decomposition
level. Different kinds of datasets require different parameter selection. Hence, 3D-DWT
was adopted in this paper. In order to deal with the parameter selection issue, experi-
ments were conducted to examine the performance of different parameters towards the
AD classification.

The main contribution of this paper is to identify the best parameters for 3D-DWT
on the AD image. It ensures the extracted features increase the accuracy of classification.
The results in the comparison demonstrate that the proposed method has achieved better
performance compared to other models. The rest of the paper is organized as follows:
Sect. 2 presents the prior study, Sect. 3 describes the proposed method, Sect. 4 discusses
the implementation and evaluation, Sect. 5 provides the results and discussion, and
Sect. 6 draws the conclusion for this paper.

2 Prior Study

The selection of feature extraction approaches in AD classification is based on the fea-
tures used in the studies. The Gray Level Co-occurrence Matrix (GLCM) was widely
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used in extracting texture features of the brain image [6–8]. Tooba Altaf et al. [6] com-
puted the texture features such as entropy, contrast, correlation and homogeneity by
applying GLCM in each slice of the 3D MR image. Then, the average of the features
was obtained to form a feature vector for each MR image. Besides, the authors also
adopted scale invariant feature transform, local binary pattern and histogram of oriented
gradient to extract texture features. Besides extracting texture features, Arpita Raut and
Vipul Dalal [7] also extracted shape and area features by using moment invariants. A
total of 13 features were extracted from the image. C.V. Dolph et al. [8] had extracted
the features such as volume, surface area and cortical thickness by using FreeSurfer
software. The texture feature was extracted through the proposed novel fractal texture
feature extraction, which was the combination of fractal dimension and GLCM.

Apart from the methods aforementioned, voxel-based morphometry (VBM) is also
another approach to compare the differences between the groups in voxel-wise [9]. The
VBM approach proved that grey matter alternation is consistent with the neuropsycho-
logical test. It also found that the healthy patientwho faces cognitive impairment in future
has reduced grey matter density compared to the patient who remains normal cognitive
[10]. Thus, the voxel-wise comparison was also widely used in AD classification. The
VBM analysis can be conducted by using different software, such as FSL-VBM and
Statistic Parameter Mapping (SPM) [10–12]. The number of VBM features is usually
higher than the samples, therefore, Principal Component Analysis (PCA) and Partial
Least Square (PLS) were commonly used to further extract and reduce the features
[13, 14]. Both techniques were always compared, and PLS outperformed PCA in most
studies. L. Khedher et al. [14] drew the graphs to compare the classification result by
using different numbers of features. It showed that the number of features is the key to
determine the classification results for both techniques.

Besides, it is noticed that the combination of PCA with DWT has improved the
classification result. Yudong Zhang et al. [15] proposed 3D-DWT to extract the wavelet
coefficients of the image. Then, the volume descriptors were calculated through the
subbands obtained from each level of decomposition. PCAwas used to find the uncorre-
lated features. This study showed that 3D-DWT outperformed 2D-DWT by preserving
the spatial information of 3D images. Luis Javier Herrera et al. [5] performed 2D-DWT
and PCA in their study. However, the results showed that the combination with PCA
decreased the classification result. This might be due to the number of features selected
for PCA having impacts on the results. Apart from that, both studies adopted DWT
with different wavelets. In view of the controversial claims, this study aims to give a
comprehensive view on the selection of suitable wavelet and level of decomposition for
AD classification. However, it is impossible to compare the results with the previous
studies because different features and different population studies have been used in
the study. By using different scope, it brings great impact on the classification results.
This study has conducted a voxel-wise comparison between the groups without using
any descriptors. As a result, this study validated the proposed method by comparing the
classification results of different parameters, and the evaluation of different models was
done on the collected datasets.

Therewere several classifiers that have beenusedby the research inADclassification.
Support Vector Machine (SVM) was one of the widely used classifiers [13, 14, 16]. It
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involved linear SVM, kernel SVM or other variations of SVM. It has been proved
that it is powerful in dealing with the AD classification by achieving good results,
which were 80% and above accuracy in most of the cases. SVM was popularly used in
binary classification, in contrast, deep learning approach especially convolutional neural
network was commonly used for multiclass classification [8, 17]. However, parameter
tuning is themain concern of deep learning approaches because there is lack of guidelines
on determining the layers in between [18, 19]. A trial-and-error process is required to
determine the number of hidden layers and neurons. Deep learning approach is treated
as an one stop solution for AD classification, which has included feature extraction in
the layers. Therefore, this paper chose to adopt SVM as classifier to perform binary
classification.

3 Proposed Method

In this section, the proposed feature extraction techniques of this paper are presented.
The AD classification scheme involved three steps, which were pre-processing, feature
extraction and classification (see Fig. 1). The pre-processing was done through Compu-
tational Anatomy Toolbox (CAT12) software to segment the gray matter (GM) tissue
with default parameters. The images were normalized toMontreal Neurological Institute
(MNI) space by usingDiffeomorphicAnatomicRegistrationThroughExponentiatedLie
algebra algorithm (DARTEL) template to allow further analysis. The 3D images which
contained the segmented GM tissue were transformed to 121× 145× 121 voxels. After
this, the 3D images underwent feature extraction by using 3D-DWT and PCA. The low
dimensional data obtained from the feature extraction was the input of linear SVM clas-
sifier. The details of feature extraction and classification methods are described in the
following sub-sections.

Input 
Image 

Pre-processing 

GM segmentation

Spatial 
normalization

Feature 
Extraction 

3D-DWT

PCA 

Classification 

SVM 

Fig. 1. Alzheimer’s disease classification scheme

3.1 3D-Discrete Wavelet Transform

DWT is a time-frequency analysis which is used for data denoising or data compression
by choosing appropriate frequency bands. In image processing, the image is treated as
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signal and edges, which provide the frequency information to the algorithm [20]. The
image is passed into a low pass filter and a high pass filter to find the image details.
DWT compresses the data, at the same time, it extracts the significant features in the
down sampling process. In order to decide the level of decomposition and wavelet for
3D-DWT, experiments were done to examine the results by using different parameters.
The results are reported in Sect. 5. At last, 3-level 3D-DWT with Haar wavelet was
adopted in this paper as the first step of feature extraction.

The 3-level 3D-DWT indicates that it involves three times decomposition at the
approximation coefficients obtained from previous level of decomposition, and it takes
part of three axes of the data. Figure 2 shows the diagram of 3-level 3D-DWT, where L
refers to low pass filter, H refers to high pass filter, and downward arrow refers to down
sampling process.

L

H

L

H

L

H

L

H

L

H

l(n)

H

L

H

Fig. 2. Diagram of 3-level 3D-DWT

The 3D-DWT can be done through passing the 3D image in row, column and slice
direction to the filter. Therefore, it produces 8 subbands named as LLL, LLH,LHL, LHH,
HLL, HLH, HHL, HHH. The subband LLH is obtained through passing the image to
low pass filter along x-axis, low pass filter along y-axis and high pass filter along z-
axis. The other subbands also can be interpreted through this concept. Figure 3 provides
the examples of the subbands obtained from 1-level 3D-DWT on the sagittal image.
The subband LLL produces an approximation coefficient of the image, and it is used
for further decomposition. On the other hand, the other subbands capture the detailed
coefficients of the image by passing through a high pass filter in any of the direction.
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The image is down sampled by 2, therefore, the size of the image in each dimension
from each level of decomposition is half of the previous level.

Original LLL LLH 

LHL LHH HLL 

HLH HHL HHH 

Fig. 3. The subbands of 3D-DWT on medical image

The Haar wavelet is considered as Daubechies 1 wavelet as well. It is the simplest
wavelet but it is suitable for the AD images as compared to other wavelet filters [5].
The Haar wavelet takes the sum of successive pairs of pixels’ values in each axis of the
image, then multiplying it with the normalization constant, 1/

√
2. This forms the 3D

low pass filter matrix, LLL as shown in Eq. (1). The low pass filter in this paper had size
of (2 × 2 × 2), which produced the coarser image by examining 8 pixels’ values at a
time until the whole image was decomposed. The subband LLL was used as the input
of PCA. As a result, the 3-level 3D-DWT reduced the size of pre-processed image to 16
× 19 × 16 dimensions, which was 4,864 features.
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3.2 Principal Component Analysis

PCA is a linear transformation approach which projects the image data points to lower
dimensional space. PCA finds the lines that maximize the variance of the data to obtain
the minimal representation of the original image. The lines are called principal axes.
Principal components are obtained through projecting the data points to the principal
axes. The first principal component has the largest variance of the data, and the variance
goes down to the last principal component.

Eigen-decomposition is the classical way to find the direction and magnitude to
project the data. However, it might face accuracy loss due to eigenvalues are sensitive
to perturbations in some matrices [21]. Any changes of the matrices will lead to great
changes in eigenvalues. Therefore, singular value decomposition (SVD) was used as
a replacement for eigen-decomposition in this paper due to its numerically stable in
computation.

The 3D image from DWT was transformed to 1D long feature vector, and all the
training set samples were stacked together to form the input of PCA. The input data has
undergone mean-centring to decompose to U�VT . The columns of U are called left
singular vector, which contains the unit vectors, the diagonal of � are singular values,
which contains the sum of projection lengths, and the columns of V are called singular
vector, which contains the projection directions. The rank of mean-centring data, Xmean

is r = min(m, n) to gain non-zero singular values, wherem is number of samples and n is
the number of dimensions of each sample. Consequently, the full SVD can be simplified
to economy SVD as illustrated in Fig. 4.

The equation for economy SVD is derived as Eq. (2), where U ism-by-mmatrix,�
∧

is

m-by-m matrix and V
∧T

is m-by-n matrix. Then, the covariance matrix can be computed
fromEq. (3). By obtaining the covariancematrix throughSVD, the projection of the input

data was done through multiplying with V
∧T

to obtain the low-dimensional uncorrelated
data.
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]
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Xmean
TXmean = V�UTU�VT = V

∧

�
∧2

V
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(3)

Each principal component refers to the transformed feature for classification. The
dataset used in this paper had 160 samples for training set, as a result, the number of
features after PCA was 159. All the features were kept in this paper to avoid eliminating
the useful features, since lowvariance principal components also contributed to segregate
the classification groups.

3.3 Support Vector Machine

In this paper, the only classifier was soft margin linear SVM. The soft margin SVM
can deal with the situation where there are outliers fall in the areas belong to different
groups. This makes it more suitable compared to hard margin SVM when the classifier
deals with real-world data because the data might not distribute linearly. SVM finds the
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Full SVD 

Economy SVD 

=

=

Fig. 4. Full and economy SVD

hyperplane which separates different groups. It needs to fulfill two requirements, which
are having the largest distance with the nearest data and minimizing the classification
loss. The hyperplane is found through following Eq. 4 subjects to Eq. 5, where the w
denotes vector, x denotes features or variables of the image, b denotes the biased term,
y denotes the predicted label, ξ refers to the distance between outlier and the correct
margin, and n refers to the total number of features.

min
w,b

1

2
‖w‖2 +

n∑
i=1

ξi (4)

yi
(
wTxi + b

)
≥ 1 − ξi (5)

4 Implementation and Evaluation

Based on the proposed method in Sect. 3, the experiments were conducted to identify
suitablewavelet and level of decomposition for 3D-DWT.Thedataset, evaluationmethod
and evaluation metric are described in this section.

4.1 Dataset Acquisition

The datasets were collected from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database. The ADNI was launched in 2003 as a public-private partnership,
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led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has
been to test whether serialmagnetic resonance imaging (MRI), positron emission tomog-
raphy (PET), other biological markers, and clinical and neuropsychological assessment
can be combined to measure the progression of mild cognitive impairment (MCI) and
early Alzheimer’s disease (AD). For up-to-date information, see www.adni-info.org.

The datasets were collected at different time points, which were 24 months before
stable diagnosis, 18 months before stable diagnosis, 12 months before stable diagnosis
and at the stable diagnosis time point. Each dataset consisted of 50 NC, 50 SMCI, 50
PMCI and 50 AD. The dataset collected during stable diagnosis time point refers to
the patients who had ended the observation periods which lasted for 24 months. The
subjects in the SMCI category refer to the patients remaining in MCI state at the end of
the observation, while the subjects in the PMCI category refer to the patients convert to
AD even though they had been diagnosed as MCI during baseline scan.

All the MR images obtained were pre-processed T1-weighted MR images, which
had undergone 3D gradient inhomogeneity correction and B1 non-uniformity correction
[22, 23]. After that, the images were further processed by using CAT12 as mentioned in
Sect. 3. This paper conducted binary classification,which divided the different categories
into two groups. The NC and SMCI was grouped together as (NC + SMCI) to represent
the healthier patient, and the PMCI and AD was grouped together as (PMCI + AD)
to represent the sick patient. Hence, the prediction on the conversion can be done by
comparing the binary groups.

4.2 K-Fold Cross-Validation

Cross-validation allows assessing the model without bias. A 5-fold cross-validation
was employed in this paper to perform out-of-sample assessment on the model. The
assessment was done on the independent set. The 5-fold cross-validation divided the
datasets to five subsets randomly. The training set was built with four subsets and the
validation set was constructed with the last subset. This procedure was repeated for
5 times, and the different classification groups were divided equally in each cross-
validation partition. All datasets were divided into training set and validation set before
PCA instead of classification. This is because PCA is amachine learning approachwhich
requires a training set to find the projection direction first. Then, the validation set will
be projected based on the training set’s projection direction.

4.3 Evaluation Metric

The aim of this paper is to improve the accuracy of AD classification. Therefore, the
evaluation metric used in this paper was mean accuracy from the cross-validation. After
obtaining the accuracies from each cross-validation, the average of the accuracies was
calculated to be the overall result. Accuracy gauges the ability of the model in correctly
predicting the conversion of the disease in this paper context [24]. It calculates the
number of correct predictions from the total number of predictions. Accuracy is derived
from the confusion matrix, which calculates the true positive (TP), true negative (TN),

http://www.adni-info.org
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false positive (FP) and false negative (FN) in the predictions. The confusion matrix is
demonstrated in Table 1, and the accuracy is calculated by using Eq. 6.

Accuracy = (TP + TN )/(TP + FP + TN + FN ) (6)

Table 1. Confusion matrix for AD classification

Predicted class

(PMCI + AD) (NC + SMCI)

Actual class (PMCI + AD) TP FN

(NC + SMCI) FP TN

TP = the number of (PMCI + AD) subjects is identified as (PMCI + AD).
TN = the number of (NC + SMCI) subjects is correctly identified as (NC + SMCI).
FP = the number of (NC + SMCI) subjects is identified as (PMCI + AD).
FN = the number of (PMCI + AD) subjects is identified as (NC + SMCI).

5 Results and Discussion

The purpose of conducting the experiments was to identify the suitable wavelet filter
and level of decomposition for AD classification. Therefore, the mean accuracy from
the cross-validation was the measurement in these experiments. The experiments had
compared different popular wavelets, which included Haar, Daubechies (Db) 2, Db4,
Symlet (Sym) 2 and Sym4with different levels of decomposition of 3D-DWTon the four
datasets collected at different time points. The initial decomposition was set to 2-level.
The criteria to stop the increment of the decomposition level was the dropping of the
mean accuracy.

Table 2 shows the 2-level 3D-DWTwith different wavelets. The results revealed that
the selection of wavelets had a great impact on classification results especially on the
dataset collected at time points of 24 months and 18 months before stable diagnosis.
It is challenging to classify the datasets collected at the earlier time points. The mean
accuracies of the datasets collected at time points of 24 months and 18 months before
stable diagnosiswere always lower than the datasets collected at later timepoints.Despite
this, Sym4 wavelet achieved the best results compared to other wavelets in 2-level
3D-DWT.

Table 3 shows that 3-level 3D-DWT by using Sym4 wavelet and Haar wavelet
achieved higher mean accuracies compared to 2-level 3D-DWT with Sym4 wavelet
at all time points except the dataset collected at time point of 18 months before stable
diagnosis. The lowest mean accuracy of 3-level 3D-DWT with Haar wavelet on differ-
ent datasets was 1% higher compared to Sym4 wavelet. Nevertheless, the Sym4 wavelet
achieved 1% higher in the highest accuracy.
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Table 2. The classification results with 2-level 3D-DWT and PCA

24 m before stable
diagnosis

18 m before stable
diagnosis

12 m before stable
diagnosis

Stable diagnosis
time point

Haar 0.77 0.78 0.80 0.81

Db2 0.78 0.77 0.80 0.81

Db4 0.76 0.80 0.81 0.81

Sym2 0.78 0.77 0.80 0.81

Sym4 0.77 0.80 0.81 0.81

Table 3. The classification results with 3-level 3D-DWT and PCA

24 m before stable
diagnosis

18 m before stable
diagnosis

12 m before stable
diagnosis

Stable diagnosis
time point

Haar 0.79 0.79 0.82 0.82

Db2 0.78 0.78 0.82 0.80

Db4 0.76 0.77 0.83 0.80

Sym2 0.78 0.78 0.82 0.80

Sym4 0.80 0.78 0.81 0.83

Table 4 shows that the classification dropped significantly in the 4-level 3D-DWT on
most of the wavelets except Db4. However, the overall classification results of 4-level
3D-DWT by using Db4 did not show improvement compared to 3-level 3D-DWT by
usingHaar or Sym4wavelet. Therefore, the experiment was stopped at 4-level 3D-DWT.
The possible reason for dropping the classification result is the significant features forAD
classification will be omitted when it is up to 4-level decomposition. DWT is a fine-to-
coarse method, it is a trade-off relationship between compression ratio and the accuracy,
due to the details of the image are being eliminated in each level of decomposition.

Table 4. The classification results with 4-level 3D-DWT and PCA

24 m before stable
diagnosis

18 m before stable
diagnosis

12 m before stable
diagnosis

Stable diagnosis
time point

Haar 0.72 0.76 0.77 0.82

Db2 0.75 0.78 0.77 0.80

Db4 0.80 0.77 0.80 0.82

Sym2 0.75 0.78 0.77 0.80

Sym4 0.76 0.76 0.75 0.78
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In view of the results, this paper proposes to use 3-level 3D-DWTwith Haar wavelet.
Even though Sym4 can achieve higher results in certain datasets, but it is more important
to increase the lowest accuracy obtained from different datasets to ensure more cases can
be predicted correctly. The output of 3-level 3D-DWT on the image is demonstrated in
Fig. 5. The image is given with the axes to show the size of the image in pixels after each
decomposition level. As aforementioned, the size of the output image in each dimension
is half of the original size. Hence, the output of first level of decomposition was (61 ×
73 × 61), as the original size was (121 × 145 × 121). The down-sampling process was
repeated in the second and third level of decomposition. Eventually, there was 4,864
features left after DWT. The number of features of the image was further reduced by
using PCA. There were 159 features to be fed into classifier.

(a)
Sagittal 

(b) 
Coronal 

(c)
Axial 

1st level 
(61, 73, 61) 

2nd level 
(31, 37, 31) 

3rd level 
(16, 19, 16) 

Fig. 5. The output of 3-level 3D-DWT

It is impossible to benchmarkwith the literature provided in this paper due to different
features and different datasets were used in the studies. Therefore, a comparison of
different models was conducted with the same datasets are demonstrated in Table 5.
The first model adopted PCA and SVM, the second model applied 2D-DWT, PCA and
SVM, and the proposed model implemented 3D-DWT, PCA and SVM. It is noticed
that applying 2D-DWT and PCA as the feature extraction techniques did not increase
the mean accuracy, but it dropped the results on the datasets collected at time point of
18 months and 12 months before stable diagnosis. On the other hand, 3D-DWT obtained
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2%–4% higher compared to use PCA and SVM only on most of the datasets except the
dataset collected at time point of 18 months before stable diagnosis. Even though there
is an exception, but 3D-DWT still gives a promising result on most of the datasets. The
results also indicated that 3D-DWT compresses the image more accurately compared to
2D-DWT. The significant features can be captured from 3D-DWT.

Table 5. The comparison of different models

24 m before
stable diagnosis

18 m before
stable diagnosis

12 m before
stable diagnosis

Stable diagnosis
time point

PCA 0.75 0.80 0.79 0.80

2D-DWT + PCA 0.76 0.78 0.78 0.80

Proposed 0.79 0.79 0.82 0.82

6 Conclusion

This paper has proposed to apply 3-level 3D-DWT with Haar wavelet and PCA as the
feature extraction for AD classification. There were different wavelet families used in
previous study, this paper has clarified that the most suitable wavelet is Haar wavelet.
Besides, the maximum level of decomposition shall set to 3 because the significant fea-
tures will be eliminated along the decomposition process. By using the suitable wavelet
and level of decomposition, 3-level 3D-DWT and PCA improved the classification result
in predicting the conversion to AD.

It is worth to note that all principal components obtained from PCA was used in
this paper. Feature selection was not included in this model to avoid the high sensitivity
issue, due to different number of features gives high impact on the classification result.
Nevertheless, it is necessary to examine the scheme of AD classification to further
improve the results. The additional data such as age, gender and neuropsychological
test can be included to boost the classification result. Without surprise, the prediction of
the conversion to AD is more challenging on the datasets collected in the earlier stage
of the disease compared to the datasets collected at time point which are near to stable
diagnosis. Therefore,more attention shall be focused on the early diagnosis of the disease
to provide better treatment to the patients. The future work can be done on designing
the AD classification scheme to enlarge the difference between the classification group,
which shall give a more distinguishable boundary for the classifier.
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