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Abstract 

Alzheimer’s disease (AD) is an insidious and degenerative neurological disease. It is a new topic for AD 

patients to use magnetic resonance imaging (MRI) and computer technology and is gradually explored at 

present. Preprocessing and correlation analysis on MRI data are firstly made in this paper. Then kernel principal 

component analysis (KPCA) is used to extract features of brain gray matter images. Finally supervised 

classification schemes such as AdaBoost algorithm and support vector machine algorithm are used to classify 

the above features. Experimental results by means of AD program Alzheimer’s Disease Neuroimaging 

Initiative (ADNI) database which contains brain structural MRI (sMRI) of 116 AD patients, 116 patients with 

mild cognitive impairment, and 117 normal controls show that the proposed method can effectively assist the 

diagnosis and analysis of AD. Compared with principal component analysis (PCA) method, all classification 

results on KPCA are improved by 2%–6% among which the best result can reach 84%. It indicates that KPCA 

algorithm for feature extraction is more abundant and complete than PCA. 

 

Keywords 

Alzheimer’s Disease, Feature Extraction, KPCA, Machine Learning, Structural Magnetic Resonance Imaging 
 

 
 

1. Introduction 

Alzheimer’s disease (AD) is an insidious and degenerative neurological disease accompanying many 

clinical manifestations such as diminished memory, persistent cognitive decline and dyskinesia [1]. By 

the end of 2006, the number of AD patients worldwide reached 26.6 million, and by 2050, one in 85 is 

estimated as an AD patient worldwide. With the coming of global aging, the negative influence on AD 

to society and families will become more obvious [2]. Because the clinical manifestation of AD patients 

is not obvious, it also brings some difficulties for the early diagnosis of doctors. There is no accurate 

results and effective treatment for AD at present. Most researchers hope to find out some clue when 

patients are in the mild cognitive impairment (MCI) phase. Then some effective measures are taken to 

prevent disease from further deterioration [3]. Therefore, it is the key for researchers to accurately 

determine the stage of AD patients. At present, the methods on the early detection of AD mainly focus 
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on neuropsychological test, neuroimaging, electroencephalogram analysis, cerebrospinal fluid detection, 

and so on [4-7]. 

In recent years, with the development of computer and imaging technologies using machine learning 

methods to analyze AD magnetic resonance images and to assist doctors for the diagnosis and analysis 

has become a mainstream trend [8]. 

A large number of studies on structural magnetic resonance imaging (sMRI) have been found that the 

abnormal gray matter of the brain regions is the main manifestation of AD patients, among which the 

hippocampus, the parahippocampal gyrus, and the medial temporal lobe are obvious. Several approaches 

have been recently proposed in the literatures aiming at providing a tool which may guide the clinician 

in the AD diagnosis process. Dhikav et al. [9] analyzed the brain structure of AD/MCI with depression, 

and found atrophy phenomenon.
 

Lotjonen et al. [10] used machine learning to analyze changes in the 

hippocampus of AD patients. Cuingnet et al. [11] detected the atrophy of the hippocampus to differentiate 

between Alzheimer’s patients and normal subjects. Falahati et al. [12] used machine learning and 

multivariate data methods to analyze the sMRI images of AD. Riise et al. [13] studied the abnormal signal 

pathway of medial temporal lobe of AD patients. Salvatore et al. [14] used MRI brain images and support 

vector machine (SVM) to make early diagnosis of AD. Takahashi et al. [15] used the apparent diffusion 

coefficient atlas to analyze the morphology of whole brain voxels, and to achieve the auxiliary diagnosis 

of AD. Therefore, with the help of computer-aided diagnosis techniques such as machine learning, 

artificial intelligence etc., the features of MRI images can be extracted and classified so that the subjects 

can be diagnosed more accurately and better scientific references are provided for doctors. 

In order to better assist doctors to early diagnose AD, inspired by previous research, in this paper a 

general method for aided diagnosis of AD is proposed in which kernel principal component analysis 

(KPCA) and supervised schemes are combined to classify sMRI data of brain. Preprocessing and 

correlation analysis on sMRI data are firstly made. Then KPCA is used to extract the features of brain 

gray matter images. Finally AdaBoost algorithm and SVM algorithm are used to classify. 

The rest of this paper is organized as follows. Firstly, feature extraction and classification framework 

of brain gray images is detailedly described in Section 2. Then extensive experiments and comparisons 

of the proposed method and the other methods on the MRI dataset are presented in Section 3. Finally, the 

conclusion is drawn in Section 4. 

 

 

2. Method 

2.1 Image Preprocessing 

The image format downloaded from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

database is DICOM (Digital Imaging and Communications in Medicine). MRIcro software is used to 

convert the picture format to NIFTI (Neuroimaging Informatics Technology Initiative). Then the image 

was preprocessed with Statistical Parametric Mapping (SPM8) software (The Wellcome Centre for 

Human Neuroimaging, UCL Queen Square Institute of Neurology, London, UK) including slice timing, 

realignment, co-register, segmentation, normalization, etc. Segmentation can divide the image into three 

parts which are gray matter, white matter, and cerebrospinal fluid, respectively. Fig. 1 is an example of 

image segmentation. Because the brain abnormalities of AD patients are mainly in the gray matter, main 

studies are involved gray matter in this paper. 
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2.2 Feature Extraction 

Feature extraction is significant in medical image processing steps. Its main purpose is to measure the 

intrinsic, essential and important characteristic attributes of the research object, and to digitize the results, 

or to decompose and symbolize the object, so that a feature vector, symbol string, or a relational graph is 

obtained. The characteristics of medical images are mainly from the three aspects including color, texture 

and shape. 

 
                   (a) (b) (c) 

Fig. 1. An example of brain gray matter image segmentation: (a) gray matter, (b) white matter, (c) 

cerebrospinal fluid. 

 

According to the MRIcro software, the size of sMRI images of each subject is 121×145×121 voxel in 

this paper. A total of 121 slices were obtained along the z-axis, and 20 slices were selected to cover the 

hippocampus, temporal gyrus and other parts in the activated body concentration. In the case of AD-1 of 

the subject, the serial number of slices is set as AD-1-i, and i = 0, 1, 2...19. The slice images are grayed 

and the features are extracted. 

 

2.2.1 Principal component analysis 

Principal component analysis (PCA) is used to analyze multivariate statistical distribution by feature 

quantity, and to generally identify multivariate and multivariate statistical analysis [16]. It not only 

reduces the dimensionality of high-dimensional data, more importantly, but also finds the main 

characteristic patterns in the data. 

Because the adjacent pixels in the image are highly correlated, the input data is redundant. The image 

of the subject in the experiments is 121×145 gray image which is recorded as a vector x with 17545 

dimension. � ∈ �
�������

 and R is the real range. Each of these values �� corresponds to the brightness 

value of each pixel. Due to the correlation between adjacent pixels, PCA algorithm can transform input 

vector into a low dimensional approximation vector, and the error is very small. The algorithm flow is as 

follows. 

(1) Data standardization 

A subject is taken as an example, and its data is represented as the high matrix X of 17545 rows and 20 

columns. 
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where p=20, n=17545. 

(2) Matrix dimension reduction. 

(3) The covariance matrix of the sample characteristics is calculated by 

,                                                                 
(2)

 

where cov(x, x) is the mean covariance of the sample x, and is a n×n matrix. 

After the covariance matrix is obtained, its eigenvalues and eigenvectors are calculated. There are many 

methods for calculating the eigenvalues and eigenvectors of covariance matrix such as Jacobi method, 

singular value decomposition, etc. which are solved by singular value decomposition method. Assuming 

that X is a t×n matrix. It can be broken down into 

 ,                                                                    (3) 

where U is a t×t square matrix which is called the left singular vector. Σ is a t×n matrix. Other elements 

are all 0 except the diagonal elements, and the elements on the diagonal of the matrix are called singular 

values. VT (V transpose) is a n×n matrix which is called the right singular vector. By multiplying the X's 

transpose with X and calculating the eigenvalues of XXT, the following form is obtained. 

                                                                     (4) 

The eigenvalues of the covariance matrix are  . The corresponding normalized unit 

eigenvectors are and all eigenvectors are orthogonal each 

other. At the same time, . 

In order to reduce the sample dimension to k dimension, k value can be selected. 

(4) Determination of dimension k (Contribution rate) 

The value of k which is the number of eigenvectors in the reduced dimension matrix �� need be chosen. 

The larger the k is, the more the eigenvectors are, the smaller the dimension-reduction error is, and the 

more the characteristics of the original features are retained. To preserve the authenticity of the sample 

as much as possible, the uncertainty is greater than 95% (It is usually between 0.95 and 0.99). The 

following formula can be used to determine the k value. 

(
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In KPCA method the most important factor is the choice of nonlinear mapping function Ф. The input 

vector X is mapped to a high dimensional linear feature space Ф. Then in the space Ф PCA method is 

used to calculate principal components. 

(1) Determination of the nonlinear mapping function Ф. 

Training samples are . The training sample x is mapped to a high-dimensional space 

represented as Ф. The feature space Ф meets the following requirements 

 .                                                       (6) 

(2) Calculation of the covariance matrix . 

The covariance matrix is described by 

 .                                                            (7) 

Because of the mapping in high-dimensional space, it is very difficult to solve  directly. 

So the kernel function is usually used to solve the covariance. The usual kernel functions include radial 

basis kernel function (RBF) , polynomial kernel function 

, and sigmoid kernel function , etc. RBF is 

used in this paper. To define a n×n matrix K, 
  can be calculated. The 

covariance is calculated by the RBF, . 

(3) Centralization of kernel function matrix. 

Before 
 
is not established, the centralized kernel function matrix Kc need be 

confirmed, i.e. . 
 
is a n×n matrix. And each element is 1/n. 

(4) Calculation of eigenvalues and eigenvectors. 

Eigenvalues  and eigenvectors  of the matrix Kc can be calculated. 

Then according to Schmidt's orthogonalization and unitization, a new feature vector  

is obtained. Finally, by calculating the cumulative contribution rate, the main component eigenvector 

after features reduction calculation is determined as . 

The main purpose of KPCA algorithm is to retain the main characteristic information of the sample as 

much as possible, and to simplify the representation of the data. At the same time, the cumulative 

contribution rate is used to select the useful eigenvectors so as to reduce the dimension of the feature 

matrix and to improve the classification accuracy. Compared with the traditional PCA, KPCA has two 

innovations: 

(i) a function for mapping the data from an original low-dimensional space to a high-dimensional space 
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2.3 Classification Algorithm 

Using machine learning algorithm for the classification of images is one of the main development 

trends in recent years. In this paper classic machine learning algorithm like AdaBoost algorithm and SVM 

algorithm are considered as classifiers, and contrast experiments are carried out. 

 

2.3.1 AdaBoost 

The AdaBoost method was proposed by Yoav Freund and Robert Schapire in 1997 [17]. It is an 

iterative algorithm. Repeated learning for the same data can get a series of weak classifiers. Then these 

weak classifiers are combined to get a strong classifier. 

The sample category in this paper is three types including AD (116), mild cognitive impairment (MCI, 

116) and normal controls (NC, 117). T stands for training data and 
 

, where N is the number of eigenvectors for each sample. The AdaBoost algorithm 

is mainly divided into three steps. First the weights distribution of training data is initialized, and each 

training data is set to the same weight which is 1/N. Then each weak classifier h in weak class space H is 

trained. Finally each training-derived weak classifier group is synthesized into a strong classifier. 

 

2.3.2 Support vector machine 

SVM algorithm is a powerful mathematical tool for classification and regression of sample data [18] 

which have been successfully applied to many tasks such as speech recognition, face detection, image 

classification, etc. SVM algorithm is the most widely used machine learning method in recent years. Its 

main advantages are that it can effectively solve the high-dimensional problem of samples. At the same 

time SVM has good generalization ability, and can avoid the problem of neural network structure 

selection and local minima. However other traditional algorithms cannot avoid these problems. 

Initially, SVM mainly solved the problem of two classifications, and could not be directly used for 

multi-classification. Now there are many algorithms to generalize SVM to multi-classification problems. 

These algorithms are called to multi-category support vector machines (M-SVMs). The usually used 

models for multi-classification are two ways including “one against all” and “one against one” [19]. In 

this paper, the “one against all” type of SVM algorithm is adopted. 

 

2.4 The Algorithm Flow 

A method for aided diagnosis of AD is proposed in this paper in which KPCA and supervised 

classifying schemes are used aiming at sMRI data of brain. A whole algorithm flow of the proposed 

method is described as follows. 

Step 1: Preprocessing and correlation analysis on MRI images using SPM and two-sample T-tests are 

performed on brain gray matter. 

Step 2: PCA and KPCA are used to extract features of gray matter images, and key information is 

determined by calculating eigenvalues and eigenvectors. 

Step 3: AdaBoost algorithm is used for the classification of MRI images. Different classifiers are 

trained for the same training set. Then these weak classifiers are grouped to construct a stronger 

final classifier, and to achieve correct classification of AD, MCI, and NC. Or SVM algorithm 

is used for the classification of MRI images. 
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3. Experimental Results 

In order to prove the validity of the proposed algorithm, a series of experiments were designed. The 

experimental hardware environment is personal PC, and the processor is Intel Core i7-1065G7, CPU@2.5 

GHz, memory 4.00 GB. The compilation environment of the experiments is Matlab 2015a, Python 3.0. 

Image preprocessing software includes SPM8, xjView, and MRIcro. 

 

3.1 Statistics Analysis on ADNI Database 

The MRI data used in the experiments in this paper are from the ADNI database (http://adni.loni. 

usc.edu/). Therefore, staff of the ADNI research organization only participated in the establishment and 

maintenance of the ADNI database and provided data for this experiment, but did not participate in any 

analysis and suggestions in this paper. This data includes 116 AD, 116 MCI, and 117 NC. The basic 

statistics of the subjects are shown in Table 1. 

In the Statistical Product and Service Solutions (SPSS), the Pearson chi-square test of “gender” showed 

that significant difference between these three groups does not exist. The ages of these three groups of 

subjects including AD and MCI, AD and NC, MCI and NC are performed two samples F-test and T-test, 

and the variance was obtained. 

 

Table 1. Relevant feature statistics for subjects of this experimental data 

Classa Sample sizeb Gender (male/female) Average age (yr) Age range (yr) 

AD 116 64/52 75.36 58–90 

NC 117 62/55 75.42 56–94 

p-value - 0.11c 0.47d 0.38e 

MCI 116 64/52 75.05 59–91 

NC 117 62/55 75.42 56–94 

p-value - 0.11c 0.10d 0.47e 

AD 116 64/52 75.36 58–90 

MCI 116 64/52 75.05 59–91 

p-value - 0.06c 0.41d 0.34e 

a Three different stages of Alzheimer’s disease: AD, MCI, and NC.  
b The number of images. The acquisition of medical image data is difficult, and this data is not opened in the hospital. 

So the data that can be used for research is very limited. In this paper, KPCA method which can perform feature 

analysis for limited data is used to extract features.  
c Pearson chi-square test.  
d Two-sample T-test.  
e Two-sample F-test. 

 

Using SPM, two-sample T-tests were performed on brain gray matter of 116 cases of AD patients and 

116 cases of NC to observe the significance level of tissue voxel values difference. So Alzheimer’s 

lesions area can be gotten, and the disease reasons can be explored. 

By means of analysis of false discovery rate (FDR), the lesion area of the AD patients can be obtained. 

The lesion area is overlaid on the standard template of brain T1 MRI, and different statistical thresholds 

and voxel sets are set. Then xjView software was used to display the differential brain regions of the AD 

patients and NC. The generated pseudocolor maps were shown in Fig. 2, and the whole brain rendering 

was shown in Fig. 3. 
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Fig. 2. Difference brain maps p=0.05, cluster=20. 

 

 
Fig. 3. The whole brain rendering images. 

 

By observing the contrast of Figs. 2 and 3, it can be found that around the hippocampus of the brain 

obvious activation is found in AD patients. Parahippocampal gyrus and thalamus regions have color 

change of different degrees. According to the degree of activation of different brain regions and the color 

change, the lesion regions can be obtained which are shown with the yellow color in the map. 

In order to display the lesion areas more intuitively, all images were activated and the lesion areas were 

stratified. The original image was divided differently cross-sectional layers, with a total of 172 layers. 

The cross-section through the eyebrows was the 0th layer. The positive layer was upward, and the negative 
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layer was downward. The whole brain activation slices are displayed every 4 slices in Fig. 4. 

As can be seen from the Fig. 4, we find that from the negative 48th layer to the fourth layer, the number 

of activated voxels is more, and the number of activated voxels of the negative 20th layer is the most. 

 

 
Fig. 4. The whole brain activation slices. 

 

3.2 Experimental Results and Analysis 

In this section, the purpose of the experiments in this paper is to correctly classify AD, NC, and MCI. 

116 groups of AD, 116 MCI, and 117 NC were selected as experimental data. The results of the proposed 

method and other compared methods including gray level co-occurrence matrix (GLCM) and SVM 

method [20] and kernel support vector machine decision tree (KSVM-DT) method [21] are shown. In the 

proposed method, PCA and KPCA were used to analyze features of the preprocessed data. 80% of the 

random samples are selected as the training data, and the remained 20% of the samples are used as testing 

data. Then the extracted feature vectors are inputted to AdaBoost and SVM classifiers for training and 

testing results. In SVM classifier three types of kernel functions are used like RBF, polynomial kernel 

function and sigmoid kernel function. Classification accuracy and Kappa coefficient are used to evaluate 

the classification results. 

Kappa coefficient is a measure of classification accuracy index. The estimation of the Kappa is called 

KHAT statistics, and the Kappa coefficient represents the proportion of the error reduction between the 

evaluated classification and the complete random classification. The relation between the statistical value 

and the classification accuracy is shown in Table 2. The formula of Kappa coefficient is Kappa =
�����

����
	(0 < ����� < 1), where �� is the observed proportion of compliance and �� is the proportion of 
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matches due to randomness. Table 2 shows the classification accuracy associated to a Kappa statistics 

value [22]. The results of the experiments are shown in Table 3. 

 

Table 2. Classification accuracy associated to Kappa statistics value 

 
Kappa statistics 

0.00–0.20 0.21–0.40 0.41–0.60 0.61–0.80 0.81–1.00 

Classification accuracy Slight Fair Moderate Substantial Almost perfect 

 

Table 3. Comparison of experimental results 

Criteria 
GLCM-

SVM 

KSVM-

DT 

The  proposed method 

PCA KPCA 

Adaboost
SVM 

Adaboost
SVM 

RBF Pol Sig RBF Pol Sig 

Acc(%) 77.78 80.00 77.40 80.10 73.32 74.56 82.62 84.34 79.47 76.20 

Kappa 
- - 0.753 0.782 0.724 0.737 0.806 0.823 0.775 0.753 

 

   

4. Discussion 

According to the experimental results in Table 3, compared with the PCA method all classification 

results on KPCA are improved by 2%–6% among which the best result can reach 84%. It proves that 

KPCA method can extract nonlinear features which are useful for lesion detection as more accurate 

judgment. When using SVM classifier, the classification performance of common sigmoid function, 

RBF kernel function and polynomial kernel function are compared. The results show that the 

classification accuracy of RBF kernel function is higher. And the results of SVM are better than those 

of AdaBoost, which indicates that SVM is more sensitive to the extracted features. And the above 

conclusion can be reflected by calculating the Kappa coefficient. Comparing with the experimental 

results of GLCM-SVM method and KSVM-DT method it can also be seen that the method used in this 

paper has more advantages. 

In conclusion, by statistical analysis, there is no difference on age and gender of the subjects. By 

preprocessing the sample data, the lesion areas of AD patients are found by using the statistical method 

of the two-sample T-test. The hippocampus area is used as the reference area, and important brain 

sections are selected to provide basis for follow-up experiments. It is found through experiments that 

KPCA implicitly maps data to high-dimensional linear separable spaces. The kernel function is used 

to process images, because it can extract the nonlinear characteristics of the data. Thus, KPCA is more 

conducive to classification than PCA method, and better assists doctors for the diagnosis of AD. 

 

 

5. Conclusion 

Machine learning methods can be used to assist diagnosis and to solve medical problems, which is one 

of the powerful evidences of its continuous development. For using machine learning to classify AD, in 

traditional methods texture features and morphological features are often extracted, and classifiers are 
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used. But because of the variety of medical data and the large amount of storage, medical data often 

suffers from “dimension disaster.” KPCA is used to obtain the feature vectors and to reduce 

dimensionality of the data in this paper. Compared with PCA, better classification performance can be 

gotten. Analysis of the compared experimental results shows that the proposed algorithm can effectively 

classify the sMRI data of the subjects. So doctors can be assisted to make correct diagnosis and analysis 

of AD patients. Our future work will collect more modalities and rich data. At the same time, we will try 

our best to analyze more types of diseases, and will build a set of data analysis models based on medical 

images. In addition, we will cooperate with medical institutions to prove the validity of the models. 
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