
 

 

© 2020 IJSRET  
1991 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 6, Issue 4, July- Aug-2020, ISSN (Online): 2395-566X 

 

 

A Review on Support Vector Machine Based 

Classification of Alzheimer's disease from Brain MRI 
 

Ekta yadav  

M.Tech. Scholar  

Aravali Institute of Technical Studies 

Udaipur Rajasthan 

Email:ektayadav2610@gmail.com 

 

 

Dr. Jitendra Singh Chauhan 

Associate Prof.  & Head  

Department of Computer Engineering & MCA 

Aravali Institute of Technical Studies 

Udaipur Rajasthan 

Email: chauhan.jitendra@live.com 

Abstract – Alzheimer's disease (AD) is important source of dementia and can cause serious health or socio-economic problems. 

Alzheimer's disease is a progressive neurodegenerative ailment that causes changes in brain structure that affect behavior, 

thought, mood, or memory. Various multivariate analysis algorithms have been used to classify AD to distinguish it from 

healthy controls (HC). Effective early classification of AD or mild cognitive impairment (MCI) caused by HC are imperative 

because early preventative care can help reduce the risk factors reported in Alzheimer's disease. The loss of cognitive ability 

has only a minor impact on a person's daily life. The middle stage is the middle stage of AD. In severe AD, a person can no 

longer operate individually but depends entirely on others for care. In this article, support vector machines SVM and CNN will 

be used to diagnose Alzheimer's brain MRI or classify it into definite stages. The algorithm was trained or tested using MRI 

data from Alzheimer's disease. The data used included MRI scans of ca. 300 AD patients and 20 regular controls. And evaluate 

a new automated technique based on support vector machine (SVM) which classifies whole brain anatomical magnetic 

resonance imaging to distinguish patients by Alzheimer's disease (AD). 
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I. INTRODUCTION 

 
Alzheimer's disease (AD) Dementia accounts for 50% - 

80% of all dementia patients. The disease touches 

memorial, cognition or behavior. Since AD is a 

neurodegenerative disease, some kinds of atrophy happen 

in hippocampus or other areas of the brain. Although it is 

the sixth leading cause of death in the United States, it is 

not a common disease. There is currently no cure. 

Though, some precautions can be reserved to reduce the 

risk. Factors and delay of the degradation process. It is 

estimated that the annual cost of diagnosing AD is $ 605 

billion worldwide and $ 220 billion in the United States.  

 

Many people all over the world have AD or demand for 

researchers is also growing rapidly. MRI is an actual 

remedial imaging technique because it has potential to see 

changes in human brain, internal organs or other tissue 

structures. Support vector machine is capable of 

classifying high dimensional data (Scholkopf and Smola 

2001), and hence have been used for classification of T1-

weighted MRI. Automatic classification for early 

detection of MCI with structural MRI has been done in 

numerous studies (Querbes et al. 2009, Misra et al. 2009). 

Three different approaches like voxel based, vertex based 

techniques or section of attention founded methods is 

used based on type of feature to be obtained from MRI. 

 

 

 

II. RELATED WORK 

 
The skewed class distribution obstructs the classifier's 

learning task because the classification generalization 

ability is impaired. Handling class imbalance has been 

appointed as a challenge in mining patterns from the 

given data (Alejo, García, and Pacheco-Sánchez 2015). In 

the multiclass scenario, it is necessary to delineate the 

narrow boundary between several classes, which is 

explored by various sampling and feature selection 

techniques in the existing studies. Automated early 

prediction of Alzheimer’s Dementia is a difficult and 

challenging task. Diagnosis at earlier stage is very 

important for early intervention and to control disease 

progression.  

 

Diagnosis and treatment at later stages proves to be 

detrimental and increases the morbidity and mortality 

rate. Specificity and sensitivity of the existing methods 

decreases as the volume of data increases. There is no 
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fully automated method using Cognitive data for 

diagnosis of AD. Detection of Mild cognitive injury with 

the existing statistical methods involves more time. 

Difficulty is due to the large volume of Neuroimaging 

data and records with more than 300 variables in each 

record MRI products high-quality structural pictures, 

providing exclusive matter information, thereby 

improving accuracy of brain pathological diagnosis or 

quality of treatment. The main advantage of this 

technology is its non-invasiveness. There are many 

studies on the classification of neurological diseases using 

multivariate analysis algorithms and structural / functional 

MRI [1-3]. The main focus of these studies is the large 

dimension of the features extracted or documentation of 

disease features where the most characteristic information 

about the disease is found. The results show that the 

structure of the brain has changed markedly in several 

brain ROIs, especially in hippocampus or entorhinal 

cortex [4]. Functions based on overall strength and inner 

strength [3, 5] and features based on geometry and surface 

[6, 7] have been used for disease classification in previous 

studies. The authors introduced a study of the association 

of electroencephalogram (EEG) of Alzheimer's ailment 

using probabilistic neural networks (PNN) or expression 

considerable precision in distinguishing true AD from 

control groups [8]. Chaplot et al. [9] Use discrete wavelet 

coefficients such as exercise or test provision vector 

machine (SVM) and neural network classification 

functions for layer AD.  

 

Extraction of the necessary distinctions from MRI brain 

pictures is essential for the competent analysis of disease 

diagnosis. Among the most commonly used feature 

extraction methods, the preferred feature extraction 

methods are independent component analysis [10], 

wavelet transformation [11], and Fourier transformation 

[12]. This study was performed on an artificial neural 

network (ANN) [11, 13] using discrete wavelet functions 

and k-nearest neighbor algorithm (k-NN) [11]. Zhang and 

Wang [14] used support vector machines, dual support 

vector machines (TWSVM), and generalized eigenvalues 

near support vector machines (GEPSVM) as graders and 

used estimates of the field shift between AD and health 

checks to run AD prediction models. . Tomar and 

Agarwal [15] summarized some two SVM algorithms, 

their optimization difficulties or their submissions. 

 

The biomarkers used in our suggest technique are MRI 

pictures from Alzheimer's Disease Neuroimaging 

Initiative (ADNI) or Open Access Series of Imaging 

Research (OASIS) datasets. The main reason we use 

DTCWT instead of DWT is that although DWT has 

benefit of expressing purposes in a multiscale or 

compacted form, it effectively represents singular points 

(curves and lines). In DTCWT, the shift of amplitude 

change can reach a higher degree [16]. In our planned 

technique, using principal component examination or 

linear discriminant analysis of abstraction constants, AD 

classification based on DTCWT coefficients is proposed. 

TWSVM is used as a monitoring technique. After using 

10-fold cross validation and running the program 10-20 

times, the rating performance in terms of accuracy, 

sensitivity and specificity was recorded. Compared to 

several traditional AD classification methods, our method 

gives excellent results. 

 

III. LITERATURE SURVEY 

 
An emphasis in ongoing AD research is identifying 

biomarkers which best predict future cognitive decline, 

especially at the earliest stages of disease progression. 

The development of automatic detection programs based 

on MRI and other medical imaging technologies has 

aroused great interest in clinical medicine [17]. It is 

important to note that these technologies are designed to 

help clinicians gain more statistical evidence of diagnosis. 

In the end, it is hoped that these biomarkers can be used 

as early markers for AD diagnosis. In clinical diagnosis, 

robustness and accuracy of CAD technology is very 

important because the results are very important in 

treating patients. There are many different types of 

classification and grouping algorithms that can be 

diagnosed as early as possible through MRI images. The 

purpose of grouping medical images is to simplify the 

representation of images into meaningful images and 

make them easier to analyze. These methods are expected 

to achieve fully automated, PC-based standard clinical 

decisions without being influenced by radiology 

expertise. In this study, the results were compared with 

the results obtained from the radiologist. 

 

Krishna Thulasi NP: Alzheimer's disease (AD) is one of 

the major disorders of the brain, which often impairs 

memory or ability to function, and impairs its ability to 

function normally. It is the most common cause of 

dementia in the elderly. With age, aging is more common, 

but it is not a part of aging. One of the first signs of 

memory loss in Alzheimer's disease. AD accounts for 

80% of all cases of diagnosis. The three AD stages are 

mild, moderate, and heavy AD. With mild sensory 

impairment (MCI), cognitive decline has little effect on 

one's daily life and short-term speed is the process 

between AD. In severe AD, one cannot work alone but 

rely on others for complete care. This paper uses a 

supported vector machine (SVM) A brain MRI can 

diagnose Alzheimer's disease and diagnose it at a specific 

level. The algorithm is trained and tested, using it MRI 

data on the Arzheimer's Neuroimaging Project (ADNI). 

The data used included 2 MRI scans. AD 70 patients with 

30 discontinuations. 

 

H. M. Tarek Ullah et.al.: In the current study, we tested 

the effectiveness of the method of using brain shape 

information to classify healthy subjects and Alzheimer's 

patients. Use P-type Fourier descriptors as shape 

information, and analyze lateral ventricles except the 
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septum. Using a combination of multiple descriptions as 

features, we use support vector machines for 

classification. The results show that the classification 

accuracy is 87.5%, which is better than the accuracy 

obtained using the volume to intracranial volume ratio 

(81.5%), which is widely used in routine morphological 

evaluation. Current findings suggest that shape 

information may be more useful in diagnosis than 

conventional volume conditions. Javier Escudero: 

Diagnosis of Alzheimer's disease (AD) is often difficult, 

especially in the early stages of mild to moderate 

depression (MCI). However, in this process, the treatment 

may be successful, so improving the diagnostic process 

will benefit greatly. Describes and tests machine learning 

methods for AD testing and for specific costs. It uses 

local weight loss studies to tailor the classification model 

to each patient, and calculates the most or least expensive 

biomarker. Through our DNA data, we classified ADI, 

controls, and MCI patients in one year. Implementing this 

approach is the same as analyzing all the data at once, 

while greatly reducing the number (and cost of 

biomarkers needed to obtain reliable diagnostics for 

patients). each). As such, it can help to make AD AD 

more specific and effective, and may prove useful in 

clinical practice. 

 

Rinkal Patel et.al.:: In studies of the human brain, 

analysis of functional neuroimaging data has become 

increasingly important in understanding 

neurodegenerative disorders such as Alzheimer's disease 

(AD). The most common method for neuroimaging AD 

research is the non-cooperative nature, which is to 

analyze a brain / voxel region. In many cases, these 

techniques have proven effective. However, they were 

unable to complete the region-to-brain interaction 

associated with brain function or target disease. In fact, 

the human brain is a highly complex anatomical organ, 

with functional connections to its surface. As a result, this 

coordination or coordination of regions of the brain needs 

to be understood. There are many techniques available to 

solve this problem. They include principal component 

analysis (PCA), PCA-based subcontour model (SSM), 

Bayesian network analysis and independent component 

analysis (ICA).  

 

In this study, we propose a machine learning strategy 

called "sparse civic awareness" to study the parallels 

between brain regions with the lowest evaluation costs 

and appropriate consumption. Through Gaussian 

assumptions, if all other variables are involved, each 

component of the inverse covariance matrix represents the 

conditioned relation between the two variables. By 

introducing complex barriers, you can eliminate 

unnecessary / cold dependence by setting the element to 

zero, thus facilitating the independence of the conditions 

between parabens' of distraction. Based on FDG-PET data 

obtained from 49 AD and 67 individuals in the Alzheimer 

Disease Neuroimaging Initiative (DNA) project, we used 

different hats for AD patients and legal topics. area. The 

integration model evaluated the technology. It is known 

that patients with AD have no discontinuation in normal 

control. This alternative approach is clinically relevant . 

 

 Zhou Qi et.al.:: This article proposes to combine MRI 

data with neuropsychological testing and small mental 

state examination (MMSE) as a multi-dimensional space 

for classifying Alzheimer's disease (AD) and its 

prodromal stage-mild cognitive impairment (MCI) 

includes amnestic MCI (aMCI) and non-magnetic MCI 

(naMCI). The decision space is constructed using the 

functions considered statistically significant through 

carefully designed feature selection and ranking 

mechanisms. Free Surfer is used to calculate 55 volume 

variables and then adjust for intracranial volume, age and 

education level. The classification results obtained using 

support vector machines are based on 50 independent and 

randomly run double cross validations. The study 

included 59 AD, 67 MCI, 56 naMCI, and 127 subjects 

with normal cognitive (CN). Studies have shown that 

MMSE scores contain the maximum discriminative 

ability of AD, MCI and na MCI.  

 

For AD and CN, when the two most significant volume 

variables (right hippocampus and left lower ventricle) 

were used in combination with MMSE scores, the average 

accuracy was 92.4% (sensitivity: 84.0%; specificity: 

96.1% ). It was found that MMSE scores can improve all 

classifications, and the accuracy of aMCI to CN and 

naMCI to CN increased 8.2% and 12%, respectively. The 

results also showed that AD subjects saw brain atrophy on 

both sides of the brain, which is different from the right 

benefit of aMCI and the left benefit of naMCI. In 

addition, hippocampal atrophy is considered the most 

important for aMCI, whereas the area and ventricle of 

Accumben are most important for naMCI. 

 

Kota Oishi et.al.: : In the current study, we used the 

probability of existence of different tissue types to 

investigate the classification effect of Alzheimer's disease 

(AD) and healthy individuals (HS) based on brain 

magnetic resonance imaging (MRI).  

 

This method uses the probability of existence obtained by 

dividing the brain image into four regional image types to 

quantitatively evaluate changes in brain structure between 

two time points: gray matter (GM), white matter (WM), 

cerebrospinal fluid (CSF), and background. Assuming 

that there is a linear relationship between the two-point 

probabilities, we obtain a 4 × 4 matrix that includes 16 

coefficients that reflect the probability change (CPC). We 

classified 10 AD patients and 10 HS with CPC as 

characteristics. We tested three features but did not 

include CPC similar to the background: all nine CPCs, 

diagonal CPCs reflecting structural conservation, and six 

non-diagonal CPCs showing structural changes (e.g., 

shrinkage). Although 9 CPCs have the highest average 
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accuracy (77%), the maximum accuracy is 95% when 

using non-diagonal CPC as a function and comparing the 

first and last images. 

 

IV. PROPOSED APPROCH  

 
Diagnose AD using multiple imaging Technology also 

uses SVM and CNN for classification. Input to the system 

is MRI, the image must be pre-processed, and the point of 

the corresponding image must be extracted using SURF 

point extraction technology. It is used to find AD subjects 

by examining the structural aspects of white matter and 

gray matter. Remove the outer part, then use a bandpass 

filter to filter the image. The filtered image is used to 

extract the function. GLCM is used to extract functions 

from images.  

Input image: The MRI Brain image dataset are 

implemented as input image. The input images are taken 

in the format “.jpg” or “.png”  

Pre-processing: The collected images are subjected to 

preprocessing. In the Preprocessing step we can 

implement  

Image Resize – In this step, the input image is Resize into 

256 X 256 

Gray Scale Conversion – In this step, the image is 

converted into grayscale format. Feature Extraction: In 

the feature extraction process. 

 

 
 

Fig  1 Prposed Flow Chart  

. 

, we can implement theconvolutional neural network to 

extract features from the image. Feature Classification: In 

this step, the classification is done by using the Support 

Vector Machine classifier to classify the image. 

Performance Measures: The performance likeTP, TN, FP, 

FN, Accuracy, Sensitivity, and Specificity will be 

estimate. Our method has the potential in distinguishing 

patients with AD from elderly controls and therefore may 

help in the early diagnosis of AD. 

 

 

V. CONCLUSION 
 

In the study, we will use brain images These include 

neuropsychological assessments, physical and 

neurological examinations, cognitive assessments, patient 

history and baseline diagnosis and symptoms. In the 

future, to achieve a better diagnostic guarantee, we can 

use clinical brain data to use advanced MR brain to 

improve the diagnosis and prediction process, and using a 

large dataset, CNN and SVM can be used for high-

precision prediction in multiple stages of AD , namely 

Light Degree, Moderate, Severe. The diagnosis of 

Alzheimer's disease is a major challenge in medical 

research. The area of machine learning has been Establish 

you as a major in computer science and show interest in 

future development. 
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