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ABSTRACT  

 

Alzheimer’s disease (AD) is a cognitive illness that commonly occurs in 65 years old 

or above people, which destroys the neurons and many parts of the brain.  This disease 

has no cure, treatment can only slow the damage progression and finally, death occurs. 

So the early detection of this disease is essential. AD affects 40 million people 

worldwide. The number of AD patients is constantly increasing. So, it is necessary to 

identify the progression of AD. There are no single test has been developed to diagnose 

this disease. Different clinical methods-Mini-Mental State Examination (MMSE), 

Montreal Cognitive Assessment (MoCA), Alzheimer’s disease Assessment Scale 

(ADAS), and neuroimaging techniques- positron emission tomography (PET), 

Magnetic Resonance Imaging (MRI), diffusion tensor imaging (DTI) is used to detect 

this disease. In this paper, Synthetic Minority Oversampling Technique (SMOTE) is 

used to oversample the dataset. And different machine learning algorithm such as 

support vector machine (SVM), K-Nearest Neighbor (K-NN), and Naïve Bayes (NB) 

to detect the stage of AD based on the different clinical data, cognitive data, brain data 

etc. 40 features were selected for training the model. Dataset obtained from Alzheimer’s 

disease Neuroimaging Initiative (ADNI) database. The accuracy of the models are high. 

I obtain 85%, 93%, and 96% accuracy from k-nearest neighbor, support vector 

machine, and naïve bayes algorithm. Naïve Bayes provide highest accuracy.  
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CHAPTER I: INTRODUCTION 

 

Alzheimer’s disease (AD) is a type of dementia. In 2018, worldwide 50 million people 

were suffering from dementia which will increase to 152 million by 2050. In 2018, 

according to the World Alzheimer’s Disease report dementia patient will appear every 

3 seconds. AD accounts for 60%-80% among all dementia cases. Now the number of 

dementia patient are increasing. From 2010-2050, dementia sufferers are particularly 

common in low- and medium countries. AD is a brain shock that cannot be reversed. 

AD parents had a significant risk of depression. [1].  

 

1.1 Background 

AD is a neurodegenerative disorder that destroys the neurons in the brain and is 

responsible for memory loss and decreases thinking and learning skills. In the early 

stage of AD patients face mild cognitive difficulties, memory loss, and many 

difficulties in daily activities. Some patients face difficulties in language and exclusive 

functions such as thinking, planning, monitoring, control, working memory, time 

management, and organization. The patient finally dies after about 3 to 10 years. On 

average, an Alzheimer’s patient survives 5.5 years [2]. Genetic mutation and Down 

syndrome is an uncommon genetic factor which is associate with Alzheimer’s disease. 

Age, APOE, and family history are the risk factor for AD. About 3% people at age 65 

to 74, 17% people at age 75 to 84, and 32% people at age 85 to above have AD. There 

are three forms of the APOE gene- e2, e3, e4. E4 gene is responsible for inheriting the 

disease. Genetic changes cause the abnormal beta-amyloid protein deposited around the 

brain cell and abnormal tau protein deposited inside the brain cell, which is the main 

reason for Alzheimer’s disease [3]. Demographic information, living information, and 
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disease history are gathered by the questionnaire method. Mini-Mental State 

Examination (MMSE), Montreal Cognitive Assessment (MoCA), Alzheimer’s disease 

Assessment Scale (ADAS), Rey Auditory Verbal Learning Test (RAVLT), positron 

emission tomography (PET), Magnetic Resonance Imaging (MRI), diffusion tensor 

imaging (DTI) are the clinical diagnosis to predict this disease. RAVLT, ADAS, 

MMSE and MoCA were used to approach cognitive performance and determine the 

progression of AD. PET, MRI, and DTI are neuroimaging techniques and successfully 

identify the progression of AD. PET analyzes glucose metabolism and amyloid 

deposition patterns to distinguish between AD and healthy people. MRI uses magnetic 

fields and radio waves to create a 3D representation of the internal brain structure. 

Structural MRI detects structural changes associated with AD. Functional MRI (rs-

fMRI) measures the correlation between the blood oxygen level-dependent signal 

(BOLD) and neural activity to determine the functional connectivity across different 

regions of the brain. DTI measures the structural changes in white matter (WM). It can 

detect the water molecule diffusion in the brain and identify the abnormal spread [4-7].  

 

1.2 Motivation 

 

Alzheimer’s disease symptoms occur gradually over a long duration. It effects in 

memory and cognitive skill and destroy many brain part. AD is the world’s 4th leading 

risk factor for mortality and most costly disease. MCI is the early stage of AD. But after 

few years, MCI may transform into AD. Early treatment can help individuals delay the 

progression of MCI and improve the standard of living. But it can only slow the 

progression of the disease because there is no cure for this disease. This disease can 

take the life of a patent. About 50 million people suffer from AD worldwide in 2018. 

[8, 9].  
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1.3 Objective 

Early detection can save patient from unexpected death. In this study, we aim to identify 

cognitive normal (CN), mild cognitive impairment (MCI), and Alzheimer’s disease 

(AD) using different machine learning models. It is highly essential to early detect 

Alzheimer’s disease to start treatment early. Our model will detect the three stages 

quickly and accurately. 

 

1.4 Problem Statement 

With the global population growing older, and the increasing number of dementia 

patients, Alzheimer’s disease (AD) has emerged as a major social issue. The proportion 

of AD patients around the world would rise to 75.62 million by 2030, estimated by the 

International Federation of Alzheimer’s Diseases. People with MCI have no issue but 

it can develop AD. Treatment can slow the progression. But it is not lifelong. It destroys 

different sections of the brain- the cerebral cortex, entorhinal cortex, hippocampus, 

parietal lobe, frontal lobe, occipital lobe, and temporal lobe in the brain. 

 

1.5 Thesis Organization 

The paper is divided into several chapters. The rest of this paper is arranged as follows: 

Section II, summary of previous works. Section III, description of the proposed method 

and algorithm used in this study. Section IV, evaluated and compared model result. 

Section V, highlight the future work and conclusion. 
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CHAPTER II: LITERATURE REVIEW 

 

Supervised learning models- multivariate linear regression, logistic regression, and 

SVM used to differentiate the pathology of AD from aging-related cognitive 

impairment. In this study, the dataset was collected from ADNI. The dataset contains 

images, genetic assessment, medical records, and subject attributes data. Multivariate 

linear regression used for train the model and it provide continuous values. LR model 

used for increased efficiency. The kernel is selected and applied in the SVM 

classification algorithm depending on the number of attributes and training dataset [9]. 

An upgraded machine learning method Modified Random Forest (m-RF), has been used 

to identify AD progression. The accuracy of the model is 96.43%. m-RF is the upgraded 

version of the RF algorithm. This algorithm work for both regression and classification 

problem. Dataset is collected from the open-access database of OASIS-2. The dataset 

contains MRI images. Random state value 2 used for highest accuracy [10]. Another 

study, SVM and DT has been used to identify AD based on various parameters. But 

MMSE score, age, and education parameters are mainly used to identify AD. With an 

accuracy of 85%, SVM predicts the outcome. 83% accuracy for DT [11]. An algorithm 

was developed to identify MCI, and AD and compares them from healthy subjects 

based on a machine learning technique and dual-tasking gait assessment. Participants’ 

single-task and dual-task measured and recorded by a computerized walkway and every 

participant has MoCA score. ProtoKinetics Movement Analysis Software (PKMAS) 

and GAITRite software are used to extract gait features from Zenomat and GAITRite 

systems and identify significant gait features for three classes – MCI vs. AD, healthy 

vs. MCI, and healthy vs. AD. SVM classifier used in those classes for training based 

on the selected gait features. The SVM classifier was also used to identify AD, MCI, 

and healthy for comparison based on the MoCA score. The accuracy was 78% for the 
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selected gait feature and 83% for the MoCA score [12]. Histogram, and random forest 

classifier are used for diagnosis of Alzheimer’s disease. 8 different machine learning 

technique- naïve bayes classifier, logistic regression, support vector machine, artificial 

neural network, k-nearest neighbors, decision tree, random forest, and rotation forest 

are used to evaluate based on MRI images. 10 fold-cross validation technique is used 

to demonstrate the highest performance of the 8 machine learning technique. 

Performance are measured by accuracy, sensitivity, specificity, ROC area, and F-

measure. To reduce the dimensionality of the data, a normalized histogram was 

obtained from each image [13]. To predict and classify various machine learning 

methods are used for identifying CN, early MCI, late MCI, and AD using the ADNI 

dataset. ADNI dataset provides MRI images, cognitive scale scores, clinical scale 

scores, and Clinical Dementia Rating (CDR) scale scores of CN persons, early and late 

MCI patients, and AD patients. FMRIB’s Automated Segmentation Tool (FSL-FAST4) 

is used to segment 3D MRI images into the different tissues and regional cortical 

thickness of the left hemisphere and right hemisphere measured by FreeSurfer. Non-

linear SVM classifier using the RBF kernel provided the best accuracy for 10 fold cross-

validation [14]. Structural brain volume and cortical thickness have been measured 

from MRI scans by MRI analysis software (FreeSurfer) and used as features in AD 

identification. Swarm intelligence feature selection technique used for selecting the best 

features and building a multistage classifier based on different ML models KNN and 

SVM for detecting AD [15].  SVM, KNN, RF, gradient boosting, neural network 

models were used to detect AD based on cognitive and medical parameters. MRI scans 

are analyzed to produce numeric data and used in machine learning techniques. RF, and 

neural network [16]. 
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CHAPTER III: METHODOLOGY 

 

3.1 Dataset 

The dataset which is used in this research was gathered from Alzheimer’s neuroimaging 

Initiative (ADNI) (adni.loni.usc.edu). It establishes a standard process for identifying 

biomarkers. It provides any section of brain data. The dataset contains- Biomarker of 

Cerebral Spinal Fluid, Genetic biomarkers, Cognitive test results, and neuroimaging 

techniques- MRI, PET, and DIT. DTI data were obtained from the ADNI-2 and ADNI-

3 projects (www.adni.org) and Laboratory of NeuroImaging, UCLA (Nir et al., 2013; 

link at adni.org). Datasets are provided to measure mild cognitive impairment (MCI), 

Alzheimer’s disease (AD), and cognitive normal (CN). The dataset contains 177 person 

data and 266 features. The label feature is AD123. There 33 Cognitive normal person 

(1, CN, n=33), 36 Alzheimer disease patient (2, AD, n=36), 108 mild cognitive 

impairment patient (3, MCI, n=108). In figure 1, the count plot displays the number of 

samples of every class in the label. 

Fig1: Label Data (Cognitive normal, Alzheimer disease, 

mild cognitive impairment) 
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Table1: Individuals characteristics of the CN, AD, and MCI Groups 

Characteristic All (n = 177) CN (n = 33) AD (n = 36) MCI (n = 108) 

Gender, 

Male 

Female 

 

107 

70 

 

19 

14 

 

22 

14 

 

66 

42 

Age, year 

mean±SD 

73.34±7.01 73.54±5.60 74.35±8.27 72.93±6.96 

Education 

mean±SD 

16.08±2.76 16.75±2.90 15.30±2.60 16.14±2.73 

 

 

 

The dataset contains data on people between the ages of 55 and 90. Table 1 shows the 

characteristics of individuals. MMSE score, MoCA score, CDRSB score, LDELTOT 

score, ADAS score, RAVLT score, FAQ, etc. are the Cognitive tests score data. MRI 

data, PET data, DTI data. Fractional anisotropy (FA), mean diffusivity (MD), radial 

diffusivity (RD), and axial diffusivity (AxD) are the four types of measurement of DTI.  

The level of directional of the diffusing process is analyzed by FA. The degree of 

diffusion rate is evaluated by MD. The degree of diffusion parallel to fiber tracts is 

AxD. The dataset also contains personal information. The water diffusion rate in the 

axis parallel to the axon fibers is RD. Those are the important measurement for 

detecting the three stages of the disease. 

 

3.2 Method 

In this study, different machine learning model has been used to identify CN, AD, and 

MCI. Various ML models are used to increase the accuracy of multiclass classification. 

The following steps are followed in the planned methodology's processing. (i) Data 

preprocessing, (ii) Feature selection, (iii) Built training set, (iv) Training algorithm. 

Figure 2 show the sequence of the method.  



8                       © Daffodil International University 

 

 

Fig2: Machine Learning Approach 

 

3.2.1 Data preprocessing 

The accuracy of the machine learning algorithm is affected by data preprocessing. A 

dataset may have missing data, duplicate data, and noisy data. Data preprocessing can 

transfer datasets into a useful format. There is various method to handle missing data. 

We can remove missing data. Rather than remove the missing value, we can be filling 

it with mean or median value or random value. There will be no problem if you remove 

the missing value in the big dataset. In this study, the dataset contains a small number 

of missing values. So mean or median can be used to fill the missing values and not 

affect the accuracy. The missing value is represented in 999999. I convert the missing 

value into NUN value. Figure 3 shows the null values from the dataset. The dataset has 

a low number of null values. 
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Fig3: Null values percentage 

VISCODE, and ADMCI3 are categorical features. Label encoder is used for converting 

categorical features into numerical features. With the help of the label encoder 

technique, I transform all the categorical data into numeric form. And a dataset can 

contain different ranges of data. But the dataset needs to be on the same scale. Various 

feature scaling techniques are used to bound values in two numbers. Feature scaling 

speeds up the training process. MinMaxScaler is a feature scaling technique. The data 

used in this study are not scaled. It can reduce the accuracy of the model. After applying 

the MinMaxScaler technique, the features are scaled for a value range generally 

between 0<=x<=1. 
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Fig4: Scaled data 

It is a multiclass classification problem and the dataset is imbalanced. Various 

techniques are used to handle an imbalanced dataset. We can use replacements to 

oversample the class distribution which is oversampling. Another is undersampling 

which removes rows from the given dataset at random. The dataset contains limited 

data. Rather than remove rows, the replacement technique will be better because the 

dataset is small. Figure 5 shows the label representation from the dataset. There are far 

fewer CN people and AD affected people than MCI affected people.  

Fig5: Data representation 
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Synthetic Minority Oversampling Technique (SMOTE) sampling technique has been 

used to create data samples from the dataset and re-sample the features to match with 

the sample. I used SMOTE oversampling technique to increase the data for each label- 

CN, AD, and MCI. This technique is built based on the K-NN algorithm. Figure 6 show 

the data representation after applying SMOTE technique.  

Fig6: Data representation after applying SMOTE technique 

3.2.2 Feature selection 

Feature selection is frequently used to reduce the dimension. It removes useless 

information. By removing the useless features, it helps to train the model faster. This 

technique also enhances accuracy by reducing the overfitting of the dataset. Important 

features can be selected by knowledge or different feature selection technique. ADNI 

dataset contains a large number of features. Therefore, it is impossible to select the 

necessary features based on the knowledge. So, different feature selection techniques 

can be utilized to identify the important features. In this study, the SelectKBest 

technique was used to figure out the important features. After using this technique, 30 

significant features were selected for training. Table 2 shows the details of the selected 

features. 
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Table2: 30 selected feature 

Feature Definition 

ADMCI3 In ADMCI3 there are 5 unique data. They are CN, EMCI, 

LMCI, SMC, and AD. They are the stages of Alzheimer’s 

disease.  

CDRSB CDRSB is the Clinical Dementia Rating score. The score range 

is 0-5.  

FAQ Frequently Asked Question.  

LDELTOT LDELTOT means Delayed Recall Total. It is a cognitive test. 

MMSE MMSE means Mini-Mental State Exam. It is the most common 

and used cognitive test.  

ADAS11 ADAS11 means Alzheimer's Disease Assessment Scale Cog-

11. The range of the score is (0-70). 

TRAB  

AV45AB12 It is preclinical AD. It is a stage of AD. It is identified by AV45. 

ADAS13 ADAS13 means ADAS-Cog-13. The score range is 0-85.   

ADASQ4 ADASQ4 is a cognitive test.  

RAVLT_immedi

ate 

RAVLT is an effective cognitive test. RAVLT_immidiate is a 

stage of RAVLT stage. It is the total of the scores from the first 

five trials 

ABETA12  ABETA12 means Amyloid beta12. It is a protein. Genetic 

mutilation increase this protein. Abnormal increase of this 

protein increase the risk of AD.  

APOE4B APOE4 gene makes apolipoprotein E protein. This gene is risk 

factor of AD. APOE4B is the type of APOE4 gene.  

AV45 AV45 or Florbetapir is technique for detecting AD.  

ABETA1700 Amyloid beta 1700.  

APOE4 APOE4 is a gene. It has two copy. Those people who carries 

the two copy of this gene have strong risk of AD.  

MD_FX_ST_L It is DTI data and measured by MD. Fornix left is a WM tube. 

It connects the node. It helps for memory recall.  

RD_FX_ST_L WM fornix left value is measured by RD.  
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AD_FX_ST_L It is also WM fornix left value but measured by AxD.  

RD_CGH_L Left Cingulum (hippocampus) measured by RD. Without it we 

cannot leave. It help us in learning. It also control emotion.   

Entorhinal It is a part of cerebral cortex. It is measured by MRI technique. 

 Entorhinal cortex is effected by AD  

Fusiform It is found in the surface of lobe. It helps human to recognize 

face.  

MidTemp MidTemp is the middle temporal artery. It helps in memory 

function. 

MD_SS_R  Right sagittal stratum is WM bundle. It is analysis by MD.  

AD_SS_L Left sagittal stratum is measured by AxD. 

AD_UNC_L Left uncinate fasciculus help us to understand language. It is 

measured by AxD.   

PTAU8  It is tau protein. It is a risk factor of AD. It speed in the brain 

because of genetic mutation. 

AD_CGH_L  Left Cingulum (hippocampus) is measure by AxD. 

MD_UNC_L Left uncinate fasciculus helps in language. It is measure by 

MD. 

RD_UNC_L  Left uncinate fasciculus is measure by RD. 

 

3.2.3 Training & testing set 

The dataset were divided into two part. 80% data the training the model. And 20% data 

for test the model.  The dataset used to build and optimize machine learning algorithms 

is referred to as "training" a machine learning model. To get a result, an algorithm is 

needed to train the model. The model provide output based on the input sample. The 

testing set has been used to model validation built from the execution of the training 

set, which can be displayed by a confusion matrix. 
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3.2.4 Training Model 

Various machine learning model used for training the model based on the significant 

feature. Machine learning model works in the same way that the human brain performs. 

K-NN, SVM, and NB were used to train the model. Those algorithm work in different 

way. K-NN provide low accuracy compared with the other models.  

 

Support Vector Machine 

The SVM approach is used to find the hyper-plane of an N-dimensional structure that 

arranges datasets. Classification and regression problems can be solved by SVM. SVM 

makes a hyper-plane between two types of data. The hyper-plane divided the data point. 

For new data, it allocates the data into a class based on training. SVM kernel is a 

technique it converts data lower dimension to a higher dimension. For non-linear data, 

the polynomial kernel is used because a linear line cannot separate non-linear data. 

Then it is separated by a non-linear line. The radial base function is also a kind of non-

linear function. It converts data lower to a higher dimension. For linear problems, SVM 

creates so many hyper-plane.  

 

Fig7: Support Vector Machine 
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Naive Bayes 

One of the most widely used classifiers is Naïve Bayes (NB). It's built on the Bayes 

theorem which is used to solve classification problems. This algorithm provide higher 

accuracy and faster training in big dataset. According to the Naïve Bayes classifier, the 

presence of each feature in a class is independent to the presence of any other feature. 

For training, naive Bayes requires significantly less data. NB calculate the probability 

of labels. And find probability for individuals feature for every class. Then calculate 

posterior probability. After that find the higher probability class. This is the equation of 

posterior probability –  

 

K-nearest neighbors  

K-NN can use in both classification and regression techniques commonly used in 

classification problems. It makes no guesses data. K is the number of neighbors. K is 

always an odd value. The Euclidean distance has been used to compute the distance 

between both the observed point and its neighbor. K-NN stores data and identifies new 

data based on its similarity to the existing data. It is an absence of any hypotheses about 

the underlying distribution. This algorithm makes training faster because no training 

data is needed in model generation. In the testing phase, all training data was used. 
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CHAPTER IV: RESULT & DISCUSSION 

 

4.1 Performance Evaluation 

In this study, I compare three different machine learning methods. The algorithms are 

the Support vector machine, K-nearest neighbors, Naïve Bayas algorithm, which was 

trained to solve the multiclass classifier problem. 30 significant features were selected 

by the SelectKBest method. The performance of classifiers was measured by different 

statistical metrics. Those are – (i) Accuracy, 

                                    (ii) Recall, 

                                 (iii) Precision, and 

                                  (iv) f1-score  

Overall performance can be evaluated by Recall and Precision value. Recall referring 

to the accuracy of the model. On the other hand, precision indicates how well the 

models can correctly identify CN, AD, and MCI. The formula of the performance 

classifiers-  

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

(ii) Recall = TN / (TN + FP) 

(iii) Precision = TP/ (TP + FN) 

(iv) F1- measure = 2*TP / (2*TP + FP + FN) 

Here, TP = TruePositive 

          TN = TrueNegative  

          FP = FalsePositive 

          FN = FalseNegative 
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4.2 Result & discussion  

In this study, the model was designed for detecting cognitive normal, mild cognitive 

impairment, and Alzheimer’s disease of individuals based on ADNI data. The dataset 

contains-cognitive data, clinical data, etc. I find out 30 significant features with the help 

of a feature selection technique. Then I find out the correlation between the selected 30 

features and the label feature. Figure 6 show the correlation among the selected feature. 

From figure 6, AD_CGH_L, ADMCI3, ADASQ4, APOE4, AV45, AV45AB12, 

RAVLT_perc_forgetting, MD_CGH_L, RD_CGH_L are highly correlated with the 

label feature.  

 

Fig8: Data correlation 

 

For early detection of the disease, I implement machine learning models on the 30 

significant features. I implement a support vector machine, naïve bayes, and k-nearest 

neighbor model to detect the disease. SVM, K-NN, and NB provide 93.84%, 84.61%, 

and 96.92% accuracy. This model successful can predict the result. I implement K-
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nearest neighbors and the Naïve Bayes algorithm for comparison. For better accuracy, 

I used a min-max scalar to scale the dataset. And SMOTE technique is used to balance 

the dataset. K-NN provides 84% accuracy. To increase the accuracy of the K-NN 

model, I select the K value 15. NB gives 96.92% accuracy. I compared the three models 

in table 2 with the performance classifier score. NB provides better accuracy than KNN 

and SVM. 80% of data has been used for training the model. 20% of the data were used 

to evaluate the model. To enhance the accuracy, I used oversampling technique. Table 

3 shows the performance of the model. 

 

Table3: model performance 

Algorithm Stages Precision Recall F1 score Accuracy 

K-NN CN 0.72 0.86 0.78 0.84 

 AD 1.00 1.00 1.00  

 MCI 0.82 0.67 0.74  

SVM CN 0.90 0.90 0.90 0.93 

 AD 1.00 1.00 1.00  

 MCI 0.90 0.90 0.90  

NB CN 1.00 0.90 0.95 0.96 

 AD 1.00 1.00 1.00  

 MCI 0.91 1.00 0.95  
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Figures 7, 8, and, 9 show the confusion matrix of the support vector machine, naïve 

bayes, and k-nearest neighbor model. It compared the predicted value and actual value. 

 

 

 

                

 

 

 

                                                                                   

  Fig9: Confusion matrix (SVM)                              Fig10: Confusion matrix (NB) 

 

                                            Fig11: Confusion matrix (K-NN) 
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CHAPTER V: CONCLUTION 

 

In this contribution, I proposed a model which can automatically detect the stages of 

Alzheimer's disease. It will help the patient to faster detection. It is impossible to 

diagnose this disease with a single test. The dataset from ADNI has been utilized in this 

study. The dataset contains both neuroimaging diagnosis data and clinical 

psychological data. With the help of the SelectedKBest feature selection technique, I 

found the significant 30 features from neuroimaging diagnosis and clinical 

psychological data. I compared various machine learning models to find out the best 

model. Now it's easier to figure out the stages of the disease. NB provides the highest 

accuracy compared with another algorithm. The accuracy of the NB model is 96.92%. 

This thesis also has limitations. The dataset I used in this thesis was very poor. The 

accuracy can be more improved by a large number of the dataset. In the future, I will 

use brain images to detect the stages of Alzheimer’s disease. 
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