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1. INTRODUCTION   

Over 50 million people across the world, have

been suffering from dementia and these figures

gradually increasing by 10 million cases per year.

A well-known form of dementia is Alzheimer’s

disease (AD) which contributes in around 50% of

cases[1]. AD is most usual type of neurodegener-

ative disorder which results dementia and it is

identify by a loss of memory and a progressive de-

cline of cognitive functions. The diagnosis of AD

is still under progress due to the various symptoms

shown by the patients[2].

In this context, a development of a computa-

tional-intelligence-based diagnostic tools is a very

promising goal which can help the experts to iden-

tify the AD at its early stage. Therefore, advance-

ment of neuroimaging techniques has its im-

portance for structural and functional brain analy-

sis which can use for the identification of AD-re-

lated brain symptoms[3,4,5].

In recent years, Machine Learning (ML) gaining

interest in the field of digital healthcare due to its

unique property of integrating a data on large scale

[6,7]. ML algorithms are basically based on com-

putational and statistical models that can trained

through experience and predict based on unique

data[8]. By using ML approaches it is possible to
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uncover the patterns in the data in order to dis-

tinguish the diagnostics subjects and identifying

pathological scenarios[9,10,11].

Many studies analyzed the potential of ML-

based analytical frameworks on MRI data for the

characterization and automatic diagnosis of AD

[12,13,14,15]. In this paper, structural MRI is un-

der-focused to perform AD classification. The in-

tensity and stage of the neurodegeneration are fig-

ured out using the atrophy measures from sMRI

scans. Atrophy on sMRI makes an effect on cumu-

lative loss and results into shrinkage of the neuro-

pil[16]. It shows a volumetric estimation of cortical

thickness and subcortical volume which is essen-

tial biomarker for early detection of AD. Thus, fea-

tures that are extracted from sMRI scans attracted

the researchers for AD classification. These stud-

ies mention about the morphometric methods such

as region of interest (ROI)/volume of interest

(VOI) grey matter voxels in the automatic seg-

mentation of images[17] and the sMRI measure-

ment of the hippocampus and the medial temporal

lobe[18].

In this paper, we also used the subcortical and

cortical features in order to classify AD. Whereas,

while working on a model it’s common to see a

complexity and time consumption issue. Therefore,

different techniques have been used in different

studies, the aim of those studies is to overcome

the issue of model accuracy and overfitting of a

data[19,20,21]. In that case, Principal Component

Analysis (PCA) is witnessed as a widely used

technique in a model. The purpose of PCA is to

reduce the dimensions of datasets. Which helps the

model to train itself faster and visualize the data

without any complexity. The purpose of using a

PCA in this paper is to verify whether the features

are independent of each other or not. With the help

of PCA new independent features were created

from the old one and the least features were

dropped. On the other hand, Recursive Feature

Elimination (RFE) is like a greedy optimization ap-

proach whose targets is to explore the best feature

in a dataset. It can be achieved by fitting the given

ML algorithm which is used in the core of the

model, labeled the features by its importance and

eliminates the least important features and then

re-fit the model. This process can repeat until a

defined number of features remains. In experiment,

we use the combination of PCA and RFE in order

to build a model where PCA reduced the dimension

of features set and then RFE provides the best se-

lected features to the classifiers.

Experiment demonstrated the performances of

some traditional ML based approaches i.e., Soft-

Max Classifier, Support Vector Machine (SVM),

Random Forest (RF), K-Nearest Neighbor, Naïve

Bayes and perform the binary classification among

four groups: AD, lMCI, eMCI and HC. The motiva-

tion of this study is to propose the best method

for feature selection and to account the overfitting

issue in the classification model.

2. METHODOLOGY

2.1 sMRI Dataset

For studies, data from Alzheimer’s disease neu-

roimaging initiative database (ADNI) (http://adni.

loni.usc.edu/) has been collected. ADNI project was

started in 2003 as a public-private partnership with

an aim to examine the progression of mild cogni-

tive impairment and early AD while investing the

combination of serial MRI, PET, other biological

markers, clinical and neuro-physical assessments.

2.2 Subjects

ADNI dataset contain more than 6000 subjects

between the age of 18 to 96. Among this, pre-

processed images of all 313 patients were selected

in this research which are fulfilling the ADNI

protocol.

The dataset divided into four groups:

(1) 78 AD subjects: 42 males, 36 females, age

± SD = 76.7 ± 5.7 years, range = 60-90 years.
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(2) 79 LMCI subjects: 41 males, 38 females, age

± SD = 72.5 ± 6.7 years, range = 60 - 90 years.

(3) 78 EMCI subjects: 40 males, 38 females, age

± SD = 74.5 ± 6.9 years, range = 60 - 90 years.

(4) 78 HC subjects: 35 males, 43 females, age

± SD = 79.6 ± 5.4 years, range = 60 - 90 years.

Table 1 mention the demographics information

regarding the subjects that has been used in this

paper. Data split in (70/30 ratio) for an unbiased

evaluation. Training part contain 70% of the data

while for testing 30% was allocated.

2.3 Feature Extraction 

In total, 873 features have been used from the

subcortical and cortical segmentation in this study,

which was obtained through fully automated pipe-

line of the FreeSurfer software package. Free

Surfer works on an automated workflow which

performs preprocessing tasks in order to achieve

a final brain parcellation image inside the subject’s

space; however, for quality control manual editing

option of an image also available at each stage.

After the preprocessing stage, the extracted data

was normalized to zero mean and unit variance us-

ing standard scalar function. The purpose of nor-

malization is to get rid of the anomalies in the data

which makes the analysis more complicated. The

normalized matrix of elements x(i, j) is given by:

 

 (1)

2.4 Feature Selection 

In analysis process, often dimension issue is re-

ported due to large number of features. PCA pro-

vide the efficient method to handle this issue. PCA

basically creates a linear combination of initial fea-

tures and maps the dataset in d-dimension space

to a k-dimension subspace following that k < d.

The acquired variables k is called as principal

components (PCs). Each PC is addressed towards

the maximum variance except the variance which

is already accounted for in all its succeeding com-

ponents. This, the first component covers the larg-

er variances as compare to the adhering compo-

nents. PCs can be calculated as:

    ⋯ (2)

Where  represent the ith PC,  is original

feature j, and  shows the numerical coefficient for

.

PCA is the most widely used method for feature

selection. Where, it only transforms the features

into lower dimension. On the other hand, by using

a feature selection method model only runs on the

basis of selective feature without any change. We

first reduce the dimension of a feature through

PCA, then we select the important features using

RFE feature selection method.

Recursive Feature Elimination is a wrapper-

type feature selection algorithm. This method cre-

ates models based on various subsets of input fea-

tures and select the best ones according to their

performance metric. RFE is the best example of a

wrapper feature selection. In Table 2, RFE algo-

rithm is defined as below:

2.5 Classification Method 

Once the sMRI features were extracted in both

cortical and subcortical region. The combined fea-

tures from both regions undergoes to the normal-

ization and feature selection stage. After having

the selected features, it can be used to discriminate

the AD with other groups. This approach is shown

in Fig. 1. In order to perform the classification task,

we select five best machine-learning based classi-

Table 1. Demographic Report of Subjects.

Group
No. of
Subjects

Age
Gender
M F

AD 78 76.7 ± 5.7 42 36

LMCI 79 72.5 ± 6.7 41 38

EMCI 78 74.5 ± 6.9 40 38

HC 78 79.6 ± 5.4 35 43
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fiers namely: SVM, Random Forest, Naïve Bayes,

KNN, SoftMax classifiers, and Random Forest.

3. EXPERIMENTAL RESULTS

3.1 Performance Evaluation

Using confusion matrix as shown in Table 3 the

binary classification performance can be evaluated

easier:

System’s performance was estimated using

SVM, KNN, NB, RF and SoftMax classifiers. Each

classifier predicts the correct number of outputs

which is in the form of diagonal matrix. The ele-

ments are further split into true positive (TP), true

negative (TN), false positive (FP) and false neg-

ative (FN) elements. Where TN and TP indicate

the correct identified controls. Whereas, FP and FN

represent the incorrect identified controls.

3.2 Evaluation Parameters

For evaluation we use the accuracy parameter

which measures the ratio of examples that are cor-

rectly labeled by the classifiers.

 


(3)

However, accuracy result may mislead due to

the unstable distribution of class. Therefore, 3 ad-

ditional performance metrics should be calculated:

specificity, sensitivity, and Youden Index. Defined

as follows:

 


(4)

 Fig. 1. Block diagram of Diagnosis Process.

Table 2. Process of Recursive feature elimination.

Algorithm: Recursive feature elimination

1. Model is tuned on the training set using all
predictors.

2. Computation of model performance.
3. Computation of variable ranking based on its
importance.

4. for every subset size
5. Keep most important variables.
6. Using predictors train the model on the training
set.

7. Compute the model performance.
end

8. Performance profile computation over.
9. Determine the predictors appropriate number.
10. Use the model corresponding to the optimal.

Table 3. Demographic Report of Subjects.

True Class
Predicted Class

G2 G3

G1 TP FN

G2 FP TN
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(5)

   (6)

Where, sensitivity (4) identifies the prediction

group’s accuracy, specificity (5) represents the ab-

sence group’s accuracy and Youden Index (6)

mention the effectiveness of the biomarker.

3.3 Classification Results 

The classification performance was measures

using the subcortical and cortical features and the

obtained results are shown in Tables 3- for AD

vs HC, AD vs eMCI, AD vs lMCI. The classi-

fication report is shown in Fig. 2-4. The programs

were executed in 64-bit Python 3.8.5 environment

on Intel (R) core (TM_i9-9960X) at 3.10 GHz and

126GB RAM running Ubuntu 20.04. The mentioned

model might be implemented on any computer

which supported the Python 3.8.5 environment.

3.3.1 Binary Classification: AD vs eMCI, AD vs

lMCI, and AD vs HC

Table 4 shows the summary of classification re-

sults among AD vs eMCI. Generally, all specified

techniques performed better. However, AD diag-

nostic was significantly better through SVM with

an accuracy of 97.87% in this binary classification.

In terms of AD vs lMCI classification.. The per-

formance report for AD vs lMCI is mentioned in

Table 5 shows the SVM accuracy　of 95.83% which

is noted better as compared to other classifiers

techniques.

Similarly in AD vs HC classification,　as men-

tioned in Table 5　SVM outperform the other ma-

chine learning classifiers performance with an ac-

curacy of 97.83%.

Fig. 2. AD vs eMCI Performance Comparison in terms 

of accuracy and Youden Index.

Fig. 4. AD vs HC Performance Comparison in terms of 

accuracy and Youden Index.

Fig. 4. AD vs HC Performance Comparison in terms of 

accuracy and Youden Index.

Table 4. Classification Results of AD vs eMCI.

Classifier ACC SEN SPEC Y1

Softmax
Classifier

94.47 97.39 91.79 89.18

SVM 97.87 100.0 95.65 95.65

KNN 91.49 88.46 95.24 83.7

Naive Bayes 93.62 92.0 95.45 87.45

Random Forest 91.91 100.0 86.08 86.08
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4. DISCUSSION

Various techniques for AD classification have

been performed. The subjects based on anatomical

T1-weighted MRI were used to assess and com-

pare the classification performance using three bi-

nary classification experiments: AD vs eMCI, AD

vs lMCI, and AD vs HC. Data was randomly split

into two groups with a ratio of 70/30 for training

and testing purpose. After that, PCA was im-

plemented for dimension reduction and RFE was

utilized to select the best features for classification

task. Five classifiers were used to evaluate the

performance in which radical basic function (RBF)

based SVM classifier yielded a better result as

compared to other classifiers.

Previously structural　and functional　measure-

ments were also used to classify AD patients. S.

Kadoury [22] proposed a method for group classi-

fication using semantically labeled PET image

features. Their method yield accuracy of 91.2% for

AD versus HC classification. Manifold-based emi-

supervised learning method for AD diagnosis is

utilized by Khajehnejad et al.[23]. Their method

acquired an accuracy of 93.86%. Islam and Zhan

[24] presented an idea of deep convolutional neural

network ensembling for early diagnosis of AD.

They uses DenseNet deep learning models in their

study for the classification of OASIS dataset. In

their study they yield accuracy of about 93.18%.

Wolz et al.[25] compare the performance of SVM

and LDA classifiers while using the combined fea-

tures that are extracted from the hippocampal vol-

ume, TBM, cortical thickness, and manifold-based

learning. In their proposed method LDA classifier

achieved the best accuracy of 89% for AD

classification.

In the comparison of the above-mentioned work,

this study aims to enhance the accuracy of a model

that can be attained by combining the feature se-

lection technique. In our study, we investigate a

combined feature of cortical thickness and sub-

cortical volume in the AD, eMCI, lMCI, and HC

and compare the performance of the different ma-

chine learning classifiers (SVM, Random Forest,

Naïve Bayes, K-nearest neighbor,　and Softmax

classifier) using an efficient combined feature se-

lection approach for the classification of AD.

5. CONCLUSION

A combination of dimension reduction and se-

lection method of features had been proposed in

this paper. Idea of combine feature selection meth-

od effectively predict the AD from eMCI, lMCI

(early or late to the AD) and a healthy group ob-

tained from ADNI dataset. In this study, a combi-

nation of subcortical and cortical features had been

utilized which were extracted from an automated

toolbox. Classification tasks was performed using

five classifiers (Softmax, SVM, KNN, Naïve Bayes

and Random Forest). The experimental results

mentioned the satisfactory performance for three

cases (AD vs eMCI, AD vs lMCI and AD vs HC)

following the proposed techniques. Comparison of

Table 5. Classification Results of AD vs lMCI.

Classifier ACC SEN SPEC Y1

Softmax
Classifier

91.66 89.07 93.83 82.9

SVM 95.83 100.0 93.33 93.33

KNN 89.58 86.36 92.31 78.67

Naive Bayes 85.42 94.44 80.0 74.44

Random Forest 92.49 98.22 87.65 85.87

Table 6. Classification Results of AD vs HC.

Classifier ACC SEN SPEC Y1

Softmax

Classifier
92.20 100.0 87.86 87.86

SVM 97.83 95.0 100.0 95.0

KNN 89.13 95.24 84.0 79.0

Naive Bayes 92.17 96.46 89.79 86.25

Random Forest 93.33 94.74 92.31 87.05
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the performances shows that RBF-SVM classifier

achieved prominent performance for all three cases

mentioned in Tables 4 and 6.

Presented works consists only subcortical and

cortical features for classification. However, in fu-

ture features like hippocampus and amygdala will

be use in the AD diagnosis. Additionally, different

datasets can also be used for the early prediction

of AD and for classification purpose new method

can also be introduced in the future work.
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