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a b s t r a c t 

The build-up of beta-amyloid and rapid spread of tau proteins in the brain cause the death of neurons, 

leading to Alzheimer’s disease (AD). AD is a form of dementia, and the symptoms include memory loss 

and decision-making difficulties. Current advanced diagnostic modalities are costly or unable to detect 

the histopathological features of AD. Hence a computational intelligence tool (CIT) for AD diagnosis is 

proposed in this study. The magnetic resonance images (MRI) of the brain are pre-processed using an 

adaptive histogram, and decomposed into four IMFS using bidirectional empirical mode decomposition 

(BEMD). Local binary patterns (LBP) are then computed per IMF, and the histograms are concatenated. 

Adaptive synthetic sampling (ADASYN) is applied to balance the dataset and Student’s t -test is utilized 

for selection of highly significant features, within each fold for ten-fold validation. Amongst other classi- 

fiers, SVM-Poly 1 and random forest(RF) were employed for classification, yielding the highest accuracy 

of 93.9% each. Our study concludes that the recommended CIT is useful for the automatic classification 

of AD versus normal MRI imagery in hospitals. 

© 2020 Elsevier B.V. All rights reserved. 
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1. Introduction 

The emotions, thoughts, movements, and feelings expressed by

an individual are the result of signals that pass between neurons in

the brain. Other brain cells, such as astrocytes and microglia, help

to keep neurons in a healthy state. Astrocytes assist in eliminat-

ing toxins and debris from the cerebrospinal fluid [1] , while mi-

croglia help to regenerate neurons and regulate neuronal growth

[2] . When this healthful state is disrupted by harmful brain alter-

ations, it can manifest as Alzheimer’s disease (AD). AD is the most

common form of dementia [3] . Fig. 1 depicts the MRI images of a

normal versus AD brain. Harmful changes may exist for many years

prior to initial signs of dementia becoming evident. The changes

are brought about by the proteins beta-amyloid and tau. A typi-

cal tau may accumulate and cause entanglements within neurons
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4] . Beta-amyloid bunches into plaques, and builds up over time

etween neurons [5] . As the level of amyloid reaches a turning

oint, there is a rapid spread of abnormal tau to the brain, affect-

ng normal brain activity. The harmful changes are also brought

bout due to the failure of the vascular system to deliver sufficient

lood and nutrients to the brain, resulting in a lack of glucose en-

rgy required for brain activity [6] . This hampers the removal of

ead neurons by microglial cells. Astrocytes react to the troubled

icroglial cells, causing the death of neurons as they lose their

bility to communicate with one another. As neurons die, the brain

tarts to shrink, beginning in the hippocampus, the area crucial for

emory and learning [7] . Hence, symptoms of dementia include

emory loss, hampered decision-making, and issues with logical

hinking and language. 

The three facets of AD include early, middle, and advanced

tages [8] . As more neurons die, Alzheimer’s progressively affects a

erson’s cognitive abilities, such as recollection in the early stage,

eading, and writing in the middle stage, and functioning indepen-

ently in the advanced stage [7] . The World Health Organization

https://doi.org/10.1016/j.patrec.2020.03.014
http://www.ScienceDirect.com
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http://crossmark.crossref.org/dialog/?doi=10.1016/j.patrec.2020.03.014&domain=pdf
mailto:aru@np.edu.sg
https://doi.org/10.1016/j.patrec.2020.03.014


J.E.W. Koh, V. Jahmunah and T.-H. Pham et al. / Pattern Recognition Letters 135 (2020) 106–113 107 

Fig. 1. Comparison - MRI images of (a) normal and (b) AD brain, demonstrating the 

bilateral temporal and parietal volume loss. 
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eports that in 2015, about 47.5 million people were afflicted with

ementia globally. Additionally, about 7.7 million new cases surface

early, inferring that someone gets dementia every four seconds

9] . AD is commonly diagnosed by assessing the behavior, clinical

igns, and dietary patterns of patients [10] . However, studies report

hat the impact of dietary patterns on AD risk is unreliable. Addi-

ionally, the testing sessions, which are often grueling, require the

xpertise of very experienced clinicians. Furthermore, these medi-

al tests incur additional costs each time and present subjectivity

nd variability to the diagnostic result [11] . The above-mentioned

easons serve as a motivation for the detection of AD using a cost-

ffective and accurate diagnostic tool. Advanced diagnostic modal-

ties include analyzing the whole brain volume and physiologi-

al activities through Computed Tomography (CT), Magnetic Res-

nance Imaging (MRI), and Positron Emission Tomography (PET)

cans [12] . However, these methods exhibit some disadvantages.

tructural MRI is useful for detecting volume loss in the hippocam-

us and parietal lobes that are signatures of AD. However, in 60%

f the patients below 65 years old, AD is presented without medial

emporal atrophy (MTA). Cerebrospinal fluid (CSF) and MRI mark-

rs contribute to the diagnosis of Alzheimer’s disease individually

13] . In MRI studies, it has been reported that larger hippocampal

olume loss is linked to the presence of the ApoE allele ɛ 4 gene

n AD while lower CSF A β1-42 is related to mild cognitive impair-

ent [14] . Although biomarker imaging is recognized as a powerful

odality due to its reliability and accuracy in AD diagnostics, the

ccessibility and costs associated with its usage poses disadvan-

ages [15] . In functional MRI (fMRI), examining patients with more

evere cognitive impairment is challenging due to the technique’s

ensitivity to head motion [16] . In PET and CT scans, movement of

he patient’s head produces artifacts, leading to errors in the inter-

retation of the results [17] . These diagnostic approaches may also

e monetarily costly. Recently, computer-based detection systems

ave gained popularity for the efficient classification of diseases

 23 , 29 , 62 ]. Hence a CIT that is cost-effective, accurate, and useful

or the diagnosis of AD, is proposed. Table 1 highlights the stud-

es using CIT for the diagnosis of AD thus far. The remainder of

his paper is organized as follows: Section 1 describes AD and the

ummarized studies for AD diagnosis, Sections 2 and 3 highlight

he data and methodology used for the current study, respectively,

ection 4 discusses the obtained results, Section 5 concludes the

aper and Section 6 discusses future work. 

From Table 1 , it is noteworthy that MRI images and SVM clas-

ifiers are used prevalently for the detection of AD. In accord with

he prior work, in this study, MRI images were studied and SVM

lassifiers with Radial-Basis-Function (SVM RBF) and polynomial

ernels 1, 2, and 3 were implemented. Compared to other studies

n Table 1 , our study is novel due to the unique feature extraction

ethods used to extract image features for AD detection. Our pro-

osed method is likely to contribute substantially to AD detection

ue to the high accuracy obtained. 
. Data used 

A total of 165 (110 normal, 55 CE) T2-weighted brain MRI im-

ges were acquired from the University of Malaya Medical centre

Medical Ethics Approval No.2017112–5771) [11] and Harvard Brain

tlas databases [47] . 

. Methodology 

.1. Pre-processing 

Image pre-processing is a technique used to convert raw image

ata to clean image data. This conversion is crucial, as raw data

ostly contains noise or missing, incomplete, inconsistent, or false

ata. Hence image pre-processing aids in image enhancement to

iminish misrepresentations, as well as to enhance image features

equired for further processing [64] . Thus, the adaptive histogram

42] was employed to enhance image contrast in our study. This

echnique aids in maintaining the quality as well as the consis-

ency of the utilized imagery. 

.2. Feature extraction and selection 

BEMD was then employed to extract image features. BEMD

orks on the extrema found in the original image or acquired from

he first higher-order derivative of the original image. This enables

he decomposition of the image signal. Also, distances between ex-

rema have the potential to provide the information required for

escribing the image on inherent length scales [61] . EMD is com-

only used for feature extraction, to aid in the classification of

rain diseases [43] and eye diseases such as glaucoma, dry eye

nd age-related macular degeneration [56] . Hence, it is considered

n this study. In EMD, the oscillations of high-frequency that are

ocal are obtained from the initial data [44] . Every IMF has two

onditions to satisfy: 1) the sum of zero crossings and extrema ei-

her has to be equal or vary by at most one in the dataset, 2) The

nvelopes described by the local maxima and minima have an av-

rage of zero. The mean value described by the local maxima and

inima has to have a value of zero at any point [44] [55] . The data

as decomposed into four IMFs in this study. The Local binary pat-

ern (LBP) was computed for each IMF thereafter. LBP has also been

xplored for feature fusion in recent studies, for facial expression

ecognition, yielding high classification accuracies [63] , and was

lso incorporated in the present study. LBP is a textural descriptive

ethod that works based on the differences between neighboring

nd central pixels in an image. A binary code is obtained for each

ixel value by thresholding the neighborhood, using the value of

he center pixel. The pixel value then changes to 0 or 1 depend-

ng on the threshold value. A histogram is generated to establish

he frequency values of binary patterns [45] . Hence in our study,

our histograms were constructed for four IMFs. The histograms

ere then concatenated to a single vector. Fig. 2 represents the

aradigm used to study the MRI images in this work. Figs. 3 a and

 show the MRI images of AD and normal brain up to four levels

f decomposition, respectively, after the application of the BEMD

echnique. Adaptive synthetic sampling (AdaSyn) was then applied

o reduce bias and to balance the dataset, so as to enhance sys-

em performance. Student’s t -test [46] was then employed to se-

ect the most significant features based on the p-values being cal-

ulated. AdaSyn and Student’s t -test were employed within each

old, where 10-fold cross-validation was used to evaluate the per-

ormance of the proposed system. Over 100 significant IMF-LBP

eatures were found based upon Student’s t -test. Table 2 shows the

op ten most significant features. 
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Table 1 

Summarized studies using CIT to forecast or diagnose AD using MRI images. 

Authors & year of publication Methods Participant information Findings 

Patil et al. [19] 2015 • K-means segmentation 
• Wavelet transform 

• Watershed algorithm 

Subjects: 25 A larger difference in volume between 

the gray and white matter is 

characteristic of AD. 

Zhang et al. [24] 2015 • Displacement field features using KS 
• PCA 
• SVM classifier 
• GEPSVM classifier 
• TSVM classifier 
• 10-fold validation 

Normal: 98 healthy 

AD: 28 patients 

TSVM classifier 

Accuracy: 92.75 ± 1.77% 

Sensitivity : 90.56 ± 1.15% 

Specificity : 93.37 ± 2.05% 

Precision : 79.61 ± 2.21% 

Gorji et al. [27] 2015 • Pseudo Zernike moment 
• LVQNN 

• PRNN 

• Gradwrap 

Normal: 148 healthy 

MCI: 172 patients 

AD: 180 patients 

PRNN (classifying AD, MCI) 

Accuracy: 94.88% 

Sensitivity : 94.18% 

Specificity : 95.55% 

PRNN (classifying MCI, normal) 

Accuracy: 95.59% 

Sensitivity : 95.89% 

Specificity : 95.34% 

Li et al. [38] 2015 • MRI 
• PET 
• CSF 
• PCA 
• Stability selection 
• Multi-task deep learning with 

dropout 
• SVM classifier 

Normal: 52 healthy 

MCI: 99 patients 

AD: 51 patients 

Accuracy: 91.4% 

Beheshti et al. [35] 2016 • Voxel-based morphometry 
• T-test 
• Fisher Criterion 
• SVM classifier 
• 10-fold validation 

Normal: 68 healthy 

AD: 68 patients 

Accuracy: 96.32% 

Sensitivity : 94.11% 

Specificity : 98.52% 

Hosseini-Asl. [37] 2016 • 3D ACNN model 
• 10-fold validation 

Normal: 70 healthy 

MCI: 70 patients 

AD: 70 patients 

Accuracy: 97.6% 

Fagan et al. [20] , 2017 • 3D Gradient Echo Plural Contrast 

Imaging (GEPCI)images 

AD: 34 patients Large correlations were found 

between GEPCI measures and areas 

where beta-amyloid buildup was high. 

Wang et al. [26] 2017 • Linear regression 
• Pseudo Zernike moment 
• MRI 

– Accuracy: 97.51% 

Sensitivity : 96.71% 

Specificity : 97.73% 

Suk et al. [31] 2017 • Deep Ensemble Sparse Regression 

Network 
• FAST in FSL package 

Normal: 226 healthy 

MCI: 393 patients 

AD: 186 patients 

JLLR ± DESRN model 

Accuracy: 91.02% 

Sarraf et al. [36] 2017 • CNN 

• fMRI 
• MRI 

fMRI: 

Normal: 92 healthy 

AD: 52 patients 

MRI: 

Normal: 91 healthy 

AD: 211 patients 

fMRI 

Accuracy: 99.9% 

MRI 

Accuracy: 97.88% 

Kajal et al. [40] 2017 • Deep neural network 
• Image segmentation 

Normal: 72 healthy 

AD: 78 patients 

Accuracy: 96.6% 

Lama et al. [41] 2017 • PCA 
• SVM, IVM, RELM classifiers 
• 10-fold, leave-one-out validation 

Normal: 70 healthy 

MCI: 74 patients 

AD: 70 patients 

Accuracy: 80.32% 

Wang et al. [22] 2018 • Wavelet entropy 
• Multilayer perceptron 
• Biogeography-base optimization 
• 50 × 10-fold cross validation 

Normal: 98 healthy 

AD: 28 patients 

Accuracy: 92.40 ± 0.83% 

Sensitivity : 92.14 ± 4.39% 

Specificity : 92.47 ± 1.23% 

Hett at al. [30] 2018 • Texture-based grading 
• 3D Gabor filters 
• Adaptive fusion 
• SVM classifier 
• 10-fold validation 

Normal: 226 healthy 

Stable MCI: 223 patients 

Progressive MCI: 165 

AD: 186 

Accuracy: 91.3%, 

Area under curve: 94.6% 

El-Dashan et al. [25] 2019 • Hybrid method 
• Discrete wavelet transform 

• PCA 
• Feed forward back-propagation 

artificial neural network (FP-ANN) 
• K-NN classifier 

Normal: 10 images 

AD: 60 images 

Accuracy: 98% 

Maqsood et al. [34] 2019 • Transfer learning 
• AlexNet 
• K-means clustering 

Multi-class classification 

Accuracy : 92.85% for un-segmented 

images 

( continued on next page ) 
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Table 1 ( continued ) 

Authors & year of publication Methods Participant information Findings 

Gupta et a1. [39] 2019 • Combined features from cortical, 

subcortical and hippocampus areas 
• 5-fold validation 

k-NN, SVM, random forest classifiers 

Normal: 171 healthy 

Stable MCI: 35 patients 

MCI caused by AD: 39 patients 

AD: 81 patients 

SVM classifier 

Accuracy: 95.23% 

Acharya et al. [11] 2019 • T-test 
• kNN classifier 
• Feature extraction techniques 
• Shearlet Transform 

AD: 11 patients 

Normal: 22 subjects 

Shearlet transform ± kNN: 

Accuracy : 98.48% 

Precision : 100% 

Sensitivity : 96.97% 

Specificity : 100% 

Present study, 2019 • Bi-directional empirical mode 

decomposition 
• Local binary patterns 
• Statistical analysis 
• AdaSyn 
• 10-fold validation 
• Classifiers 

Normal: 110 healthy 

AD: 55 patients 

Accuracy: 93.9% 

Sensitivity: 90.9% 

Specificity: 95.5% 

Positive predictive value: 90.9% 

Fig. 2. Block-diagram of the CIT to detect AD. 

Fig. 3. a) BEMD IMF images of AD brain. b) BEMD IMF images of normal brain. 
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.3. Classification 

An array of traditional classifiers were exploited in this study to

iscern between the two groups. Traditional classifiers were used

ue to their known and helpful advantages. The Decision Tree (DT)

lassifier [57] , which has a tree-like arrangement, comprises nodes,

dges, and leaf nodes. The nodes aid in testing the value of fea-

ures, the branch corresponds to the result of a test, while the leaf

odes forecast the results. The DT classifier was implemented since

esides providing good accuracy, it learns and classifies the data
ith a short computation time [57] . K-Nearest Neighbour (KNN)

48] is another classifier exploited in this study. In this classi-

er, a feature is classified based on the class that is most preva-

ent among its k-nearest neighbours. The KNN classifier is advan-

ageous as it requires only minimal information to work, learns the

ata rapidly, and provides good accuracy [57] . It remains effective

hen the size of the training data is increased, which was the case

n our study. The Linear Discriminant analysis (LDA) [49] classi-

er is a generalised representation of Fisher’s linear discriminant.

DA forecasts by approximating the likelihood that a new set of
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Table 2 

Range (Mean ± standard deviation) of IMF-LBP features ranked using the t -test. 

Ranked order Normal AD 

Mean SD Mean SD p-Value T-Value 

1 IMF1_LBP324_18 359.76 41.48 511.11 68.28 0.0000 17.6535 

2 IMF1_LBP216_11 1623.57 149.87 2088.05 189.70 0.0000 17.1354 

3 IMF1_LBP216_13 1605.49 107.16 1919.07 126.68 0.0000 16.6567 

4 IMF1_LBP216_12 1422.06 117.35 1768.40 147.69 0.0000 16.3583 

5 IMF1_LBP324_19 421.49 48.15 585.13 82.70 0.0000 16.0400 

6 IMF1_LBP324_17 322.78 49.88 480.20 79.94 0.0000 15.5022 

7 IMF1_LBP324_21 912.68 80.73 1149.84 118.80 0.0000 15.1092 

8 IMF1_LBP324_16 365.82 63.09 551.89 97.10 0.0000 14.8137 

9 IMF1_LBP324_20 604.27 60.93 790.87 101.06 0.0000 14.7524 

10 IMF1_LBP216_6 1470.90 97.61 1730.95 124.87 0.0000 14.6598 

Table 3 

Results of the classification using 10-fold validation. 

Classifier Av . ac (%) Av . se (%) Av . sp (%) Popv (%) Nepv (%) Rt(s) 

SVM-Poly 1 93.9 90.9 95.5 90.9 95.5 0.41 

Random forest 93.9 90.9 95.5 90.9 95.5 873.56 

SVM-Poly 3 93.3 96.4 91.8 85.5 98.1 12.42 

KNN 90.3 98.2 86.4 78.3 99.0 0.18 

LDA 87.9 90.9 86.4 76.9 95.0 0.50 

NB 87.9 90.9 86.4 76.2 95.0 11.58 

Decision Tree 86.1 83.6 87.3 76.7 91.4 1.10 

SVM-Poly 2 84.8 74.5 90.0 78.8 87.6 0.22 

PNN 75.2 25.5 100 100 72.9 1.30 

SVM RBF 75.2 25.5 100 100 72.9 0.26 

Av . ac: Average accuracy, Av .se: Average sensitivity, Av . sp: Average specificity, Popv : Positive 

predictive value, Nepv : Negative predictive value, Rt : Runtime. 

Table 4 

Results of the classification using leave-one-out validation. 

Classifier Av . ac (%) Av . se (%) Av . sp (%) Popv (%) Nepv (%) Rt(s) 

SVM-Poly 1 95.2 90.9 97.3 94.3 95.5 4.24 

SVM-Poly 3 94.6 94.6 94.6 89.7 97.2 252.35 

Random forest 93.9 90.9 95.5 90.9 95.5 14,356.86 

KNN 90.3 98.2 86.4 78.3 99.0 1.66 

Decision Tree 89.1 85.5 90.9 82.5 92.6 3.98 

SVM-Poly 2 88.5 78.2 93.6 86.0 89.6 5.31 

NB 87.9 89.1 87.3 76.2 77.8 263.70 

LDA 86.7 87.3 86.4 76.2 93.1 7.79 

PNN 76.4 29.1 100 100 73.8 15.91 

SVM RBF 76.4 29.1 100 100 73.8 3.18 
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values belongs to each class, in which the class with the largest

probability is recognised as the output class. Also, LDA is advan-

tageous for having a low computational cost [59] . The Probabilis-

tic Neural Network (PNN) [50] classifier was also utilized. It com-

prises layers, wherein the role of the hidden-layer is to calculate

the probability density while that of the summing-layer is to ag-

gregate the result. The PNN classifier is able to train rapidly, and

has been recognised to learn faster than other neural networks.

Additionally, PNN has been successfully used in classification pro-

tocols for AD and other diseases [ 18 , 58 ]. SVM-RBF [51] as well as

SVM with varying polynomial kernels: 1st order (SVM-Poly 1), 2nd

order (SVM-Poly 2), and 3rd order (SVM-Poly 3), were also im-

plemented for classification. Besides providing good accuracy, SVM

with different kernel functions also transforms the original data

into a higher dimension space, thereby enabling easier segmenta-

tion of the data [60] . Naïve Bayes(NB) [65] and Random forest(RF)

[66] are two additional classifiers explored in this study. Ten-

fold cross-validation was utilized to evaluate classifier performance

with the following measures: accuracy, sensitivity, specificity, and

positive predictive values. Leave-one-out validation(LOO) [67] was

also incorporated, and the results were compared versus 10-fold

validation. 

p  
. Results 

Table 3 details the results of the classification using 10-fold.

rom the table, it is clear that the SVM-Poly 1 and RF classifiers

ach achieved highest accuracy, sensitivity, specificity, and posi-

ive predictive values of 93.9%, 90.9%, 95.5% and 90.9%, respectively.

able 4 details the results of the classification using LOO. It is clear

rom Table 4 that the SVM-Poly 1 classifier achieved the highest

ccuracy, sensitivity, specificity, and positive predictive values of

5.2%, 90.9%, 97.2% and 94.3%, respectively. Comparing both val-

dation methods, SVM-Poly 1 is one of the best classifiers to be

mployed to distinguish AD from normal images. 

. Discussion 

From Table 1 , it is evident that most studies implemented SVM

lassifiers for classification. Li et al. [38] explored the multi-task

eep learning method coupled with the SVM classifier on a com-

ination of MRI, PET, and CSF images. However, a lower accu-

acy of 91.4% was yielded for this study. Beheshti et al. [35] stud-

ed MRI images with the addition of the SVM classifier in the

ipeline, achieving a classification accuracy of 96.32%. Gupta et al.
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Fig. 4. Percentage of pixels versus local binary pixels for (a) AD and (b) normal images. 

Fig. 5. ROC curves for (a) 10-fold and (b) LOO validation techniques. 
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39] explored MRI features and achieved an accuracy of 95.23%

ith the SVM classifier. Lama et al. [41] compared the performance

f SVM, RELM, and IVM classifiers using the PCA approach and

chieved an accuracy of 80.32% with SVM. Tong et al. [32] and

ett at al. [30] explored other machine learning techniques cou-

led with SVM classifiers, achieving accuracies of 81% and 91.3%

espectively. Plant et al. [21] also employed the SVM classifier,

nd achieved an accuracy of 92% for the prediction of AD. Par-

llel to our study, Zhang et al. [28] applied the SVM polynomial

ernel, yielding an accuracy of 92.36%. Although Acharya et al.

11] achieved a high accuracy, comparable to the present study, the

roposed method was tested on a smaller dataset, as compared to

hat used in the current study. El-Dashan et al. [25] and Gharaibeh

t al. [33] achieved comparable classification accuracies of 98% and

00%, respectively, as deep learning techniques were employed.

owever, smaller image numbers were utilised in these studies.
ajal et al. [40] also employed the deep learning technique; how-

ver, a lower accuracy was achieved and lesser images were used

s compared to the present study. Hence, the above description af-

rms that our recommended technique using MRI images alone is

obust for the classification of AD versus normal groups. Figs. 4 a

nd 4 b show the BEMD IMF plots obtained from the decomposi-

ion of AD and normal brain images respectively. From the plots,

t is observable that the IMFs obtained for each class are different.

dditionally, it is evident that the number of pixels in the differ-

nt bins are distinct, as shown in the plots. Table 2 presents the

MF-LBP features that were ranked according to Student’s t -test.

t is notable that features IMF1_LBP324_18 to IMF1_LBP216_6 are

ighly discriminatory due to p < 0.05 being obtained. The t-values

ere used for ranking. Hence the features used are competent as

ell as distinctive, relating to the physiology of the two classes.

igs. 5 a and 5 b depict the receiver operating characteristic (ROC)
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curves for 10-fold and LOO validation methods respectively. The

area under the curve(AUC) for SVM-Poly 1 with LOO is 0.94 while

that of 10-fold is 0.93. Comparing Tables 3 and 4 , it is evident that

generally, the time complexity of the LOO technique is higher as

compared to the 10-fold technique. Hence, although SVM-Poly 1

yielded a slightly higher classification accuracy and AUC for LOO, it

required 4.24 s to run, as compared to 0.41 s using 10-fold. Such a

long computational time is disadvantageous, as it may delay AD di-

agnosis. Thus, our recommended method of using 10-fold is more

beneficial and suitable. A range of deep learning models have been

used to diagnose AD from MRI images [52] , but large data is re-

quired to train these models. The benefits and pitfalls of our pro-

posed method are as follows. 

Benefits 

1. The methodology proposed is fast and non-invasive for the de-

tection of AD. 

2. The system has been evaluated by 10-fold cross-validation, af-

firming its robustness. 

Drawbacks 

1. The manual extraction and selection of features can be quite

laborious. 

2. The proposed method does not allow the study of large data. 

6. Closing remarks 

The build-up of beta-amyloid proteins or the insufficient de-

livery of blood and nutrients to the brain causes the death of

neurons, eventually leading to AD. Advanced diagnostic modalities

such as PET and CT are either expensive or exhibit other disadvan-

tages. Hence, a computational intelligence tool that is cost-effective

was proposed in this study. BEMD was employed to extract fea-

tures from the pre-processed MRI images. LBP were then computed

for each of the four IMFs generated. The distinctive features were

selected using Student’s t -test, and ADASYN was utilized to balance

the dataset. The data was input to several classifiers, and the SVM-

Poly 1 and RF classifiers achieved the highest classification accu-

racy of 93.9% for 10-fold validation, while SVM-Poly 1 achieved a

higher accuracy of 95.2% with LOO validation. Our proposed tech-

nique coupled with 10-fold validation is considered to be a better

CIT as compared to LOO, due to its accurate yet rapid detection of

AD. The 10-fold validation technique affirms the robustness of our

recommended method. Hence, it has the potential to be used for

AD diagnostics in hospitals. 

7. Future work 

In future work, we intend to collect more data for the early de-

tection of AD. Deep learning models are used more prevalently to

detect disease at present [52–54] . Hence, a deep learning model

may be useful for classification. With additional data, the model is

more likely to be trained well and hence perform well. With an

early detection tool, Alzheimer’s disease can be better managed by

patients. 
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