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Abstract

A Major Challenge for healthcare in the 21 century is dementia. It is the most common form of
Alzheimer’s disease (AD). Early detection of AD is necessary for preventing the progression of
the symptoms. The goal of this study is to initiate a new predictive model for AD employing MRI
images. The developed model involves Feature Extraction, Optimal Feature selection, and
Classification. Initially, the Gray-Level Co-Occurrence Matrix (GLCM) and Haralick features are
extracted from MRI images. Especially, this work carries out optimal feature selection using
a Grasshopper Optimization Algorithm (GOA). Then, the optimally chosen features are classified
via Deep Convolution Neural Network (DCNN). Finally, the eminence of the adopted scheme is
validated in terms of various measures.

Keywords: Alzheimer’s disease, GLCM, DCNN, Feature selection, GOA Algorithm

Introduction

There is a rising attention for Computer-Aided
Diagnosis (CAD) systems to assist physicians in
diagnosing several disorders such as Alzheimer’s
disease (AD), Parkinson’s disease, schizophrenia,
epilepsy and brain lesion accurately (Samper-
Gonzélez et al., 2018; Lahmiri and Shmuel, 2019;
Moscoso et al., 2019). “AD is a neurodegenerative
disorder that affects a large population”. It corrupts
the behavior, judgment and memory of the patients.
Earlier recognition of AD is necessary for premature
therapy, which can lessen the development of
disease. For improving the earlier recognition of
AD, numerous CAD systems were

introduced to accurately categorize Normal
Controls (NC) and AD subjects depending on
structural Magnetic Resonance Imaging (MRI)
analysis.

In fact, earlier recognition of AD (Batzu et al.,
2020) by MRI is of large support to patients and
physicians as it is a comparatively non-invasive,
low-cost process that can aid diagnosis without
human misinterpretations. Thereby, different CAD
models were established depending on analysis of
structural MRI of the human’s brain. (Park et al.,
2020; Tadayon et al., 2020).
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Along with CAD systems that depends on
the investigation of structural MRI to identify AD
(McKenzie et al., 2020), other works concerned on
the analysis on images attained with Positron
Emission Tomography (PET), Diffusion Tensor
Imaging (DTIl) and Single-Photon Emission
Tomography (SPECT) images. In an effort to
develop the accuracy of CAD systems, current
studies have adopted multi-modal techniques, in
which the features are derived from diverse imaging
modalities.

The major contributions of this research work
are:

Exploits Grasshopper Optimization Algorithm
for carrying out optimal feature selection.

The paper is structured as follows: Section Il
portrays the reviews on Alzheimer disease. Section
111 depicts about the framework of proposed model
for AD prediction. Further, addresses the texture
feature extraction: GLCM, Haralick features.
Proposed GOA model for optimal selection of
features. The resultants are briefed in Section IV and
conclusion is elucidated in Section V.

Literature Review

In this section, we review high quality research
articles from reputed journals related to our research
problem prediction of Alzheimer’s Daises (AD).

Faisal et al. (2021) applied Machine Learning
techniques to diagnose AD. They predict the AD
based on the combined feature selection
method. They consider the Alzheimer’s disease
Neuroimaging Initiative (ADNI) dataset. They used
a combination of dimension reduction methods to
select the features. They select the best features
based on the Recursive Feature Elimination method
and Principal Component Analysis. They studied
the comparative analysis they applied 5 classifiers
Softmax Classifier, Support Vector Machine
(SVM), K-Nearest Neighbour (KNN), NaiveBayes
and Random Forest and they proved that SVM is
best suited for the prediction of AD.

Raj (2020) proposes that the Internet of
Medical Things (IloMT) plays important role in
the classification and prediction of critical
diseases. They applied optimal Deep Learning
(DL) for Alzheimer’s disease classification. To
improve the performance of the Deep learning
classifier and selection of optimal features they
applied the Opposition-based Crow Search (OCS)
algorithm. They expressed the results by using
MATLAB and proved that an optimal feature
always improves the performance of the model and
they achieve an accuracy of 95.22%.

Silvia et al. (2019) have developed a deep
learning approach for predicting Mild Cognitive
Impairment (MCI) and AD. Here, the appliance of

Convolutional Neural Network (CNN) was
exploited over 3D T1-weighted images. The CNN
was utilized for testing, in which the c-MCI and s-
MCI of AD was evaluated. In the end, higher
classification accuracy was accomplished by means
of ADNI datasets. Thus, the CNN was said to be an
effective tool for the enhanced individual patient
diagnosis.

Vaithinathan et al. (2019) have analyzed
the model based on texture with regional atrophies
for classification of AD. Initially, the centre image
slice was divided into minor blocks and the blocks
that were similar to Region of interest (ROI) were
marked. These whole marked blocks that relied at
the similar location were collected and the textures
were evaluated for all blocks on whole slices.
At last, the development of the adopted work was
examined over other models.

Shaikh and Ali (2019) have developed
a creative model for automated tissue segmentation
and classification based on SVM and PCA. For
exploring the atrophy of the segmented tissues,
the texture features from Gray-Level Co-
Occurrence Matrix (GLCM) and, Band Expansion
Process (BEP) features from discrete wavelet
transform (DWT) were merged together.
Consequently, pre-processing and classification
was done, and the SVM classifier was employed
for obtaining the two related features.
The experimentation has exposed higher
classification accuracy for the developed work than
extant ones.

Casanova et al. (2018) has examined
the feasibility for evaluating anatomical index for
predicting the risk factor in AD. This was done with
ADNI and MRI data. In this, high-dimensional
warping schemes were deployed for processing
the studies on MRI data. The ADNI MRI data was
employed for computing the high-dimensional
classifiers. Finally, the enhancement of
the suggested model was proved.

In this, many research works worked on
different datasets and approaches on AD predictions
using machine learning, soft computing technigques
and deep learning.

Dataset Description

For studies, the MRI images data is obtained
from ANDI Database “Alzheimer’s disease
neuroimaging initiative database (ADNI)
http://adni.loni.usc.edu/”. The total dataset is consist
of 6400 MRI image of different subjects. For
analysis purpose the total dataset are split into two
datasets with equal number. In Figure 1 exhibits
sample images of different subjects of AD.
The Figure 1(a) describes Non Dementia under
the class Non-AD the remaining figures that are 1(b)
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Very Mild Dementia, Figure 1(c) Mild Dementia GLCM

and Figure 1(d) Moderate Dementia subjects are “GLCM is defined as a statistical method for
under class AD. examining the texture that considers the spatial
. Relationship of pixels (Gadkari et al., 2004)”.
Proposed Architecture The elucidation on GLCM features is given in

Figure 2. demonstrates the picture of adopted  Taple 1. The extracted features from GLCM are
prediction model. The developed framework for AD  jndicated as FS-CM.

prediction includes two main phases such as,
“feature extraction, optimal feature selection and
classification”. Initially, texture features like GLCM  Table 1. GLCM features
(FCLCM), Haralick features (F"\) are extracted from

. . R S.No. Features Mathematical Expression
the input image as the length of features is more, oy
it is planned to carry out optimal feature selection . . L
via GOA model. The final feature set ' nergy here g, , isthe (y )" entry in
F=FCLCM+FHLLFCH s then subjected to optimized GLCM
DCNN for classification, which ensures accurate 2. Entropy Ent=-33 g4, 109, 0oy,
diagnosis of the disease. N
3. Contrast Con=3"%"(u-v)gq,,
Var:ZZ(u—v)zgm
4, Variance uov
, where y specifies the mean of Oau v
1
5. Homogeneity H= g;mgm
D2 (W)gay, — st
6 Correlation ° %y
' where , are the std
(a) Non Dementia (b) Very Mild Dementia G Oy o My
deviations and mean of 9,9
dx, Jdy
Ry
2N,
SA=3"ug,,, (u)
7. Sum Average u=2

, Where Ng
indicates the varied gray levels in image.

2N,
8. Sum Entropy SE=3 Uuy (u)log {gdx+y (u)}
u=2

2N

(©) Mild Dementia 9. SumVariance SV = i(u ~SA)’ gy, (U)
u=2

(d) Moderate Dementia

Figure 1. Images of different Demented Subjects Difference )
10. Variance DV=variance of gaxy
Difference u
Input Image 11. Entropy DE= uz:l; gdxfy (U)lOg {gdxf‘/ (U)}
Optimal Feature
m @ Feature Extraction @ Selection via GOA MCC = z 9 (U, k)gd (V' k)
< v G4 (U) 94 (k)
———— GLCM features Haralick features McC ‘ Y
(2™higher h
Classification 12. Eigen value of wnere Ny N,
" 05 e
Using DCNN Q) Qgery (K) =294 (u,v)
u=l v=1
u+v= 2,3...2Ng
HXY —HXY1
IMCl= ——— "~
13. IMC 1 max {HX , HY }
Figure 2. Block diagram of Proposed AD prediction IMC2 = \/1—-exp[-0.2[HXY 2~ HXY 1]]
model ‘where
HXY :_ZZ gdu,v IOQZ gdu,v
14. IMC 2 v
Texture Feature Extraction: GLCM, Haralick HXY1==3"3" g4, 109, {04 (u) 0, ()}
features t @,
Feature extraction is the first step, where in Hxyz=-y 3| e D) _
5| 109, {94, (U) 9 (V)

GLCM, Haralick features are gets extracted from
dataset.
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Haralick texture features

“Haralick texture features evaluate both grey
scale distribution in an image that considers
the spatial interactions of pixels”. Usually, these
types of features are derived by deploying
the GLCM model. (Ohmshankar and Paul, 2014).
The numerical explanation of GLCM over an mxn
imagelm by a displacement (Ay, Ax) is specified in
Equation (1), wherein, j and i signify gray values of
Im, g and p point out the spatial position. After
computing GLCM, it is normalized by means of
the whole count of pixel pairs (Haralick et al., 2019).

1 if Im(q,p)=iand
GLCM ,, (1.1)=D> 1 Im(q+Ay, p+AX) =i
q=1 p=1
0, else

M

These features together are termed as
F=FCLCM+ FHL - As the length of features is more, it
is planned to optimally choose the features suing
GOA model.

GOA Algorithm
“Grasshopper Optimization Algorithm
(GOA)” (Saremi et al., 2017) is inspired

by swarming behaviours of grasshoppers.
The numerical depiction to expose the swarming
behaviour of grasshopper is given in Equation (2),
wherein O; point out i grasshopper position, Vi
point out wind advection, X; point out gravity force
on i grasshopper and |; point out social interaction.

Pi=li+Xi+V;i (2)

For creating a random behaviour, Equation (2)
is remodelled as revealed in Equation (3), wherein
n,,n,, ny point out random integers among.

Oi=nyli+n2Xi+n3V; 3)

Equation (4) portrays the social interactions,
where ajj indicate the distance amongst i" and j®
grasshopper, and it is computed.

As aij=ly;-yil, and ag=L=" =~ point out a unit vector

from it to jt" grasshopper.

M 4
1= r(a)a; @

L

J#i

Equation (5) represents social force’s strength
r, wherein, g point out the attraction intensity and |
point out attractiveness about length scale.

-q
rl@)=ge' —e™ (5)

Theterm X andv in Equation (4) is computed
as exposed in Equation (6) and Equation (7)
respectively, where g indicate gravitational

constant, v indicate constant drift and &, indicate
unity vector.

X, =—0é, (6)
V, =Vve, (7

On substituting the values of I, V and X in
Equation (10), it is remodelled as per Equation (8),
where M point out count of grasshoppers.

0= r(y, —yi\)%—géu V8, ®)

Nevertheless, Equation (8) cannot be deployed
for resolving the optimization issues and thus it is
remodelled as specified in Equation (9), where Ib,
and ub, indicate lower and upper limits. T, represent
value of A™ dimension in target and c point out
the lessening coefficient.

Yim¥ )

ij

=)

m _
0*=c ZcLﬁ Ib, r(ly;
=

J#i

Consequently, in exploration and exploitation
phases, the parameter ¢ is minimized based on
iteration count and it is specified in Equation (10),
where cmx and cmn denotes highest and least values
respectively, t indicates current iteration, and L
denotes highest iteration count.

Czcmx_tw (10)

Results and Discussions

Experimental Setup

The adopted AD detection approach was
implemented in “MATLAB”. The superiority of
the GOA model was validated by comparing it with
other existing schemes like Firefly Algorithms (FF)
(Fister et al., 2013), Genetic algorithm (GA)
(McCall et al., 2005). Moreover, the supremacy of
adopted model was compared over existing
classifiers such as, SVM (Zeng et al., 2018), KNN
(Xianlun and Wang, 2019) and NN (Almansour
et al., 2019). Here, the analysis was performed
regarding varied metrics like accuracy, NPV, MCC
and FNR and so on.
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Convergence Analysis

The convergence analyses (cost function) for
the GOA model over conventional schemes like FF
+DCNN, GA+DCNN is shown in Figure 3 with
respect to varied iterations that range from 0, 5, 10,
15 and 20 for dataset 1 and 2. According to
the results of the study, the proposed approach has
the lowest cost value for all iterations as compared
to other models, indicating that the developed model
is superior. Figure 3(a) shows that the GOA scheme
for data 1 has a minimum cost of 1.001, which is
1.89% and 3.39% better than the standard
FF+DCNN and GA+DCNN models at the 10th
iteration. Similarly, the cost analysis of the GOA+
DCNN model for data 2 compared to traditional
schemes revealed minimal cost values across all
iterations. As a result of the assessment, it is evident
that the GOA significantly outperforms the state-of-
the-art techniques in terms of cost analysis.

Performance Analysis
In terms of performance, evolved work
distinguished from existing models of “positive

—FF
GA
—GOA

Cost function

0 5 10 15 20
Iteration

@
Figure3.

Accuracy

60 70 80 90
Learn Rate

@

Specificity

60 70 80 90
Learn Rate

©

measures like accuracy, sensitivity, specificity and
precision and negative measures like FPR, FNR and
FDR and neutral measures like NPV, Fl-score and
MCC”. As a result, positive measure resultants are
graphically disclosed in Figure.VI, while negative
and neutral measure resultants are represented
graphically in Figure 4. and Figure 5.
Correspondingly. The metrics were examined for
varied learning rates such as 60, 70, 80 and 90.
The DCNN model outperformed the other
approaches when it came to interpreting entire
graphs. Minimal negative values, in particular,
promise an improved model prediction rate. From
Figure. 6(a) the DCNN model for data 1 has
achieved better accuracy value, which is 30%, 55%
and 60% better than SVM, KNN and NN models
when the learning rate is 90. In addition, Table 2.
and Table 3. describe the overall analysis of DCNN
scheme over traditional schemes for data 1 and 2
respectively on examining the negative measure, In
comparison to other models; the developed scheme
has exhibited a minimal value. On observing
the analysis outcomes, the DCNN model generated

—FF

1.15 ——GOA

Cost function

0 5 10 15 20
Iteration

(b)

Convergence analysis attained by GOA model over other models for (a) data 1 and (b) data 2

60 70 80 90

60 70 80 90
Learn Rate

(d)

Figure 4. Performance of developed approach over existing approaches in terms of (a) Accuracy (b) Sensitivity

(c) Specificity (d) Precision for data 1
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Learn Rate

@

70

Learn Rate

80 90 70 80
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©
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(b)

Figure 5. Performance of developed approach over existing approaches in terms of (@) FDR (b) FNR (¢) FPR

for data 1

F1 Score

70
Learn Rate

@

80

70

70
Learn Rate

©

80 80

Learn Rate

)

90

Figure 6. Performance of developed approach over existing approaches in terms of (a) F1-score (b) NPV (c)

MCC for data 1

significant precision values for both datasets than
the existing schemes. In particular, the adopted
scheme for dataset 1 has a better observing accuracy
value (0.978), which is superior to traditional, SVM,
KNN, and NN models. As a result, the adopted
scheme’s development has been secured by the high
rates of positive measures and lower rates of
negative measures.

Analysis on Feature Selection

Since, the optimization model plays a major
role in achieving the objective function, it is
essential to validate its performance. Hence, in this
section, the proposed work with optimal feature
selection is compared over the proposed work
without feature selection. The corresponding results
acquired are tabulated in Table 4. The final feature
set is of the size=40. After undergoing the optimal
feature selection, the size of the features tends to
vary, as only the most relevant features were
selected. The size of the features acquire after
optimizing with GOA is 23. Moreover, the acquired
features before as well as after imply of optimization
concept is evaluated in terms of positive
performance measures like “accuracy, sensitivity,

specificity and precision”. The accuracy of
proposed work before the application of feature
selection approach is 0.8. On the other hand, while
selecting the optimal feature with GOA,
the accuracy of the proposed work boosted up
automatically, and has reached the maximal value
(0.97857).

The accuracy of the proposed work with
feature GOA based optimal feature selection is
17.5% better than the proposed work without GOA
based feature section. In addition, the sensitivity of
the proposed work with GOA based optimal feature
selection is 0.97743, which is the highest value,
while compared to the existing optimization
techniques like FF=0.84648 and GA=0.88466, In
addition, the specificity of the proposed work with
GOA based optimal feature selection is 0.98825,
which is 8.8% better than the proposed work
without GOA feature section. Thereby, from this
evaluation, a clear conclusion can be derived that
the proposed work generates more precious
solutions only after the application of
the optimization concept. Moreover, the extracted
GOA based features are found to be more superior
to the extracted features with FF and GA.
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Table 2. Performance Analysis Of Adopted Scheme
Over Existing Schemes For Data 1

Table 3. Performance Analysis Of Adopted Scheme
Over Existing Schemes For Data 2

Learning rate = 60

Learning rate = 60

Measures SVM KNN NN DCNN Measures SVM KNN NN DCNN
Sensitivity ~ 0.41564  0.33333  0.40033  0.73101 Sensitivity ~ 0.4211 0.33333  0.45859  0.97743
Accuracy 0.48571  0.44286 0.37313  0.72857 Accuracy 0.4928 0.44286  0.41045  0.97857
Precision 0.55556  0.38224  0.53228  0.8339%4 Precision 0.49157  0.31182  0.57236  0.98016
Specificity ~ 0.71169  0.66667  0.68012  0.86988 Specificity ~ 0.7123 0.66667  0.71359  0.98825
FPR 0.28831  0.33333  0.31988  0.13012 FPR 0.2877 0.33333  0.28641 0.011752
F1-Score 0.38397  0.20462  0.42185  0.72869 F1-Score 0.40294  0.20462  0.35989  0.97872
MCC 0.17502  0.047581 0.31205  0.64969 MCC 0.17311  0.88699 0.242 0.96746
FNR 058436  0.66667  0.59967  0.26899 FNR 0.5789 0.66667  0.54141 0.022572
NPV 0.71169  0.66667  0.68012  0.86988 NPV 0.7123 0.66667  0.71359  0.98825
FDR 0.44444  0.40955  0.46772  0.16606 FDR 050843  0.36152  0.42764  0.019841
Learning rate =70 Learning rate =70
Sensitivity ~ 0.43841  0.33333  0.41517  0.88889 Sensitivity ~ 0.40973  0.33333  0.48307  0.44908
Accuracy 0.49038 0.44231  0.37234  0.91346 Accuracy 0.49038  0.44231 041346  0.50962
Precision 0.46433  0.81098  0.53224  0.94545 Precision 0.38179 0.4053 0.42188  0.50833
Specificity ~ 0.72305  0.66667  0.70503  0.94828 Specificity ~ 0.7169 0.66667  0.72052  0.72249
FPR 0.27695  0.33333  0.29497 0.051724 FPR 0.2831 0.33333  0.27948  0.27751
F1-Score 0.43108  0.20444  0.27738  0.90363 F1-Score 0.36639  0.20444  0.50621  0.42976
MCC 0.17998  0.23488  0.38889  0.87106 MCC 0.18203  0.88915  0.29908  0.20975
FNR 0.56159  0.66667  0.58483  0.11111 FNR 059027  0.66667  0.51693  0.55092
NPV 0.72305  0.66667  0.70503  0.94828 NPV 0.7169 0.66667  0.72052  0.72249
FDR 0.53567  0.31294  0.67291 0.054545 FDR 0.61821  0.33375  0.57812  0.49167
Learning rate = 80 Learning rate = 80
Sensitivity ~ 0.41893  0.33333  0.48909  0.88839 Sensitivity  0.53917  0.33333  0.69355 0.7916
Accuracy 0.47143 0.44286 0.5 0.91429 Accuracy 0.61429  0.44286  0.66667 0.75714
Precision 0.38171 0.1971  0.34209  0.92593 Precision 052204 0.31076  0.72145 0.81145
Specificity ~ 0.71886  0.66667  0.74762  0.95918 Specificity ~ 0.79191  0.66667 0.8619 0.89024
FPR 0.28114  0.33333  0.25238 0.040816 FPR 0.20809  0.33333 0.1381 0.10976
F1-Score 0.3872 0.20462  0.38835  0.89167 F1-Score 0.45979  0.20462  0.65738  0.76213
MCC 0.16899  0.68416  0.42385  0.86642 MCC 0.49588  0.092971 0.55264  0.68789
FNR 0.58107  0.66667  0.51091 0.11111 FNR 0.46083  0.66667  0.30645 0.2084
NPV 0.71886  0.66667  0.74762  0.95918 NPV 0.79191  0.66667 0.8619 0.89024
FDR 0.61829  0.38635  0.62721 0.074074 FDR 0.4108 0.78594  0.27855  0.18855
Learning rate = 90 Learning rate = 90
Sensitivity ~ 0.36667  0.33333  0.46667  0.88889 Sensitivity  0.59259  0.33333  0.33333 1
Accuracy 0.41176 0.44118 0.4 0.91176 Accuracy 0.64706  0.44118  0.36364 1
Precision 0.51494  0.41831  0.44872 0.94444 Precision 0.75513  0.56695  0.54762 1
Specificity ~ 0.69298  0.66667  0.69583  0.94737 Specificity ~ 0.80775  0.66667  0.64583 1
FPR 0.30702  0.33333  0.30417 0.052632 FPR 0.19225  0.33333  0.35417 0
F1-Score 0.31096  0.20408  0.67027  0.90303 F1-Score 054617  0.20408  0.33669 1
MCC 0.23596  0.93163 0.30324 0.86974 MCC 0.44919 0.49664  0.21168 1
FNR 0.63333  0.66667  0.53333  0.11111 FNR 0.40741  0.66667  0.66667 0
NPV 0.69298  0.66667  0.69583  0.94737 NPV 0.80775  0.66667  0.64583 1
FDR 0.40158  0.36023  0.55128  0.055556 FDR 0.24487  0.57144  0.45238 0

Table 4. Analysis on Feature Extraction: With Optimization

Methods Feature Size  Feature Size With FS  Accuracy With FS  Sensitivity With FS  Specificity With FS
FF 40 26 0.87857 0.84648 0.92822
GA 40 20 0.9 0.88466 0.94338
GOA 40 23 0.97857 0.97743 0.98825
Conclusion existing models was demonstrated using a variety of

This paper had developed a novel AD prediction
model using GOA model. At first, GLCM, Haralick
features were extracted. Subsequently, optimal
feature selection takes place, where the optimal
features were chosen via a metaheuristic model.
Further, classification takes place using DCNN;
finally, the superiority of the proposed scheme over

metrics. Particularly, the DCNN model for data 1
has achieved better accuracy value, which is 30%,
55% and 60% better than SVM, KNN and NN
models when the learning rate is 90. On examining
the negative measure, the presented model has
revealed a minimal value over other compared
models. Therefore, the supremacy of the GOA
approach has been confirmed effectively.
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