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Alzheimer’s Disease (AD)
Neurodegenerative disease

Magnetic Resonance Imaging (MRI)
Functional Magnetic Resonance Imaging (fMRI)
High Dimensionality

Overfitting

Principal Component Analysis (PCA)
Autoencoder

encoder

10" decoder

1 Number of neurons in the hidden layer
Network depth

Type of activation function

Learning rate

Number of epochs

Grey Wolf Optimizer (GWO)

N = R Ve N
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Local minima

global optimum

Enhanced Grey Wolf Optimizer (EGWO)
Evolutionary Mutation

Genetic Algorithm

Mild Cognitive Impairment (MCI)

Long, et al

Grey Wolf Optimizer
Exploration-Enhanced Grey Wolf Optimizer
10 exploration

! exploitation
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2 Brain Imaging

3 AutoEncoder Feature Selector; AEFS
4 Autoencoder Regression

5 Regularization

6 Abid

7 Concrete Autoencoder

8 Encoder

° Decoder

19 Concrete random variables
! Reparameterization trick

12 Gene expression dataset
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" Doquet, A., & Sebag, M
disease by using 18F-FDG (NeurIPS)
Agnostic Feature Selection - AgnoS
Structural Regularization
Weight Regularization
Encoder Gradient Regularization
Auxiliary Variables Regularization

8 Gao

® Zhao

19 Variable Weights Grey Wolf Optimizer

' Abdel-Basset, et al

12 Two-phase Mutation Grey Wolf Optimizer

13 Feature Selection

14 Data Mining

15 Classification

16Two-phase Mutation

17 Exploitation

18 Binary Problem
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! Sigmoid Function

2 k-Nearest Neighbor (k-NN)

3 K-fold Cross Validation

4 Particle Swarm Optimization

5 Firefly Algorithm

® Multi-Verse Optimizer

7 Whale Optimization Algorithm

8 Exploration

® Pham, M. T, etal

19 Feature Ranking

! Connection Weights

12 Positron Emission Tomography

13 Fluorodeoxyglucose Positron Emission Tomography
14 Region of Interest — ROI

15 Support Vector Machine — SVM

16 Fisher Score

17 Conditional Mutual Information Maximization — CMIM
8 LASSO
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! Bhatt, N.

2 Magnetic Resonance Imaging

3 Deep Convolutional Neural Networks — CNN
4 Automated Neurological Disease Diagnosis

5 Clinical Diagnosis Process

® Bengs, M, etal

" Three-dimensional Deep Learning

8 Anomaly Segmentation

° Unsupervised

10 Manual Labels

13D Deep Neural Networks — 3D DNN

12 Neuroimaging

13 Innovative Framework

14 Cui, X, etal
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