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*Ensemble Learning

Graph Neural Network (GNN)

Support Vector Machine (SVM)

Ridge Regression
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Support Vector Regression (SVR)

‘Human Connectome Project (HCP)
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Multiple Sclerosis

"Brain Age Gap (BAG)
Neuroanatomical

Magnetic Resonance Imaging
Functional Magnetic Resonance Imaging

Brain Connectivity
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"Self-Attention
Squeeze-and-Excitation (SE) block

Recurrent Neural Network
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LYinear Regression

Multilayer Perceptron Regression (MLP)
Relevance Vector Regression (RVR)
Kernel Ridge Regression (KRR)
K-Nearest Neighbors

Decision Tree

Random Forest

Kdaptive Boosting (AdaBoost)
Convolutional Neural Network (CNN)

Graph Convolutional Network
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Linear Latent Variable Models
The Shrinkage Estimation of Regression Coefficients
Multi-Layer Perceptron (MLP)
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Gradient-nonlinearity-induced distortion correction
Motion correction
EPI image distortion correction

Non-linear registration to MNI space
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Central Visual

Peripheral Visual

Dorsal Somatomotor
Ventral Somatomotor
Posterior Dorsal Attention
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