Table S1: Electronic search strategy
	Database
	Component
	Query

	Scopus
	AI/ML
	(TITLE-ABS-KEY ( "machine learning" ) OR TITLE-ABS-KEY ( "artificial intelligence" ) OR TITLE-ABS-KEY ( "neural network") OR TITLE-ABS-KEY ( "deep learning" ) OR TITLE-ABS-KEY ( "logistic regression") OR TITLE-ABS-KEY ( "random forest") OR TITLE-ABS-KEY ( "reinforcement learning") OR TITLE-ABS-KEY ("support vector machine") OR TITLE-ABS-KEY ( "decision tree") OR TITLE-ABS-KEY ( "perceptron") OR TITLE-ABS-KEY ( "generative model") OR TITLE-ABS-KEY ("large language model" ) )
AND

	
	rehabilitation
	 (TITLE-ABS-KEY ("rehabilitation") OR TITLE-ABS-KEY ("recovery") OR TITLE-ABS-KEY ( "rehabilitation training") OR TITLE-ABS-KEY ( "rehabilitation exercise" ) )
AND

	
	robotics
	( TITLE-ABS-KEY ( "robot" ) OR TITLE-ABS-KEY ( "robotics" ) OR TITLE-ABS-KEY ( "rehabilitation technology") OR TITLE-ABS-KEY ("assistive technology") OR TITLE-ABS-KEY ("exoskeleton") OR TITLE-ABS-KEY ( "rehabilitation robotics" ) OR TITLE-ABS-KEY ( "mechanical assistive device") OR TITLE-ABS-KEY ( "rehabilitation device") OR TITLE-ABS-KEY ( "automated rehabilitation system") OR TITLE-ABS-KEY ("robotic-assisted rehabilitation" ) OR TITLE-ABS-KEY ( "biomechanical rehabilitation" ) )

	IEEE Xplore
	AI/ML
	("All Metadata":"machine learning" OR "All Metadata":"artificial intelligence" OR "All Metadata":"neural network*" OR "All Metadata":"deep learning" OR "All Metadata":"logistic regression" OR "All Metadata":"random forest*" OR "All Metadata":"reinforcement learning" OR "All Metadata":"support vector machine*" OR "All Metadata": "decision tree*" OR "All Metadata":"perceptron" "OR "All Metadata":"generative model*" "OR "All Metadata":"large language model*") AND

	
	rehabilitation
	("All Metadata":"rehabilitation" OR "All Metadata":"recovery" OR "All Metadata":"rehabilitation training" OR "All Metadata":"rehabilitation exercise*") AND

	
	robotics
	("All Metadata":"robot*" OR "All Metadata":"robotics" OR "All Metadata":"rehabilitation technology" OR "All Metadata":"assistive technology" OR "All Metadata":"exoskeleton*" OR "All Metadata":"rehabilitation robotics" OR "All Metadata":"mechanical assistive device*" OR "All Metadata":"rehabilitation device*" OR "All Metadata":"automated rehabilitation system*" OR "All Metadata":"robotic-assisted rehabilitation" OR "All Metadata":"biomechanical rehabilitation")




Glossary
Algorithm: NN neural network, SVM support vector machine, OC-SVM one class  SVM, SVR support vector regression, k-NN k Nearest Neighbors, LDA Linear Discriminant analysis, QDA quadratic discriminant analysis, FDA Fisher Discriminant Analysis, SRLDA Shrinkage Regularized Linear Discriminant Analysis, HMM Hidden Markov Model, DT Decision Tree, GMM Gaussian Mixture model, GA genetic algorithm, LSTM Long short term memory, biLSTM Bidirectional LSTM, MLP multilayer perceptron, RL reinforcement learning, GNB Gaussian Naive Bayes, CNN Convolutional neural network, Lw-CNN Light-Weigth CNN, Orthogonal Matching Pursuit (OMP), ELM Extreme Machine Learning, GRNN Generalized Regression Neural Network, DT Decision Tree, LR Linear Regression, RR Ridge Regression, PR Polynomial Regression, RF Random Forest, TCN Temporal Convolutional Network, KMP Kernelized Movement Primitives, k-M k Means, BPNN Back-Propagation NN, RBNN Radial Basis NN, LSre Least-Square Regression, SVMre Support Vector Machine Regression, GRNN General Regression NN, ETR Ensemble of Tree Regression, RFF Random Fourier Features, FFNN Feedforward NN, RB Rule-Based model, GPR Gaussian Process Regression, ANFIS adaptive network-based fuzzy inference system, NARX Nonlinear Autoregressive with external inputs, RBF Radial basis function, ET Extra trees, GBDT Gradient stacking decision tree, QDA Quadratic discriminant analysis, SVMBP SVM back propagation, RFF Random Fourier Features, AE Autoencoder

Region of interest: UL upper limb, LL lower limb, H head, T trunk, Cognitive, Generic

Learning type: S supervised, U unsupervised, RL reinforcement learning, MC multiclass, B binary, G generative, R regression

Performance: Acc accuracy, BAcc Balanced accuracy, MCC Matthews Correlation, Coefficient,   Prec precision, Rec recall, AUC Area Under the Curve, RMS Root mean squared, R2 coefficient of determination, MAE Mean Absolute Error, MSE Mean Squared Error, NRMSE Normalized Root Mean Squared Error, TCT Time to Complete a Task, F1 F1-score, SENS sensitivity, SPEC specificity, R correlation coefficient, BOX time to transfer a box in BOX test, MAD Mean Absolute Deviation

Other: 
6MWD 6 minute walk distance, FMA-LE Fugle-Meyer assessment lower-limb subscale, LOSO Leave-one-subject-out, US Ultrasound, BI Barthel Index, TCT Trunk Control Test






Table S2: Studies focused on supervised ML for hand gesture recognition. 	Comment by Giovanna Nicora: # 29 articles

	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Arteaga et al. 2020)
	SVM
k-NN,
NN
	EMG
	S MC (gesture recognition) and the output of the classification is used to drive the exoskeleton trajectory through interpolation
	UL
	20 (0:20)
	F-score 0.86 (average of the classifiers)
	2020

	(Lee et al. 2017)
	LDA,
SVM
	NIRS signals
	S B identification of hand-open vs hand-close
	UL
	6 (0:6)
	BAcc LDA=0.74 ± 0.04,
SVM = 0.72 ± 0.04

MCC
LDA=0.49 ± 0.08, SVM=0.46 ± 0.07
	2017

	(Castiblanco et al. 2021)
	k-NN to recognize motion, NN to predict muscular effort level
	EMG (for kNN) and hand movement (for NN)
	S MC
	UL
	24 (0:24)
	Acc k-NN=0.89 (mean)

Acc NN=0.90
	2021

	(Xiong et al. 2016)
	SVM
	Positions from sensors
	S MC
	UL
	10 (0:10)
	Error rate 1.67%
	2016

	(Chen et al. 2021)
	SVM, k-NN, DT
	Force sensors + flexion sensors signals
	S MC
	UL
	8 (0:8)
	Acc SVM 99.2%;
Acc k-NN 96.0%;
Acc DT 80.0%
	2021

	(Furukawa et al. 2023)
	OneClassSVM
	EMG
	S B
	UL
	5 (0:5)
	Acc 80.2%
	2023

	(Lu, Tong, et al. 2019)
	GNB, SVM
	EMG
	S MC
	UL
	8 (8:0)
Stroke patients
	Acc 63.9 ± 17.6% for GNB, 67.4 ± 14.8% for SVM
	2019

	(Jumphoo et al. 2021)
	NN
	EEG
	B (open vs close hand) S
	UL
	5 (0:5)
	Acc 96.2%
	2021

	(Fang et al. 2022)
	CNN
	sEMG
	S MC
	UL
	7 (3:4)
	Acc

healthy subjects: 94.75% (gesture recognition) and 86.50% (force level recognition)

patients: 78.30% (gesture recognition) and 76.30% (force level recognition)
	2022

	(Lee et al. 2019)
	CNN + RNN, FDA, LDA, MLP, SR-LDA
	EEG
	S MC
	UL
	5 (0:5)
	Acc
CNN + RNN: 73.9%
FDA: 52.0%
LDA: 57.3%
MLP: 58.2%
SR-LDA: 59.5%
	2019

	(X. Liu et al. 2022)
	TCN
	sEMG
	S MC
	UL
	10 (0:10)
	Acc
93.69%
	2022

	(Lu, Stampas, et al. 2019)
	GNB, SVM
	sEMG
	S MC
	UL
	12 (12:0)
	Acc

GNB (offline classification): 73.6 ± 14.0%

GNB (online classification): 64.3 ± 15.0%

SVM (offline classification): 77.6 ± 11.6%

SVM (online classification): 70.2 ± 13.2%
	2019

	(B. Guo et al. 2020)
	Lw-CNN, SVM
	sEMG
	MC
	UL
	8 (0:8)
	Acc

Lw-CNN (offline): 90 ± 5%

Lw-CNN (online): 84 ± 6%

SVM (offline): 82.5 ± 3.5%

SVM (online): 79 ± 4%
	2020

	(Leon et al. 2014)
	SVM
	Signals from exoskeleton
	S MC
	UL
	18 (8:10)
post-stroke
	Rec on healthy subjects: 91 ± 6
Rec on stroke patients 75 ± 17
	2014

	(Ma et al. 2016)
	SVM, MLP, RF, k-NN, LDA
	sEMG
	S MC
	UL
	9 (9:0) stroke
	Acc 95%
	2018

	(Liarokapis, Artemiadis, and Kyriakopoulos 2013)
	RF
	EMG
	MC S
	UL
	5 (0:5)
	Max reported Acc 92.85% (±4.14%)
	2013

	(Cipriani et al. 2011)
	KNN
	EMG
	S MC
	Hand
	10 (5:5)
Amputees
	Healthy Acc 89%
Amputees 79%
	2011

	(Schabron, Desai, and Yihun 2021)
	NN
	EMG
	S MC
	UL
	8 (0:8)
	Acc 91.67%
	2021

	(K. Li et al. 2021)
	SVM, KNN, DT, MLP, CNN
	EMG
	MC
	UL
	5 online (0:5)

25 offline (0:25)
	Acc (offline)

(SVM) (KNN) up to 99%

(MLP) (DT)
over 95%

(CNN)
over 80%

Avg Acc (online, svm)
76%
	2021

	(Jo et al. 2022)
	CNN+MLP
	EEG, EMG
	MC
	UL
	7 (0:7)
	Acc (EEG)
66.31 

Acc (EMG)
98.01
	2022

	(Guo et al. 2023)
	CNN
	EMG
	MC
	UL
	8 (0:8)
	Acc 90.09
	2023

	(Irastorza-Landa et al. 2017)
	MLP
	EMG
	MC
	UL
	8 (0:8)
	Acc (reaching) 75.54 % ± 5.17

(hand movements)
67.37 % ± 8.75
	2017

	(Naseer et al. 2018)
	LDA, k-NN, SVM, DNN
	EMG
	MC S (6 hand gesture)
	UL
	10 (0:10)
	LDA Acc: 92.7% offline and 72.7% online SVM: 94.9% offline and 80.5% online k-NN: Acc 97.4% offline and 83.5% online DNN: Acc 95% offline, 92% online
	2018

	(Cai et al. 2019)
	SVM
	EMG
	MC
	UL
	5 (0:5)
	Avg Acc 93.34 ± 0.59%

	2019

	(Petric et al. 2017)
	HMM
	images
	S B (gesture recognition)
	External (interacting robot with camera)
	6 (6:0)
autism
	Acc 0.88
Prec 0.78
Rec 0.97
	2017

	(Jiang et al. 2022)
	SVM
	EEG,fNIR spectroscopy information
	S MC
	Cognitive
	10 (0:10)
	Acc

Only EEG: 74.8%

Only fNIRS: 82.2%

EEG-fNIRS: 90.1%
	2022

	(Celadon et al. 2016)
	LDA
	EMG
	MC S (finger movement)
	UL
	9 (0:9)
	Max Rec LDA (median and IQR 97 (96-98)

Spec 92 (89-94)
	2016

	(Cesqui et al. 2013)
	SVM
	EMG
	MC S
	UL
	16 (7:9) stroke
	Max acc 97.5%
	2013

	
(Boehm, Fey, and Majewicz 2020)
	k-NN, SVM, Likelihood estimator[7]
	Kinematic joint-space signals
	S B (left or right)
	UL
	11 (0:11)
	Acc SV; 73.5%, k-NN 72.6, Likelihood estimator: 79.6%
	2020






Table S3: studies focused on supervised recognition of upper limb movement 

	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Triwiyanto et al. 2023)
	LR, PR, DT, RF
	EMG
	S R
	UL
	15 (0:15)
	Acc

LR: 41.21 ± 13.35%

PR: 49.28 ± 13.10%

DT: 96.36 ± 0.54%

RF: 95.67 ± 0.76%
	2023

	(Xun, Ang, and Yeow 2023)
	RF, SVM, MLP, k-NN, Linear classification
	sEMG
	S MC
	UL
	8 (0:8)
	Acc kNN: 04%; MLP: 95%; SVM: 96%; RF: 95%; LR: 94%
	2023

	(Trigili et al. 2019)
	GMM
	EMG
	B
	UL
	10 (0:10)
	SENS (Go-forward) 89.3
(Go-backward) 60.9

SPEC (Go-forward)
96.9
(Go-backward)
94.3
	2019

	(Khairuddin et al. 2019)
	k-NN
	sEMG
	B S (intention vs no intention)
	UL
	10 (0:10)
	Acc 96.4%
	2019

	(Kumar and Michmizos 2020a)
	CNN
	EEG
	B S (intent vs no intent and fast vs slow)
	UL
	13 (0:13)
	Acc (1) 80.02% and (2) 79.82%)
	2020

	(Song et al. 2020)
	SVM, MLP, LDA
	EEG
	B
	H
	8 (0:8)
	Acc (offline)
test set

89.56 ± 2.27 (lda)

90.57 ± 2.24 (svm)

50.80 ± 39.02 (mlp)

Acc (online)
70.83 ± 14.00 (lda)

80.83 ± 13.18 (svm)

70.00 ± 17.28 (mlp)
	2020

	(Wang et al. 2020)
	Stacking ensemble (LDA, SVM, RF, ET, ADA, LR)
	sEMG
	MC S (ex open arm, forearm pronation)
	UL
	24 (24:0) stroke
	Mean acc 0.7 (std 0.2)
	2020

	(Smith and Brown 2011)
	NN
	EMG
	S MC
	UL
	5 (1:5)
Central cord syndrome
	Healthy Acc 90%
Patient Acc 68%
	2011

	(Y. Zhang et al. 2022)
	Logistic regression
	EMG, joint angle, internal robot pressure
	B
	UL
	11 (0:11)
	AUC 0.9863
	2022

	(Zhou et al. 2021)
	FFBPNN
	EMG
	MC
	UL
	18 (0:18)
	Avg Acc (offline)
93.23%

Avg Acc (real-time)
86.38%
	2021

	(Hernández and Antelis 2019)
	SVM, CNN, RNN
	EEG
	MC
	H
	7 (0:7)
	Avg Acc (svm) 0.65 ± 0.09

(cnn)
0.68 ± 0.15

(rnn)
0.65 ± 0.11
	2019

	(Cai et al. 2019)
	SVM
	EMG
	MC
	UL
	5 (0:5)
	Avg Acc 93.34 ± 0.59%
	2019

	(Yang and Liu 2022)
	CNN, SVR (for comparison)
	sEMG
	S R
	UL
	14 (0:14)
	R2

CNN: 0.83

SVR: 0.76
	2022

	(Treussart et al. 2019)
	CNN
	EMG
	S B
	UL
	7 (0:7)
	RMS 3.8 ± 0.8 N
	2019

	(Zhang et al. 2019)
	CNN
	sEMG, predicted joint angles
	S MC
	LL
	5 (0:5)
	Acc

Only sEMG input: 86%

sEMG and angles input: 94%
	2019

	
	
	
	
	
	
	
	






Table S4: Studies focusing on supervised gait prediction and lower limb movement recognition
	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Ma et al. 2021, 2021)
	NN
	Kinematics data from IMU
	S MC (level walking, stair ascent/descent and ramp ascent/descent)
	LL
	5 (0:5)
	Acc 99%
	2021

	(Tortora et al. 2023)
	NN
	EEG
	S B (swing vs stance) 
	LL
	10 (0:10)
	Acc 84.13 ± 3.49
	2023

	(Yin et al. 2021)
	SVM
	Pressure on the ground (FSR) and pose information (IMU)
	S MC (level ground vs stairs ascent vs stairs descent)
	LL
	6 (0:6)
	Acc
97.47 ± 1.16%
	2021

	
(Zheng and Wang 2017)[4]
	SVM, QDA
	Gap changes between residual limb and prosthesis socket (Position)
	S MC (swing, stance and transitions)
	LL
	6 (0:6) Amputees
	Acc

SVM: 95.8%

QDA: 94.9%
	2017

	(Beil et al. 2018)
	HMM
	Position and force-related features
	S MC (walking forward, backward, turn left, right..)
	LL
	10 (0:10)
	Average Acc 93.15 (0.37 std)
	2018

	(Jung et al. 2015)
	MLP, NARX
	Joint angles, foot pressure
	S B (stance/swing)
	LL
	10 (0:10)
	Acc

MLP (offline): 97.75%

NARX (offline): 97.05%

MLP(online): 90.75%

NARX (online): 91.93 ± 5.70%
	2015

	(Li et al. 2022)
	LSTM
	IMU and pressure sensors
	S MC
Activity recognition
	LL
	20 (0:20)
	Acc 97%
	2022

	(Figueiredo et al. 2015)
	SVM
	Gait data
	S B, MC
	LL
	6 (0:6)
	Binary Acc 88%
Multiclass Acc 86%
	2015

	(Liu and Wang 2020)
	SVM
	IMU
	S MC (standing, level-ground walking, stair descending and stair ascending)
	LL
	6 (1:5)
Stroke
	Healthy Acc 98.42%
Stroke Acc 97.38%
	2020

	(Zeng et al. 2021)
	SVM
SVMBP
	Pressure
	S MC (5 phases of gait cycle)
	LL
	10 (0:10)
	SVM Acc 88.1042%
SVMBP Acc 97.4593%
	2021

	(García-Cossio et al. 2015)
	Logistic Regression
	EEG
	B
	LL
	13 (3:10) stroke
	Acc in healthy subject (active vs baseline)
94.0 ± 5.4%

(passive vs baseline) 93.1 ± 7.9%

(active vs passive)
83.4 ± 7.4%

Acc in stroke patients (walk vs baseline)
89.9 ± 5.7%
	2015

	(Z. Zhang et al. 2022)
	LSTM+AE
	kinematic features
	MC
	LL
	20 (public dataset)

10 (0:10)
	Acc 95.22%

macro-F1 94.37%
	2022

	(Zheng, Wang, and Qiao 2019)
	SVM, QDA
	IMU, foot pressure
	S MC
	LL
	6 (6:0) transtibial amputees
	Acc

Inter-day experiments (best results): 88.8%

Inter-session experiments (best results): 92.8%
	2019

	(Paulo, Asvadi, et al. 2017)
	OC-SVM (gait patterns)
	point-cloud IR sensor information (for waist and leg), RGB-D camera images (for feet)
	S MC
	LL
	5 (0:5)
	Test acc (a gait pattern against the others)

pattern 1: 98.92%

pattern 2: 98.57%

pattern 3: 98.25%
	2017

	(Choi et al. 2020)
	SVM (gait VS do nothing; gait VS sitting)
	EEG
	S B
	LL
	10 (0:10)
	Acc

Gait VS nothing (online): 86.7 ± 8.61%

Gait VS nothing (offline): 88.4 ± 7.48%

Gait VS sitting (online): 84.4 ± 5.43%

Gait VS sitting (offline): 80.3 ± 6.79%
	2020

	(Bamdad, Mokri, and Abolghasemi 2022)
	SVM and GA for feature selection
	EMG and force signals
	Classification
	LL
	5 (0:5)
	Acc 96,7%
	2022

	(B. Wang et al. 2022)
	ELM
NN
	EMG
	S MC (action mode of lower limbs such as sitting and lying)
	LL
	9 (0:9)
	NN Acc 95.17%
ELM Acc 94.15%
	2022

	(Gonçalves et al. 2023)
	DNN
	Camera data
	S MC (turn left/right, stop walk))
	External
	15 (0:15)
	Detection Acc 99.61%
Trial simulation Acc 93.00%
	2023

	(Guo, Ding, and Guo 2021)
	NN
	EMG
	S B (normal gait or high leg up gait)
	LL
	10 (0:10)
	-
	2021



Table S5: studies using AI/ML to predict trajectories
	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(He et al. 2019)
	FFNN+AE
	anthropometric features, gait trajectory
	R
	LL
	33 (0:33)
	only graphs
	2019

	(D.-X. Liu et al. 2017)
	RNN+LSTM
	kinematic features
	R
	LL
	35 (0:35)
	only graphs
	2017

	(Ebers et al. 2023)
	FFNN
	EMG, kinematics features
	R
	UL
	12 (0:12)
	R2 (kinematics) 0.928 − 0.963

(EMG) 0.665 − 0.788
	2023

	(Zou, Huang, Cheng, et al. 2021)
	1) NN
2) KMP
	1) anthropometric parameters 
2) joint angles
	R
	LL
	30 (0:30)
	2) MAE < 0.01
	2021

	(H. Li et al. 2023)
	CNN-LSTM
	sEMG (images)
	R
	UL
	10 (0:10)
	MAE mean 12.392 (std 0.769)
	2023

	(Zou, Huang, Peng, et al. 2021)
	Seq2Seq (LSTM with attention mechanism)
	joint angles in time
	R
	LL
	36 (0:36)
	MAE hip mean 0.181 (std 0.037)

MAE knee mean 1.011 (std 0.159)
	2021

	(Khan et al. 2018)
	k-NN, LDA, NB, SVM, QDA
	fNIRS signals
	MC S
	LL
	9 (0:9)
	SVM (best classifier), mean accuracy 75 (std 6)
	2018

	(Ma, Ben-Tzvi, and Danoff 2016)
	GMM
	Motion and force data
	Regression
	LL
	12 (0:12)
	-
	2016

	(Tsepa et al. 2023)
	DL (two encoders to embed images and kinematics data)
	Images, kinematics
	R
	LL
	23 (0:23)
(19 subjects for training, 3 for validation and 1 for testing)
	RMSE ankle: 6.85 ± 3.22

RMSE leg: 9.67 ± 4.72
	2023

	(Luciani et al. 2023)
	HMM
	Space trajectories
	R
	UL
	6 (0:6)
5 therapists, 1 user
	Mean jerk (rad/s3) ~ 0.04
	2023

	(Zhang and Cheng 2021)
	CNN with attention
	Data from session (position, duration, …)
	U R
	UL
	10 (0:10)
	Acc (similarity between path generated and healthy subject path) 79.18%
	2021

	(Pilarski et al. 2013)
	Q-learning
	ECG
	RL
	UL
	8 (1:7) amputee
	MAE
 
Joint angle prediction (amputee): < 4.0%
 
Force prediction (amputee): < 4.5%
	2013

	(Ren et al. 2019)
	LSTM
	EMG, kinematic features
	R
	UL
	8 offline (0:8)

3 online (0:3)
	MAE (offline)
0.90

avg tasks(online)
1.07
	2019

	(Tang et al. 2023)
	BPNN
	shoulder joint motion and width
	R
	UL
	10 (0:10)
	only graphs
	2023

	(Dwivedi et al. 2020)
	RF
	EMG
	R
	UL
	6 (0:6)
	NRMSE 81% (min value)
	2020

	(Tang et al. 2014)
	BPNN
	EMG
	R
	UL 
	6 (0:6)
	Avg RMSE 10.93

Avg R2 0.83
	2014




Table S6: studies using AI/ML to evaluate patients during or after rehabilitation
	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Paulo, Peixoto, and Nunes 2017)
	SVM
	RGB and depth map data
	S B
	LL
	5 (0:5)
	Acc 94.76%
	2017

	(Cai et al. 2023)
	Fuzzy NN
	EMG
	S MC
(predict levels of motor ability)
	UL
	20 (0:20)
	Acc 0.96
	2023

	(Zhang et al. 2023)
	XGBoost
	gait parameters, joint torque
	S R
	LL
	66 (66:0)
	RMSE 6MWD 33.76 FMA-LE 2.28
	2023

	(Agrafiotis et al. 2021)
	Ensemble of NN
	robot-measurement kinematic and kinetic variables
	R
	UL
	208 (208:0)
stroke
	R^2 mean across different clinical scales: 0.68 (0.06 std)
	2021

	(Kim, Park, and Kim 2020)
	SVM,
k_means
	torques and angular positions of the paralyzed wrist during the exercise
	MC S (Brunnstrom stage)

U (severity of the patient in unsupervised way
	UL
	5 (5:0)
hemiplegic patients
	Fig 4
	2020

	(Lopes et al. 2022)
	CNN 
LSTM
	EMG, IMUs, HR
	R
	LL
	8 (0:8)
	CNN RMSE 0.36
LSTM RMSE 0.45
	2022

	(Mingliang Zhang et al. 2022)
	KNN
NN
SVR
	Force
	S MC
	UL
	31 (21:10)
Stroke
	KNN Acc 87.10%
NN Acc 83.87%
SVR Acc 74.19%
	2022

	(Campagnini et al. 2022)
	Lasso Regression, Lars regression, HUBER regression, OMP
	clinical characteristics and assessment
	R
	UL
	89 (89:0) (stroke)
	MAE 13.3 for Lasso, 13.6 for Lars, 14.7 for OMP and 14.5 for Huber
	2022

	(Jin et al. 2022)
	Logistic regression (nomogram)
	sex, age, BMI, history of diabetes, hypertension, hematoma at admission
	S B
	UL
	205 (205:0)
cerebral hemorrhage on basal ganglia
	AUC 84%
	2022

	(Kuo et al. 2021)
	DT
RF
SVM
XGBoost
Logistic regression
	Clinical data and quantitative data from Lokomat
	S B
	LL
	139 (139:0)
post-stroke
	DT Acc 69.95 ± 16.00%
RF Acc 98.10 ± 4.30%
SVM Acc
91.90 ± 12.00%
XGBoost Acc
93.70 ± 7.00%
Logistic regression Acc 91.80 ± 6.10%
	2021

	(Morone et al. 2018)
	Logistic regression
	Clinical data
	R
	UL, LL
	100 (100:0)
Subacute stroke
	Variance expressed 78%
(BI-score
TCT-score at admission, a short time from the ictus and a robotic therapy, type of treatment)
	2018

	(Hsieh et al. 2014)
	Logistic regression
	Clinical data
	R
	UL
	55 (55:0)
Stroke
	BBT score
Sex
	2014

	(Camardella et al. 2022)
	RF
	kinematic and force features, clinical data
	R
	UL
	25 (25:0) stroke
	RMSE
(arat)
10.30 ± 1.99

(fma)
9.28 ± 2.35

(mi)
10.82 ± 3.00

R2
(arat)
0.59 ± 0.19

(fma)
0.71 ± 0.17

(mi)
0.73 ± 0.15
	2022

	(Kim, Lee, et al. 2020)
	SVM, KNN
	PIP angles, pneumatic pressures
	B (Brunnstrom stages)
	UL
	10 (10:0) hemiplegic
	Acc 0.79
	2020

	(Kim, Park, and Kim 2020)
	SVM,
k_means
	torques and angular positions of the paralyzed wrist during the exercise
	MC S (Brunnstrom stage)

U (severity of the patient in unsupervised way
	UL
	5 (5:0)
hemiplegic patients
	Fig 4
	2020

	(Thakkar et al. 2020)
	KNN, (BPNN+FFNN)
	clinical data and scores
	B
	UL
	293 (293:0)
stroke
	Acc (KNN) 85.42
F1 (KNN) 0.85
AUC (KNN) 0.89

Acc (ANN) 81.25
F1 (ANN) 0.79
AUC (ANN) 0.77
	2020

	(Harshe et al., 2023)
	MLP
	various kinematic features
	R
	LL
	7 (7:0) cerebral palsy
	Acc (generic) 84.9

Acc (custom) 86.8
	2023

	(Ye et al. 2021)
	BPNN
	EMG
	R
	UL
	29 (29:0)
stroke
	R > 0.9
	2021

	(Jung et al. 2008)
	DT, ensembles
	Reaction time, first peak velocity, maximum velocity 
	MC
	UL
	262 (154:108) stroke
	Error rate 4.5%
	2008



Table S7: Studies using AI/ML to predict patient intention
	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Abibullaev et al. 2012)
	SVM
	fNIR (optical brain function imaging)
	S B (left vs right)
	UL
	7 (0:7)
	AUC (averaging the one of each subject)

Right movement task (input of 3s): 0.687

Left movement task (input of 3s): 0.630

Right movement task (input of 6s): 0.597

Left movement task (input of 6): 0.705
	2012

	(Xia et al. 2022)
	CNN
	IMU, pressure sensors
	S MC
	UL
	5 (0:5)
	Acc 97.1%
	2022

	(Huang et al. 2022)
	ANFIS
	various kinematic features
	B
	LL
	5 (0:5)

LOSO-CV
	Acc 95.87 ± 2.19

BAcc 94.53 ± 2.48
	2022

	(Song et al. 2020)
	SVM, MLP, LDA
	EEG
	B
	H
	8 (0:8)
	Acc (offline)
test set

89.56 ± 2.27 (lda)

90.57 ± 2.24 (svm)

50.80 ± 39.02 (mlp)

Acc (online)
70.83 ± 14.00 (lda)

80.83 ± 13.18 (svm)

70.00 ± 17.28 (mlp)
	2020

	(Xiao 2019)
	SVM (least square SVM)
	EMG
	R
	UL
	9 (0:9)
	F1 (cpt) 98.5608 ± 0.4485

F1 (vpt) 96.6119 ± 0.6628
	2019

	(Lin et al. 2017)
	SVM
	EMG
	MC
	LL
	8 (0:8)
	recognition rate about 100%
	2017

	(Hernández-Rojas, Montoya, and Antelis 2020)
	SVM
	EEG
	B S
	UL
	15 (0:15)
	Avg Acc across subjects: max 75.6 ± 6.8
	2020

	(Taati et al. 2012)
	SVM,
HMM-SVM
	3D skeletal angles from Kinect
	MC S (5 classes)
	UL
	7 (0:7)
	Acc SVM mean 77.5 (std 2.5)

Acc HMM-SVM mean 81.5 (std 2.6)
	2012

	(Kumar and Michmizos 2020a)
	CNN
	EEG
	B S (intent vs no intent and fast vs slow)
	UL
	13 (0:13)
	Acc (1) 80.02% and (2) 79.82%)
	2020

	(Khairuddin et al. 2019)
	k-NN
	sEMG
	B S (intention vs no intention)
	UL
	10 (0:10)
	Acc 96.4%
	2019

	(Meng et al. 2014)
	SVM
	EMG
	S MC
Motion intention
	LL
	9 (0:9)
	Acc 94.71%
	2014

	(Sierotowicz et al. 2022)
	RR, RFF
	sEMG, hand kinematics
	S R
	UL
	6 (0:6)
	RMS

RR: 3.3293 ± 1.9971 N

RFF: 3.7010 ± 1.7328 N
	2022

	(Chowdhury et al. 2018)
	SVM (one stationary and an adaptive one)
	SVM (one stationary and an adaptive one)
	U MC
	UL
	20 (10:10)
	Acc Stationary SVM (healthy group): 75.25 ± 5.46% Stationary SVM (patient group): 70.25 ± 3.43% Adaptive SVM (healthy group): 81.50 ± 4.89% Adaptive SVM (patient group): 75.75 ± 3.92%
	2018

	(Zhang et al. 2023)
	RBNN
	sEMG, US imaging
	S R
	LL
	5 (0:5)
	RMS

Using only sEMG: 14.32 ± 5.99 Nm

Using sEMG and US: 9.74 ± 4.45 Nm
	2023

	(Lin and Lin 2023)
	SVM (3 models differing for the feature extraction method: CSP or common spatial pattern, PSD or power spectrum density, DWT or discrete wavelet transform + AR or autoregressive model)
	EEG
	S MC
	LL
	8 (0:8)
	Acc

SVM + CSP: 90.0%

SVM + PSD: 66.9% 

SVM + DWT + AR: 61.3%
	2023

	(Delgado and Yihun 2023)
	Linear regression to predict inactivity
	FSR, exoskeleton joint angles, sEMG (just to provide an effort feedback to the patient)
	S R
	UL
	5 (5:0) spinal cord injury (4) and Duchenne Dystrophy (1)
	Acc 91.22%
	2023

	(Hassani, Bolliger, and Rauter 2022)
	DT, SVM, NN, ensemble  
	kinematic robot and subject features 
	MC (sit to stand, stand to sit, no movement, walking/turning) 
	LL
	6 (0:6)

LOSO-CV
	Best F1 (ensemble) 83.7%
	2022

	(Sanguantrakul et al. 2020)
	SVM
	EEG
	MC S (forwards vs turn left vs turn right)
	LL
	10 (0:10)
	Acc 38.3%
	2020

	(D. Liu et al. 2017)
	RF
	EEG
	S
	LL
	9 (0:9)
	Acc 62.33 ± 4.95%
	2017

	(Z. Guo, Wang, and Song 2020)
	SVM
	EMG
	S MC
Motion intention
	LL
	10 (0:10)
	Acc 97.71%
	2020

	(Wei et al. 2014)
	SVM
	EMG
	S MC
Motion intention
	LL
	9 (0:9)
	Acc 94.71%
	2014

	(Ai et al. 2023)
	CNN, MLP, RNN
	Motion capture system
	S B
Sitting postural control
	UL
	20 (0:20)
	CNN
With foot support: F2 = 95%
Without foot support: F2 = 95%
	2023

	(P. Zhang et al. 2022)
	LSTM
BILSTM GRU
	Force sensors
	S MC
	LL
	6 (0:6)
	LSTM Acc 96.77%
BILSTM Acc 99.61%
GRU Acc 95.90%
	2022

	(K Adithya et al. 2020)
	CNN 
LSTM
	EEG
	S MC
	Hand
	5 (0:5)
	Right hand Acc 75%
Left hand Acc 81.25%
Both feet Acc 81.25%
Tongue Acc 87.50%
	2020



Table S8: Studies using AI/ML for personalized rehabilitation.

	Study
	Algorithm
	Input type
	Learning type
	Region of interest of the robot
	No of Subjects (Patients:Healthy)
	Performance
	Year

	(Guan 2019)
	SVR
	kinematic robot features
	R
	LL
	6 (0:6)
	only graph
	2019

	(Hun Lee et al. 2023)
	FFNN+RB
	various kinematic features
	S MC
	UL, LL
	train
15 (15:0)
stroke

LOSO

real-world
10 (0:10)
	F1 (max value) 0.82

F1 (min value) 0.58

F1 (real-world) 0.81
	2023

	(Xu, Xu, Ji, and Cao 2023)
	RL
	kinematics of the robot, EMG
	R
	LL
	15 (10:5)
hemiplegic
	Learning efficiency (reward/cost convergence) = 200
	2023

	(Seo 2023)
	Ensemble of LSTM and CNN
	kinematics, joint angles
	Regression
	LL
	79 (0:79)
	R2 98%
	2023

	(Luo et al. 2019)
	RBF
	maximum force over time applied by patients
	R
	UL
	12 (0:12)
	average trajectory errors

(no RBF) 0.0042 ±0.0016

(low RBF) 0.0039 ±0.0016

(high RBF) 0.0041 ±0.0015
	2019

	(Resquín et al. 2017)
	FFNN
	human arm position
	R
	UL
	16 (4:12) stroke
	RMSE
(graph)
	2017

	(Barkana and Sarkar 2009)
	NN
	Subject’s stiffness
	R
	UL
	10 (0:10) for training
6 (0:6) for testing
	MAE < 4%
	2009

	(Erol et al. 2006)
	NN
	human arm stiffness
	R
	UL
	5 (0:5)
	Mean Performance index at 20 s between 2 subjects: 24218 (std 18418)
	2006

	(Dowling et al. 2014)
	NN
	EMG
Kinect data
	S B (exercise)
	UL
	9 (0:9)
	RMSE 0.22
Passive properties
 
RMSE 0.90
Active properties
	2014

	(Zhao et al. 2021)
	Spectral clustering
	Camera data
	U
	UL
	47 (0:47)
	3 clusters
	2021

	(N. Li et al. 2023)
	NN
	IMU
Robot angles
	R (model parameters)
	Hand
	5 (1:4)
Post-stroke
	Healthy 
Motion error 41.39° ± 2.71°
Stroke
Motion error 57.73° ± 2.62°
	2023
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