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Abstract 

This study aims to evaluate multiple feature sets composed of sensor-based biomarkers acquired 

during walking for the automated estimation of post-stroke motor impairment levels using Fugl-

Meyer Lower Extremity Assessment (FMA-LE) derived classes. Sensor-based walking data from the 

open-source ARRA dataset were combined with data collected at the Hospital of Braga. Data from 

32 post-stroke individuals (FMA-LE:24±3) were included. A decision tree classifier was evaluated 

using stratified 6-fold cross-validation across different feature configurations, including: correlated 

versus full feature sets; spatiotemporal versus electromyographic (EMG) features; inclusion of 

demographic variables; and the use of data augmentation. The best performance was achieved using 

correlated EMG features combined with age, paretic side, and body mass, along with noise-based 

data augmentation, yielding a validation MCC of 0.85±0.16 and a test MCC of 0.70. EMG features 

provided improved classification performance compared to spatiotemporal features, and comparable 

results were obtained using a reduced subset of muscles. These results demonstrate the feasibility of 

using EMG-based features acquired during walking to classify post-stroke motor impairment levels. 

Feature reduction and inclusion of demographic variables may support efficient model design, while 

data augmentation may enhance generalization. Further validation in larger and more diverse 

datasets is required to assess robustness and clinical applicability. 

Keywords: biomarker; clinical scale; EMG; gait; machine learning; spatiotemporal 

 

1. Introduction 

Fugl-Meyer Assessment (FMA) clinical scale is the primary outcome to evaluate motor 

impairment in the post-stroke population [1]. FMA characterizes motor impairment in the domains 

of movement, coordination, speed, and reflex action of upper and lower extremities [2–4]. The 

patients are visually examined by healthcare professionals while performing multiple pre-defined 

structured physical tasks, resulting in an overall score of motor impairment [2–4]. Evaluating these 

scores is standard in clinical practice and meaningful for diagnostic and therapeutic purposes once 

they facilitate comparisons of patients and treatments for, consequently, guiding critical treatment 

choices for rehabilitation [5]. 

Although FMA presents excellent inter and intra-rater reliability, its interpretation may include 

some subjectivity and dependency on exposure of clinicians to a wide range of post-stroke 

impairments [6]. This drawback can be suppressed by exploring objective sensor-based biomarkers 

correlated with FMA scores once sensor data acquisition provides objective and real-time 
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measurements of motor impairment [7]. Sensor-based biomarkers can be combined with machine 

learning (ML) methods for automated estimation of clinical scores. After being trained by 

experienced clinicians, the model may be capable of interpreting sensor-based biomarkers to 

automatically deliver the clinical score, requiring just technical training to place sensors and 

configure equipment that may be achieved with a few supervised sessions as wearable sensor 

technologies develop. 

Current literature has investigated the development of ML methods for automatically estimating 

FMA scores based on sensor-based biomarkers. Both biomechanical and physiological metrics were 

investigated [8–12]. Tozlu et al. [11] combined demographic, clinical, neurophysiological, and 

Magnetic Resonance Imaging metrics as features of an random forest achieving a median r-square of 

0.88. Song et al. [10] introduced cellphone movement data while executing FMA-related tasks into a 

decision tree regression model, succeeding with an average r-square of 0.97. These works only focus 

on the upper extremity of the FMA scale (FMA-UE) [8–13] and, as far as the authors know, there is 

no study focusing on the FMA-LE segment of the clinical scale. However, lower extremity motor 

function impacts activities of daily living such as walking. In this manner, objective measurement of 

FMA-LE is also essential for monitoring post-stroke recovery progress, as appointed by Rech et. al 

[14]. 

This work aims to evaluate multiple feature sets composed of sensor-based biomarkers for 

automated estimation of post-stroke motor impairment levels during walking. The findings will 

contribute to maximizing the use of FMA-LE in clinical practice to support clinical decisions toward 

prompt rehabilitation for stroke patients. This work uses both collected (for testing) and open-source 

datasets (for training, validating, and testing). For this purpose, we studied the performance of a 

state-of-the-art Decision Tree classifier and multiple feature sets (EMG, spatiotemporal, and 

demographic) in estimating FMA-LE-derived motor impairment levels. 

2. Materials and Methods 

2.1. Participants 

Data from open-source ARRA dataset [15] were merged with data acquired at the Hospital of 

Braga, producing a larger dataset with 32 post-stroke subjects (12 female, 53±8 years, 80±8 kg, 24±3 

FMA-LE score, 16 paretic left side). All eligible subjects gave their informed consent for inclusion 

before they participated in the studies [15]. Data acquired at the Hospital of Braga followed the 

Declaration of Helsinki and the protocol approval by the Ethics Committee CEHB 157_2021 

(“Comissão Ética Hospital Braga 157_2021”). We collected data from 5 post-stroke subjects (3 female, 

45±18 years, 69±15 kg, 24±5 FMA-LE score, 2 paretic left side, 12±7 months after the stroke), using the 

following subject inclusion criteria: 1) history of single unilateral stroke; 2) lower limb muscle 

spasticity medically controlled; 3) able to complete the 10-meter walk test. The subjects were excluded 

according to the following exclusion criteria: 1) significant cognitive impairment limiting their active 

participation in the study; 2) neurological, orthopedic, cardiac, or respiratory disease affecting 

locomotion; 3) aphasia. These data were acquired to be used as a separate test set to evaluate model 

generalization. 

2.2. Experimental Protocol and Data Collection 

The participants were instructed to perform three walking trials at their self-selected speed. 

EMG data were acquired from a maximum of 8 muscles in the paretic limb while walking (tibialis 

anterior, soleus, gastrocnemius, vastus medialis, rectus femoris, medial hamstring, lateral hamstring, 

and gluteus medius). The following widely used frequency domain features were extracted from the 

EMG data overcoming possible noise in the signal by extracting its stable characteristics: mean 

(MNF), median (MDF), and peak (PKF) power frequencies [16]. Kinematic and ground reaction forces 

(GRF) data were also recorded during walking. ARRA dataset provided spatiotemporal parameters 

derived from these data, including non-paretic and paretic step length (m), stride length (m), stride 
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time (s), and cadence (steps/min). Demographic features including gender (male/female), age (years), 

body mass (kg), and paretic side (right/left) were also considered. More detailed information 

regarding data collection and processing can be found in Supplementary Material (Sections S1.2 and 

S1.3). 

Spearman’s correlation coefficients, 𝑟, were calculated between FMA-LE-derived classes (mid 

and low motor impairment levels) and EMG or spatiotemporal features. The correlation strength was 

interpreted as moderate if 𝑟 = 0.40 − 0.69 and strong if 𝑟 ≥ 0.7 [17]. The correlated features were 

identified by presenting a moderate to strong correlation (𝑟 ≥ 0.4). 

2.3. FMA and Data Labelling 

The Fugl-Meyer Assessment was accomplished by an expert (biomedical background) to 

determine the FMA-LE clinical score. Participants were classified with a low, mid, or high motor 

impairment level. High motor impairment was automatically considered for patients unable to walk 

(FMA-LE < 9 according to Smith et al. [18]). Smith et al. [18] reported the FMA-LE score for a sample 

of 93 post-stroke patients able to walk independently ranging from 9. Mid (label 0) and low (label 1) 

motor impairment levels were defined for 9 ≤ FMA-LE < 21 and FMA-LE ≥ 21, respectively, according 

to Kwong et. al [19]. According to the inclusion criteria of both experimental protocols, patients with 

high motor impairment are not included. Ten participants were labelled with mid impairment (1 

from the Hospital of Braga and 9 from the ARRA dataset) and 22 participants with low impairment 

(4 from the Hospital of Braga and 18 from ARRA dataset). 

2.4. Data Splitting 

Data from the ARRA dataset (27 subjects) was split at subject level into training and test sets 

using an 80–20% random stratified split according to motor impairment class (mid/low), ensuring 

class balance in both partitions. 

The training set was used exclusively for model development and was further evaluated using 

StratifiedGroupKFold cross-validation with 6 folds. This approach ensured that all gait cycles from a 

given subject were assigned to the same fold, preventing subject-level data leakage between training 

and validation partitions. Stratification was applied at the subject level to preserve the distribution of 

motor impairment classes (mid/low) across folds, and each fold contained a disjoint set of subjects. 

Within the training set, this configuration resulted in 19 samples (33%) classified as mid 

impairment and 38 samples (67%) classified as low impairment, with each sample corresponding to 

one average gait cycle. 

We used two different datasets for testing the model, including a) only ARRA dataset subjects, 

and b) subjects from ARRA merged with the ones from the Hospital of Braga—the hybrid test set. 

2.5. Training Dataset Preparation 

Training dataset preparation methods were applied, namely adding noise or SMOTE methods. 

White or pink noise was added to all features from the training set as a data augmentation technique 

to foster model generalization ability [20] and to balance the classes. This resulted in three training 

sets: a) without noisy samples, b) with white noisy samples, and c) with pink noisy samples. Also, 

the SMOTE method was compared to balance the dataset. Thus, a fourth training set was created by 

applying SMOTE to the raw data. You can find detailed information on Supplementary Material 

(Section S1.5). 

2.6. ML Model 

We evaluated the performance of Decision Tree [8,10,11] state-of-the-art classifier. As a 

preliminary study, the decision tree classifier was considered a suitable choice due to its 

interpretability which allows healthcare professionals to make informed decisions based on the 

model’s estimation, ability to handle both continuous (e.g., sensor-based features) and categorical 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 May 2026 doi:10.20944/preprints202605.1064.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1064.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 12 

 

(e.g., demographic features) data, and capacity to capture non-linear relationships between features. 

[21] Moreover, it is robust to outliers, scalable for larger datasets, and adaptable to imbalanced data. 

[21] Regressor performance was not evaluated due to the limited open-source data from post-stroke 

patients covering the full-range FMA-LE. All algorithms were imported from the Scikit-Learn Python 

library. 

Decision Tree classifier was trained with multiple feature sets to explore which are the most 

suitable for classifying the post-stroke motor impairment levels (Section S1.5 from Supplementary 

Material). Figure 1 resumes the methodological workflow of this work. 

Model performance was evaluated with the MCC, F1-score, recall, and confusion matrix metrics, 

averaged over the 6 folds of cross-validation (S1.6 and S1.7 Section of Supplementary Material). The 

maximum score (value of 1) represents a perfect classification. 

 

Figure 1. Diagram of the methodological workflow (“corr.”: moderate and strong correlated, “G”: 

gastrocnemius, “LH”: lateral hamstring). 

2.7. Statistical Analysis 

Non-parametric Wilcoxon Signed Rank Test was used with the SciPy Python library to evaluate 

the models’ performance using a confidence level of 0.05 and considering model performance metrics 

in each fold. The following null hypotheses were analyzed: there are no significant differences 

regarding the model performance metric between a) correlated vs all EMG features; b) correlated 
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EMG vs spatiotemporal features; c) correlated EMG features vs combination with demographic 

features; d) correlated EMG features from gastrocnemius, vastus, gluteus, and lateral hamstring 

muscles vs correlated EMG features from only gastrocnemius and lateral hamstring muscles 

(matching the correlated muscles from both ARRA and Hospital of Braga); e) noise-free vs noisy 

augmented or SMOTE features. The null hypotheses were iteratively defined based on the feature set 

that achieved the best performance in the previous comparison, which was then used as the reference 

condition for subsequent tests. 

3. Results 

The resulting moderate to strong correlated EMG features (Figure S1 in Supplementary 

Material) comprise all EMG features from paretic gluteus medius (GM, 0.43 ≤ 𝑟 ≤ 0.49) and median 

and peak frequencies from medial gastrocnemius (MG, 0.46 ≤ 𝑟 ≤ 0.53 ), vastus medialis (VM, 

0.45 ≤ 𝑟 ≤ 0.50 ), and lateral hamstring (LH, 0.46 ≤ 𝑟 ≤ 0.48 ). Regarding spatiotemporal features 

(Figure S2 in Supplementary Material), the moderate to strong correlated ones include paretic and 

non-paretic stride length (𝑟 = 0.44 ), non-paretic step length (𝑟 = 0.57) , paretic stride time (𝑟 =

−0.51), and cadence (𝑟 = 0.51). 

Figure 2 exhibits mean and standard deviation F1, recall, and MCC validation scores considering 

multiple features set: all EMG features, correlated EMG features, correlated spatiotemporal features, 

or correlated EMG features combined with demographic features. Correlated EMG features achieved 

higher training (Table S3 from Supplementary Material) and validation MCC scores than correlated 

spatiotemporal features, being the training scores significantly different (p-value = 0.03). 

Furthermore, the use of correlated EMG features revealed higher validation scores than using all 

features. However, training and validation scores were not considered significantly different (p-value 

≥ 0.28). A higher MCC validation score was observed for the combination of EMG features with age, 

body mass, and paretic side. Individually, although not significantly different, age, body mass, and 

paretic side increased the average and decreased the standard deviation of the MCC validation score 

(p-value ≥ 0.14). In contrast, gender decreased the average and increased the standard deviation MCC 

validation score. 
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Figure 2. Mean and standard deviation values of F1, recall, and MCC validation scores using different features: 

all EMG features, strongly correlated (corr.) EMG features, strongly correlated spatiotemporal features, and 

strongly correlated EMG features combined with demographic features (age, gender, body mass, paretic side). 

A decision tree classifier was used. The result with the maximum MCC validation score is highlighted. G and 

LH define gastrocnemius and lateral hamstring muscles, respectively. 

Despite the significant decrease in the training scores (p-value = 0.03), the MCC validation score 

was not significantly affected by using EMG features from only the gastrocnemius and lateral 

hamstring muscles (p-value ≥ 0.32). Furthermore, the combination of correlated EMG features from 

only gastrocnemius and lateral hamstring muscles with age, body mass, and paretic side 

demographic features allowed the MCC validation score of 0.84 ± 0.24. This combination of features 

was used in testing the model with the hybrid test set (Figure S5 in Supplementary Material). 

Figure 3 shows the mean and standard deviation values of F1, recall, and MCC validation and 

test scores considering correlated EMG features with the addition of noise or SMOTE samples. The 

EMG features (only from gastrocnemius and lateral hamstring) were combined with age, paretic side, 

and body mass demographic features. By analyzing Figure 3, a higher MCC validation score 

appeared for the non-noisy features. White noise presented a slightly higher MCC validation score 

(MCC 0.77 ± 0.24) compared with pink noise (MCC 0.72 ± 0.37) and similar with SMOTE features 

(MCC 0.77 ± 0.35) but is not significantly different compared to non-noisy features (p-value ≥ 0.46). 

However, the highest test score appeared using both white and pink noisy samples in training data 

preparation, being considered the best model found (Table S4 and Figures S3–S5 in Supplementary 

Material). The hybrid dataset presented a lower test score than ARRA. 
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Figure 3. Mean and standard deviation values of F1, recall, and MCC validation and test scores (ARRA test set 

or hybrid test set from ARRA and Braga Hospital) using features after different data preparation methods: 

strongly correlated EMG features (only gastrocnemius and lateral hamstring muscles) combined with 

demographic features (age, body mass, paretic side) and the addition of noisy (white or pink noise) or SMOTE 

samples. A decision tree classifier was used. The result with the maximum MCC test score is highlighted. The 

best hyperparameters found were the gini function, random split strategy, 4 maximum depths of the tree, a 

minimum of 2 samples to split an internal node and 4 samples required to be at a leaf node, square of features 

for the number of features to consider for the best split, 8 maximum leaf nodes, balanced weights, and complexity 

parameter equal to 0. 

4. Discussion 

Sensors provide real-time data, such as muscle activity, that can objectively capture motor 

impairment, which can be difficult to assess through visual physical examination, specially to 
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distinguish close impairment levels. [7] In this manner, this objective assessment has the potential to 

enhance accuracy in monitoring the post-stroke recovery process. [10] Combining sensor data with 

ML methods can allow automate support for clinical evaluation. ML algorithms may detect complex 

patterns in sensor data that might not be immediately apparent, enabling more informed evaluations 

of motor impairment. [21] After being trained by clinicians who experienced years of exposure to a 

wide range of post-stroke impairments, the model may have the potential to automatically interpret 

sensor-based biomarkers to deliver the clinical score, improving accuracy and reliability of clinical 

decisions. [10] This work evaluates the performance of a decision tree classifier with multiple sensor-

based features acquired during walking to estimate post-stroke motor impairment by FMA-LE-

derived classes. 

Although spatiotemporal parameters revealed an individual higher correlation with FMA-LE-

derived classes (0.44 ≤ |𝑟| ≤ 0.57), EMG group features (0.43 ≤ |𝑟| ≤ 0.53) were more suitable to 

achieve better model performance. In line with the literature, physiological features demonstrated 

often higher performance scores than biomechanical features for estimating FMA-UE [8,9,11]. 

Correlated EMG features were shown to be sufficient to achieve higher model performance 

scores when compared to the use of all EMG features, revealing training and validation scores 

statistically similar between them. In this context, feature selection based on correlation analysis 

allowed a reduction in input dimensionality without a significant loss in performance, consistent with 

prior work using correlation analysis to identify informative and non-redundant features [22]. 

Considering the correlated EMG features, the results allow a preliminary exploration of sensor 

placement requirements within this experimental context. The findings indicate that EMG signals 

from the medial gastrocnemius, vastus medialis, lateral hamstring, and gluteus medius showed 

stronger association with FMA-LE classes, whereas signals from the tibialis anterior, soleus, rectus 

femoris, and medial hamstring exhibited weaker correlations. Furthermore, model performance was 

not significantly affected when only EMG features from the medial gastrocnemius and lateral 

hamstring were used. These results suggest that, within this dataset, FMA-LE classification during 

walking may be achievable using EMG data from a reduced set of muscles. This reduction could 

potentially decrease subject preparation time for sensor placement; however, this observation is 

specific to the present model and dataset and should be validated in broader populations and 

experimental conditions. 

Although a reduced number of sensors may simplify the acquisition protocol, initial technical 

training for healthcare professionals, including supervised sessions on proper sensor placement and 

equipment configuration, is still likely required to ensure reliable data acquisition and accurate model 

input [23]. Advances in wearable sensor technologies may further reduce the complexity of these 

procedures over time. Future research should evaluate the extent of training required to achieve 

consistent and reliable measurements, particularly in comparison with the expertise needed for 

traditional clinical scale assessments [4]. 

The addition of demographic features can improve the model performance, consistent with 

previous findings by Tozlu et al. [11]. Specifically, age, body mass, and paretic side were associated 

with higher classification scores in this work. These observations are consistent with prior literature 

indicating that long-term functional recovery after stroke may vary with age, body mass index, and 

side of impairment, with older age associated with slower or reduced recovery [24], higher body mass 

index linked to less favorable rehabilitation outcomes [25], and differences in recovery trajectories 

observed between hemiparetic sides [26]. However, in the present work, these variables should be 

interpreted as contributing to model discrimination rather than as direct indicators of recovery 

mechanisms. 

Although previous studies report that female patients may experience greater challenges in post-

stroke recovery [27], gender did not show a positive contribution to FMA-LE classification 

performance in this dataset, suggesting that its predictive value may be limited or context-dependent. 

The data augmentation did not significantly improve validation scores. However, the addition 

of white and pink noise data during training was associated with higher test performance, increasing 
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MCC scores from 0.40 to 0.70. This suggests that noise-based augmentation may have enhanced 

model robustness to variability in unseen data. Similar findings have been reported in wearable 

sensor-based machine learning studies, where data augmentation techniques were shown to improve 

generalization in time-series signals collected from movement disorders [20]. 

Overall, the best model achieved validation F1-score, recall, and MCC of 0.85 ± 0.16, 0.84 ± 0.23, 

and 0.77 ± 0.24, respectively. Training and validation scores were similar, indicating that no marked 

overfitting was observed (Figure S3 in Supplementary Material). Previous studies, such as Song et al. 

[10] and Riahi et al. [12], have reported strong predictive performance for FMA-UE estimation using 

alternative data modalities, including smartphone-based movement data and resting-state EEG. 

However, these studies evaluated regression performance (e.g., R²), which is not directly comparable 

to the classification framework adopted in the present work. 

The model also achieved acceptable performance on both the ARRA (MCC = 0.70) and hybrid 

datasets (MCC = 0.60). The lower performance observed in the hybrid test set may reflect reduced 

generalization capability under dataset shift conditions. This could be related to differences in 

acquisition protocols, including overground versus treadmill walking, variability in examiner 

experience, and differences in demographic distributions such as age and body mass (Braga dataset: 

45±18 years, 69±15 kg; ARRA dataset: 60±12 years, 92±19 kg). However, these factors cannot be 

isolated in the present study and therefore their individual contribution cannot be determined. 

Although data collection constraints such as equipment availability, patient recruitment, and clinical 

scheduling are common in applied biomedical studies, future work should aim to better control or 

explicitly model these sources of variability to improve generalizability. 

The performance of the decision tree classifier used in this study is likely constrained by the 

limited sample size and variability of the dataset, which may affect model stability and 

generalizability. In addition, the results highlight the need for larger and more diverse datasets of 

post-stroke patients using wearable sensors [10,28]. The availability of such datasets, particularly in 

open-access formats, would support more robust model training and enable evaluation across 

heterogeneous populations, thereby improving generalizability and potential clinical applicability. 

Despite these limitations, this work demonstrates the feasibility of using EMG-based features 

acquired through wearable sensors during walking to estimate FMA-LE-derived classes with a 

decision tree model. Future research should build on these findings by testing whether reduced EMG 

sensor configurations, targeting a minimal subset of muscles, can maintain classification performance 

across larger and more diverse post-stroke populations. The contribution of demographic variables 

should also be explored in greater depth, particularly to determine whether they capture inter-subject 

variability not represented in sensor-derived features. Furthermore, the reduced performance 

observed under hybrid testing conditions highlights the need to systematically evaluate the impact 

of dataset shift, including differences in acquisition protocols such as treadmill versus overground 

walking. Finally, future studies should assess the trade-off between reduced sensor configurations 

and operator-dependent factors, such as sensor placement variability and required training, to 

determine the practical feasibility of deploying such systems in clinical settings. 

5. Conclusions 

This study demonstrates the feasibility of using EMG-based features acquired through wearable 

sensors during walking to classify post-stroke motor impairment through FMA-LE-derived classes. 

The results show that comparable model performance can be achieved using a reduced subset of 

muscles and that the inclusion of demographic features may enhance classification performance. In 

addition, noise-based data augmentation was associated with improved test performance, suggesting 

a potential role in enhancing model generalization. However, model performance remained sensitive 

to dataset variability and acquisition conditions, highlighting the impact of dataset shift on 

generalization. These findings support the potential of wearable sensor-based approaches for 

assisting motor impairment assessment, while emphasizing the need for validation in larger and 

more diverse populations and under standardized acquisition protocols. 
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Supplementary Materials: The following supporting information can be downloaded at the website of this 
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Abbreviations 

The following abbreviations are used in this manuscript: 

EEG electroencephalographic 

EMG electromyographic 

FMA Fugl-Meyer Assessment 

FMA-LE Fugl-Meyer Lower Extremity Assessment 

FMA-UE Fugl-Meyer Upper Extremity Assessment 

GRF ground reaction forces 

MCC Mathew Correlation Coefficient 

MDF median power frequency 

ML Machine Learning 

MNF mean power frequency 

PKF peak power frequency 

SMOTE Synthetic Minority Over-sampling Technique 

TUG Timed Up and Go 
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