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Stroke is a major cause of motor disability, degrading walking and quality of life. Wearable gait 
analysis with magneto-inertial measurement units (MIMUs) can quantify post-stroke impairments. We 
used machine learning to identify discriminative gait features in stroke, coupling supervised feature 
selection with unsupervised clustering to improve interpretability and generalizability. Eighty-five 
stroke patients and 97 healthy controls completed 10-Meter Walk Tests while wearing five MIMUs. 
Feature selection spanned spatiotemporal, symmetry, stability, and smoothness metrics. K-nearest 
neighbors (KNN), support vector machines (SVM), and decision trees (TREE) were trained, validated, 
and tested iteratively across data splits; clustering then verified discriminative ability. Sequential 
backward feature selection retained nine features, yielding accuracies (healthy vs. patient) of 94.1% 
(KNN), 96.7% (SVM), and 89.1% (TREE). SVM generalized best. Unsupervised k-medoids with cosine 
distance confirmed discrimination, reaching 90% accuracy with only three features: stride speed, 
stance-phase coefficient of variation, and medio-lateral harmonic ratio. Results indicate that gait 
variability, trunk smoothness, and upper-body stability robustly characterize post-stroke dysfunctions. 
Notably, head-movement smoothness emerged as a novel, discriminative feature. This integrated 
framework shows how wearable sensors plus machine learning can support clinical gait analysis and 
rehabilitation planning. Future work should enable real-time deployment and broaden datasets to 
cover more clinical scenarios.

The term stroke is used to describe brain damage due to several different vascular causes1. Stroke is a global 
challenge that poses significant health and socioeconomic challenges for both the individual and society as a 
whole2,3. Indeed, after a stroke event, brain cells die, resulting in functional and cognitive impairments2. Among 
these, motor disabilities primarily limit patients’ ability to accomplish activities of daily living4, with walking 
impairments influencing participation, autonomy, and quality of life of patients5,6. With these premises, the 
improvement of gait impairments is one of the crucial aspects of post-stroke rehabilitation5. In this context, 
standard clinical evaluation can be integrated with instrumented gait analysis, aimed at obtaining objective 
indicators of walking performance to evaluate the progression of the pathology, define tailored treatments, 
and monitor the efficacy of the latter. In the past years, the context in which instrumented gait analysis took 
place (especially in the clinical practice) has shifted towards a more ecological one, thanks to the increasing 
development of wearable technologies and the development of computational methods7–10, bringing several 
advantages over traditional laboratory-based assessments. In this context, magneto-inertial measurement units 
(MIMUs) are widely used to obtain features related to the quality of gait and pertain to different domains, 
like symmetry, smoothness or spatiotemporal features which are often considered during post-stroke clinical 
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evaluations8. Often, in MIMU-based gait studies on stroke, data are typically collected during straight walking 
using one or more MIMUs placed on the trunk and/or lower limbs to compute spatiotemporal, symmetry, 
variability, smoothness, and regularity features8,11–21. Nevertheless, at present, the scientific works on the topic 
present a variety of methodological approaches in terms of sensor locations and numbers, as well as data 
processing techniques (i.e., gait events identification, signal preprocessing and type of gait features estimated). 
Given the large number of alternative pipelines and methodological choices reported in the literature, producing 
a single concise yet fully representative synthesis of all approaches is inherently challenging. Therefore, 
comparing results across studies and identifying which gait domains are consistently altered after stroke remains 
challenging, further motivating the need for robust and generalizable feature-selection strategies.

In combination with the availability of new measurement tools, new data analysis techniques, like machine 
learning algorithms, have been fruitfully integrated to obtain more information from patients’ data. These 
tools have found many applications in the stroke population, ranging from the discrimination between/among 
groups or patient categories (like people with stroke and healthy controls, patients with different pathologies, 
or patients with different levels of stroke severity)11, as well as the recognition of different types of activities, 
classification of well/poorly executed tasks, and other applications8,12. Among them, one of particular interest 
for clinicians is the classification of pathological and healthy people based on gait features. Although it may 
seem an obvious categorization following a medical diagnosis, the understanding of a pathology is primarily 
based on the characterization of the differences when compared to a non-pathological condition. Nevertheless, 
to do so, the features that can optimally capture such differences must be identified. Indeed, when analyzing 
gait, a wide number of features may be measured, some of which may not carry useful information for the 
pathological population of interest. To overcome this issue, features selection techniques and machine learning 
algorithms may be used in combination to reduce the number of features with the aim of retaining the feature 
subset able to distinguish healthy from pathological people and, consequently, identify those gait domains that 
altogether characterize the pathology. In this framework, classification performance per se is often employed as 
an indicator of the quality of the selected features in distinguishing between healthy and pathological conditions.

Although some authors have explored this (or similar) approach13–18,20,22–24, most of them applied feature 
selection methodologies as an intermediate step to improve the performance of a given machine learning model, 
thus not focusing on the generalizability of the feature selection approach (i.e., the stability of the selected subset 
in its discriminative performance when changing the classifier, the training sample, and the validation strategy). 
Indeed, the selected features depend on several factors, including the dataset/sample size, the feature selection 
technique, and the machine learning algorithm employed. Previous studies applying machine learning (as well 
as deep learning) algorithms on stroke patients’ gait data were conducted on too limited sample sizes and often 
using only one classification algorithm, thus not considering the effect of these issues on the discriminative 
performance of the selected features. Testing the generalizability of the feature selection approach across different 
machine learning algorithms is thus of the utmost importance. To the authors’ knowledge, among recent studies 
leveraging MIMUs and machine learning in patients with stroke13–17,20,21,24,25, only one24 sought to reduce the 
features space by employing a feature selection technique across multiple machine learning algorithms and 
analyzing the frequency of the selected features. This approach identifies features that most consistently enhance 
classification performance, thus highlighting characteristics of pathological gait patterns. Nevertheless, the 
sample size in that study was insufficient to provide a reliable representation of the investigated population. 
Furthermore, no previous study has evaluated whether features selected through supervised machine learning 
could reliably differentiate healthy and pathological individuals when applied to unsupervised clustering 
methods. In other words, the discriminative value of selected features has not been tested independently of the 
supervised algorithm’s learning capabilities.

Therefore, this study aims to identify an optimal subset of gait features extracted using a set of MIMUs 
through a feature selection approach in combination with multiple machine learning algorithms. The goal was 
achieved by distinguishing individuals with stroke from healthy controls, thereby characterizing pathological 
gait patterns. To ensure generalizability, the analysis was iterated across various combinations of feature subsets 
and participant groups.

Methods
Participants
Eighty-five patients with stroke (PwS; sex: 45 M – 40 F; age: 57 ± 16 yrs; mass: 71 ± 12 kg; stature: 1.69 ± 0.09 
m) and 97 healthy participants (HP; sex: 50 M – 47 F; age: 48 ± 12 yrs; mass: 70 ± 18 kg; stature: 1.67 ± 0.08 m) 
were enrolled in this study. The two groups were matched by age and sex. The study was conducted in accordance 
with the World Medical Association Declaration of Helsinki and was approved by the Ethics Committee of 
the Institute for Research and Healthcare Santa Lucia (with protocol number CE/AG4/PROG.383 − 11 and 
subsequent integrations). Healthy participants between the age of 18 and 80 years were considered eligible for the 
study if they did not report any condition or use of medication that could have affected their motor performance. 
Stroke patients (both in the sub-acute and in the chronic phase of the pathology) that were able to walk without 
any device or need physical assistance were included in the study (Functional Ambulation Classification26 scale 
score ≥ 3). Exclusion criteria for this group were cognitive deficits affecting the capacity of patients to understand 
the task instructions (Mini Mental State Examination27> 4), severe unilateral spatial neglect, severe aphasia, and 
presence of neurological, orthopedic, or cardiac comorbidities. All participants were included in the study after 
providing their informed consent.

Experimental set-up
Data collection was performed in the gym of the Institute for research and Healthcare Santa Lucia, in Rome. 
Participants were asked to perform a 10-Meter Walk Test (10-MWT) at their self-selected speed along a straight 
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walkway while wearing comfortable shoes. At the beginning of each trial, participants were instructed to maintain 
an orthostatic posture for five seconds. Each participant performed a minimum of three trials. During the trials, 
participants were equipped with five synchronized MIMUs (OPAL, APDM wearable technologies, Portland, 
USA). The MIMUs included a triaxial accelerometer, gyroscope, and magnetometer with full scale ranges of 
± 6 g, ± 1500 deg/s, and ± 6 Gauss, respectively, with a sampling rate of 128 Hz. Three MIMUs were fixed to 
the upper body of the participants, on the forehead (FH) on the occipital cranium bone close to the lambdoid 
suture of the head, at the center of the sternum (ST), and at the lower back (LB) level, in correspondence of L4-
L5 vertebrae. The last two MIMUs were placed laterally on the distal part of the tibiae, slightly above the lateral 
malleoli, and securely fixed with Velcro straps. Attention was paid to each MIMU fixation to minimize the relative 
movement between the MIMU and the underlying bones. The five-sensor configuration was selected to balance 
feasibility in clinical practice with the ability to compute all the feature domains considered in this work. In our 
pipeline, the two shank sensors were required for robust stride segmentation and lower-limb spatiotemporal/
symmetry-related descriptors; the lower back sensor provided a trunk reference for global walking dynamics; 
and the sternum and head sensors enabled upper-body measures. A reduced setup (e.g., trunk-only) would have 
prevented reliable stride segmentation in pathological gait within our preprocessing strategy and would have 
excluded limb-related asymmetry descriptors, whereas adding further sensors would increase setup time and 
patient burden without proportionate gain for the specific aims of the present feature-selection analysis.

Signal preprocessing
Data preprocessing was performed through implementation of customized algorithms in the MATLAB® Software 
R2021b (The MathWorks Inc., MA, US).

First, a consistent reference frame was defined for all participants. During the static phase of the 10-MWT, a 
time-invariant transformation aligned each MIMU’s local reference system to a frame based on the gravity vector. 
Afterwards, the time-invariant transformation was applied to the accelerometer and gyroscope data recorded 
during the dynamic phase of the test. Finally, gravity was removed from the component of the acceleration 
signal aligned with the vertical axis of the reference frame. As a result, all data were expressed relative to a 
reference frame that approximated the anterior-posterior (AP), medio-lateral (ML), and cranio-caudal (CC) 
anatomical axes28. Accelerometer data were filtered using a second order Butterworth low-pass filter with a cut-
off frequency of 10 Hz, while gyroscope data were filtered using a second order Butterworth low-pass filter with 
a cut-off frequency of 6 Hz29.

Gait events were identified from ML angular velocity recorded by the MIMUs placed on the shanks of 
the participants while walking speed and gait spatial features were calculated through forward and backward 
integration of shank data in combination with a complementary filter30 and zero-velocity update procedure31. 
For each identified stride, features of upper body movement stability32,33, symmetry34, and smoothness35 were 
calculated from FH, ST, and LB MIMU data. In addition, symmetry36 and variability of gait spatiotemporal 
features were also calculated. For the sake of readability, in the following sections spatiotemporal gait features 
are not described in detail as they represent standard measurements in instrumented gait analysis. Nevertheless, 
a complete list of spatiotemporal features is provided. For information on the equations for calculating each 
feature refer to the work by Bertoli et al.31.

Spatiotemporal features

•	 Stride frequency.
•	 Stride speed.
•	 Stride length.
•	 Stride duration.
•	 Stance speed.
•	 Stance length.
•	 Stance duration.
•	 Swing speed.
•	 Swing length.
•	 Swing duration.
•	 Double support duration.
•	 Single support duration.

Stability features
Root Mean Square (RMS) was calculated from LB, ST, and FH MIMUs acceleration signals over each stride as 
follows:

	
RMS =

√∑n

i=1x2

n

Where X represents the acceleration values and n the number of samples of the considered stride.
Coefficient of attenuation33(COA) was calculated from LB, ST, and FH MIMUs acceleration signals over each 

stride as follow:

	
COA =

(
1 − RMSuppersegment

RMSlowersegment

)
× 100
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Precisely, COAs were calculated from LB to ST, from LB to FH, and from ST to FH.

Symmetry features
Improved Harmonic Ratio34(IHR) was calculated from LB, ST, and FH MIMUs acceleration signals over each 
stride as follow:

	
iHRn =

∑n

i=1P i
I∑n

i=1(P i
I+P i

E)

Where P i
I  and P i

E  are the power of the intrinsic and extrinsic n considered harmonics.
The Symmetry Angle36(SA) was calculated from the spatiotemporal features of the side-paired values of each 

stride, as follows:

	
SA =

(
45◦ − arctanarctan

(
Xleft

Xright

))

90◦ × 100

Where Xleft and Xright are the features values for left and right strides, respectively.

Smoothness features
Log dimensionless jerk35(LDLJ) was calculated from LB, ST, and FH MIMUs acceleration and angular velocities 
(LDLJA and LDLJW, respectively) signals over each stride as follows:

	
LDLJ = −lnln

(
t2 − t1

(
||x (t)||

) · Ij

)

With:

	
Ij =

ˆ t2

t1

∣∣∣∣x′ (t)
∣∣∣∣2

dt

where x represents the linear acceleration or angular velocity signals and t1 and t2 are the starting and ending 
instants of each stride.

Finally, variability of spatiotemporal features was estimated by calculating the Coefficient of Variation (CoV) 
of each feature.

The median value was calculated over the gait cycles for each trial and each feature. Afterwards, dataset was 
visually inspected to detect outliers and trials that were considered to present obvious instrumental errors were 
discarded. Finally, each participant’s median value was calculated over the trials. Missing values were replaced 
with the group median.

Feature selection and validation
From the entire sample considered, two subgroups of 18 PwS and 20 HP (Unsupervised Test Groups) were 
selected and kept aside for further analysis. Afterwards, two subgroups of 67 PwS and 77 HP (Feature Selection 
Groups) were randomly identified and used for the first steps of the feature selection procedure. Precisely, 
within-groups distribution of each feature was tested using the Shapiro-Wilk test. Afterwards, according to data 
distribution, an independent sample t-test or a Mann-Whitney U test was used to identify those features which 
differed significantly between HP and PwS14,37. Only these features were considered for further analysis.

To limit multicollinearity of the dataset, Pearson’s correlation coefficients between all the retained feature 
pairs were calculated37 and analyzed according to the following procedure:

	1.	 The total number of correlations with r > 0.5 was calculated for each feature.
	2.	 The feature (Fmaxr) that showed the highest number of over-threshold correlations was kept while those that 

showed over-threshold correlations with Fmaxr were discarded.

The procedure was iterated until any r > 0.5 was found. If two features with the same number of over-threshold 
correlations were found (i.e., if two Fmaxr were found), one was chosen according to the suggestion of physical 
therapists of the neurorehabilitation hospital.

Finally, from the Feature Selection Groups, ten subgroups were defined by randomly selecting 70% of the 
participants (48 PwS and 54 HP) for the training and validation sets, and the remaining 30% of the participants 
(20 PwS and 23 HP) for the test sets. Afterward, on these datasets, a sequential backward feature selection 
(SBS) was implemented. This procedure allows the reduction of the number of features while preserving the 
performance of the classifier and the interpretability of the results. Indeed, no new combination of features is 
created (such as in Principal Component Analysis, Linear Discriminant Analysis or other features extraction 
techniques); rather, only relevant features from the original dataset are kept, making the procedure usable and 
the results interpretable in clinical settings37. This approach is implemented by evaluating the performance of a 
classifier while changing the set of features as described:

	1.	 The complete dataset with k features is defined as the starting point and tested.
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	2.	 All the possible combinations of k-1 features are tested.
	3.	 The subset of k-1 features with the best classification performance is identified.
	4.	 The subset of features identified in step 2.3 is used as the new starting point and the procedure is repeated 

from step 2.2.
	5.	 The feature selection continues until a stop criterion is met.

In this instance, the SBS process was carried out until one single feature remained. The evaluated classifiers were 
the K-nearest neighbors (KNN), the Support Vector Machine (SVM), and the decision tree (TREE) algorithms. 
The algorithms were selected for their nonparametric approach, which does not require a-priori assumptions 
on the dataset. Moreover, deep-learning approaches were not included because the primary objective of this 
study was feature interpretability and the identification of a compact subset of clinically meaningful descriptors. 
Deep networks typically learn latent representations from raw signals that are not directly comparable to 
explicit feature-selection outcomes, and they often require larger datasets to generalize reliably. During the SBS 
procedure, hyperparameters tuning for each algorithm was performed using a Bayesian optimization approach. 
Detailed information on the hyperparameters tuning, for each algorithm is provided in supplementary material. 
The classifiers’ performance during SBS was assessed using a 5-fold cross validation approach and measured by 
classification accuracy, i.e., the ability to correctly classify participants irrespective of their group.

As a result, during SBS, the three algorithms were trained and cross-validated on all ten subgroups randomly 
identified. Each time, feature values for the training and the validation sets were standardized using the mean 
and the standard deviation of the training set; afterwards, the combination of best subsets and best algorithm 
hyperparameters were identified according to the highest classification accuracy obtained. The best identified 
model (i.e., the best subset of features with the tuned hyperparameters) was then tested on the corresponding 
test set.

From the thirty SBS procedures carried out, only those features that were selected in at least two of the ten runs 
were retained. Afterwards, only the shared features between datasets and algorithms were kept. Such features 
were arranged in descending order according to their number of occurrences at the end of the SBS procedures. 
Subsequently, an unsupervised algorithm was tested, adding one by one the ordered selected features, both 
on the held-out test set generated in each of the ten SBS runs to evaluate the robustness of the unsupervised 
clustering to data partitioning, and on the Unsupervised Test Groups kept aside before data analysis and not 
considered during the features selection procedure to assess overall discriminative performance of the selected 
subset of features. In these instances, a k-medoids algorithm was implemented with the initial medoids identified 
using the Single Pass Seed Selection algorithm38 to obtain a deterministic solution. K-medoids was implemented 
to produce two clusters. Distances between the clusters medoids and the data points were measured using four 
different distance metrics described in the following equations.

•	 Cosine distance (CO).

	
CO = 1 − A · B

∥A∥∥B∥

Where A and B are the vectors defined by the features median value of the medoid and of each participant, 
respectively.

•	 Squared Euclidean distance (SqEU).

	
SqEU =

∑n

i=1
(Ai − Bi)2

•	 City Block distance (CB).

	
CB =

∑n

i=1
|Ai − Bi|

•	 Euclidean distance (EU).

	
EU =

∑n

i=1

√
(Ai − Bi)2

Where Ai and Bi are ith feature median value of the medoid and of each participant.
Being unsupervised, the algorithm produces two unlabeled clusters. To assign the group labels (i.e., PwS and 

HP) to the two clusters, the following procedure was implemented:

	1.	 The medians of each feature for the stroke and healthy groups and the two identified clusters were calculated 
and arranged to form n-dimensional vectors.

	2.	 The Euclidean distance between each of the two cluster vectors and each of the two group vectors was calcu-
lated.

	3.	 The smallest distance was used to label the cluster according to the corresponding known group.
	4.	 The other cluster was labeled by exclusion.
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Except for the SBS procedures, in which only classification accuracy was measured, all the other classification 
performances also included the recall, precision, and F1-score. The procedure described is graphically shown 
in Fig. 1.

Results
Supervised classification results
Of the initial 79 features, 60 were retained after the t-test and 20 after the correlation analysis (detailed results 
are reported in Annex A and B). The mean (± SD) accuracy during SBS procedures over the ten runs for KNN, 
SVM, and TREE were 94.1% ± 1.6%, 96.7% ± 2.1%, and 89.1% ± 2.2%, respectively. The mean results of the 
classification on the test sets are reported in Table 1. Figure 2 shows the same performance indexes across each 
run performed.

Overall, SVM achieved the highest average accuracy and F1-score and, importantly, the highest recall, 
indicating a stronger capability to correctly identify participants with stroke. KNN showed a similar level of 
accuracy but a different balance between error types, with higher precision and lower recall compared with 
SVM, suggesting a more conservative behavior (fewer false positives at the expense of more false negatives). In 
contrast, the decision tree consistently yielded the lowest performance across all metrics and exhibited larger 
dispersion, particularly for recall and precision, pointing to reduced robustness across different data splits. These 
patterns are mirrored in Fig.  2, where the run-by-run bar plots make the variability across the ten test sets 
explicit: SVM maintains generally high recall and F1 across runs, KNN displays higher precision in several runs 

Fig. 1.  Scheme of the steps followed during the data splitting and analysis presented in the work.
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but with lower recall, and TREE shows both lower values and more pronounced fluctuations. Together, Table 1; 
Fig. 2 indicate that the supervised discrimination between healthy participants and stroke patients is generally 
high across the ten runs, with SVM providing the most stable and clinically favorable trade-off among the tested 
classifiers.

Feature selection results
The features used in the SBS procedure, together with their relative number of occurrences in total and for each 
algorithm, are shown in Fig. 3. The heatmap allows a direct comparison of selection frequencies across algorithms, 
highlighting both features that were repeatedly retained regardless of the classifier (i.e., stable “common” features) 
and features that were preferentially selected by only one algorithm (i.e., classifier-dependent selections). In 
addition, the final column provides the overall occurrence of each feature across the three classifiers, offering an 
immediate view of which descriptors were most consistently preserved by SBS.

As shown in the figure, a limited subset of features emerges with high occurrence values and is emphasized in 
bold, indicating the descriptors carried forward to the subsequent unsupervised clustering analysis. Specifically, 
the nine retained features were:

•	 Improved Harmonic Ratio in the medio-lateral direction measured at the lower back level (symmetry do-
main).

•	 Stance phase duration Coefficient of Variation (CoV) (variability domain).
•	 Stride speed (spatiotemporal domain).
•	 Swing phase duration (spatiotemporal domain).
•	 Head log-dimensionless jerk from acceleration signal in the medio-lateral direction (smoothness domain).
•	 Head log-dimensionless jerk from acceleration signal in the anterior-posterior direction (smoothness do-

main).
•	 Coefficient of attenuation between lower back and head in the medio-lateral direction (stability domain).

Fig. 2.  Test-set performance across the ten SBS runs. Accuracy, recall, precision, and F1-score are reported for 
KNN, SVM, and TREE.

 

KNN

Accuracy Recall Precision F1-score

88.1±5.7% 85±4.7% 89.4±8.3% 87.1±6%

SVM 89.8±5.1% 91±5.7% 87.8±6.6% 89.2±5.3%

TREE 81.2±5.7% 78.5±9.1% 82.1±10.3% 79.6±5.5%

Table 1.  Mean and standard deviation values of the performance indexes of the supervised algorithms on the 
test sets over the ten runs.
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•	 Sternum log-dimensionless jerk from acceleration signal in the anterior-posterior direction (smoothness do-
main).

•	 Head root mean square from acceleration signal in the anterior-posterior direction (stability domain).

Together, these features span spatiotemporal descriptors, variability, and upper-body gait quality measures, 
suggesting that discrimination between stroke and healthy gait is supported by both lower-limb timing/speed 
alterations and upper-body control characteristics. Overall, the distribution of occurrences indicates that, despite 
some algorithm-specific differences, several descriptors are robustly selected across classifiers and repetitions, 
supporting their relevance for distinguishing healthy participants from stroke patients.

Unsupervised clustering results
Unsupervised clustering was used to test whether the SBS-derived feature subset preserves discriminative 
structure independently of supervised learning. We report clustering repeated across the test sets defined during 
SBS procedures to quantify stability against split-to-split variability and SBS-induced changes in feature ordering 
(Fig. 4), and the primary unsupervised validation on the Unsupervised Test Groups (Fig. 5). More in detail, 
Fig. 4 shows the mean (with relative standard deviation) of the performance indexes across the ten runs as each 
common feature is added incrementally, ordered by number of occurrences. The best performance (90.2% ± 
5.5%, 87% ± 5.8%, 89.2% ± 6% for accuracy, recall, and F1-score, respectively) on the test sets was obtained when 
only three features were used, namely the improved harmonic ratio on the medio-lateral direction, the coefficient 
of variation of the stance phase, and the stride speed. Overall, performance typically improves rapidly when the 
first features are added and then tends to plateau or fluctuate as additional descriptors are included, with larger 
variability observed for some distance metrics at intermediate steps, especially in recall- and F1-related trends.

Similarly, Fig. 5 presents the performance indexes for the Unsupervised Test Groups, showing the incremental 
addition of each common feature, providing the primary unsupervised generalization check. The overall pattern 
is consistent with the ten-run results: performance is already high with a reduced subset of features and does not 

Fig. 3.  Heatmap of feature-selection occurrences across the ten SBS runs for KNN, SVM, and TREE. The SUM 
column reports the overall occurrence of each feature across classifiers. Features in bold were retained for the 
subsequent analysis. For visualization purposes, some occurrence values are shown in white font to improve 
readability against darker cells. LB, ST, and FH: Lower Back, Sternum, and Forehead, respectively. AP, ML, and 
CC: Anterior–posterior, medio-lateral, and cranio-caudal, respectively. IHR: Improved Harmonic Ratio. CoV: 
Coefficient of Variation. LDLJ: Logarithmic dimensionless jerk from acceleration (LDLJA) or angular velocity 
(LDLJW) data. COA: Coefficient of attenuation.
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Fig. 5.  Results of the unsupervised cluster on the Unsupervised Test Group. Accuracy, Recall, Precision, and 
F1-score are reported for the k-medoids using four distance metrics (CO, SqEU, CB, and EU) while adding 
one-by-one the feature ordered according to the total number of occurrences at the end of the SBS.

 

Fig. 4.  Unsupervised clustering performance across the ten SBS test sets as features are added one by one, 
ordered by their total SBS occurrence. Accuracy, recall, precision, and F1-score are shown for k-medoids using 
four distance metrics (CO, SqEU, CB, and EU). Points represent the mean across the ten runs and error bars 
indicate the standard deviation.
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necessarily improve monotonically as further features are added, suggesting that the most frequently selected 
descriptors capture the core information needed for unsupervised separation between healthy participants and 
stroke patients, while additional features may contribute limited gains or introduce redundancy.

Table 2 reports the performance of k-medoids clustering using the SBS-derived feature subset when varying 
the distance metric, both across the ten runs (mean ± standard deviation computed over the ten test sets) and on 
the independent Unsupervised Test Group (“Final test”). Across the ten runs, cosine distance (CO) yielded the 
most favorable overall results, with the highest mean accuracy and F1-score and comparatively limited dispersion, 
whereas the remaining distances exhibited lower average accuracy, largely driven by less stable recall (with 
markedly larger run-to-run variability). When the same clustering approach was applied to the Unsupervised 
Test Group, performance remained consistently high across all distances, with comparable accuracy values and 
good recall/F1-score, indicating that the selected feature set preserves discriminative structure also in unseen 
participants and not only within the supervised SBS framework.

Discussion
The purpose of this study was to identify an optimal set of MIMU-based features able to distinguish between 
healthy participants and patients with stroke. This approach aims to characterize the gait patterns of people after 
a stroke event by identifying the features that most effectively capture deviations from physiological conditions. 
The methodological approach includes several strategies to overcome some of the limitations highlighted in 
a recent review on the topic and to improve the robustness and generalizability of the results11. First, a larger 
sample size was used to limit classification performance overestimation and improve results generalizability39–41. 
Wearable sensors, specifically MIMUs, were used to propose a model suitable for clinical practice. An 
instrumental setup was selected that balances the minimum number of required devices with the number of 
measurable useful features. Only clinically meaningful features were extracted, and a feature-selection approach 
was used to reduce the feature space while preserving clinical interpretability of the starting dataset. The dataset 
was split into training, validation, and test sets to perform algorithm tuning, feature selection, and to test their 
discriminative ability. The entire procedure was repeated while randomly changing the composition of the 
datasets to assess robustness across data splits. Different classifiers were used to identify features consistently 
retained across algorithms and those that were not. Finally, an unsupervised clustering technique was employed 
to verify whether the selected features retain discriminative structure in an unsupervised setting. Results suggest 
that the method proposed here can be used to select features that highlight differences between healthy and 
pathological locomotion (when using both supervised classification and unsupervised clustering), thereby 
highlighting the gait domains that most clearly differentiate stroke from healthy gait.

The set of 79 features analyzed in the present study has been selected based on the scientific literature on the 
topic8,42,43. Specifically, features that described spatiotemporal, symmetry, variability, stability, and smoothness 
domains of gait were considered. Features were chosen to characterize both general aspects of gait (i.e., those 
derived from shanks, and the lower back, LB, MIMUs) and the quality of movement of the upper body (i.e., 
those derived from the sternum, ST, and the forehead, FH, MIMUs). Feature selection procedures involved both 
statistical and machine learning approaches. The statistical approach reduced the initial number of features 
from 79 to 20, which were then further used for the machine learning feature selection approach, based on three 
different classification algorithms: KNN, SVM, and TREE. When using KNN, SVM, and TREE, different results 
were obtained in terms of both classification performance and of retained features after feature selection.

Specifically, when looking at the classification accuracy, SVM performed better in both the training and 
the test sets. The same result was found by Trabassi and colleagues37 when classifying patients with Parkinson’s 
disease and healthy people using a similar approach with respect to this study. These results suggest the potential 
effectiveness of SVM in detecting gait deviations in neurological patients. Concerning the other performance 
indexes obtained from the test sets, SVM showed the highest values except for classification precision, which was 
higher when using the KNN. The classification performance achieved in this study is slightly lower compared 
to those obtained in previous studies on patients with stroke13–16,20,21 but there are several methodological 
differences to consider. First, previous studies often had significantly smaller sample sizes (from a minimum 
of 15 to a maximum of 58 participants), which can lead to overestimation of classification performance due to 
overfitting and random effects44. Moreover, the considered studies used multiple observations per participant 
rather than using a single representative data point for each participant (like the median value over several gait 
cycles and trials in this study). When using multiple data of the same participant, some may appear in both 
training and testing sets, thus increasing the risk of overestimating classification performance45. In some cases, 

Distance metrics

Accuracy Recall Precision F1-Score

ten runs Final test ten runs Final test ten runs Final test ten runs Final test

CO 84±4% 81% 83±5.9% 82.3% 82.6±4% 77.7% 82.7±4.4% 80%

SqEU 75.8±8% 83.8% 64±19.2% 82.3% 82.5±12.6% 82.3% 70±12.3% 82.3%

CB 75.8±8.1% 83.8% 61±19.7% 82.3% 85.8±14% 82.3% 68.8±13.2% 82.3%

EU 77.7±9.2% 83.8% 69.5±20.5% 88.2% 81.4±11.3% 79% 73.1±13.5% 83.3%

Table 2.  Unsupervised clustering performance of k-medoids using the SBS-derived feature subset across the 
ten SBS test sets (mean ± standard deviation) and on the independent Unsupervised Test Group (Final test) for 
each distance metric.
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this issue was considered and avoided15,16. Differences in classification performance can also be attributed to 
the use of different features related to various gait domains, such as joint kinematics16, as well as demographic 
differences among study groups16. Additionally, variations in data processing, such as focusing solely on the 
affected side of pathological participants15, may have led to different results.

When examining the features selected across the ten runs, the three classifiers showed different selection 
patterns. In general, KNN retained the smallest number of features, SVM showed intermediate behavior, and 
TREE retained the largest number (Fig. 3). A similar algorithm-dependent variability has been reported in the 
literature: for example, Altilio and colleagues24 tested multiple classifiers and quantified feature relevance by 
counting selection occurrences, showing that the retained subset can change depending on the model. This 
behavior is expected because feature selection is optimized with respect to each classifier’s learning mechanism 
and inductive bias. KNN, being distance-based, is typically more sensitive to redundant or noisy predictors that 
can blur neighborhood structure and therefore tends to favor more compact subsets, whereas decision trees can 
exploit a larger pool of variables through hierarchical splits and interactions, often retaining more features; SVM 
commonly falls in between due to margin maximization and regularization. For this reason, although many 
studies adopt a single classifier, we used multiple algorithms to reduce the risk of deriving an algorithm-specific 
subset and to identify features that are consistently retained across learning paradigms.

This study highlights key methodological challenges when using machine learning for gait classification. 
Notably, classification performance varies when the same algorithm is applied to different datasets (Table 1; 
Fig. 2). This variation is particularly significant, given that the ten splits were not independent samples and 
may share similar participants, yet performance still varied, demonstrating that even minor changes in data can 
lead to different results. Therefore, the issue of limited representativeness due to small sample sizes in previous 
studies becomes pertinent. In contrast, this study enrolled more participants than those in earlier research, 
aligning with the recommendations by Jiao and colleagues11. Second, the optimal set of features to be used to 
discriminate between two different populations also depends on the algorithm used. Consequently, when using 
a single algorithm, the selected features are those that maximize classification performance for that specific 
algorithm in a defined dataset rather than a set of features capable of discriminating between two populations, 
which is often the actual objective.

The iterative feature selection technique used in this study, combined with the application of different 
machine learning algorithms tuned with a 5-fold cross-validation, enhances the generalizability of the results. 
This approach aims to improve reliability and reduce split-dependent effects, while optimizing classification 
performance.

A k-medoids clustering algorithm was chosen using four different distance metrics, with a deterministic 
medoids initialization algorithm to ensure repeatability of the results. The selected features were ranked by 
their number of occurrences and incrementally added to evaluate the incremental contribution of features to 
clustering performance as well as the performance of all the selected features. When looking at the clustering 
output using the whole set of features on the ten test sets, results are promising, lying in the range identified 
in the review by Jiao and colleagues11 when using different supervised algorithms (i.e., 80–100%). Among the 
distance metrics used, the cosine distance achieved the best performance for all the classification performance 
indexes with the only exception of precision (see Table 2). However, in this context, precision was calculated 
as the ability to correctly classify healthy participants and thus may be considered less clinically relevant. The 
higher performance observed with the cosine distance, compared with the other metrics, likely reflects the 
different information emphasized by each distance measure. Indeed, cosine distance evaluates the orientation 
of n-dimensional vectors formed by the selected features measuring the angle between them, whereas the other 
metrics focus, albeit slightly differently, on the absolute distance between these vectors. In the first case, the 
magnitude of the vectors does not influence the results whereas in the other metrics magnitude contributes to 
the distance. In our dataset, cosine distance seems to capture group differences more consistently. Moreover, the 
cosine distance exhibited the smallest standard deviation across all performance indexes over the ten test sets, 
suggesting greater consistency across runs in this dataset.

On the test sets, performance peaked when the model relied on only three features: the improved harmonic 
ratio in the medio-lateral direction, the coefficient of variation of the stance phase, and stride speed. Thus, 
a further reduction of the number of features used to discriminate between healthy participants and stroke 
patients may improve classification performance. When examining the results obtained on the Unsupervised 
Test Group using all features and the cosine distance, the outcomes appear consistent with those from the ten 
runs. Conversely, results obtained with other distance metrics show higher performance metrics. Nevertheless, 
this is not surprising given the large standard deviation observed over the ten runs with these metrics, indicating 
a high variability. It is likely that in some of the ten test sets, the clustering performance aligned with those from 
the Unsupervised Test Group.

Notably, the highest accuracy, precision, and F1-score when using the cosine distance were obtained using 
six features. Those included the duration of the stance phase and the movement smoothness of the head in the 
anterior-posterior and medio-lateral directions. However, the differences in results between using three versus 
six features were modest (+ 3%, + 6%, and + 3% for accuracy, precision, and F1-score, respectively). Recall values, 
in contrast, remained unchanged after the third feature was added. These findings suggest that even with an 
unsupervised clustering technique, variability across splits can be partly mitigated. The results presented here 
may be summarized as follows:

•	 Among all 79 features considered in this work, nine features (see Fig. 3) seem to be sufficient to discriminate 
between healthy participants and participants with stroke with fair-to-good classification performance.

•	 When using an unsupervised clustering technique based on the distances between data points, the cosine 
distance showed the most consistent performance across runs.

Scientific Reports |         (2026) 16:8908 11| https://doi.org/10.1038/s41598-026-43666-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


•	 Generally, to maximize the classification results, three features are sufficient; nevertheless, other features may 
carry discriminative information and should be considered.

The procedure applied in this study has yielded some insightsinto the most discriminative gait-related 
features that differentiate between healthy individuals and people with stroke. Importantly, these features are 
not merely selected to optimize classification performance but reflect specific physiological and pathological 
mechanisms underlying post-stroke gait dysfunction. In particular, the most frequently selected features belong 
to the spatiotemporal, symmetry, stability, and smoothness domains, which are known to be directly affected 
by stroke-related impairments such as hemiparesis, altered neuromuscular control, and impaired postural 
regulation during walking42,43,46–50. Alterations in spatiotemporal gait parameters, including reduced stride 
speed and increased variability of stance-phase duration, represent hallmark manifestations of post-stroke gait. 
Increased temporal variability reflects reduced gait automaticity and impaired inter-limb coordination, which 
have been associated with poorer functional outcomes and increased fall risk in people with stroke. From a 
clinical perspective, these features capture deficits in motor control rather than compensatory strategies alone, 
making them particularly relevant for pathological analysis and neurorehabilitation monitoring.

Notably, none of the selected features represented asymmetry in spatiotemporal parameters. While gait 
asymmetry is a widely recognized alteration after stroke, it is often characterized by varying patterns42,43,46. These 
diverse trends in spatiotemporal feature asymmetry may have reduced their discriminative value. However, 
an asymmetry feature based on the frequency content of the acceleration measured at the lower back in the 
mediolateral direction was still included in the selected features. Generally, asymmetry at the trunk level has 
been widely analyzed in stroke patients and has been reported to significantly differ compared to healthy42,43 
controls. This is true not only when using a single MIMU at the lumbar level, but as well as multiple sensors are 
used and when different aspects of trunk movement are analyzed43. Accordingly, some of the features considered 
in the present work capture aspects of trunk movement stability and symmetry.

Finally, trunk smoothness (at different levels and in different directions) emerged as a discriminative gait 
domain. Reduced movement smoothness reflects impaired sensorimotor integration, diminished anticipatory 
postural adjustments, and inefficient balance control during locomotion. To the authors’ knowledge, only two 
prior studies have directly measured trunk smoothness in stroke patients, albeit using different51 equipment or 
metrics52. Notably, trunk and, in particular, head movement smoothness, were identified as key discriminative 
features. While traditionally less emphasized in post-stroke gait analysis, head movement smoothness is closely 
linked to the control of dynamic gaze stabilization and vestibular–spinal integration during walking53–56. Its 
alteration may therefore indicate deficits extending beyond lower-limb motor impairment, involving higher-
level balance and sensory reweighting mechanisms. This finding opens new avenues for incorporating head 
movement analysis into routine post-stroke gait assessments, and could represent a promising target for future 
rehabilitation strategies to improve dynamic gaze and postural stability.

Conclusion
The findings should be interpreted in light of several limitations. First, we focused on three conventional 
classifiers (KNN, SVM, and decision trees); other modelling approaches (e.g., ensemble methods or deep-
learning models) could be explored in future work to verify whether similar feature subsets emerge. Second, 
walking speed was included among the candidate features. Because speed influences many gait descriptors, 
part of the discriminative performance may reflect speed-related differences between groups. Future studies 
should therefore replicate the analysis under speed-matched conditions or by explicitly controlling for speed 
(e.g., stratification or covariate adjustment), although this may reduce representativeness or sample size in 
heterogeneous cohorts37. Third, the correlation-based redundancy filtering adopted prior to feature selection 
may have excluded potentially informative features, depending on the chosen threshold and arbitration rules. 
Nevertheless, the final subset still supported consistent discrimination between healthy controls and participants 
with stroke in both supervised and unsupervised analyses, indicating practical usefulness despite possible feature 
omissions. Finally, the stroke cohort included acute, subacute, and chronic participants; while this heterogeneity 
may have increased variability and reduced peak performance, it also suggests that the identified features capture 
clinically meaningful aspects of gait across different stages after stroke.

In conclusion, the present study demonstrates the potential of machine learning in identifying key features 
of post-stroke gait dysfunctions. The highlighted features—spatiotemporal features, gait variability and 
trunk movement symmetry, stability, and smoothness—not only enhance our understanding of post-stroke 
gait dysfunctions but also provide practical markers for clinical assessment and rehabilitation. It would be 
beneficial for future work to focus on refining machine learning models to support real-time gait analysis and 
expanding their application in diverse clinical settings, ensuring their integration into personalized and effective 
rehabilitation strategies for patients with stroke and neurological conditions.

Data availability
The data associated with this paper are not publicly available but are available from the corresponding author 
on reasonable request.
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