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Abstract
Background  Forecasting post-stroke rehabilitation outcome is essential to personalize therapeutic strategies. 
Traditional approaches rely on clinical assessment scales, which, while essential, may benefit from complementary 
objective measures. In this direction, robot-assisted assessment offers the unprecedented possibility of precisely 
collecting patients’ physiological signals, enabling a data-driven approach to recovery assessments. Leveraging the 
use of multimodal features collected during assessment sessions performed before and after one month of robotic 
rehabilitation, we developed a machine learning approach to forecast the upper limb (UL) motor recovery in stroke 
survivors after rehabilitation.

Methods  This study evaluated a 4-week rehabilitation program, using both standard physical therapy and the 
ALEx robot to promote UL motor recovery in 11 subacute stroke survivors, compared to 6 healthy individuals. 
Kinematic measures and surface electromyography (sEMG) were collected during a 3D reaching task involving six 
target points. From these tasks, 76 sEMG features, 18 kinematics features and 1 multimodal feature were extracted. 
To forecast the UL motor recovery post intervention, a two-step machine learning approach was devised: a machine 
learning regression model was developed and validated to predict the Fugl-Meyer Assessment for UL (FMA-UL) 
post rehabilitation, whereas an anomaly detection algorithm identified patients who exhibited limited or no motor 
recovery post intervention. The anomaly detection approach used a fully-connected autoencoder that identified 
patients with reduced recovery likelihood. The regression models, optimized via a nested Leave-One-Subject-Out 
approach, guided feature selection and refined hyperparameters to predict FMA-UL scores post intervention.

Results  The optimized regression model achieved an RMSE in predicting the FMA-UL post intervention of 5.45. 
The autoencoder effectively identified patients with reduced recovery potential, showing a higher distribution of 
reconstruction errors for these individuals.
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Introduction
Stroke is the second leading cause of global disability, 
significantly impairing the quality of life of the affected 
individuals, with only 20% of them managing to resume 
their previous professional and personal activities [1, 2]. 
Restoring upper limb (UL) motor functions is crucial for 
stroke survivors, as even minor improvements can sub-
stantially enhance their independence [3, 4].

Intensive training, particularly during the acute phase, 
is essential for promoting functional recovery and pre-
venting complications associated with inactivity [5]. The 
use of exoskeletons and rehabilitation robots has shown 
promising results in supporting the recovery of stroke 
survivors [6, 7]. Although a range of neurorehabilitation 
technologies for promoting UL recovery are available [8], 
predicting which patients will benefit from these tools 
remains a challenge [9]. This prediction largely depends 
on clinical assessment scales, which, despite their limi-
tations, remain the standard for evaluating post-stroke 
motor impairment [10]. For instance, the Fugl-Meyer 
Assessment (FMA) scale – one of the most used tools for 
evaluating post-stroke motor impairment [11] – exhibits 
a certain degree of inter-rater and intra-rater variability 
[12, 13], and is influenced by floor and ceiling effects [14, 
15]. Nevertheless, it continues to serve as a key bench-
mark for both clinical assessments and machine learning 
models.

Therefore, there is a significant need to develop pre-
dictive models to forecast the effectiveness of specific 
rehabilitation interventions. One such model is the pro-
portional recovery rule (PRR), which suggests that most 
stroke survivors typically recover around 70% of their 
initial FMA score [16, 17]. However, this model has pri-
marily been used to predict spontaneous recovery in the 
acute post-stroke phase and, to the best of our knowl-
edge, has not been adapted to predict responses to reha-
bilitative interventions.

Over the past 20 years, the evolution of upper limb 
rehabilitation methodologies has seen an increase in the 
adoption of robotic technologies, particularly exoskel-
etons [18, 19]. These devices not only facilitate patients 
in rehabilitation activities but also offer valuable sup-
port during assessment sessions [20–22], providing pre-
cise kinematic measures, particularly during functional 
tasks such as "reaching and grasping," frequently used in 
post-stroke upper limb rehabilitation [19, 23, 24]. For this 

reason, in this study we adopted a multi-modal approach, 
integrating surface sEMG and kinematic data, extracted 
during clinical assessment using a robotic exoskeleton, 
with the specific goal of predicting upper limb motor 
recovery outcomes.

Studies in the literature that focus on predicting upper 
limb functional recovery, after robotic therapy, are very 
limited. Most rely solely on clinical or kinematic data 
[25–27], and while some have explored EEG data [28, 29], 
the use of sEMG remains particularly scarce. Importantly, 
the few available studies show that sEMG can effectively 
track motor recovery post-stroke [30, 31], which moti-
vated us to investigate whether sEMG may also hold pre-
dictive value in this context with a data-driven approach.

The current literature underexplores the joint poten-
tial of kinematic and electrophysiological information 
captured during robotic-assisted assessments, particu-
larly when combined with machine learning approaches, 
to enhance the understanding of patient progress and 
improve outcome prediction. Our hypothesis is that, 
kinematic data obtained from robotic rehabilitation 
devices, when combined with sEMG data, can form the 
basis for multimodal predictive models aimed at identify-
ing which patients are most likely to benefit from reha-
bilitative interventions. In fact, sEMG and kinematic data 
provide complementary perspectives on motor function: 
sEMG captures the neural drive and muscular activa-
tion patterns that precede movement, while kinematics 
describes the resulting motion [32, 33].

Hence, in this study, we introduce a novel multimodal 
machine learning approach to predict the degree of UL 
motor recovery after standard and robotic therapy with 
the Arm Light Exoskeleton Rehab Station (ALEx RS) [34, 
35]. Our method integrates sEMG and kinematic data in 
a data-driven framework to achieve two objectives: (1) 
to predict changes in FMA-UL scores after four weeks 
of intervention, and (2) to identify patients unlikely to 
benefit from the treatment using anomaly detection tech-
niques. Notably, our models use only data collected dur-
ing the initial visit to forecast outcomes at the end of the 
treatment period.

The focus of this work is on the subacute phase of 
recovery, with the aim of developing a practical tool to 
support physiotherapists in making timely, personalized 
decisions about the most appropriate therapy for each 
patient.

Conclusions  The findings confirm that combining kinematic and sEMG data improves motor recovery assessment. 
The proposed machine learning approach holds potential for aiding clinicians and therapists in identifying patients 
who are more likely to recover UL motor functions before rehabilitation begins. By accurately predicting recovery 
outcomes, this method can help guide the development of personalized therapeutic strategies, optimizing treatment 
planning in advance.

Keywords  Stroke recovery, Machine learning, Rehabilitation robots, Upper limb recovery, Surface EMG, Kinematics
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Materials and methods
Participants
Eleven individuals recovering from stroke were recruited 
(6 females, average age: 61 ± 14 years old; Table 1). All 
participants had an ischemic stroke within the last 2 to 6 
weeks before the experiments, showing right or left-side 
hemiplegia and at least 10◦ of residual movement in their 
shoulder and elbow joints (see Table 1 for details). Addi-
tionally, six neurologically intact individuals (4 females, 
age 58 ± 16 years old) were also included as the con-
trol group, to gather comparable data for evaluating the 
therapy’s outcome. The research was carried out at the 
Neurorehabilitation Unit of the University Hospital of 
Pisa (Cisanello hospital), Italy, and the University Hospi-
tal of Geneva (HUG), Switzerland. Ethical approval was 
obtained from the Commission Cantonale d’Ethique de 
la Recherche (CCER) de Genève in Switzerland and the 
Comitato Etico Area Vasta Nord Ovest (CEAVNO) in 
Pisa. All participants signed informed consent according 
to the requirements of the Declaration of Helsinki.

Experimental set-up
The experimental setup and protocol follow those out-
lined in the study by Pierella et al. [31]. All stroke survi-
vors participated in a four-week training program, which 
included either three 30-minute sessions per week with 
the ALEx robot (10 subjects IDs [01,02,04,05,06,07,08
,09,10,11]) or additional standard physical therapy (ID 
03) (Tab.1). In addition to robot-assisted training, par-
ticipants received standard therapy consisting of two 
30-minute sessions per day, five days a week. The differ-
ence in rehabilitation protocol arises because the par-
ticipants in this study were drawn from a larger research 
project that included multiple rehabilitation groups. All 
participants, regardless of their assigned rehabilitation 
protocol, underwent the same robotic assessments used 
in the current study.

Pre- and post-training assessments were conducted 
in all participants using the ALEx robot (denoted as 
Apre and Apost, respectively) to evaluate the effect of 
the rehabilitation protocol on UL motor functions after 
one month. Control participants underwent the same 
assessment session with ALEx robot, but only once. In 
each assessment session, a physiotherapist administered 
the FMA to the stroke survivors. The upper limb sec-
tion (FMA-UL, ranging from 0 to 66) was used as the 
outcome measure to be predicted with the proposed 
machine learning approach.

Both the robotic assessments and treatment sessions 
with the ALEx robot involved a 3D point-to-point reach-
ing task. In this task, participants were required to reach 
18 targets on the surface of a virtual sphere using their 
impaired arm (see Fig. 1).

They were instructed to reach each target and return 
to the center at a comfortable speed, with visual feedback 
displayed on a monitor in front of them. The spherical 
workspace was aligned with the acromion of the right 
arm, ensuring maximum exploration while accommodat-
ing different body sizes.

During the assessment sessions, participants were 
asked to reach all 18 targets within 30 min, whereas the 
training sessions focused on 8 targets selected by the 
therapist. If participants had difficulty reaching a target, 
the ALEx robot provided assistance using a minimum 
speed profile [35, 36].

For this study, we focused on 6 targets, collected dur-
ing the assessment sessions, which represent the three 
primary movement directions (highlighted in blue in 
Fig.  1): upward and downward, rightward and leftward, 
and toward and away from the body. Only movements 
in which participants were able to actively reach the 
target without assistance from the robot were included 
in the analysis. In each assessment session, participants 
performed 1 to 5 repetitions per target. For each target, 

Table 1  List of participants’ data: age, sex, time since the stroke, FMA-UL scores during the assessment sessions (before the therapy, 
Apre , and after therapy, Apost), type of therapy
 IDs  Age

(years)
 Sex  Time since

stroke
 FMA-UL
Apre

FMA-UL
Apost

 Therapy

01 69 F 4 weeks 49 56 ST + RT
02 34 F 4 weeks 34 46 ST + RT
03 79 F 3 weeks 27 29 ST
04 73 F 6 weeks 59 63 ST + RT
05 64 M 6 weeks 61 62 ST + RT
06 82 F 3 weeks 48 55 ST + RT
07 55 M 3 weeks 18 26 ST + RT
08 65 M 5 weeks 27 45 ST + RT
09 56 M 2 weeks 50 63 ST + RT
10 49 F 2 weeks 60 63 ST + RT
11 43 M 3 weeks 54 62 ST + RT
(standard therapy – ST; standard therapy + robotic therapy – ST+RT)
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participants performed two types of movements: one 
involved reaching the target, and the other involved 
returning to the resting position. Multiple repetitions of 
each movement type were concatenated, creating two 
combined sets of movements per target. Hence, across 
the six targets, this resulted in a total of 12 distinct move-
ment types for each participant.

During these assessment sessions, we recorded the 
sEMG signals from specific upper body muscles and the 
kinematics of the end-effector, from which we extracted 
features to train the predictive machine learning 
algorithms.

sEMG recordings
We recorded the activity of the 15 muscles that most of 
all are involved in arm lifting, reaching, and grasping 
movements [37, 38], as illustrated in Fig.  1: upper tra-
pezius (TRAPS), trapezius medialis (TRAPM), anterior 
deltoid (DANT), medial deltoid (DMED), posterior del-
toid (DPOS), pectoralis major (PECM), latissimus dorsi 
(LAT), infraspinatus (INFRA), rhomboid major (RHO), 
biceps brachii long head (BICL), biceps brachii short 
head (BICS), brachioradialis (BRAD), triceps brachii lat-
eral (TRILA), triceps brachii long head (TRILO), and 
pronator (PRO). The sEMG was recorded with a Noraxon 
Desktop DTS wireless system at 1.5 kHz, using superficial 
Ag-AgCl electrodes (Kendall H124SG, ECG electrodes 

Fig. 1  Overview of the acquisition and pre-processing pipeline: Participants were asked to reach the target shown on the screen in front of them while 
sEMG and kinematic data were collected during the movements. Data were synchronized by a trigger and once collected they were filtered and used for 
feature extraction. The sphere shows all possible reaching targets: highlighted in blue are the 6 targets selected in this study for the analyses, and the type 
of data extracted for each of movement. For each movement, sEMG signals from 15 muscles were collected, filtered, and rectified to extract features such 
as envelopes and synergies. Velocity components were also collected, filtered, and used to derive kinematic features, including velocity, acceleration, jerk, 
end-effector position, and PCA components. Data corresponding to the same movement type were concatenated, resulting in 12 unique movements 
(2 distinct movements for each of the 6 targets)
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30 x 24  mm) after proper skin preparation. Electrodes 
were placed according to the guidelines from the Euro-
pean Community project Surface Electromyography for 
Non-Invasive Assessment of Muscles (SENIAM) [39] and 
anatomical guidelines [40].

Kinematic recordings
To obtain precise and consistent measurements of upper 
limb kinematics during assessment sessions, we used the 
end-effector of the ALEx robot. Robotic exoskeletons 
like ALEx provide high-resolution kinematic data across 
repeated movements, which is essential for quantitatively 
assessing motor performance and recovery in post-stroke 
rehabilitation. ALEx is a CE-certified medical device 
whose measurement capabilities have been validated in 
prior clinical studies [41, 42], supporting its reliability for 
research and clinical applications.

Kinematic data were obtained from the positions of 
the handle, serving as the end-effector of the exoskel-
eton, and were recorded using ALEx during each reach-
ing task. The measurements included the point-to-point 
position and the speed of the handle, sampled at 1 kHz. 
The start and end of each movement were determined 
around the target’s appearance by ALEx’s software on a 
trial-by-trial basis, identifying instances where the veloc-
ity profile of the exoskeleton’s end-effector exceeded or 
dropped below 2% of the local maximum value.

Feature extraction
For each movement, 76 sEMG features, 18 kinematic fea-
tures, 1 multimodal feature and 1 clinical feature were 
extracted: 

1.	 sEMG features: 15 median contractions (Cmed; 
where “contraction” refers to the envelope of the 
sEMG signal of each muscle), 15 mean contractions 
(Cmean), 15 root mean square values contraction 
(CRMS), 15 maximum contractions (Cmax), 15 
weighted mean values of muscle synergies’ 
activation WMEMG, 1 number of muscle synergies 
(N.Synergies).

2.	 Kinematic features: 1 velocity mean value (Vmean), 
1 velocity maximum value (Vmax), 1 velocity root 
mean square value (VRMS), 1 acceleration mean value 
(Accmean), 1 acceleration maximum value (Accmax), 1 
acceleration root mean square value (AccRMS), 1 jerk 
minimum value (Jmin), 1 jerk mean value (Jmean), 1 
jerk maximum value (Jmax), 1 jerk root mean square 
value (JRMS), 1 position end-effector minimum value 
(PEmin), 1 position end-effector mean value (PEmean), 
1 position end-effector maximum value (PEmax), 
1 position end-effector root mean square value 
(PERMS), 3 weighted means of principal component 

weights (WMKin), and 1 number of principal 
components (NComponents).

3.	 Multimodal feature: 1 Gesture Similarity Index GSI.
4.	 Clinical feature: FMA-UL score assessed at Apre.

An in-depth description of the above features is reported 
in the following sections.

sEMG: pre-processing and feature extraction
The raw sEMG signals were detrended and bandpass fil-
tered between 20–400 Hz using a 4th order Butterworth 
filter. Power line noise was eliminated with a 50 Hz notch 
filter. Subsequently, the sEMG signals were mean-cen-
tered, rectified, and then low-pass filtered with a cutoff 
frequency of 5 Hz using a 4th order Butterworth filter to 
obtain envelopes [43, 44]. To mitigate variations in sEMG 
amplitudes caused by electrode placement and to pre-
vent bias against muscles with lower amplitudes during 
synergy extraction, the sEMG signal for each muscle dur-
ing an entire movement, was normalized to its median 
value, calculated individually for each muscle and each 
participant across each session. Median normalization, 
as opposed to using the maximum value, offers better 
robustness to outliers [43]. All trials directed towards 
the same target were concatenated into movements, and 
the following parameters were extracted for each muscle: 
Cmed, Cmean, CRMS, Cmax, and muscle synergies. Muscle 
synergies of each movement, for each participant, were 
identified using the non-negative matrix factorization 
(NNMF) algorithm [45]. This algorithm decomposes the 
sEMG envelope into positive components or synergies, 
organized into two matrices: the HEMG matrix, which 
contains the time course of the synergies, and the WEMG 
matrix, representing the weight of muscle activations in 
each synergy. The product HEMG × WEMG reconstructs 
the original sEMG envelope matrix with minimal error 
[45]. To address the issue of local minima, 50 extraction 
repetitions were performed with different initializations, 
selecting the iteration that explained the highest sEMG 
variance. The minimum number of synergies required 
was determined by employing the variance accounted 
for (VAF) method, setting the threshold at the number 
of synergies where VAF exceeded 95% [43]. The vary-
ing number of synergies for each movement led to the 
creation of WEMG matrices with dimensions s × M , 
where s represents the number of synergies (which var-
ies for each movement), and M is the number of muscle 
channels, consistent across all movements. To enable the 
comparison of WEMG matrices with different numbers 
of synergies, a method was devised to harmonize their 
sizes: 

1.	 For each synergy of the WEMG matrix, a ranking of 
muscle activation coefficients is performed.
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2.	 Each activation coefficient is multiplied by its 
position in the synergy ranking (e.g., the lowest 
coefficient is multiplied by 1, the second by 2, and so 
on).

3.	 The average of the new coefficients, obtained in the 
previous step, is calculated for synergies related to 
the same movement.

This process results in a matrix, WMEMG, of size 1× M  
for each movement, suitable for comparison. In this new 
matrix each element is the result of:

	
WMm =

∑S
s=1 (As,m · ps,m)∑S

s=1 (ps,m)
, m = 1 . . . 15� (1)

where WMm are the weighted mean values of muscle 
m along all its synergies S, As,m is the muscle activation 
coefficient of muscle m and synergy s, ps,m is the ranking 
of muscle m inside the synergy s.

This matrix represents the weighted average of the con-
tributions of each muscle to the synergies of the move-
ment it describes. While a typical average would flatten 
the contribution values, using the rankings as weights for 
the average allowed us to preserve the distinctiveness of 
the muscle contributions within individual synergies.

Kinematics: pre-processing and feature extraction
The raw speed data of the end-effector was lowpass 
filtered at 100 Hz, using a 4th order Butterworth fil-
ter, and then used to derive all kinematic features. The 
velocity magnitude was differentiated twice to calculate 
the acceleration and jerk. Various kinematic features 
were computed, including the tangential velocity, tan-
gential acceleration, and tangential jerk of the handle. 
For each kinematic feature, the mean value (Vmean, 
Accmean, and Jmean, respectively), the maximum value 
(Vmax, Accmax, and Jmax, respectively), the root mean 
square (VRMS , AccRMS , and JRMS , respectively), and 
the minimum value of the jerk (Jmin) were determined. 
Furthermore, measures regarding the interaction with 
the target were considered, such as the distance from 
the target, expressed as “position end-effector” (PE). 
From this, the minimum value (PEmin), the mean value 
(PEmean), the maximum value (PEmax) and the root 
mean square (PERMS) were calculated. The accelera-
tion signal provides rich and dynamic information about 
movement patterns, making it particularly well-suited for 
capturing meaningful variations in motor control [46]. 
Acceleration is also highly sensitive to changes such as 
corrections, hesitations, or jerky transitions, which are 
often indicative of neurological impairments or adap-
tations [47, 48]. In contrast, position and velocity can 
mask these small but critical dynamic changes due to 

smoothing effects, as position accumulates over time and 
averages out fluctuations, and velocity is less sensitive to 
abrupt variations in movement. For these reasons, we 
conducted a more in-depth analysis of the acceleration 
signal by means of Principal Component Analysis (PCA). 
The number of components was chosen to achieve 80% 
of the R2 value. The resulting matrices, WKin and HKin, 
were then used similarly to the NNMF process described 
earlier, computing the matrix WMKin with dimensions 
1x3.

Gesture similarity index (GSI)
By combining WMEMG and WMKin, we computed the 
GSI. This metric was originally developed for telerehabil-
itation purposes for stroke survivors, where an algorithm 
evaluates the similarity between movements performed 
by patients during rehabilitation sessions with their ther-
apists and those performed independently at home dur-
ing exercise sessions [49]. The result is a score indicating 
how similar the participants’ gestures are to those of a 
normative reference group, with greater similarity result-
ing in a higher score. In this work, we chose to repurpose 
the GSI to compare the movements of stroke survivors 
with those of the neurotypical individuals. The metrics 
used for GSI are described below: 

1.	 First, reference values (Ref) were extracted by using 
the WMEMG and WMKin matrices from the 
healthy individuals: 

	

RefEMG =
WMEMGHealthy

N.SynergiesHealthy

RefKin =
WMKinHealthy

N.ComponentsHealthy
· JmeanHealhty

� (2)

	  In these equations, WMEMGHealthy  and 
WMKinHealthy  represent the WMEMG and 
WMKin matrices calculated from the NNMF 
and PCA applied to the sEMG and kinematic 
data collected from healthy control participants. 
N.Synergies is the number of synergies extracted 
through NNMF for the specific movement, 
and N.Components is the number of principal 
components extracted through the PCA for the 
specific movement. JmeanHealthy  represents the 
mean jerk of the reference group and is used to scale 
the reference value in proportion to the smoothness 
of the specific movement.

2.	 Similarly, movement metrics (Mov) were extracted 
from the participants: 
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MovEMG = WMEMGP atients

N.SynergiesP atients

MovKin = WMKinP atients

N.ComponentsP atients
· JmeanP atients

� (3)

	  By including Jmean in both RefKin and MovKin, 
the reference and movement metrics are scaled 
to reflect the smoothness of movements, a 
key indicator of motor control. The mean jerk 
emphasizes the role of movement smoothness in the 
kinematic reference metric, as smooth movements 
are a distinctive sign of healthy motor control 
and a clinically relevant indicator of recovery in 
patients [48]. Individuals with motor impairments, 
such as stroke survivors, often demonstrate jerky 
or irregular movements due to neuromuscular 
deficits [50]. By including jerk characteristics, this 
approach captures differences in movement quality 
between patients and healthy individuals, ensuring 
the similarity comparison accounts for spatial, 
temporal, and smoothness characteristics, providing 
a comprehensive evaluation of movement.

3.	 The similarity score for both the sEMG and the 
kinematics characteristics was then calculated: 

	

GSIEMG = 1 − |RefEMG − MovEMG|
RefEMG

GSIKin = 1 − |RefKin − MovKin|
RefKin

� (4)

4.	 Finally, the cumulative GSI (GSIT OT ) was 
calculated as the average value between GSIEMG 
and GSIKin.

The score ranges from 0 to 1, where higher values indi-
cate greater similarity between the participant’s move-
ments and the reference movements derived from the 
normative group. A score of 1 reflects perfect similarity, 
whereas the score decreases towards 0 with the increas-
ing of discrepancies in the assessed metrics. This score 
captures not only how closely the movements align with 
the normative standard, but also which movements 
deviate most significantly, offering valuable insights for 
designing and optimizing therapeutic interventions.

Machine learning algorithms for recovery prediction
We developed and validated a two-step approach to pre-
dict UL recovery using robotic assessment with ALEx. In 
the first step, we predicted the post-treatment FMA-UL 
score for all patients using the extracted features at Apre. 
We also analyzed the model to improve its explainability, 
identifying the most predictive features. In the second 
step, we automatically identified patients who exhibited 

limited or no recovery after the treatment, therefore flag-
ging cases of non-recovery. To address the class imbal-
ance between non-recoverers (NO − REC), who are 
typically fewer [51, 52], and recoverers (REC), for the sec-
ond step, we employed an anomaly detection approach. 
An outline of the proposed approach is reported in Fig. 2.

We trained and validated multimodal predictive mod-
els that combined sEMG, kinematic, and multimodal 
features, both with and without including the FMA-UL 
score from the initial assessment as an input feature. To 
provide a meaningful comparison - and given that, to the 
best of our knowledge, no existing predictive approaches 
can be directly applied to our dataset - we also devel-
oped two single-modality models: one using only sEMG 
features and another using only kinematic features. This 
enabled a comparative analysis of multimodal versus 
single-modality approaches for predicting post-rehabili-
tation outcomes.

FMA-UL regression
To predict the FMA-UL score following rehabilitation, 
we trained machine learning regression models using 
features extracted from the Apre session to estimate the 
FMA-UL score at Apost. Given the limited sample size, 
we employed a nested leave-one-subject-out cross-val-
idation (LOSO-CV) approach. This framework consists 
of two nested loops: 1) outer loop (for test set selection) 
– one participant at a time (and all their corresponding 
instances) was excluded as the test subject, while the 
remaining participants formed the training set; 2) inner 
loop (for feature selection and model optimization) 
– within the training set, another LOSO-CV was con-
ducted to search the most predictive features and opti-
mize the model hyperparameters using a grid search.

Feature selection  To reduce the feature dimensionality, 
we used two widely adopted feature ranking algorithms: 
minimum redundancy maximum relevance (MRMR) and 
ReliefF [53, 54]. These methods ranked features based 
on their relevance to the outcome variable (FMA-UL at 
Apost) while minimizing redundancy between features. 
For each iteration of the inner LOSO-CV, features were 
ranked using data from the training participants. How-
ever, the effectiveness of the MRMR algorithm decreases 
as the set of features increases, and it also neglects the 
synergistic effects between variables, occasionally leading 
to suboptimal classification results [53]. For this reason, 
we chose to split the selection of the best features based 
on the type of data (sEMG, kinematic, multimodal), to 
make the most of the dataset at our disposal. At the end 
of the inner loop, the frequency with which each feature 
was selected across the iterations was obtained. The two 
most frequently selected sEMG features and the two most 
frequently selected kinematic measures were combined 
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Fig. 2  Two-step machine learning approach to predict UL recovery. a Overall structure of the two steps: FMA-UL regression and anomaly detection. b 
Dataset preparation and cross-validation strategies adopted for both approaches: a nested LOSO-CV for the regression and a Leave-Two-Subject-Out CV 
for the anomaly detection. c Representation of the models used during training, validation and test. d The outcome of both approaches: the prediction 
of the final FMA-UL score at the end of the therapy and the identification of NO-REC participants for the anomaly detection
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with the GSI and FMA-UL at Apre, resulting in a total of 
six features per participant. To identify the optimal fea-
ture set, all possible combinations of subsets of these six 
features (63 combinations in total) were generated and 
evaluated during the inner LOSO-CV.

Model training and validation (Inner LOSO-CV)
Using the selected features, we trained and validated 
three regression algorithms during the inner LOSO loop: 
support vector regression (SVR), multilayer perceptron 
(MLP), and random forest for regression (RF). For each 
algorithm, a grid search was conducted to identify the 
best combination of hyperparameters, specifically:

 	• For SVR: kernel types (linear, radial basis function – 
RBF); Regularization parameter – C (0.001, 0.01, 0.1, 
1, 10, 100, 1000); kernel coefficient – γ (0.001, 0.01, 
0.1, 1, 10, 100, 1000); Epsilon – ϵ ((iqr(Target)/1.349) 
 [0.001, 0.01, 0.1, 1, 10, 100])

 	• For the MLP: number of hidden layers (1, 2, 3); 
number of neurons per layer (5, 10, 15, 20, 25).

 	• For the RF: number of trees (1, 5, 10, 20, 50, 100, 
1000).

For each combination of features and hyperparameters, 
the model predicted the FMA-UL score at Apost for the 
validation participant left out in the inner loop. Addi-
tionally, two feature set configurations were evaluated: 
(1) Models including the FMA-UL Apre feature, and 
(2) Models excluding the FMA-UL Apre feature. This 
dual evaluation ensured that the model’s predictive per-
formance could be assessed both with and without the 
inclusion of the initial FMA-UL score, providing insight 
into the influence of prior functional status on predic-
tions. The two models were further compared against two 
other predictive models trained exclusively with sEMG 
data and kinematic data, respectively. These comparisons 
aimed to provide a further evaluation of the multimodal 
approach against the single modalities. The root mean 
square error (RMSE) between the predicted and actual 
Apost FMA-UL scores was calculated for each movement 
in the training set to evaluate the model’s performance.

Final evaluation (Outer LOSO-CV)  The model con-
figuration (algorithm, hyperparameters, and feature set) 
yielding the lowest RMSE during the inner LOSO-CV was 
selected as the optimal model for predicting the left-out 
participant’s FMA-UL score in the outer loop. Predictions 
were made for all movements performed by the test par-
ticipant, and the average predicted FMA-UL score was 
compared to the actual Apost score, using the RMSE. This 
approach was repeated for all participants, ensuring that 
each participant served as the test subject exactly once.

Anomaly detection
The use of anomaly detection approaches is based on two 
key hypotheses: (1) there is typically a class imbalance, 
with NO-REC individuals being fewer than REC ones 
[51, 52]; and (2) the data distribution of NO-REC partici-
pants differs significantly from that of REC participants.

Considering the significant class imbalance of our data-
set, where NO-REC participants are much fewer than 
REC ones, a one-class classification strategy is more 
appropriate than binary classification. Such a framework 
consists in training the model exclusively on the majority 
class (REC participants), effectively learning the charac-
teristics of this group, and then treating deviations from 
this learned pattern as anomalies (NO-REC participants).

To investigate these hypotheses, we developed a fully 
connected autoencoder to reconstruct the feature set 
obtained from the movements performed by participants 
during the Apre session. Exploiting the error between the 
input feature set and the reconstructed one, we sought to 
detect NO-REC participants, who should exhibit higher 
reconstruction errors.

Dataset preparation  To define the two classes in the 
anomaly detection framework, we plotted each partici-
pant on a plane (see Fig. 3), with the horizontal axis rep-
resenting the remaining potential for improvement (66 
- FMA-UL Apre) and the vertical axis representing the 
Delta FMA-UL (difference between FMA-UL Apost and 
FMA-UL Apre).

We based the distinction between REC and NO-REC 
participants on the proportional recovery rule (PRR), 
taking inspiration from it and therefore considering 
recovery relative to each participant’s remaining poten-
tial rather than baseline severity alone. Although the PRR 
has known limitations and has been critically discussed 
in the literature [55, 56], it remains an empirically sup-
ported framework for describing recovery patterns, par-
ticularly in patients with moderate to severe baseline 
impairment [16, 57].

Clustering was performed using the k-means algo-
rithm, which grouped participants based on the differ-
ence between their initial and post-intervention FMA 
scores. The algorithm iteratively assigned participants to 
2 clusters and adjusted the cluster centers until conver-
gence. To ensure stability and reduce the risk of converg-
ing to local minima, the k-means clustering was repeated 
100 times with different random initial centroids, and 
the best clustering solution (minimizing within-cluster 
variance) was selected. This process identified two par-
ticipants (ID03 and ID07) as NO-REC, characterized by 
limited recovery, and a larger group of participants (REC) 
exhibiting more improvements.
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Autoencoder architecture  We developed a fully con-
nected autoencoder with two main components: an 
encoder, which compresses the input data into a latent-
space representation, and a decoder, which reconstructs 
the input data from this compressed representation 
[58]. Two versions of the model were implemented: one 
including the FMA-UL score assessed at Apre, and one 
excluding it. The input data consisted of the full feature 
set: sEMG, kinematic, and multimodal features, with or 
without the FMA-UL Apre score. This resulted in an input 
layer of dimensionality 96 for the model that included 
FMA-UL Apre, and dimensionality 95 for the model that 
excluded it. During the validation phase, we optimized 
the two autoencoders by testing various combinations 
of hyperparameters, such as the number of hidden lay-
ers, the number of nodes per layer, the activation function 
and the optimizer. The tested hidden layer configurations 
were:

 	• Encoder: [32, 16]; Decoder: [16, 32]
 	• Encoder: [64, 32, 16]; Decoder: [16, 32, 64]
 	• Encoder: [64, 32, 16, 8]; Decoder: [8, 16, 32, 64]

with the number of units in the hidden layers specified in 
square brackets. We evaluated two activation functions, 
ReLU and tanh, and used both Adam and RMSprop opti-
mizers, each configured with a learning rate of 0.001. 
The training process was carried out for 50 epochs with 
a batch size of 16, and the Mean Squared Error (MSE) 
was used as the loss function to assess the reconstruction 

quality. Since the initial clustering was based on FMA-UL 
Apre and FMA-UL Apost, and FMA-UL Apre serves as a 
predictive feature for the autoencoder, we built models 
with the same architecture and features, excluding FMA-
UL Apre, to assess potential bias.

Training-validation strategy  We implemented a nested 
cross-validation approach to optimize and evaluate the 
performance of the fully connected autoencoder. This 
process comprised two levels: (1) Outer Loop (test set 
selection) – the test set consisted of the two NO-REC 
participants and two randomly selected REC participants, 
whereas the remaining seven REC participants were used 
for training and validation; (2) Inner Loop (hyperparam-
eter tuning) – within the training and validation set, a 
LOSO-CV was performed on the seven REC participants 
to identify the optimal hyperparameters of the autoen-
coder. The autoencoder’s performance during validation 
was evaluated using the MSE between the input feature 
array and the reconstructed array. This metric guided the 
selection of the best combination of hyperparameters.

Final model evaluation  The best-performing hyperpa-
rameters from the inner LOSO-CV were used to train the 
autoencoder on all 7 REC participants. The model was 
then tested on the four held-out participants (2 REC and 
2 NO-REC). To assess the model’s robustness, this pro-
cess was repeated by randomly selecting different pairs 
of REC participants for the test set, ensuring all possible 
combinations were covered. This resulted in 36 unique 

Fig. 3  Visualization of the clustering of the participants according to their FMA-UL score with the horizontal axis representing the remaining potential for 
improvement (66 - FMA-UL Apre) and the vertical axis representing the Delta FMA-UL (difference between FMA-UL Apost and FMA-UL Apre)
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test sets, allowing for a comprehensive evaluation of the 
model under various conditions.

To classify REC and NO-REC participants, we used 
the root mean squared error (RMSE) of the reconstruc-
tion for the movements of the four test participants. 
A threshold was set at the 50th percentile of the sorted 
RMSE values: movements with RMSE in the upper half 
of the distribution were classified as NO-REC (indicating 
a higher error and a greater deviation from the REC dis-
tribution), while those with RMSE in the lower half were 
classified as REC. A test participant was flagged as NO-
REC if at least half of their movement repetitions were 
classified as NO-REC.

Statistical analysis
The regression RMSEs of the predicted FMA-UL Apost 
scores on the test set were evaluated under four condi-
tions: (1) multimodal approach including FMA-UL Apre 
as an input feature (Multimodal with FMA), (2) multi-
modal approach excluding FMA-UL Apre (Multimodal 
without FMA), (3) single-modality approach using only 
sEMG features (sEMG-only), and (4) single-modality 
approach using only kinematic features (Kinematic-only). 
For each condition, the Shapiro–Wilk test was applied 
to assess the normality of RMSE distributions. As some 
distributions did not meet the normality assumption, we 
used a non-parametric Friedman test to examine overall 
differences across the four groups. When the Friedman 
test indicated significance (p < .05), post-hoc pairwise 
comparisons were performed using Nemenyi’s Critical 
Difference (CD) test to identify which model(s) achieved 
the lowest prediction errors.

Results
FMA-UL regression
We first developed a cross-validated machine learn-
ing regression model able to predict the FMA-UL Apost 
based on kinematic, sEMG and clinical data. At the con-
clusion of the inner validation loop, the features, mod-
els, and hyperparameters that minimized the RMSE in 
predicting the FMA-UL Apost were recorded for each 
participant.

Best features used
The features used by the best-performing models are 
shown in Fig.  4a, which compares the features selected 
by multimodal models that included FMA-UL Apre 
with those that excluded it. In multimodal models that 
included FMA-UL Apre, the most frequently used fea-
tures were Cmed BRAD (5/11), GSI (8/11), Jmean (9/11), 
and FMA-UL Apre itself (10/11). In contrast, formulti-
modal models that excluded FMA-UL Apre, the most 
frequently used features were Jmean (5/11), Cmed BRAD 
(7/11), and GSI (8/11).

Figure 4b compares the features selected by the sEMG-
only and kinematic-only models. Among the sEMG-only 
models, the most frequently selected feature was Cmed 
BRAD (5/11). For the kinematic-only models, the most 
commonly selected feature was Jmean (8/11).

Best models used
For multimodal models that included FMA-UL Apre in 
the feature set, participants ID 04, ID 05, ID 09, ID 10, 
and ID 11 achieved the best results using MLP models. 
In contrast, participants ID 01, ID 02, ID 03, ID 06, ID 07, 
and ID 08 performed best with SVR models. For multi-
modal models trained without including FMA-UL Apre 
in the feature set, participants ID 03 and ID 04 achieved 
the best results with SVR models. All other participants 
achieved their best performance with MLP models. The 
list of hyperparameters used for each model is shown in 
Table 2.

For the sEMG-only models, participants ID 01, ID 03, 
and ID 06 achieved the best results using SVR models, 
while participants ID 02, ID 04, ID 05, ID 07, ID 08, ID 
09, ID 10, and ID 11 performed best with MLP models. 
Regarding the kinematic-only models, participants ID 
02, ID 06, ID 07, ID 08, ID 09, and ID 11 obtained their 
best results using SVR models, whereas participants ID 
01, ID 03, ID 04, ID 05, and ID 10 performed best with 
MLP models. The specific hyperparameters used for each 
model are detailed in Table 3.

Statistical results
For each test participant in the outer loop of the LOSO-
CV, the optimal hyperparameters identified during the 
inner loop were used to train the best regression model. 
This trained model was then applied to predict the FMA-
UL Apost scores based on the movements of the left-out 
test participant. The predicted scores were subsequently 
compared to the actual FMA-UL Apost scores.

Figure  5a presents and compares the predicted 
scores for each model with the actual FMA-UL scores 
for all participants. The median RMSE was 4.0 (inter-
quartile range-IQR = 3.5) for multimodal model that 
included FMA-UL at Apre, 7.0 (IQR = 12.5) for mul-
timodal model trained excluding FMA-UL at Apre, 4.0 
(IQR = 4.0) for sEMG-only model, 8.0 (IQR = 9.5) for 
kinematic-only model.

Due to the violation of normality distribution of the 
RMSEs in at least one group, a non-parametric Fried-
man test was used to assess overall differences in RMSE 
distributions across the four models. The test did not 
reveal statistically significant differences (χ2 = 1.69, 
p = 0.64), as a result, no post-hoc pairwise comparisons 
were conducted.

As no significant differences were found among the 
four methods, we applied a tiebreaker rule by computing 
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the percentage of participants for whom the RMSE was 
less than or equal to the minimal clinically important 
difference for the Fugl-Meyer upper limb assessment 
(MCID = 12.4) [59]. We found that the percentage of 
participants with an error below this value was 90.91% 
for multimodal model including FMA-UL Apre, 63.64% 
for multimodal model excluding FMA-UL Apre, 81.82% 
for sEMG-only model, and 72.73% for kinematic-only 
model.

Anomaly detection
We cross-validated a fully connected autoencoder, with 
the intention of flagging non-recoverer stroke survivors, 
therefore determining which predictions from the regres-
sion model could be considered as unreliable. At the 
conclusion of the validation loop, 36 autoencoder con-
figurations were obtained, each one corresponding to an 

independent test set comprising 2 NO-REC and 2 REC 
participants.

The hyperparameters optimized during the validation 
phase were used to retrain each model, enabling anom-
aly detection on the test sets. Each test participant per-
formed 12 distinct movements, resulting in a total of 48 
reconstructed movements per test set.

The reconstruction RMSEs for the 48 movements were 
ranked in descending order. A threshold was set at the 
median RMSE value for each test set: movements with 
RMSEs above the median were labeled as NO-REC (indi-
cating higher reconstruction error, therefore an anom-
aly), while those below the median were labeled as REC 
(indicating lower reconstruction error, therefore closer to 
the training sample). A test participant was classified as 
NO-REC if at least half of their movements were labeled 
as NO-REC based on this threshold.

Fig. 4  a List of features used in the best performing multimodal models, both when FMA-UL Apre was included and when it was excluded, grouped 
according to the type (sEMG, kinematic or multimodal). b List of features used in the best performing models when using exclusively sEMG data and kine-
matic data, grouped according to the type. The bar graphs show the occurrence of each feature for each model, the most used ones are highlighted in red
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To evaluate the performance of this classification 
approach, we calculated the number of true posi-
tives, true negatives, false positives, and false negatives 
for each test set. These results were aggregated into a 
cumulative confusion matrix across all 36 test sets, as 
shown in Fig. 5b, more specifically: on the left is shown 
the confusion matrix of the model trained using FMA-
UL Apre, on the right the model trained without using 
FMA-UL Apre. Using this approach, we achieved a 
global F1-score of 0.985 for the model that included 
FMA-UL Apre while the model rained excluding this 
feature obtained a global F1-score of 0.94. In both cases, 
the method successfully classified nearly all test partici-
pants, with REC participants misclassified only 2 out of 
72 instances as NO-REC in the first case, and 8 out of 72 
misclassified REC instances in the second. Additionally, 
the average RMSE for each test participant (calculated 
across their 12 movements) was plotted for all 36 test 
sets (Fig. 5c), with the model trained with FMA-UL Apre 
among their features on the left and those that didn’t 
include it on the right. The plot of our multimodal mod-
els demonstrates a clear separation between the RMSEs 
of REC and NO-REC participants for both families of 
models. This result highlights the feasibility of using 
anomaly detection to identify stroke survivors who are 
less likely to benefit from rehabilitative interventions.

Discussion
This study highlights the potential of combining regres-
sion models with anomaly detection techniques to pre-
dict UL motor recover post-stroke using robot-assisted 
assessment. A key strength of this study is its novel inte-
gration of a two-step prediction, combining machine-
learning models for regression with fully connected 
autoencoders for anomaly detection. This combination 
of methodologies allowed us to estimate the post-reha-
bilitation outcome, identify patients who are not going 
to experience improvements after therapy, therefore 
flagging cases for which predictions can be considered 
unreliable. This a priori information may enable the 
development of more personalized rehabilitation plans, 
tailored to the specific needs of individual patients. There 
are few studies in the literature that focus on predict-
ing upper limb functional recovery following robotic 
therapy. Many rely solely on clinical or kinematic data 
[26], while others have opted for EEG data [29]. Studies 
incorporating sEMG are particularly scarce and are typi-
cally used for evaluation rather than prediction [30, 31]. 
Our work aimed to integrate data from multiple sources 
in a multimodal approach, providing a more comprehen-
sive analysis of participants and enabling more accurate 
predictions.

Table 2  List of models and hyperparameters used by each 
participant for both cases: with and without FMA-UL APRE as a 
training feature
Multimodal with FMA Multimodal without FMA
ID Model Model’s 

Hyperparameters
Model Model’s 

Hyperparameters
ID1 SVR rbf, C = 100, 

γ = 1, ϵ = 0.013343
MLP [15, 10]

ID2 SVR rbf, C = 100, 
γ = 1, ϵ = 0.13343

MLP [5, 25, 20]

ID3 SVR linear, C=1000, 
γ = 1, ϵ = 1.2602

SVR linear, C=1000, 
γ=0.1, ϵ = 0.12602

ID4 MLP [20, 15, 25] SVR linear, 
C = 100, γ = 0.1, 
ϵ = 0.012602

ID5 MLP [25, 10, 25] MLP [10, 25, 20]
ID6 SVR linear, C = 100, 

γ = 1, ϵ = 0.013343
MLP [5, 5, 15]

ID7 SVR linear, C = 100, 
γ = 1, ϵ = 0.12602

MLP [20, 10]

ID8 SVR linear, C = 100, 
γ = 1, ϵ = 0.12602

MLP [25, 10, 25]

ID9 MLP [5, 25, 25] MLP [5, 25, 25]
ID10 MLP [15, 5, 20] MLP [25, 5, 25]
ID11 MLP [20, 5, 20] MLP [5, 10, 15]

Table 3  List of models and corresponding hyperparameters 
used for each participant in the best-performing sEMG-only and 
kinematic-only models
sEMG-only Kinematic-only
ID Model Model’s 

Hyperparameters
Model Model’s 

Hyperparameters
ID1 SVR rbf, 

C = 100, γ = 1, 
ϵ = 0.013343

MLP [5, 10, 10]

ID2 MLP [5, 25] SVR rbf, C = 100, 
γ = 1, ϵ = 0.13343

ID3 SVR linear, 
C = 1000, γ = 1, 
ϵ = 1.2602

MLP [25, 25, 25]

ID4 MLP [20, 15, 25] MLP [25, 20, 10]
ID5 MLP [25, 10, 25] SVR rbf, C = 100, 

γ = 1, ϵ = 1.3343
ID6 SVR linear, 

C = 100, γ = 1, 
ϵ = 0.013343

SVR linear, C = 100, 
γ = 1, ϵ = 0.13343

ID7 MLP [5, 20, 15] SVR linear, C = 100, 
γ = 1, ϵ = 0.12602

ID8 MLP [25, 25, 5] SVR linear, C = 100, 
γ = 1, ϵ = 0.12602

ID9 MLP [5, 25, 25] SVR linear, C = 100, 
γ = 1, ϵ = 1.2602

ID10 MLP [5, 10, 15] MLP [15, 5, 20]
ID11 MLP [20, 5, 20] SVR rbf, C = 100, 

γ = 1, ϵ = 0.13343



Page 14 of 20Privitera et al. Journal of NeuroEngineering and Rehabilitation           (2026) 23:31 

Models’ performance
The multimodal model for FMA-UL Apost regression 
that included FMA-UL Apre as a feature achieved a 
median RMSE of 4.00 (IQR = 3.5), whereas the multi-
modal predictive model that excluded this feature had 
a higher median RMSE of 7.00 (IQR = 12.5). Examining 
the performance for individual patients, in the first case, 

the prediction error remained well below the MCID for 
all participants except ID 07. The RMSE values were [7, 
4, 6, 3, 4, 7, 20, 2, 0, 3, 4], with ID 07 showing the highest 
error at 20. This shows how the model performed highly 
effectively and made accurate predictions of therapy 
outcomes.

Fig. 5  a Comparison of FMA-UL scores across all participants. For each participant, six bars are shown: the FMA-UL scores at Apre and Apost, the scores 
predicted by the multimodal models using the best combination of features with and without the Apre score, and the scores predicted by the sEMG-only 
and kinematic-only models. Participants with anomalous recovery are highlighted in red. b Confusion matrices, for anomaly detection classification, of 
the models trained with and without the inclusion of the FMA-UL Apre score. c Distribution of reconstruction RMSEs from the best-performing autoen-
coders, tested with and without the FMA-UL Apre score
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In contrast, when FMA-UL Apre was not included, the 
prediction error was generally higher. The RMSE values 
in this case were [7, 20, 23, 4, 4, 3, 8, 21, 13, 0, 4], with 
ID 02, ID 03, ID 08, and ID 09 exceeding the clinically 
important difference threshold. The largest error was 
observed for ID 03, with an RMSE of 23. While the model 
still demonstrated predictive efficacy, its accuracy was 
lower, demonstrating how the combined use of kinematic 
and sEMG data, used in a data-driven approach, adds 
predictive value to the FMA for recovery after robotic 
rehabilitation.

The sEMG-only model achieved a median RMSE of 
4.00 (IQR = 4.00), which is comparable to the multi-
modal model including FMA-UL Apre. The RMSE values 
were [7, 20, 2, 3, 4, 7, 40, 6, 3, 3, 4], with IDs 02 and 07 
exceeding the MCID threshold. While errors were gen-
erally comparable to those of the multimodal model, IDs 
02 and 07 showed significantly higher errors than when 
FMA-UL Apre was included. This suggests that although 
sEMG captures relevant motor activity, it lacks sufficient 
predictive power when used on its own.

The kinematic-only model showed the weakest perfor-
mance among all trained models, with median RMSE val-
ues of 8.00 (IQR = 9.50). RMSE values were [6, 15, 37, 3, 
1, 3, 31, 8, 10, 3, 8], with IDs 02, 03, and 07 consistently 
above the MCID threshold. These results indicate that 
kinematic model struggle to achieve reliable predictive 
performance on their own.

Although some models exhibited similar median 
RMSE, substantial differences were observed in mean 
performance and participant-level consistency; however, 
these differences did not reach statistical significance. 
At the individual level, the FMA-inclusive multimodal 
model and the sEMG-only model both achieved the low-
est median RMSE (4.00), but their mean RMSE values 
differed considerably (5.45 vs. 9.00, respectively). To fur-
ther differentiate model performance, we calculated the 
percentage of participants with RMSE ≤ MCID: 90.91% 
for multimodal model including FMA-UL Apre, 63.64% 
for multimodal model excluding FMA-UL Apre, 81.82% 
for sEMG-only model, and 72.73% for kinematic-only 
model. These results suggest that a multimodal approach, 
integrating sEMG and kinematic data, provides the most 
accurate and reliable predictions and that these two 
modalities complement and enrich the Fugl-Meyer score 
in forecasting UL recovery post-rehabilitation.

The anomaly detection models, a novel feature of this 
approach, demonstrated outstanding performance, 
achieving an overall F1 score of 0.985. This method effec-
tively distinguished between patients who were more 
likely to benefit from therapy (REC) and those with a 
lower response (NO-REC). Setting the threshold at the 
50th percentile, determined empirically without the need 
for fine-tuning, allowed for a clear distinction between 

the two groups. This approach allowed the identification 
of participants with limited or uncertain recovery predic-
tions, such as IDs 03 and 07, who had the highest pre-
diction errors in the regression phase and were flagged as 
potential outliers. These findings support our hypothesis 
that a two-step predictive approach enhances the overall 
assessment of stroke patients, helping clinicians iden-
tify individuals who may not respond as expected to the 
selected therapy.

This result not only confirms the feasibility of integrat-
ing autoencoders with sEMG and kinematic data but also 
establishes reconstruction errors as a robust indicator of 
patient response to therapy. By offering a more compre-
hensive assessment of therapy outcomes, this approach 
strengthens confidence in the predicted recovery of REC 
patients while highlighting the need for caution when 
interpreting predictions for NO-REC patients.

These findings highlight the potential of the proposed 
framework to support clinical decision-making in reha-
bilitation. One of the persistent challenges in stroke care 
is selecting the most suitable therapeutic approach for 
each patient. A data-driven tool capable of predicting 
recovery outcomes before the intervention could assist 
clinicians in tailoring therapies more effectively. By ana-
lyzing a patient’s initial sEMG and kinematic data, the 
system could provide early insights into which avail-
able therapies are more or less likely to yield meaningful 
improvements, potentially including estimated gains on 
clinical scales. For instance, participant ID03, classified 
as a non-recoverer (NO-REC) following a non-robotic 
therapy, might have achieved better recovery with an 
alternative intervention. This example suggests that 
recovery potential is not absolute but may vary depend-
ing on the therapeutic pathway chosen. To realize this 
vision, dedicated predictive models would need to be 
trained for each type of therapy, enabling a personalized 
rehabilitation strategy. While the development of such 
therapy-specific models is complex, it represents a valu-
able direction for future research aimed at optimizing 
outcomes and resource allocation in stroke rehabilitation.

Key predictors
These results highlight the critical role that FMA-UL 
Apre still plays in improving predictive accuracy for 
motor recovery but also reveal new key variables such as 
median brachioradialis contraction (Cmed BRAD), mean 
jerk (Jmean), and GSI, all of which consistently emerged as 
critical predictors in the best-performing models. These 
features, partly electromyographic and partly kinematic, 
highlight not only their critical relevance in predict-
ing upper limb motor recovery in stroke patients, but 
also the need for a multimodal approach. By analyzing 
upper limb movement from multiple perspectives, this 
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approach allows for more comprehensive assessments 
and more precise predictions.

Interestingly, the sEMG-only model, which predomi-
nantly relied on brachioradialis activity (frequently 
selected as a key feature), achieved a median RMSE of 
4.00, comparable to the performance of the multimodal 
model that included FMA-UL Apre. This underscores 
the strong predictive power of sEMG features and high-
lights the brachioradialis muscle as a critical predictor 
of stroke recovery. The brachioradialis is a well-known 
and easily analyzed muscle that plays a critical role in 
forearm function and is involved in various upper limb 
activities, including elbow movements, supination and 
pronation, and elbow stabilization during rapid flexion 
and extension [60–62]. The results confirm its value as 
a key predictor variable, aligning with previous research 
and suggesting that recovery outcomes can be effectively 
predicted using fewer sensors than initially anticipated.

Another significant insight from this study is the criti-
cal role of kinematic smoothness as a predictor of stroke 
recovery. The Jmean feature was among the most fre-
quently selected kinematic variables, confirming its clini-
cal relevance. However, kinematic-only model, showed 
the worst regression performance, achieving a median 
RMSE of 8.00 (IQR = 9.5) and several participants 
exceeding the MCID threshold. This highlights the limi-
tations of using either kinematic or clinical features alone 
and underscores the need for multimodal integration to 
improve predictive accuracy.

Equally noteworthy is the importance of GSI, intro-
duced here as a novel metric for predicting recovery. GSI 
captures key aspects of muscle contraction and move-
ment fluidity, providing a more multidimensional and 
comprehensive assessment of a patient’s progress. Origi-
nally conceived as a simple measure of movement quality 
during home exercises, the results of this study demon-
strate that the GSI has exceptional potential to predict 
the effectiveness of therapeutic interventions, highlight-
ing the value of a multimodal approach to stroke patient 
assessments. Its utility could be further expanded by 
identifying the optimal combination of muscles, includ-
ing the brachioradialis, to predict upper limb recovery 
with even greater accuracy. For example, our findings 
indicate that, among the fifteen muscles originally ana-
lyzed, only four, namely the brachioradialis (BRA), dorsal 
posterior (DPOS), biceps (BICS), and rhomboid (RHO), 
were selected across all sEMG-only models, with the 
BRA being the most frequently used. This would lead to 
a reduction in the number of sensors used, which would 
improve the practicality and cost-effectiveness of rehabil-
itation monitoring in clinical settings.

These results indicate that, although sEMG and kine-
matic data each provide valuable insights into movement 
quality, neither modality alone offers sufficient predictive 

power. In contrast, integrating both feature types within 
multimodal models achieved the most accurate and reli-
able predictions.

Limitations and future work
We recognize the limitations in our work. The small 
dataset is a major constraint, potentially impacting on 
the generalizability of the findings. While the use of 
nested leave-one-subject-out cross-validation helped 
estimate robust predictions, a larger and more diverse 
dataset would allow for more generalized validation and 
improve model reliability across diverse patient popula-
tions. Unexpectedly, no significant statistical difference 
was observed between regression multimodal models 
with and without the inclusion of FMA-UL Apre, despite 
the superior performance of the model incorporating this 
feature. This suggests that with a larger dataset, multi-
modal models excluding FMA-UL Apre could achieve 
similar levels of predictive accuracy. This finding high-
lights the potential for alternative predictors that do not 
rely on clinical scales but complement them to provide a 
more nuanced understanding of the optimal rehabilita-
tion pathway for each patient.

Regarding anomaly detection, the model can distin-
guish and classify the two groups of participants with 
excellent accuracy, but it is also fair to point out that 
many of the values obtained during the testing phase 
are very close to the threshold found, both by the RECs 
and the NO RECs. This could also be due to an overfit-
ting problem with the model, although with a different 
effect than seen in regression. For anomaly detection 
to work effectively, the model needs to be overfitted to 
a single category, allowing it to better recognize devia-
tions as anomalies. Although the percentage of anomalies 
(20 − 30%) is in line with the results of other studies [51, 
52], the use of only seven REC participants as a training 
base, despite the precautions taken by using all possible 
combinations for training and testing, may still not be 
enough for obtaining an optimal performance. We tried 
to mitigate this issue by applying a majority vote on the 
classification of individual movments: if at least six of the 
twelve movements were classified as NO REC, the sub-
ject was labeled as NO REC; otherwise, they were clas-
sified as REC. This approach refined the classification 
process, reducing overlap between the result distribu-
tions of the two groups and more clearly separating them. 
However, a larger dataset with more REC participants 
would allow a better fitting of the model to this group 
and could further clarify the observed distinctions, even 
with the current limited data. It should also be noted 
that the initial grouping of the two models, REC and NO 
REC, was based on clustering using FMA-UL Apre and 
FMA-UL Apost values. While this approach could inad-
vertently lead to bias, we attempted to assess this issue by 
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training two families of models with the same architec-
ture but trained using different features, specifically, with 
and without FMA-UL Apre. The results showed that both 
model families performed similarly, though those trained 
without FMA-UL Apre had slightly worse performance 
and similar RMSE distributions. While this disparity 
suggests a difference in model performance, it does not 
directly confirm bias. A larger dataset could offer more 
conclusive insights into potential bias.

Another limitation of our study is the lack of EEG data 
for analysis, as found in other studies [63], which could 
have provided more in-depth information on the recov-
ery of participants during the 4 weeks of therapy. Future 
work should incorporate these data to assess how their 
inclusion might impact the performance of the multi-
modal models.

Another important consideration is that difficulty in 
reaching targets may stem not only from motor impair-
ments but also from unfamiliarity with the ALEx robotic 
system. Although all participants received standardized 
instructions, a learning effect cannot be ruled out. The 
current dataset does not allow us to assess this impact. 
Future studies should include dedicated familiarization 
sessions, as suggested by [64], to better isolate motor def-
icits from adaptation effects.

Future studies could also explore the development of 
multimodal models that rely on a reduced set of sensors, 
incorporating sEMG data from the four most important 
muscles we found (brachioradialis (BRA), dorsal poste-
rior (DPOS), biceps (BICS), and rhomboid (RHO)), jerk 
as the sole kinematic feature, the GSI calculated from this 
specific set of muscles and jerk, and FMA-UL Apre. Com-
paring the performance of such sensor-efficient models 
with the current results could help assess the feasibil-
ity of using fewer sensors, potentially reducing patient 
stress and minimizing setup time for both patients and 
physiotherapists.

Conclusions
In conclusion, this study demonstrated that integrating 
machine learning approaches for regression and anomaly 
detection with sEMG and kinematic data significantly 
help the prediction of UL recovery post rehabilitation 
using robotic-assisted assessment in stroke survivors. 
The combined use of data-driven predictive models 
with anomaly detection can be a valuable aid to clini-
cians, enabling them to personalize the individual recov-
ery journey and maximize the therapeutic outcomes by 
targeting the most appropriate interventions for each 
patient.

Despite its promising results, the study highlighted the 
need to evaluate the predictive model with larger and 
more diverse patient populations. The anomaly detection 
method has the potential to be applied to many different 

types of therapies, including non-robotic rehabilitation 
approaches, offering broader utility in clinical practice. 
Furthermore, the role of GSI and its relationship with 
other established metrics require further exploration 
to fully understand its potential as a primary indicator 
of recovery. Future research should focus on address-
ing these gaps by expanding the dataset, incorporating 
patients from different therapeutic settings, and validat-
ing the model in broader scenarios. These efforts will 
help assess its generalizability and robustness, paving the 
way for a versatile tool that supports personalized reha-
bilitation strategies in various settings.
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