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ABSTRACT

Electroencephalography (EEG) has shown promise in assessing and monitoring functional recovery in stroke survivors, but its utility in
predicting upper limb motor recovery in a data-driven framework remains underexplored. This study presents a novel EEG-based machine-
learning model, StrokeRecovNet, developed to predict motor recovery outcomes based on the upper extremity subscale of the Fugl-Meyer
Assessment (FMAUE). StrokeRecovNet is a feed-forward neural network optimized for regression tasks, leveraging 221 candidate EEG bio-
markers, spanning spectral and functional connectivity domains, along with baseline clinical information. These inputs are used to predict
follow-up FMAUE scores in stroke survivors who underwent standard rehabilitative protocols. We validated our pipeline on two indepen-
dent datasets of patients in the acute and subacute post-stroke phases. StrokeRecovNet consistently outperformed the proportional recovery
rule (PRR), a standard benchmark based on initial impairment, in predicting FMAUE scores in the subacute stage (median absolute error,
MAE: StrokeRecovNet = 5.85, PRR = 19.00). Incorporating support data from the subacute dataset led to improved predictive performance
in the acute sample (MAE: StrokeRecovNet =5.87, PRR = 8.80), whereas the model trained solely on the acute data did not (MAE: 13.74).
Key features contributing to the model’s success included brain symmetry indices and functional connectivity measures, evolving across
recovery stages. These findings demonstrate the potential of EEG-based biomarkers to predict individual recovery trajectories. This work
introduces a novel, data-driven approach to forecasting upper limb recovery using EEG and suggests that EEG data from the subacute stage,
which is more readily available in clinical settings, can enhance early predictions, paving the way for personalized post-stroke rehabilitation
strategies.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (https://
creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0287165
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I. INTRODUCTION

Stroke is a major cause of disabilities worldwide, leading yearly to
the loss of 143 x 10° disability-adjusted life years." Although early
treatment of stroke impairment may take advantage of a time window
of increased brain plasticity,” almost 75% of stroke survivors still suffer
from chronic disabilities,” affecting mainly their motor functions.” In
this context, upper extremity (UE) impairments are among the most
common consequences of stroke, affecting up to 80% of stroke survi-
vors,” with a huge negative impact on people’s quality of life and social
participation.” ® To optimize the UE rehabilitation process, therapies
should consider both the patient’s specific needs and the neurological
processes behind them. In this direction, tools that can predict patients’
ability to recover UE functions are essential to determine the type,
duration, and goal of the rehabilitation.”

Clinical evidence suggests that the Fugl-Meyer Assessment for
the UE (FMAUE)'" is a strong predictor of the longitudinal outcome a
few months after the stroke onset.'"'* This principle follows the
so-called proportional recovery rule (PRR) that states that throughout
the subacute phase after stroke, most patients recover approximately
70% of their total UE function."” The PRR suggests that severe hemi-
paretic patients typically regain a substantial portion of their lost UE
function during the first 3 months post-stroke, largely reflecting the
natural recovery trajectory rather than the specific effects of neurore-
habilitation. Although the PRR may not be able to identify the entire
complexity of recovery patterns, as other statistical models have tried
to achieve,”* and may be prone to being overly optimistic in the
amount of correlation with the initial impairment (due to mathemati-
cal coupling'”), it is still widely used as a starting point to assess plausi-
ble recovery after stroke.'*"”

Nonetheless, there is a subset of patients, comprising approxi-
mately 30% of stroke survivors,"' characterized by severe hemiparesis
whose recovery trajectory deviates from the PRR, referred to as “non-
recoverers.” Consequently, these individuals fail to attain the desired
UE motor function even after the acute phase.'”'® The elusive goal in
neurorehabilitation is the identification of predictors capable of dis-
cerning non-recoverers within a few hours post-stroke. This quest is
considered a main objective of neurorehabilitation, as it holds the
potential to unlock personalized treatment strategies and optimize
therapeutic outcomes. However, acute stroke patients are often less sta-
ble than those in later phases, hence leading to difficulties in acquiring
neuroimaging data from them.'” This may pose a huge challenge in
training machine and deep learning models of prediction, as there is a
general lack of acute-phase neuroimaging recordings.

In this context, previous investigations on the neural basis of
non-recoverer behaviors have been performed using magnetic reso-
nance imaging (MRI),”>*! functional MRI (fMRI),”” and transcranial
magnetic stimulation.”” While effective in identifying markers of
recovery, these technologies may not be ideal in the clinical setting
because of their cost or setup times. On the contrary, electroencepha-
lography (EEG) provides a cheaper and largely available tool to func-
tionally image the brain condition. EEG has been extensively used in
the functional prognosis of stroke survivors.”" *” Specifically, the EEG
resting-state paradigm is a viable approach for predicting upper-
extremity recovery as early as the acute post-stroke stage,”" for two
main reasons: (1) it is not biased by the patient’s ability to perform a
specific task, and (2) it can be implemented within the first hours after
stroke. Establishing quantitative resting-state EEG markers is therefore
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essential to both summarize a patient’s condition and monitor their
upper-extremity recovery over time.

Earlier research focused on the prognostic potential of resting-
state EEG markers extracted during the acute post-stroke phase.”*** >
While most existing literature highlights statistically significant correla-
tions between EEG patterns and changes in clinical scales, only a lim-
ited number of studies have explored the data-driven predictive
capabilities of these markers, particularly concerning the prediction of
UE recovery using machine-learning algorithms.”"**” To our knowl-
edge, none of the previous investigations have validated whether the
predictive power of identified EEG metrics is non-redundant in rela-
tion to the information already conveyed by the initial FMAUE
through the PRR.

For these reasons, the primary objective of this study was to
develop a machine-learning framework to predict motor recovery after
stroke, specifically in terms of FMAUE scores, using resting-state EEG
data. The specific aims of this work were to (i) validate this approach
with a dataset of acute stroke patients, where accurately forecasting the
evolution of their condition is crucial for optimizing recovery strate-
gies; (ii) assess whether the framework could be generalized to sub-
acute patients; (iii) investigate whether subacute EEG data could
enhance the predictive performance for acute datasets; and (iv) deter-
mine whether predictive electrophysiological features of motor recov-
ery change across post-stroke phases.

To achieve these goals, we designed and validated a machine-
learning pipeline to identify optimal EEG features that complement
FMAUE scores in the longitudinal evaluation of stroke survivors. At
each stage, we aimed to pinpoint critical EEG features by analyzing a
comprehensive dataset of spectral and connectivity measures exten-
sively documented in the literature. The objective was to determine the
most effective combination of features that maximized the algorithm’s
predictive accuracy for future FMAUE score and assess whether these
features were both electrophysiologically meaningful and consistent
across acute and subacute datasets.

Il. RESULTS

The proposed machine-learning pipeline, named StrokeRecovNet,
allowed merging the clinical information of the patient with estimates
of various resting-state EEG metrics extracted from overlapping 10-s
windows of signal, with the goal of predicting the value of FMAUE at
a follow-up visit (T1), performed approximately 3 months after the
baseline (FMAUETY,), starting from a single baseline evaluation. A
summary of the proposed model is displayed in Fig. 1. First, the pre-
processed EEG signal (see Sec. IV C) was segmented into 10-s win-
dows. From each window, descriptive EEG metrics were extracted,
pertaining to spectral content, brain symmetry, connectivity, and net-
work domains (see Sec. IV D). These features were concatenated with
the clinical information of the patient [baseline FMAUE (FMAUEry),
time since stroke (days), and time to second evaluation (days)] and
used to train a feed-forward fully connected neural network for regres-
sion, with the goal of estimating the FMAUE7 of the patient. The
neural network hyperparameters (number of layers, number of neu-
rons per layer, and batch size), along with the feature selection algo-
rithm and the degree of overlap between windows of the EEG signal,
were optimized in an inner validation fold using a nested Leave-One-
Subject-Out cross-validation (LOSO) approach (see Sec. IV F). The
model was then tested in terms of median absolute error (MAE) on an
outer fold of LOSO cross-validation.
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180 s (central part of artifact-free recording)

10 s window
—_—

B PSD metrics

Connectivity metrics
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C  Feature selection (NRMR / ReliefF)
D
Machine learning model

'FMAUE

,,,,,,, prel:i;I

FMAUE

subject

= median(FMAUE

pred)

FIG. 1. Summary of the applied methodology. (a) EEG is collected at rest and
divided into 10's windows. Only the central 180's of signal are retained. (b) Metrics
are extracted from the power spectrum of the window (left) and from their connectiv-
ity patterns, as measured by the imaginary part of the coherency metric. (c) From
the entire set of features, the most relevant to the regression task are selected
based on the ReliefF and mRMR algorithms. (d) Selected features are used to train
StrokeRecovNet, an artificial neural network with an optimized number of hidden
layers and neurons per layer. (e) The machine-learning model predicts a value of
FMAUE for each window of each patient’s signal. (f) The estimated prediction of the
FMAUE for each subject is obtained by computing the median value of FMAUE
among windows.

To train and test this model, we used two independent datasets
(see Sec. IV A): a cohort of 23 participants in the acute post-stroke
phase, collected at the “Azienda Ospedaliera Universitaria Pisana”
(AOUP-Acute dataset), and a cohort of 17 participants in the subacute
phase, recruited at the “Fondazione Don Gnocchi” in Florence, Italy

ARTICLE

pubs.aip.org/aip/apb

(FDG-Subacute dataset). Both patient cohorts underwent standard
rehabilitative treatment between the baseline assessment and
follow-up. To address the first three specific aims of this study, we
designed three corresponding experiments. First, to validate the pro-
posed approach on acute stroke patients (aim 1), we trained a model
using only the acute dataset (AOUP-Acute; experiment #1). Second, to
evaluate the generalizability of the framework to subacute patients
(aim 2), we trained a separate model on the subacute dataset (FDG-
Subacute; experiment #2). Finally, to investigate whether subacute
EEG data could enhance predictive performance for acute patients
(aim 3), we trained a model on the combined acute and subacute data-
sets and tested it exclusively on acute patients (AOUP + FDG-
Combined; experiment #3) (see Sec. IV E). Once the models for the
three experiments were developed and trained, we aimed at comparing
selected features from each model (aim 4) by means of clustering simi-
larity measures (see Sec. IV H).

A. Acute and subacute patients follow the PRR model

First, we verified that the two patient groups roughly followed the
proportional recovery rule (PRR) (see Sec. IV B) and adopted it as our
baseline model for later comparison. This simple yet clinically estab-
lished model served as a benchmark for comparing the predictive
power of StrokeRecovNet.

As expected, the acute population (AOUP-Acute dataset) fol-
lowed more closely the PRR model by having a larger range of recov-
ery [AFMAUET,_to range: 0-47, Fig. 2(a)], while the subacute model
did it as well, but with a smaller range of recovery [AFMAUET;_1¢
range: 0-22, Fig. 2(b)]. We also identified a slightly higher proportion
of non-recoverers in the subacute cohort (6/23 for AOUP-Acute, 6/17
for FDG-Subacute). Nonetheless, two clear recovery clusters could be
identified: recoverers (REC) and non-recoverers (NO-REC). The abso-
lute error of the PRR for each participant served as a baseline model
for comparison with our StrokeRecovNet.

B. Acute EEG data alone do not predict recovery better
than PRR

We then investigated whether the proposed architecture can be
used to improve the PRR in the acute post-stroke phase. We trained
the regression model on the acute dataset only (AOUP-Acute, experi-
ment #1) and checked its performance in predicting FMAUE. For all
experiments, we used a nested LOSO cross-validation approach: we
trained and optimized the hyperparameters of our network in an inner
validation loop, in which one participant’s data were left out per itera-
tion. The model with optimal hyperparameters [having the lowest root
mean square error (RMSE) on the validation LOSO] was then used to
test the prediction performance on the test subject of the outer LOSO
loop. The testing process was repeated separately for each subject in
the dataset, leading to an unbiased estimate of the performance of the
model for each subject.

The optimal hyperparameters selected for each patient in the
internal LOSO loop are shown in Table SI.

As shown in Fig. 3(b), StrokeRecovNet was able to slightly shift
the distribution of prediction errors from two distinct clusters toward
one. However, no statistically significant difference was observed
between AOUP-Acute model performances and PRR [Fig. 3(c),
StrokeRecovNet: 13.74 (16.00), PRR: 8.80 (21.75), all results reported
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FIG. 2. Proportional recovery rule (PRR).
(@) PRR in the acute patients dataset.
(b) PRR in subacute patients dataset.
Pink dots represent patients following the
PRR (see Methods), while green squared
points represent the non-recoverers.
Actual recovery was measured as the dif-
ference between FMAUE 14 and FMAUE 1.
Predicted recovery is the same measure
as estimated by the PRR.

FIG. 3. Model predictions based on acute
data only. (a) Dataset identifier showing
the acute cohort used in experiment #1.
This image is repeated in Fig. 5 when
the same dataset is used for training.
(b) Distribution of errors for the propor-
tional recovery rule (green) and the
StrokeRecovNet (orange) trained on the
AOUP-Acute data only. (c) Boxplots of
the absolute error of the predicted
FMAUEr PRR model (green) and
StrokeRecovNet (orange). Each point rep-
resents the error for a single subject.
Dashed lines connect the same subjects
between the two models. (d) Left: feature
importance barplot based on the fre-
quency of selection in the final model dur-
ing the LOSO-CV process. Each bar is
colored depending on the feature domain
it belongs to; right: p-value of the Mann-
Whitney test for differences between
feature values in the recoverer and non-
recoverer groups. Values are lower
bounded at 0.001. (e) Violin plots of the
distribution of the top four selected signifi-
cant features (see Methods) in the recov-
erers (green) and non-recoverers (yellow)
groups. Each point represents the value
of the feature in a given window of the
EEG signal. The color of each point distin-
guishes different  subjects. ~ Statistical
significance bars are coded as follows:
“0.01<p<0.05  *0.001 <p<0.01;
and “*p < 0.001.
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as median (interquartile range), p = 0.908]. Means and standard devia-
tions of the errors are reported in Table S3.

We then aimed at identifying the features that were most relevant
in the FMAUET, prediction. Each final model, built separately for
each subject, selected up to four features from an initial large number
of candidate biomarkers, based on their predictive power in the inner
LOSO validation. The best models, built separately in an LOSO fash-
ion, selected mostly features related to brain symmetry index: out of
the 16 features ever selected in the best-performing model, 8 of them
pertained to brain symmetry index [Fig. 3(d), left]. Moreover, the most
selected feature was the directional pairwise-derived brain symmetry
index (dir. pdBSI) measured over the central areas of the scalp, selected
in 62% of the best-performing models. The only relevant exception to
the major importance of pdBSI metrics was related to the second most
selected feature, which is the network metric of Rich Club in the delta
band, selected 53% of the time.

Additionally, we tested whether there were statistically significant
differences between REC and NO-REC patients for the features
selected in the final models. This analysis aimed at determining
whether StrokeRecovNet most relevant features captured the electro-
physiological characteristics of non-recoverers. Interestingly, the two
most selected features did not hold a statistically significant difference
between REC and NO-REC, while several significant differences in fea-
ture values were found in the less selected features [Fig. 3(d), right].
Specifically, 10 of the 16 selected features exhibited statistically signifi-
cant differences between REC and NO-REC participants. We focused
on the top four selected features that were also statistically significant
and visualized them in Fig. 3(e): posterior pairwise-derived brain sym-
metry index (pdBSI, Mann-Whitney U= 10051, p < 0.001, Cohen’s
d=-048), central areas pdBSI (Mann-Whitney U=10237,
p < 0.001, Cohen’s d = —0.53), degree of central areas of the affected
hemisphere (AH) in the alpha band (Mann-Whitney U=18912.5,
p<0.001, Cohen’s d=0.62), and average pdBSI (Mann-Whitney
U=10180, p < 0.001, Cohen’s d = —0.49).

C. Subacute recovery can be predicted by EEG metrics

We then trained the same network on a dataset of subacute par-
ticipants (FDG-Subacute dataset, experiment #2).

By following the same training-validation procedures as in exper-
iment #1, we achieved much better performance on the FDG-Subacute
dataset. Specifically, StrokeRecovNet significantly outperformed the
PRR model in predicting FMAUEr,; in the subacute group [absolute
error, StrokeRecovNet: 5.85 (6.97), PRR: 19.00 (37.5), permutation test:
median difference = —13.57, p = 0.023, Figs. 4(b) and 4(c)].

Differently from experiment #1, selected features were mostly
pertaining to the network and node connectivity domains [Fig. 4(d)]:
out of the 12 total selected features, three belonged to the network
domain and five to the node connectivity one. Importantly, the first
selected feature (Rich Club in the alpha band) was selected 72% of the
time, far outperforming the second most important feature (Rich Club
in the theta band, selected 26% of the time).

When looking at statistical differences in distinguishing REC and
NO-REC, we observed several significant patterns: seven out of the
12 features significantly differed between the two groups. The first four
significant features [Fig. 4(e)] were Rich Club in the alpha band
(Mann-Whitney U = 6131, p = 0.001, Cohen’s d = —0.504), dir. pdBSI
in the central areas (Mann-Whitney U=4682, p <0.001, Cohen’s

pubs.aip.org/aip/apb

d = —1.035), clustering coefficient of the central node of the AH in the
gamma band (Mann-Whitney U=10361, p=0.014, Cohen’s
d=0.377), and path length of the central node of the AH in the delta
band (Mann-Whitney U = 3203, p < 0.001, Cohen’s d = —0.915).

D. Acute recovery prediction improves by including
supporting subacute data

Finally, we tested whether training on the combined AOUP-
Acute and FDG-Subacute datasets could improve the prediction of the
acute data. Hence, we trained the StrokeRecovNet on the combination
of the two datasets and tested its performance on the acute patients
with the same nested LOSO approach (AOUP + FDG-Combined,
experiment #3).

While the combined model tested on AOUP-Acute data was not
significantly better than the PRR [permutation test: median difference
=—2.92, p=0.904, Figs. 5(b) and 5(c)], the median absolute error of
the model trained on the two combined datasets (absolute error
StrokeRecovNet: 5.87 [17.71]) overcame that of the model trained on
AOUP-Acute data only (13.74 [16.00], see Sec. 11 B) and improved the
PRR itself (absolute error PRR: 8.80 [21.75]). Interestingly, the model
from experiment #3 performed analogously to a model trained on a
fixed feature set (see the supplementary material) based on the findings
of Saes et al”*”" Additionally, the combined model also performed
similarly to a model trained solely on FDG-Subacute data and tested
on the AOUP-Acute dataset (see the supplementary material).

When looking at the most selected features, a mixture of the two
previous models emerged: out of the 12 selected features across the
LOSO loop, five of them belonged to brain symmetry metrics, five to
network metrics, and two to node connectivity. The top two selected
features (average dir. pdBSI and central pdBSI) were selected 63% and
55% of the time, respectively.

Statistically, only five of those features distinguished significantly
between REC and NO-REC groups [Fig. 5(d), right]. The top four
most selected were central pdBSI (Mann-Whitney U=10237,
p <0.001, Cohen’s d = —0.533), Rich Club in the beta band (Mann-
Whitney U= 11766, p=0.028, Cohen’s d = —0.358), and dir. pdBSI
in the central areas (Mann-Whitney U =22975, p < 0.001, Cohen’s
d=1.117).

E. Predictive features change between acute and
subacute stroke

In our three experiments, we trained the same neural network
structure to learn predictive feature representation of acute and sub-
acute motor recovery. To assess the reproducibility and coherence of
multi-domain EEG-derived metrics across different cohorts, we per-
formed hierarchical clustering and consistency scoring analyses (see
Sec. IV H for details).

Figure 6(a) presents the hierarchical clustering heatmap of all
extracted EEG features across datasets. The dendrogram and corre-
sponding correlation matrix highlighted distinct clusters of features
that covaried across subjects, forming consistent data-driven domains.
Notably, features related to delta power and connectivity (e.g.,
posterior AH delta, frontal AH DTABR) clustered separately from
alpha- and beta-related metrics (e.g., frontal alpha, posterior unaffected
hemisphere alpha), indicating potential domain-specific grouping.
Additionally, topological network features (e.g., degree, clustering
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coefficient, and rich club organization) formed cohesive clusters dis-
tinct from spectral power and frequency-based measures, suggesting
functional segregation of metric types.

To quantify the robustness of these feature groupings across data-
sets, we computed two consistency scores: domain consistency and
cluster consistency [Fig. 6(b)]. Domain consistency, which reflects the
reproducibility of predefined feature domains, was highest between the
AOUP-Acute and the AOUP + FDG-Combined datasets (0.91) and
moderate between AOUP-Acute and FDG-Subacute (0.64) and FDG-
Subacute and AOUP + FDG-Combined (0.56). This suggests that the
domain-level structure of EEG metrics is largely preserved across
cohorts, especially when aggregated.

Cluster consistency, which measures the reproducibility of fine-
grained feature clusters extracted with a data-driven approach, showed
moderate values across all dataset pairs, with the highest score

NO-REC REC

NO-REC
Recovery

observed between the FDG-Subacute and the AOUP + FDG-
Combined dataset (0.46). However, the lowest cluster consistency
score (0.18) was obtained between the acute and subacute datasets
trained independently. The AOUP + FDG-Combined dataset model
shows a higher consistency both with AOUP-Acute (0.31) and FDG-
Subacute (0.46), indicating that shared feature patterns are acquired
when training the combined model.

lll. DISCUSSION

In this study, we introduced and validated a machine-learning
pipeline named StrokeRecovNet (Fig. 1), designed to predict FMAUE
scores at follow-up using resting-state EEG data collected during the
acute or subacute post-stroke phases. Our data-driven approach
underscores that meaningful predictive features can be identified from
EEG recordings after a stroke, offering a promising avenue for
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predicting UE recovery. At the core of our methodology is a feed-
forward, fully connected neural network tailored for regression tasks,
with carefully optimized layer configurations and feature selection.

We focused specifically on forecasting UE recovery during the
acute and subacute post-stroke phases. Our primary objective was to
build a predictive model capable of making accurate forecasts very
early after stroke onset, as early prediction of motor outcomes could
facilitate the optimization of rehabilitation protocols and capitalize on
the brain’s heightened plasticity during this period, ultimately enhanc-
ing recovery potential.”®

Notably, our results show that StrokeRecovNet significantly out-
performed the conventional proportional recovery rule (PRR) (Fig. 2)
in predicting FMAUET, scores in the subacute dataset (Fig. 4). In the
case of acute data, training the model on acute-phase data alone did
not improve performance over PRR (Fig. 3); however, performance
markedly improved when subacute data were incorporated during

REC NO-REC
Recovery

training (Fig. 5). This combined training enabled the network to learn
a multi-phase, multi-center representation of the data (Fig. 6), proving
effective across two independent datasets. These findings highlight the
superiority of machine-learning models leveraging EEG-derived met-
rics compared to those relying solely on FMAUEr,.

Although the acute and subacute datasets differ in their distribu-
tion of recovery levels as highlighted by PRR patterns, our analyses
indicate that this imbalance alone does not account for the observed
performance differences. In particular, the subacute EEG features con-
tribute to phase-specific physiological information that improves pre-
diction in acute patients when the datasets are merged. This suggests
that the model benefits from complementary electrophysiological sig-
natures more than recovery level (i.e., PRR) alone.

While previous models for predicting UE recovery, such as PREP2,
have been proposed in the literature, they typically rely on initial impair-
ment scores combined with measures of corticospinal tract (CST)
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FIG. 6. Feature consistency across models. (a) Correlation matrix in the acute dataset, sorted based on hierarchical clustering (see Methods). Each color in the bar on the left
represents a cluster of features obtained through hierarchical clustering. The color inside the heatmap represents the Pearson correlation between pairs of features.
(b) Consistency scores between pairs of models trained on different datasets. On the left, the consistency score is based on predetermined domains. On the right, the consis-

tency score is based on clusters defined on hierarchical clustering.

integrity.” Although EEG measures and CST integrity reflect distinct
aspects of post-stroke brain function, studies have reported potential cor-
relations between the two.”"”” Given that CST integrity is often assessed
using costly techniques, such as detecting motor-evoked potentials via
transcranial magnetic stimulation or through diffusion-weighted imag-
ing, EEG offers a more accessible and cost-effective alternative.

A. Predictive performance of StrokeRecovNet in acute
and subacute phases
Interestingly, when the model is trained exclusively on acute-

phase data, its average median absolute error (MAE) does not surpass
that of the PRR. In contrast, training on subacute data results in signifi-
cantly better performance compared to PRR. This discrepancy may
stem from several interrelated factors. Most notably, acute and sub-
acute patients may exhibit distinct neural signatures due to ongoing
plastic changes in the post-stroke recovery process. These evolving
brain dynamics may limit the predictive power of electrophysiological
metrics when only acute data are considered. Additionally, inherent
differences in EEG recordings may influence model performance.
Despite our efforts to standardize the datasets by applying identical
recording protocols, preprocessing pipelines, and feature extraction
procedures, we anticipated differences in signal-to-noise ratio, particu-
larly in the acute cohort. This is likely due to the increased complexity
of recording EEG in acute stroke survivors and may contribute to the
lower predictive performance observed for the acute-only model.

To address these limitations, we combined the acute and subacute
datasets into a unified training set in experiment #3. This approach mit-
igated dataset-specific biases and led to performance improvements,
even in acute-phase predictions. These results underscore the advan-
tages of increasing both the diversity and volume of training data.
Training with the subacute cohort enabled the model to more effectively

estimate network weights and to learn a more comprehensive represen-
tation of the predictive features associated with stroke recovery.

These observations are further supported by the optimal hyper-
parameters identified in each experiment, as reported in Table S1. In
experiments #1 and #2, where training was conducted separately on
acute and subacute data, the preferred hyperparameters typically
included a high overlap of 7.5s between analysis windows, likely a
strategy to compensate for the limited dataset size. In these experi-
ments, the ReliefF algorithm was commonly selected for feature selec-
tion. However, in experiment #3, the expanded training set enabled
effective learning even with lower window overlaps and smaller batch
sizes, enhancing the model’s generalization capacity. Moreover, the
mRMR (minimum redundancy maximum relevance) feature selection
method emerged as optimal, likely due to its ability to identify non-
redundant yet informative features. These trends suggest that further
increasing the training data could lead to more stable models with con-
sistent hyperparameter configurations across participants.

Although the performance of our model does not yet constitute a
perfect prediction of FMAUEr;, the results are highly promising in
light of the minimal clinically important difference (MCID) for
FMAUE, which ranges from 4.25"" to 12.4"" according to prior studies.
Thanks to the rigor of our nested LOSO cross-validation framework,
we ensured that no data leakage occurred between training and testing
sets. Consequently, we can reasonably expect the generalization error
of StrokeRecovNet to approximate the error observed in our test

evaluations.

B. Feature relevance divergence in acute and subacute
patients

When analyzing the features selected by the optimal models, sev-
eral intriguing patterns emerged. In experiment #1 [Figs. 3(d) and 3(e)],
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StrokeRecovNet predominantly selected spectral features, particularly
those related to brain symmetry. Notably, the most frequently selected
feature in predicting outcomes from acute data was the directional
brain symmetry index (dir. pdBSI) in central scalp regions, primarily
corresponding to the sensorimotor cortex. This finding provides
strong physiological validation, as it was derived entirely through
data-driven selection. In addition to symmetry metrics, the only
network-level feature selected was the Rich Club coefficient in the
delta band, a marker of how densely connected the network’s hub
nodes are to each other. The affected hemisphere also played a signifi-
cant role in acute-phase predictions: spectral metrics such as the pos-
terior affected hemisphere (AH) delta/alpha ratio (DAR) and central
node connectivity features were frequently selected in the best-
performing models.

In contrast, experiment #2 [Figs. 4(d) and 4(e)] revealed a shift
in the types of features relevant to prediction during the subacute
phase. Rather than symmetry indices, the model placed greater
importance on network-level and nodal connectivity metrics.
Specifically, we observed that participants with good recovery (REC)
exhibited lower Rich Club coefficients across several frequency bands
compared to non-recoverers (NO-REC). This may reflect a more pre-
served or reorganized network structure, enabling more efficient con-
nectivity regulation. While such patterns have not been reported in
previous EEG studies, similar observations in MRI research have
linked higher numbers of Rich Club regions to greater neurological
impairment post-stroke.”” Once again, regions over the sensorimotor
cortex emerged as critical, with several local connectivity features con-
tributing to the model’s predictions. For example, path length in the
delta band within the central region of the affected hemisphere was
increased in the NO-REC group, suggesting disrupted communica-
tion from or to this area.

Interestingly, both experiments #1 and #2 demonstrated notable
consistency in the selection of robust predictors across LOSO cross-
validation folds. In the acute dataset, symmetry-related features were
repeatedly selected, while in the subacute dataset, network connectivity
metrics showed the highest stability. Although specific frequency
bands and spatial locations varied across folds, these differences likely
stem from variation in patient inclusion across training sets. Overall,
this behavior supports the idea that, despite minor fluctuations in
selected features, the models consistently identified the same domains
of predictive relevance.

Overall, our findings are consistent with previous work in this
field. EEG prediction of post-stroke neurological deficit recovery has
been widely established in prior research.”*’"** Among the various
EEG-derived markers used in this context, the delta-to-alpha ratio
(DAR) has been one of the most consistently associated with neurolog-
ical impairment, as well as with global functional prognosis in the sub-
acute context for left-hemisphere strokes.”* Apart from a minor
importance in experiment #1, we did not find DAR to be predictive of
motor recovery, in line with the few studies investigating upper
extremity motor recovery biomarkers.””**** Consistent with our find-
ings, these studies highlight the prognostic value of brain symmetry
and interhemispheric connectivity. In contrast, studies on subacute
stroke populations tend to emphasize the role of connectivity and
network-level features in predicting motor outcomes,”*”" with fewer
highlighting symmetry-related measures,” as we found in experiment
#2. Additionally, these results are consistent with what was previously
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found by our group,” indicating a differential evolution of spectral
metrics throughout different phases of stroke recovery.

Our results also point to a coherent physiological interpretation
of why different EEG features emerge as predictive at different stages
and why they differentiate recoverers from non-recoverers. In the
acute phase, the prominence of delta and alpha abnormalities, together
with marked interhemispheric asymmetry (pdBSI and directional
pdBSI), reflects the direct physiological consequences of ischemia.
Delta activity is typically generated by dysfunctional or deafferented
tissue, whereas alpha rhythms, largely generated in cortical layer IV,
diminish proportionally to cortical lesion burden.” ** Thus, the spec-
tral profile observed in the acute stage maps naturally onto underlying
lesion topology: more delta and reduced alpha indicate more extensive
cerebral dysfunction or cortical injury, and higher directional asymme-
try indicates a clear dominance of the intact hemisphere over the
lesioned one, reflecting acute disruption of interhemispheric bal-
ance.”””” In contrast, beta and gamma oscillations emerge only when
local cortical microcircuitry and cortico-cortical pathways are
relatively preserved;™* ** these higher-frequency rhythms require intact
inhibitory-excitatory coupling and therefore tend to reappear as the
brain transitions into the subacute period. Their predictive value in the
combined- and subacute-phase models aligns with evidence that beta
oscillations support sensorimotor integration and corticospinal integ-
rity, while gamma reflects short-range cortical reinstatement and local
processing capacity.””’ Directional pdBSI complements this view by
indicating not only the magnitude but also the direction of hemi-
spheric imbalance, thereby capturing whether slow-wave excess or
fast-rhythm suppression is driving functional asymmetry at each time
point.

The differences observed between patients who recovered and
those who did not similarly reflect these time-dependent mechanisms.
Patients with better outcomes showed more preserved alpha activity
[in terms of connected areas, Fig. 3(e)] and increased symmetry over
the sensorimotor and occipital areas (posterior and central pdBSI).
This may indicate that recoverers in the acute stage may be character-
ized by markers of limited structural damage and less extensive discon-
nection. Complementarily, in the subacute phase, recoverers were
characterized by more adaptive network configurations, such as
reduced pathological synchronization in the delta band, reduced Rich
Club behavior in the alpha band, and increased clustering in the
gamma band. Subacute recoverers are hence characterized by a well-
interconnected network function, with reduced pathological coupling
and increased physiological (ie., gamma band activity) oscillations.
Together, these results suggest that stroke recovery is supported by dis-
tinct electrophysiological signatures at different time points: early spec-
tral abnormalities reflecting injury burden and later network-based
features indexing the brain’s capacity for functional reintegration.

Lesion characteristics are known to modulate post-stroke electro-
physiology, particularly when cortical territories or hub regions are
involved, as these areas play a central role in oscillatory dynamics and
interhemispheric coordination.”** For this reason, we examined
whether the model prediction error was systematically related to lesion
location or lesion extent (see the supplementary material). Our analy-
ses did not reveal significant associations between prediction error and
lesion topography (i.e., cortical vs subcortical involvement, number of
affected areas). This absence of systematic effects suggests that mispre-
dictions are unlikely to arise from specific anatomical profiles and that
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our model does not disproportionately fail in patients with particular
lesion patterns. Instead, errors may reflect more diffuse, network-level
factors that are not captured by coarse structural descriptors alone,
consistent with prior evidence that global diaschisis and connectivity
disruption can outweigh focal lesion characteristics in shaping recovery
trajectories.”’

C. Combined training captures common patterns of
motor recovery

In experiment #3 [see Figs. 5(d) and 5(e)], combining the acute
and subacute datasets led to the selection of a feature set that integrates
elements from both previous experiments. Specifically, while brain
symmetry indices remained the most prominent predictors, consistent
with findings from experiment #1, several network metrics, previously
observed in experiment #2, also emerged among the selected features.
These additional metrics contributed to improved prediction perfor-
mance on acute data, suggesting that training on the combined dataset
enables the model to learn more generalizable patterns of recovery
shared across different post-stroke phases. While electrophysiological
activity evolves rapidly after stroke, several key markers of recovery,
specifically interhemispheric asymmetry and connectivity reorganiza-
tion, are present across both phases. Subacute EEG, acquired in a more
stable physiological state, likely provides cleaner examples of these
mechanisms, allowing the model to generalize them back to acute
data.

From a frequency-domain perspective, experiments #1 and #2
primarily identified features associated with broadband activity, as well
as with delta and alpha bands, commonly implicated in stroke recovery
prognosis.“’51 However, in experiment #3, features from higher-
frequency bands, such as beta and gamma, also appeared among the
most informative predictors. This finding may guide future investiga-
tions toward exploring these higher frequencies, which may contain
complementary yet clinically relevant information for predicting
motor recovery. In particular, the gamma band, though often excluded
from EEG analyses due to its lower signal-to-noise ratio, is being
increasingly recognized for its relevance in the pathophysiology of var-
ious neurological disorders in both animal models”* and humans.”

Across all three experiments, we observed that the features most
frequently selected by the model were not always those showing the
strongest univariate statistical differences between REC and NO-REC
groups. This observation likely reflects two key factors. First,
StrokeRecovNet is designed to capture complex, non-linear interactions
both between features and with the outcome variable, as recently dem-
onstrated in a similar work with animal models.”” Second, the model
predicts a continuous outcome, FMAUE at follow-up, rather than a
binary classification of recovery status. As a result, features that are sig-
nificant in discriminating between REC and NO-REC groups may not
necessarily be optimal in the multivariate regression context of
StrokeRecovNet.

D. Toward a multi-phase, multi-center prediction of
stroke recovery using EEG

In experiment #3, we demonstrated that heterogeneous datasets
can be effectively leveraged to enhance the prediction of acute stroke
recovery. This is a key strength of our model, as it highlights its flexibil-
ity and provides insights into the physiological traits that are most
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predictive at different stages of stroke recovery. While subacute predic-
tion yielded strong results on its own, predicting recovery in the acute
phase proved more challenging. Notably, incorporating subacute data
improved acute prediction performance, underscoring the value of
cross-phase data support.

As shown in Fig. 6(b), this improvement is not solely attributable
to the increased number of training samples. Rather, the model trained
on the combined datasets developed a different internal representation
of the relevant features. Specifically, we observed that this model
learned a blended representation of the acute and subacute data, as evi-
denced by higher cluster consistency scores in AOUP-Acute vs
Combined and FDG-Subacute vs Combined comparisons than in
AOUP-Acute vs FDG-Subacute. While this finding may seem intui-
tive, the key takeaway is that the model’s improved performance on
acute data stems from this enriched representation, suggesting the pos-
sibility to capture the complexities of acute recovery more effectively
than training on acute data alone. Moreover, our StrokeRecovNet per-
forms similarly to a model trained solely on a fixed set of known pre-
dictive features (see the supplementary material and Supplementary
Table $4). This confirms that StrokeRecovNet is able to automatically
identify the most relevant features from a large pool of candidate bio-
markers. It could therefore be used as a tool to test novel EEG bio-
markers in the future.

We hypothesize that this mixed representation, which incorpo-
rates both connectivity and network metrics, as well as spectral and
brain symmetry features, more accurately reflects the multifaceted
nature of recovery in acute patients. Furthermore, the fact that our
datasets originate from different centers reinforces the robustness and
generalizability of our pipeline, not only across post-stroke phases but
also across varying acquisition environments.

Cross-dataset analyses (see Supplementary Table S7) further
showed that features learned in the subacute phase transfer relatively
well to acute data, whereas the reverse does not hold. This asymmetry
indicates that the electrophysiological markers of recovery differ across
phases and supports the need for a combined training set that allows
the network to learn features stable across recovery trajectories.

Moreover, the timing of the follow-up assessment varied across
participants, particularly in the AOUP cohort. Because time-to-follow-
up was included as an input feature, the model could account for dif-
ferences in recovery windows and adapt predictions accordingly. This
design choice likely enabled the network to capture both the rapid
early improvements that dominate the first months post-stroke and
the smaller, gradual changes observed in later subacute assessments.
The merged dataset therefore exposed the model to a broader spec-
trum of recovery trajectories, which may explain its improved perfor-
mance across cohorts.

These findings lay the groundwork for extending our approach
by integrating data from multiple centers into a unified predictive
framework, aiming to maximize both performance and generalizabil-
ity. Incorporating federated learning techniques could further enhance
this framework by enabling collaborative model training across institu-
tions without sharing sensitive patient data, thereby preserving privacy
and complying with regulatory constraints. Importantly, our results
also support the feasibility of using subacute data to train models for
acute recovery prediction. This approach could help overcome the
practical challenges of collecting large acute-phase datasets, a recog-
nized obstacle in stroke research."” By enabling the use of available
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subacute data, our method opens the door to training more complex
and powerful models without sacrificing early prediction capabilities.

Our findings can also be contextualized within recent multimodal
approaches that combine EEG with additional data modalities or task-
based paradigms. Several studies have integrated resting-state EEG
with kinematic assessments to capture electrophysiological differences
underlying distinct recovery trajectories.”**>"” Other EEG-based work
has demonstrated that action-observation interventions enhance mu-
desynchronization, underscoring the contribution of sensorimotor
resonance mechanisms to motor relearning.”* ” Complementary evi-
dence from fMRI highlights that favorable outcomes depend on the
restoration of interhemispheric connectivity and the recruitment of
distributed premotor—parietal networks.”” At the structural level,
disconnection-based machine-learning models have predicted motor
outcome by quantifying lesion-network disruptions in key white-
matter pathways.”' Together, these studies illustrate both the relevance
of EEG-motor relationships in stroke recovery’” and the potential of
integrating multimodal information into predictive frameworks.””

Compared with these multimodal or anatomically grounded
approaches, our method relies solely on resting-state EEG, providing a
low-cost and scalable tool suitable for routine clinical deployment.
Nonetheless, EEG carries well-known limitations—including suscepti-
bility to artifacts, dependence on signal quality, relatively low spatial
resolution, and challenges in source localization. Future work integrat-
ing EEG with structural connectivity measures or kinematic features
may help mitigate these constraints, improve mechanistic interpret-
ability, and ultimately enhance prediction performance.

Despite the presence of a subset of participants for whom predic-
tions were worse than those from the PRR model, our diagnostic anal-
yses did not reveal systematic associations with stroke severity, lesion
topography, follow-up timing, or demographic factors. This suggests
that these underperforming cases do not reflect a consistent model
bias but rather heterogeneous sources of variability that remain unre-
solved at the current sample size. The only factor consistently linked to
higher prediction errors was EEG preprocessing quality in the FDG-
Subacute cohort, indicating that degraded electrophysiological signals
can hinder the extraction of reliable neurophysiological markers.
Taken together, these findings highlight that while the model general-
izes well across most patients, a small proportion remains inherently
difficult to predict based on the currently available features, echoing
the challenges previously reported for classical PRR-based approaches.
This variability is clinically relevant, as the ability to identify individu-
als who deviate from expected trajectories is essential for both person-
alized prognostication and adaptive rehabilitation planning.
Importantly, our architecture was deliberately constrained to a limited
set of interpretable features, which facilitates mechanistic insight and
enables the use of explainability tools, such as SHAP,” to probe the
contribution of specific EEG and clinical markers to individual
predictions.

E. Limitations and future perspectives

The relatively small participant cohort in the two datasets
presents a limitation in delivering a fully reliable estimate of the mod-
el’s performance on unseen data, as well as in assessing the generaliz-
ability of the results. We have in this direction shown the feasibility of
training the model on two distinct datasets and shown that combining
them improves the predictive performance. Nonetheless, the unequal
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representation of severe and mild strokes across datasets may influence
the relative difficulty of the prediction task. Future studies using larger
and more balanced cohorts will help clarify the extent to which dataset
composition influences model generalizability. Moreover, cross-dataset
performance was not uniform, as models trained solely on acute data
did not generalize well to subacute patients. This highlights limited
transferability of phase-specific electrophysiological features and sug-
gests that larger, multi-phase datasets will be essential to develop mod-
els that generalize robustly across clinical contexts.

Another limitation of the present work is the restriction to four
input features, imposed by the computational complexity of exhaustive
hyperparameter and feature-set optimization under an LOSO frame-
work. Future studies should evaluate models incorporating a larger
number of electrophysiological features and assess whether the optimal
feature count can itself be learned as a hyperparameter, potentially
improving predictive performance and neurophysiological interpret-
ability. Given the large number of candidate biomarkers our network
tries to optimize, it would be beneficial to inject prior knowledge about
known good biomarkers into the network. In this regard, as different
recovery stages may be characterized by distinct electrophysiological
signatures, future improvements of the network will explore Bayesian
modeling to incorporate prior knowledge about candidate biomarkers
into the feature set. This could simplify training and lead to more accu-
rate predictions.

We also acknowledge that our study solely relies on the FMAUE
as the metric for motor recovery assessment. While the FMAUE is a
widely recognized measure for evaluating UE motor function post-
stroke, it is not without limitations, such as the potential for a ceiling
effect and its inability to encapsulate the full complexity of motor defi-
cits in stroke patients. Future work will extend the array of predicted
metrics and will devise a composite score for a more comprehensive
evaluation of motor recovery. Future studies could expand this model-
ing approach to broader neurological or functional outcomes, such as
the NIH Stroke Scale (NTHSS), allowing a more comprehensive char-
acterization of post-stroke recovery.

Additionally, it would be informative to thoroughly explore the
influence of potential covariates on our predictions, including factors
such as age and lesion location. We made a first attempt in doing so by
checking whether the prediction performance of our model was influ-
enced by the cortical involvement of the lesion or the number of ana-
tomical areas involved. However, future studies should explicitly
integrate lesion information into the predictive framework to help
refine the interpretation of oscillatory patterns found in the EEG and
improve prediction performance. By examining the structural-
functional relationships between lesions and the identified EEG fea-
tures, we will provide a more thorough understanding of the predictive
model’s performance and its applicability to a wider patient popula-
tion. Future studies using larger and multi-center datasets will also be
crucial to identify latent subgroups of “non-predictable” participants
and clarify whether distinct phenotypes drive systematic prediction
failures, possibly using explanation algorithms such as SHAP values.”

This study establishes the groundwork for crafting predictive
models of UE recovery following a stroke, extending from the acute
post-stroke phase. This endeavor aims to enhance and personalize
existing models of UE motor recovery post-stroke. Subsequent investi-
gations will assess how prediction accuracy and pertinent features
evolve when predicting various time points within the stroke recovery
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continuum. While the initial months post-stroke hold paramount
importance in rehabilitation, evaluating the impact during later stages
of neuro-recovery and predicting when a plateau in UE functions
occurs will also be crucial.

In future iterations of the network, we will investigate how multi-
modal integration of this model with other data sources (e.g., kinemat-
ics and electromyographic data’*’®) will improve model performances
and robustness.

F. Conclusion

In this study, we successfully developed and validated a machine-
learning model capable of accurately predicting UE motor recovery fol-
lowing a stroke using resting-state EEG recordings obtained in the acute
and subacute phases. The proposed approach not only opens up ave-
nues for future research on stroke biomarkers but also provides a data-
driven framework to assess the predictive performance of these markers.
With additional experiments and validations on larger datasets, our
model will constitute the basis for forecasting recovery potentials and
customizing rehabilitation strategies, enhancing the ability to tailor
interventions to their specific needs from the first hours after the stroke.

IV. METHODS

A. Participants and study procedures

Twenty-three acute ischemic stroke survivors were recruited for
this study (AOUP-Acute dataset). Inclusion criteria were 18-80 years
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of age; unilateral motor deficit (with or without other stroke-related
symptoms or signs); radiological evidence of unilateral, supratentorial
cerebral ischemic lesion (or lesions) in the same arterial territory; stroke
occurred in the last 4 days; absent or slight disability before stroke esti-
mated by a modified Rankin Scale of 0-2. Participants were excluded if
they were affected by a history of severe cognitive impairment; psychi-
atric comorbidities; end-stage organic diseases like cardiopulmonary,
hepatic, or renal failure, neoplasms; and whatever condition that could
strongly reduce life expectancy. Data collection was conducted at the
Neurorehabilitation Unit of the University Hospital of Pisa (Italy).

Data collection was conducted at two time points: TO—within
the acute post-stroke stage; and T1—during the subacute and early-
chronic stages. Between the two assessments, patients followed stan-
dard rehabilitative protocols as instructed by their caregivers. During
both time points, the NIH Stroke Scale (NIHSS),”” and the FMAUE'"”
were administered. The resting-state EEG was recorded for 10 min
using a 64-channel analog system at a sampling rate of 256 Hz
(“Micromed SD MRI” acquisition System Plus and amplificatory
DC-coupled). During the EEG recordings, participants were asked to
sit comfortably with their eyes closed, in a relaxed mind-wandering
state. Impedances of the recording channels were continuously moni-
tored and readjusted whenever they crossed 10kQ. A summary of the
demographic and clinical information for the AOUP-Acute dataset is
reported in Table 1.

Another dataset was collected from 17 subacute stroke patients at
the IRCCS Don Gnocchi Hospital, Florence (FDG-Subacute dataset).

TABLE I. Demographic and clinical characteristics of the collected sample of the AOUP-Acute dataset. AH: affected hemisphere; FMAUE: Fugl-Meyer Assessment of the Upper

Extremity.

1D Sex Age at onset (years) AH Days since stroke (TO0) Days since stroke (T1) FMAUE FMAUE
2 M 53 R 4 105 0 23
3 F 71 L 3 156 66 66
4 M 77 L 3 150 57 62
5 M 58 R 2 86 21 64
6 F 79 L 2 93 66 66
7 F 75 L 3 88 4 43
11 M 73 L 3 250 55 60
12 F 78 L 2 212 0 63
14 M 50 R 4 102 4 12
15 M 50 L 2 303 59 66
16 F 72 R 2 301 64 66
17 M 52 R 2 138 52 60
18 M 64 R 3 175 2 22
20 M 79 L 2 130 66 66
22 M 82 L 1 134 12 59
24 F 53 R 4 96 31 62
25 M 52 R 3 97 6 44
26 M 64 L 3 100 0 19
27 M 64 R 2 88 24 28
30 M 64 L 8 102 32 65
32 M 53 L 3 93 66 66
37 M 60 R 1 108 57 64
38 M 69 L 3 97 8 13
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TABLE II. Demographic and clinical characteristics of the collected sample of the FDG-Subacute dataset. AH: affected hemisphere; FMAUE: Fugl-Meyer Assessment of the

Upper Extremity.

1D Sex Age at onset (years) AH Days since stroke (TO0) Days since stroke (T1) FMAUE, FMAUE
1 F 64 L 13 95 8 30
2 M 59 L 15 68 61 65
3 M 78 L 15 109 55 64
9 M 51 L 26 89 4 11
10 M 58 L 22 107 65 66
12 F 76 R 28 112 60 60
13 M 78 L 26 97 63 63
15 M 80 L 19 96 6 16
16 M 77 L 19 107 49 60
17 F 70 R 22 97 62 65
19 M 60 R 33 85 4 4
20 M 72 R 45 82 4 6
24 M 52 R 32 96 4 4
27 M 51 R 21 93 66 66
28 M 81 R 24 66 4 9
29 M 76 L 34 82 66 66
30 M 79 L 31 99 63 66

Subjects were recruited within 4 weeks from the stroke event, and the
follow-up was recorded approximately 3 months after the baseline.
The same inclusion criteria and EEG recording protocol were applied
as for the AOUP-Acute dataset. The 64-channel EBNeuro Galileo
EEG system was used in this case, with a sampling rate of 512Hz
(downsampled to 256 Hz to allow comparison with the AOUP-Acute
dataset). Summary information for this dataset is reported in Table II.

This study was authorized by the local Ethics Committee
(Comitato Etico Regionale per la Sperimentazione Clinica della Regione
Toscana, Sezione Area Vasta Nord Ovest, reference n. 17992), and all
participants signed an informed consent according to the requirements
of the Declaration of Helsinki.

B. Proportional recovery rule

We investigated whether recovery patterns from the two datasets
followed the model of proportional recovery (PRR),"" where

AFMAUE(prop) = f (66 — FMAUEr) + C. (1)

With f=0.7 and C=04. According to this model, patients are
expected to achieve approximately 70% of the difference between their
initial FMAUE score and the maximum achievable score."”

Based on the PRR, we defined recoverers (REC) as patients hav-
ing an error in the PRR model lower than 20 FMAUE points and non-
recoverers (NO-REC) as the other participants.

C. EEG preprocessing

A detailed explanation of the preprocessing for removing the
physiological and non-physiological artifacts from the raw EEG signals
is described in a previous work from our group.”® The preprocessing
pipeline was developed in Matlab using the EEGLAB toolbox,”” and it
was composed of two main steps.

First, we obtained robust averaged-referenced signals using the
PREP pipeline,”’ which is composed of (1) PREP high-pass filtering of
all channels, using an FIR filter with Hamming window and cutoff
frequency = 1 Hz; (2) removal of line noise at 50 Hz and its harmonics;
and (3) removal of channels with abnormal and/or uncorrelated activ-
ity compared to others. The activities of the remaining channels were
then used to estimate a robust average reference, based on the median
and interquartile range. Removed channels were interpolated using
spherical interpolation, and the remaining artifacts were manually dis-
carded after visual inspection.

Afterward, on the re-referenced and filtered signals, we con-
ducted an independent component analysis (ICA) using the Infomax
ICA algorithm,”’ and we discriminated the brain components from
the artifactual ones using a semi-automated procedure. This procedure
was composed of two steps: (1) a neural network trained on crowd-
sourced data (ICLabel)** provided the probability that each compo-
nent belonged to one of the following classes: brain, line noise, muscle,
eye, channel noise, heart, and other; (2) DIPFIT® was used to perform
a single dipole fitting of the independent component map onto a tem-
plate brain (MNI-152 atlas),”" and ICs labeled as “brain” by the neural
network with a confidence higher than 75% and having a fitted dipole
residual variance below 20% were retained.”” All the remaining com-
ponents were visually inspected and marked either as “brain” or “non-
brain” depending on their power spectra and temporal profiles. The
reduced IC space was used to reconstruct the channel-level signals. A
final visual inspection was performed on these signals to remove
remaining artifacts that were not removed by the above ICA
procedure.

To account for differences in the lesioned hemisphere, we
swapped the left and right channels in the case of a left-hemisphere
lesion so that the right-hand side always referred to the lesioned
hemisphere.
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D. Feature extraction

A summary of the feature extraction process and subsequent
machine-learning model is represented in Fig. 1.

For each participant, we analyzed the central 180 of the artifact-
free EEG signals collected at TO. Feature extraction was conducted on
epochs of 10s duration, testing four values of overlap between consec-
utive windows: no overlap, 25%, 50%, and 75% of the epoch duration.
From each epoch, we extracted several spectral and connectivity fea-
tures, previously described in the literature as plausible predictors of
stroke recovery.

1. Spectral and brain symmetry features

First, we computed an estimate of the power spectral density
(PSD) of the signal in each of the recorded channels. For each epoch,
we applied the Welch’s method (averaged periodogram)®” on 2's con-
tinuous windows of EEG signals, using Hamming windows with no
overlap. The spectrum was divided into five canonical EEG frequency
bands, namely, delta (1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta
(13-30Hz), and gamma (30-48 Hz). For each band, the absolute
power was computed with the trapezoid integration method and nor-
malized with respect to the total power between 1 and 48 Hz. The
bands’ upper bound was set to 48 Hz to reduce the possible influence
of residual power line artifacts. The average power was computed as
the mean power across all EEG channels. Moreover, the scalp was
divided into nine regions of interest (ROIs):"® frontal right (FR—chan-
nels: Fp2, AF4, AF8, F2, F4, F6, and F8); frontal left (FL—channels
Fpl, AF3, AF7, F1, F3, F5, and F7); central right (CR—channels FC2,
FC4, FC6, FT8, C2, C4, C6, T4, CP2, CP4, and CP6); central left
(CL—channels FC1, FC3, FC5, FT7, C1, C3, C5, T3, CP1, CP3, and
CP5); occipital right (OR—channels P2, P4, P6, T6, PO8, PO4, and
02); occipital left (OL—channels P1, P3, P5, T5, PO7, PO3, and O1);
frontal (F), as the union of FR with FL; central (C), as the union of CR
with CL; and occipital (O), as the union of OR with OL.

Afterward, we extracted the following features (a total of 141):

* Relative power in the five frequency bands on the average spec-
trum (5 features), within each ROI (45 features), and on the
affected and unaffected hemisphere spectra (10 features).

¢ Delta/alpha ratio (DAR), computed as the ratio between delta and
alpha normalized power.”* The DAR was computed on the average
spectrum (one feature), within each ROI (nine features), and in the
affected and unaffected hemisphere spectra (two features).

* (Delta+ theta)/(alpha + beta) ratio (DTABR), computed as the
ratio between the sum of delta and theta activities and the sum of
alpha and beta activities.”* The DTABR was computed on the aver-
age spectrum (one feature), within each ROI (six features), and in
the affected and unaffected hemisphere spectra (two features).

* Pairwise-derived brain symmetry index (pdBSI), calculated as**"’
1 K

pdBSI = >

n=1

Ln _Rn
L, + Ry

. (2)

In Eq. (2), K is the total number of bins in the band of interest,
L, and R, are the sum of PSD in the nth frequency bins. The
pdBSI was computed in six frequency bands (i.e., the whole spec-
trum, delta, theta, alpha, beta, and gamma bands) and four ROIs
(ie, F, C, O, and on average), for a total of 24 features.
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¢ Directional pairwise-derived brain symmetry index (dirpdBSI),
calculated as™®

. _ 1~L(n) —R(n)
dirpdBSI = %; OETTOR )

The terms in Eq. (3) are the same as for Eq. (2), but the absolute
value is removed to capture the directionality of the relation.
Again, the dirpdBSI was computed in six frequency bands (i.e.,
the whole spectrum, delta, theta, alpha, beta, and gamma bands)
and four ROIs (i.e., F, C, O, and on average), for a total of 24
features.

* Individual alpha frequency (IAF),”® computed as the center of
gravity frequency of the power spectrum in the alpha band

1 K
IAF = — P, - f,. 4
Pn; o fo (4)

In Eq. (4), K is the total number of bins belonging to the alpha
band, P, is the PSD value in the nth bin, and f,, is the frequency
at the center of the nth bin. The IAF was computed on the aver-
age spectrum, within each ROI, and in the affected and unaf-
fected hemisphere spectra, for a total of 12 features.

EEG preprocessing and spectral analysis were performed using
Matlab with the EEGLAB toolbox.””

2. Connectivity and network features

Connectivity among the ROIs described above was computed by
estimating the imaginary component of the coherency spectrum® in
the five frequency bands, defined as

Cohj(f) = S _ S . 5)
In Eq. (5), S(f) is the cross-spectrum between ROIs i and j at fre-
quency f, while S;(f) and Sj(f) are the spectra of ROIs i and j at fre-
quency f. & indicates the imaginary part of the measure. The
imaginary component of the coherency is used instead of the coher-
ence measure to disentangle the effects of zero-lag connectivity, mostly
associated with volume conduction effects.”” From the full connectivity
matrix, we obtained a sparse network representation by pruning the
weights with a proportional threshold, set as the highest percentile that
kept all components connected (1% percentile increase).”® From the
sparse graph representation, the following connectivity and network
features were extracted for each band (for a total of 80 features):

* Average degree of connections, computed as the mean number of
connections retained after pruning (five features).

* Average strength of connections, computed as the mean weighted
node degree of connections,”’ namely the average sum of all
coherence (five features).

* Weighted characteristic path length,”””" indicating the average
functional distance between two ROIs (five features).

* Average weighted clustering coefficient:"””" a measure that repre-
sents the tendency of the network to form clusters of nodes
(closed graphs) (five features).
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* Small-world omega index.”*”> The small-world property indi-
cates the propensity of the network to be tightly interconnected
(low characteristic path length) while being highly clustered
(high clustering coefficient) (five features). The omega measure
compares L,, and C, with the characteristic path length of an
equivalent random network (L,) and the clustering coefficient of
an equivalent lattice network (C;), respectively:

LV CW
w = L C (6)

* Rich Club coefficient, computed as the average number of edges
that connect to nodes having strength higher than the 75th per-
centile of the coherency distribution, divided by the total strength
of the node (five features).

* Degree and strength of connections of affected and unaffected
motor ROIs™ (20 features).

e Path length and clustering coefficients of the affected and unaf-
fected motor ROIs (20 features).

* Local efficiency of the affected and unaffected motor ROIs,”
measured as the inverse of the short path between ROI pairs (ten
features).

Connectivity estimation was performed using the Fieldtrip
toolbox,”* while network metrics were computed using the Brain
Connectivity Toolbox.”

The FMAUEt, was included in the feature set, along with the
number of days from stroke onset and time-to-follow-up examination.
Thus, for each participant and each EEG epoch, we obtained 224
features.

E. Regression analysis

The goal of the regression analysis was to build and validate an
algorithm to predict the FMAUEr, given the predictors extracted at
TO. To achieve this goal, we implemented a feed-forward, fully con-
nected neural network for regression (StrokeRecovNet) that, given a
small set of EEG features extracted from the EEG recordings, estimates
the FMAUE at the follow-up. Previous research primarily focused on
defining EEG descriptors to predict motor impairment and to develop
traditional machine-learning models based on these descriptors. Our
work emphasizes the development of a more adaptable model to
accommodate a wide array of candidate features while avoiding the
complexities of extensive parameter training requirements typical of
deep learning models. StrokeRecovNet efficiently utilizes the full infor-
mation content of the input features. Crucially, it achieves this without
relying on large datasets typically necessary for training more complex
models.

To train, validate, and test the performance of the model, an
LOSO approach was adopted. Patients with a maximum baseline
FMA-UE score (i.e., 66) were excluded from the testing process but
retained for training. In the FDG-Subacute cohort we also excluded
from the testing those who reached the ceiling at follow-up to avoid
distorted recovery estimates.

StrokeRecovNet was assessed in three different experiments:

1. Experiment #1: Training, validation, and testing with nested
LOSO-CV within the AOUP-Acute dataset.

2. Experiment #2: Training, validation, and testing with nested
LOSO-CV on the FDG-Subacute dataset only.
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3. Experiment #3: Training, validation, and testing with nested
LOSO-CV on the combination of the AOUP-Acute and FDG-
Subacute datasets (i.e., FDG + AOUP-Combined datasets), with
performance evaluation on the AOUP dataset.

The rationale for these experiments was to test whether acute
data alone were sufficient to accurately predict FMAUE at follow-up
(experiment #1), whether subacute data were predictable with the
same set of EEG features (experiment #2), and whether training on a
larger dataset of acute and subacute patients could improve the perfor-
mance of the model (experiment #3). Although acute and subacute
EEG reflect different stages of neuroplasticity, we used the combined
dataset solely to test whether more stable subacute patterns could sup-
port prediction in the physiologically more variable acute phase.
Importantly, testing was always performed only on acute patients, so
the experiment does not assume phase equivalence but assesses
whether subacute information provides useful predictive structure.

All features in the training set were ranked using either the
ReliefF”° or mRMR”” feature selection algorithm, depending on which
achieved the best performance. These methods are effective because
ReliefF captures feature relevance by considering local instance neigh-
borhoods, while mRMR balances maximizing relevance and minimiz-
ing redundancy among features, hence effectively reducing feature
collinearity issues. We fine-tuned the regression algorithm by selecting
the top four features and testing the best combination among all of
them. To balance computational feasibility with model stability, we
restricted the input space to the top four features identified through
the ReliefF and mRMR selection schemes. This approach was chosen
because the number of grid-search iterations grows non-linearly with
feature count, particularly when paired with Leave-One-Subject-Out
cross-validation, which requires retraining the model for each partici-
pant. Limiting the feature set therefore ensured tractable optimization
while preserving interpretability and reducing redundancy among
highly correlated EEG predictors.

We added as fixed inputs to the model the FMAUEy, the time
since stroke (days), and the time of prediction (days), as to better facili-
tate the blending of the two datasets. This allowed us to work with a
focused set of features, conducting an extensive search for the best fea-
ture combinations during the LOSO cross-validation, using the root
mean square error (RMSE) as a performance metric. The testing per-
formance was compared to the PRR in terms of median absolute error
(MAE).

F. Cross-validation procedure

During the LOSO-CV, the regression models were trained to pre-
dict the FMAUET; of the validation epochs (i.e., epochs belonging to
the participant left out at each iteration of the LOSO). Then, the
median of the predicted values of all validation epochs was used as the
FMAUEr, of the left-out participant. To find the best model, for each
algorithm, we conducted an exhaustive search among the following
hyperparameters:

* Overlap between consecutive EEG epochs: no overlap, 25%, 50%,
and 75% of the epoch duration.

* Input features: the regression algorithm was fed with all possible
combinations of the best-performing EEG features (based on the
feature selection ranking), ranging from one to four selected
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features (we always included FMAUEy, days since stroke and
days to T1 as additional features of all models).

¢ Feature selection method: ReliefF or mRMR.

* StrokeRecovNet layer configuration: we tested six possible net-
work configurations, with one, two, or three hidden layers,
respectively, with the following neurons-per-layer configurations
(8; 16; 32; [16, 8]; [32, 16]; [32, 16, 8]).

* Batch size (64, 128, full-batch).

Each neural network model evaluated during training was trained
for 20 epochs using the Adam optimizer, with a set learning rate of
0.01. ReLU activation functions were selected.

The RMSE between the predicted and true FMAUE, was used
to assess the model’s performance in the validation loop. The combi-
nation of the model’s hyperparameters, input features, and window
overlap that minimized the RMSE on the validation set was used to
determine the best regression model.

G. Feature consistency scores

We investigated the degree of overlap between the features
selected in each experiment to verify whether model representation
changed across stroke phases. As we extracted a large number of possi-
bly related features, we did not compare directly whether the same fea-
ture set was selected across models. We computed two measures of
more general feature consistency across models: the domain consis-
tency score and the cluster consistency score.

To evaluate domain consistency, we grouped features into func-
tional domains (i.e., spectral metrics, brain symmetry, node connectiv-
ity, and network metrics). Each subject’s selected features were
mapped to these domains, and the selection frequency of each domain
was computed as the proportion of subjects selecting at least one fea-
ture within each domain. Pairwise domain consistency between data-
sets was then assessed using a weighted similarity score. First, we
computed the mean domain selection frequency across all datasets to
derive domain-specific weights. For each dataset pair, we calculated
the weighted absolute differences in selection frequencies for each
domain and normalized this value to obtain a similarity score bounded
between 0 and 1. An overall domain consistency score was also com-
puted as the average of all pairwise similarity scores, providing a global
measure of domain-level agreement across datasets.

The cluster consistency score was instead computed to account
for the possibility that predefined domains would not completely cap-
ture interrelations between features (e.g., correlations within metrics
extracted from the same frequency band). To compute cluster consis-
tency, we first derived feature clusters by applying hierarchical agglom-
erative clustering with complete linkage to the absolute Spearman
correlation matrix of all features in the dataset. The resulting clusters
were defined by a threshold on the correlation-derived distance metric
(1 — correlation), with a cutoff of 0.7 (i.e., correlation >0.3).

Next, for each dataset, we computed the relative frequency with
which each cluster was selected among the best feature sets identified
per subject. Specifically, for each cluster, we recorded the proportion of
subjects whose selected features included at least one feature belonging
to that cluster. This yielded a vector of cluster selection frequencies per
dataset. Cluster consistency between two datasets was then quantified
using the Jaccard similarity between the sets of clusters that had a non-
zero selection frequency in each dataset.
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H. Statistical analyses

The performance of the models trained in each experiment was
compared to that of PRR by means of a bootstrap permutation test
(n= 10000).

We investigated differences between recoverers and non-
recoverers’ features by performing a Mann-Whitney U-test to compare
the feature values between recoverers and non-recoverers for each fea-
ture that was selected at least once in the final model (we applied
Bonferroni correction by the total tested number of features; for visuali-
zation purposes, we only display the violin plots of the top four selected
significant features). Due to sample size constraints, we compared fea-
ture values at the window level (pooling together all the windows from
all subjects within a group), rather than at the subject level. To this pur-
pose, we investigated features extracted from the no overlap dataset.

SUPPLEMENTARY MATERIAL

See the supplementary material for the best hyperparameter fre-
quency for each of the trained networks (Table S1), the lesion location
information for patients from both datasets (Table S2), the full results
of model training (Table S3), the results of model training on a fixed
feature set (Table S4), the statistical results of the comparison of model
errors with possible confounding factors (Tables S5 and S6), and the
results of cross-dataset predictions (Table S7).
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