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ABSTRACT

Stroke remains a leading cause of long-term disability, underscoring the urgent need for effective predictors of motor recovery.
Understanding the electrophysiological changes underlying spontaneous recovery could offer critical insight into recovery mechanisms and
aid in predicting individual rehabilitation trajectories. In this study, we investigated the predictive power of local field potentials recorded 2
days post-stroke to forecast 1 month motor recovery in a mouse model of ischemic stroke. By employing a comprehensive machine learning
approach, we identified key electrophysiological features that significantly enhanced prediction accuracy. Through nested leave-one-animal-
out cross-validation, we achieved high prediction accuracy, correctly identifying motor recovery status in 15 out of 16 mice. Our findings also
revealed that pre-stroke brain activity did not contribute to prediction accuracy, suggesting that post-stroke dynamics are the primary deter-
minants of recovery. Notably, we found that features from the contralesional hemisphere were particularly influential in predicting recovery
outcomes, underscoring the critical role of the non-lesioned hemisphere in motor recovery. Our data-driven methodology underscores the
importance of balancing feature selection to optimize predictive performance, particularly in the context of spontaneous recovery, where
insight into natural recovery processes can guide the development of targeted rehabilitation strategies. Ultimately, our findings advocate for a
deeper understanding of post-stroke brain dynamics to improve clinical outcomes for stroke patients.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial 4.0
International (CC BY-NC) license (https://creativecommons.org/licenses/by-nc/4.0/). https://doi.org/10.1063/5.0263191

I. INTRODUCTION globally in terms of rearrangement of synaptic connections to further
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Stroke is one of the leading causes of disabilities worldwide.'
Most stroke survivors suffer from disabilities chronically after stroke,
especially in the motor domain.” For this reason, stroke poses a huge
economic burden on healthcare systems, due to its treatment and reha-
bilitation costs.” Hence, predicting the potential for recovery after
stroke is essential to guide the best rehabilitation path, improve the
quality of life of the patients, and minimize societal impact.”

Stroke neuronal loss leads to changes in the plasticity processes
immediately after the event, both locally in the lesioned area and

brain areas.”” In fact, the stroke lesion can trigger the opening of a
window of enhanced plasticity,” in which partial spontaneous recovery
occurs from the acute to the chronic stroke phases.7‘8 However, not all
stroke survivors display the same degree of post-stroke recovery of
motor deficits. Several factors influence motor rehabilitation outcome,
such as lesion volume and location,’ age at stroke onset,'”'" and initial
severity of motor deficits.” Hence, knowing in advance the patient-
specific potential for recovery is of utmost importance to optimize the
rehabilitation plan as early as possible after the stroke. For instance,
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knowledge of a patient’s recovery prognosis could help in crafting
rehabilitation objectives that are in line with the patient’s potential for
independence or need for assistance, thereby conserving resources and
maximizing healthcare outcomes.

The simplest stroke recovery model, known as the proportional
recovery rule, solely relies on the initial impairment of the patients and
state that the amount of recovery at the end of the subacute stage after
stroke is proportional to the level of initial impairment.'”"*
Specifically, it was observed that most stroke patients recover about
70% of their total initial motor impairment, as measured by clinical
scales, such as the Fugl-Meyer Assessment Scale. However, not all
patients follow this recovery rule, especially when the degree of their
initial impairment is high."” The proportional model has also faced
criticism due to the ceiling effects observed in clinical scales.'” These
scales tend to saturate toward their maximum values at lower levels of
impairment, leading to a mathematical coupling between initial
impairment and subsequent recovery.'” This coupling partially
explains the recovery rule, raising questions about the model’s validity,
limiting the scales’ ability to predict actual patients” motor recovery. At
the same time, more complex methods to estimate stroke recovery in
humans often require evaluating the integrity of the corticospinal
tract,’” along with the clinical assessment of residual motor function."®
This evaluation is performed with either structural brain imaging'® or
transcranial magnetic stimulation,”’ which are expensive and not read-
ily available in all healthcare centers. These considerations highlight
the need for a widely available and reliable tool to predict stroke recov-
ery from neurophysiological recordings.

In this direction, the use of electrophysiological recordings may
be a cost-effective way to monitor stroke motor recovery, offering a
window on the functional potential for recovery of the patient.
Moreover, given the portability of many electrophysiological recording
systems, these potential biomarkers may then be used to guide and
adapt treatments in a patient-tailored manner.”"** In humans, there is
increasing evidence that noninvasive functional brain signals, such as
electroencephalogram (EEG), can be used to track recovery in stroke
patients.”” ** Specifically, resting-state measures of low-to-high fre-
quency ratios in the EEG activity (such as the delta-to-alpha ratio and
delta/theta-to-alpha/beta ratio) have been shown to be predictive of
the recovery from neurological deficits.”* ** Measures of spectral brain
symmetry, such as the pairwise derived brain symmetry index and its
variants are predictive of recovery from motor deficits after stroke.”” '
Power spectrum,’” interhemispheric connectivity,” ** network met-
rics,” and signal complexity’” also change throughout stroke recovery
phases and have a varying degree of predictive ability of various aspects
of the recovery process.”

While human studies have revealed the potential of using electro-
physiological recordings to predict motor recovery after stroke, investi-
gating the “true” spontaneous recovery in humans is challenging due
to ethical considerations. Standard clinical practice requires patients to
undergo rehabilitation early after stroke, which is essential for patient
care but may act as a confounding factor when studying spontaneous
recovery. Furthermore, pre-stroke electrophysiological data for human
patients is typically unavailable. Consequently, mouse models are
invaluable for examining “true” spontaneous recovery and evaluating
the predictive value of pre-stroke factors in recovery processes. While
EEG is a common electrophysiological technique in humans, invasive
recording methods are more accessible in mice. Specifically, local field
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potentials (LFPs) are frequently utilized to gain insight into the activity
of specific brain areas in mice, potentially offering a more detailed
understanding of the electrophysiological changes associated with
stroke and recovery.

LFPs reflect transmembrane current flow in neuronal populations
near the electrode tip, typically within hundreds of micrometers.”®
These signals are thought to primarily represent synaptic inputs to the
tissue surrounding the electrode,” providing a localized window of
observation of neural activity. While LEPs offer less information than
EEG about widespread cortical dynamics, they are considered one of
the most informative signals for studying cortical electrogenesis.”
Given their specificity and sensitivity to local neural activity, LEPs rep-
resent a powerful tool for identifying relevant biomarkers linked to a
wide range of pathological conditions,” including stroke. In mouse
stroke models, LFP recordings can uncover robust electrophysiological
markers that facilitate the study of spontaneous recovery. Specifically,
this would allow to effectively study the processes of spontaneous
recovery after a stroke, as no treatment needs to be applied to the
mouse. Moreover, stroke mouse models would enable to more effec-
tively distinguish between true spontaneous recovery,"’ compensatory
behavioral mechanisms*' and rehabilitation-induced functional brain
reorganization.” In addition to that, pre-stroke activity may be studied
in mice models to highlight protective factors that are influential in the
recovery processes. LFP activity can be studied in freely behaving mice,
a self-determined behavior that loosely matches the resting-state
recordings in humans. "’

In mice studies, the reorganization of ipsi- and contra-lateral
activity was observed in LFP, specifically with a reduction of gamma
band activity in the peri-lesional area, with a related increase in power
in the same band in the contra-lateral hemisphere."” At the same time,
an increased low-frequency oscillatory activity can be used to track
stroke recovery as well.”” Another study identified LFP complexity, as
measured by the entropy measure, as a target biomarker for tracking
recovery.”* Abnormal imbalance of inter-hemispheric interaction was
also observed in the sub-acute to chronic stages after stroke when com-
pared to non-lesioned mice.*’

However, to the best of our knowledge, both in humans and in
mice models, only a few studies evaluated the ability of electrophysiologi-
cal biomarkers to predict spontaneous future recovery in a completely
data-driven manner.””"** Therefore, our work aimed at studying the
electrophysiological correlates of forelimb motor recovery in a mouse
model of middle cerebral artery occlusion (MCAO), main cause of ische-
mic insult in humans, by extracting a set of features pertaining to spectral,
interhemispheric connectivity, and signal complexity domains. We aimed
at developing a machine learning model to forecast motor recovery, by
combining the most predictive univariate features into a multivariate clas-
sifier, able to distinguish good and poor recoverers. Specifically, our goal
was to verify which features in the ipsi- and contra-lesional local field
potentials activity and in their interaction are sufficient to predict motor
recovery. Finally, we aimed at investigating whether pre-stroke baseline
activity carries information about future recovery.

Il. RESULTS
A. Two-day post-stroke LFPs accurately forecast
1-month motor recovery

To investigate the role of acute changes in electrophysiological
activity in the perilesional and contralesional motor cortices as
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predictors of spontaneous post-stroke recovery, we employed the fol-
lowing experimental design [Fig. 1(a)]: 16 mice underwent implanta-
tion of two chronic bipolar electrodes in the caudal forelimb areas
(CFA) of both hemispheres. LFP recordings were obtained under
freely moving conditions, alongside motor performance assessments
using the Motor Score (see the methods), at baseline (i.e., pre-stroke),
and at 2 and 30days following permanent middle cerebral artery
occlusion (MCAO) induction. The Motor Score obtained at 30 days,

(a) 2-days

Baseline post-stroke
reconl'ding recorl*ding
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compared to baseline values, was used to classify the animals into good
and poor recoverers.

To evaluate the predictability of motor recovery from extracellu-
lar recordings, we analyzed the LFP recorded 2 days post-stroke in
freely behaving mice. Following artifact rejection due to animal move-
ments (see Sec. IV), the LFPs were segmented into windows, and a set
of 28 features was extracted from each window [Fig. 1(b)]. When visu-
alized in a lower-dimensional space [two dimensions using t-SNE,"
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FIG. 1. Experimental paradigm and feature extraction. (a) Schematic of the experimental paradigm (see Sec. |V/). Sixteen mice (N = 16) were recorded using two electrodes
implanted in the motor cortex of both hemispheres prior to permanent middle cerebral artery occlusion. A set of features was extracted from the collected signals and fed into
a machine learning classification algorithm. The mice underwent a battery of motor tests both before and 30 days after the induced stroke. A comparison of cumulative motor
performance was then used to sort the mice into good and poor recovery groups. (b) Feature extraction from the collected extracellular signals was based on a sliding window
approach (see Sec. |V/) of varying size (30 or 60 s) and degree of overlap (50%, none, or random). For each temporal window we extracted a set of 28 features grouped
into three categories: 8 based on spectral power (for each hemisphere); 4 accessing inter-hemispheric interaction; and 4 based on signal complexity (for each hemisphere).
(c) t-SNE plot of the dataset obtained 2 days post-stroke. Each marker represents a 60-s window with no overlap. Markers of the same shape indicate windows from the same
animal. Red markers denote poor recoverers, while blue markers indicate good recoverers.
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see Fig. 1(c)], the features obtained 2 days post-stroke appear to form
two distinct clusters, corresponding to poor and good recoverers, with
minimal overlap between clusters. This observation provided an initial
indication that data-driven approaches could potentially be used to
infer recovery class.

A nested leave-one-animal-out cross-validation (LOAO-CV)
procedure was employed to optimize the multiple hyperparameters
adopted for classification. We iteratively excluded one animal at a time
to identify the optimal window lengths (30 and 60 s), overlap strategies
(no overlap, 50% overlap, and random overlap), and classification
algorithms [support vector machine (SVM) with four different kernel
functions, random forest, artificial neural network (ANN), and k-
nearest neighbor (kNN)] along with their respective hyperparameters
(see Sec. IV). The best hyperparameters were those that maximized the
animal-wise classification accuracy on the validation set using a
LOAO-CV strategy (see Sec. IV). Subsequently, the model with the
best-performing hyperparameters was tested on the features of the
excluded animal. This process was repeated for each of the 16 animals.

Across the 16 mice, the best-performing classifier was consis-
tently identified as the SVM. Specifically, the linear kernel was adopted
in 11 of the 16 mice, while the remaining 5 utilized the radial basis
function kernel. The optimal window length was consistently 60s for
all mice, with a no-overlap strategy preferred in the majority of cases
(14 out of 16 mice). Regarding the selected hyperparameters, the C
parameter was set to 10 in 6 animals, 100 in 8 animals, and 1000 in 2
animals. The gamma parameter was set to 10-3 in 15 animals and to
10 in 1 animal. The average LOAO-CV accuracy on the validation set
was [82.5 % 1.9]% of correctly classified animals (mean = standard
error of mean, sem), while [78.7 = 1.5]% (mean * sem) of correctly
classified windows.

Finally, we tested the classifier (with the previously identified
best-identified hyperparameters) on the animal excluded from each
validation step. We found that the features collected from the win-
dowed LFPs recorded 2 days post-stroke correctly classified the 30-day
post-stroke motor recovery in 13 out of 16 animals [accuracy: 81.3%,
precision: 85.7%, recall: 75.0%, F1-score: 80.0%, Fig. 2 point (3)]. The
accuracy of the classification based on the windows was 74.6% (preci-
sion: 77.0%, recall: 70.0%, and F1-score: 73.3%).

To ensure that our prediction results were not dependent on the
cross-validation strategy used, we performed the classification task
using a conventional fixed-split cross-validation scheme (fixed-CV, see
Methods). We found that the prediction accuracy was comparable to
the previous leave-one-animal-out approach, correctly identifying 5
out of 6 animals of the test set, and 75.0% of windows (Fig. S1).

B. Tradeoff between feature dimensionality and
prediction performance

We sought to determine the minimal set of features required to
uphold classification accuracy.

To assess the relative importance of each feature in predicting 1-
month motor recovery, we adopted the maximum relevance minimum
redundancy (mRMR) algorithm to perform a leave-one-animal-out
(LOAO) backward feature selection. Briefly, for each animal excluded
from the dataset, we performed an mRMR feature ranking on the data-
set obtained from the remaining 15 animals. This process was repeated
for each animal in the dataset.
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FIG. 2. Accuracy of motor recovery prediction at 2 days post-stroke. Top: Confusion
matrices for the leave-one-animal-out cross-validation (LOAO-CV) in three different
fractions of features adopted: using only the most important feature [i.e., point (1)],
the half most important features [i.e., point (2)], and all 28 features [i.e., point (3)].
The numbers outside parenthesis within the confusion matrices entries indicate the
classified animals, while the numbers within parentheses represent the classified
windows. Bottom: Accuracy of motor recovery using LOAO-CV across different frac-
tions of features employed for classification. Features were incrementally added in
order of their importance, starting from the most important [i.e., point (1)] to the least
important, until all 28 features in the dataset were utilized [point (3)].

Similar to the procedure described in Sec. IT A, we first conducted
a LOAO-CV step. Specifically, by excluding one animal at a time, we
identified the set of hyperparameters that maximized animal-wise clas-
sification accuracy. This time, the process involved iteratively discard-
ing the least important feature at each step, as determined by the
mRMR algorithm, until only the most important feature remained for
the classification. Finally, the classifier with the best hyperparameters
for each combination of feature set size were tested on the excluded
animal.

Interestingly, we found that throughout all the LOAO iterations
and feature combinations employed, the optimal classifier was the
SVM in 97.1% of cases (44.4% using the linear kernel, 42.5% using the
radial basis function, 7.8% using the quadratic kernel, and 5.3% using
the cubic kernel). Regarding the optimal window, the 60-s window
was preferred 77.9% of the time, with a no-overlap strategy being opti-
mal in 82.4% of cases.

We found that the LOAO test classification accuracy remained at
chance level [Fig. 2, point (1)] until approximately half of the most
important features were retained for the classification [Fig. 2, point
(2)]. Accordingly, the average accuracy for the first half of the most
important features [ie, from point 1 to point 2 in Fig. 2] was
[47.8 = 3.3]% (mean * sem). When 15 (out of 28) of the most impor-
tant features were employed, the classification accuracy reached a
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maximum, correctly classifying 15 out of 16 animals [Fig. 2, point (2)].
Including the remaining less relevant features slightly decreased the
testing accuracy, achieving a level of 13 out of 16 correctly classified
animals [Fig. 2, point (3)], which corresponds to the classification
result illustrated in Sec. Il A (where all the features were employed).

A similar trend was observed with the accuracy based on win-
dows. Until half the features were adopted, the window-based accuracy
remained at chance level, with an average of [47.7 =2.1]% (mean
+ sem) for the first half of the most important features. The window-
based accuracy reached its peak of 86.5% when 17 (out of 28) most
important features were employed [Fig. 2, point (2)] and showed a
slight decrease when all the features were used, achieving 74.6% accu-
racy [Fig. 2, point (3)].

A similar trend was observed when performing the classification
task using a conventional cross-validation scheme. The CV subject-
wise accuracy remained at chance level, averaging [53.6 = 2.6]%
(mean = sem) for the first half of the most important features [Fig. S1,
point (1)]. The subject accuracy reached its maximum of 6 out of 6
correctly classified test-set animals when at least the most relevant 14
features were used [Fig. S1, point (2)], while slightly decreasing when
adding the remaining (approximately) half of less relevant features
[achieving 5 out of 6 correctly classified animals in the test set, Fig. S1,
point (3)]. Comparable results were obtained with the accuracy based
on windows (red trace in Fig. S1).

C. The role of contralesional LFPs and data-driven
approaches in predicting post-stroke motor recovery

To validate the feature importance identified through our
machine learning approach, we compared their relevance using tradi-
tional statistical methods.

Each LOAO iteration (where each animal sequentially served as
the test set) produced its own feature ranking. To derive an overall fea-
ture ranking, we then averaged the rankings of each feature as deter-
mined by the mRMR algorithm across all animals [Fig. 3(a)]. In
parallel, we performed statistical tests to determine if the importance
of features identified by the machine learning approach was also
reflected in first-order statistical tests across the two classes of motor
recovery. To this end, we conducted pairwise comparisons for each
feature between good and poor motor recovery mice using a two-sided
Wilcoxon rank-sum (WRS) test [Fig. 3(a), green trace]. Multiple com-
parisons were corrected for using the Bonferroni approach. Given that
the optimal window strategy identified in every LOAO iteration during
validation was 60 s long with no overlap for most animals, we pooled
feature values across this window strategy.

We found a significant correlation (Pearson p=—0.71,
p < 0.001) between the p-values of the Wilcoxon rank-sum (WRS) test
across features and the average ranking returned by the mRMR
algorithm.

Interestingly, only a very small subset of features displayed statis-
tical significance between poor and good recoverers [asterisks in
Fig. 3(a)]. Presented in descending order of their average ranking, the
Wilcoxon rank-sum test identified the following five features as signifi-
cantly different [Fig. 3(b)]: (i) the Granger causality test-statistics of
contralateral LFPs on ipsilesional LFPs; (ii) approximate entropy of
contralesional LFPs; contralesional (iii) alpha, (iv) theta, and (v)
gamma power.

ARTICLE pubs.aip.org/aip/apb

This set of five significant features [Fig. 3(b)] highlights the
importance of the electrophysiological properties of the contralesional
hemisphere. Four out of the five significant features were exclusively
related to contralesional LEPs, and the last reflected the impact of con-
tralesional LFP on the perilesional hemisphere. The higher importance
of contralesional LFP features was further supported by their higher
average ranking when considering the overall set of 28 features
[Fig. 3(a): contralesional average rank—orange bars: 13.8 = 2.0,
median rank = SEM; ipsilesional average rank—gray bars: 21.0 == 1.8,
median rank = SEM].

In total, 28 features were extracted from the recorded LFPs, cate-
gorized into power, complexity, and interhemispheric interaction
[Fig. 1(b)]. The five statistically significant features spanned all three
categories, indicating no specific preference for any one category: three
were power-based, one reflected interhemispheric interaction, and one
pertained to signal complexity. In line with this, the average ranking of
all 28 features within each category did not show a clear preference
either, with no significant difference between the categories [Fig. 3(a):
power features average rank: 16.1 = 1.9; complexity features average
rank: 13.2 +2.4; interhemispheric communication features average
rank: 17.7 * 1.3, mean rank = SEM].

Up to this point, we have focused on feature values extracted from
LFP recordings obtained 2 days post-stroke. We next examined whether
these features also exhibited significant changes relative to baseline (pre-
stroke) values [Fig. 3(c)]. A mixed-design ANOVA was employed to
evaluate the effects of two factors: stroke (baseline vs 2 days post-stroke,
i.e., the within subject factor) and group (good vs poor recoverers, i.e.,
the between subject factor), along with their interaction.

We found that the stroke factor had a significant effect on the
four contralesional features, indicating that these features changed sig-
nificantly following the stroke. Specifically, approximate entropy
(p <0.001), alpha power (p <0.001), theta power (p < 0.001), and
gamma power (p=0.002) showed significant differences between
baseline and post-stroke conditions. However, the group factor also
had a significant effect on all five features, with the exception of theta
power, where no significant difference was observed. The features that
were significantly affected by group included Granger causality
(p < 0.001), approximate entropy (p = 0.006), alpha power (p = 0.04),
and gamma power (p < 0.001).

Notably, the interaction between stroke and group was significant
for four of the five features, indicating that the effect of stroke on these
features differed between the good and poor recoverers. This suggests
that the temporal evolution of these features was influenced not only
by the presence of stroke but also by the recovery status of the animals.
Specifically, the interaction effects were significant for Granger causal-
ity (p<0.001), approximate entropy (p<0.001), alpha power
(p <0.001), and theta power (p < 0.001), highlighting differential pat-
terns of feature changes between the two groups over time.

To further investigate this aspect, post-hoc tests were performed
to determine whether there were significant differences between pre-
and post-stroke values for each group. For mice with good motor
recovery, no statistically significant differences were found between
pre- and post-stroke values for any of the features [Fig. 3(c)]. In con-
trast, mice with poor motor recovery showed statistically significant
differences between pre- and post-stroke values [Fig. 3(c)] for the four
most important features (i.e., Granger causality, approximate entropy,
alpha, and theta power). This indicates that the good recovery group
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FIG. 3. Feature importance at 2 days post-stroke for predicting motor recovery. (a) (Left y-axis) Average rank across animals computed with the mrmr algorithm. The feature
names are indicated on the x-axis (description of features” abbreviations can be found in the Sec. |V/). Error bars indicate standard deviation of feature ranking. Bars were
color-coded according to the feature category: orange for contralesional features, gray for ipsilesional feature and blue for inter-hemispheric communication. (right y-axis)
P-values (green line) for the pairwise comparison between good and poor motor recovery for each feature, computed with the two-sided Wilcoxon rank sum test. Multiple
comparisons were accounted for by Bonferroni method. The dashed line indicates alpha value corrected with the Bonferroni method. Asterisks indicate statistical significance.
(b) Scattered boxplots for the five statistically significant features between good and poor motor recoverers. From left to right: (i) the Granger causality test-statistics of contralat-
eral LFPs on ipsi-lesional LFPs (Wilcoxon rank-sum test p < 0.001); (ii) approximate entropy of contra-lesional LFPs (Wilcoxon rank-sum test p < 0.001); (iii) alpha contra-
lesional power (Wilcoxon rank-sum test p=p < 0.001); (iv) theta contra-lesional power (Wilcoxon rank-sum test p < 0.001); and (v) gamma contra-lesional power (Wilcoxon
rank-sum test p < 0.001). Each point represents a different window. Dashed black line represent the mean value of the corresponding motor recovery group in baseline. Error
bars represent standard deviation. (c) Distribution of the five statistically significant features between good (left) and poor (right) motor recoverers at 2 days post stroke
(“2 days,” green) and before the stroke (“bas.” short for baseline, orange). Each point represents the feature value within a single time window. Gray lines connecting the points
indicate paired observations, linking pre- and post-stroke values. Probability density functions are reported vertically. Asterisks indicate the significance of Tukey’s honest signifi-
cant difference post-hoc tests: “p < 0.05, **p < 0.01, and ***p < 0.001.
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maintained stability in these features after the stroke, whereas the poor
recovery group experienced changes, suggesting that stroke has a dif-
ferential impact on feature evolution depending on recovery outcomes.

In the previous analysis, feature values were extracted from multi-
ple 60-s, non-overlapping windows, providing several data points per
animal. To assess the impact of averaging these values across animals,
we conducted additional analyses using animal-averaged feature values
for each time window (Fig. S2). We first performed a Wilcoxon rank-
sum pairwise comparison on these averaged values, which revealed no
significant differences between the poor and good motor recovery
groups post-stroke. This suggests that averaging the feature values
across animals may obscure meaningful group differences. Moreover,
we applied the same mixed-design ANOVA to the averaged dataset to
access differences between good and poor motor recoverers and
between pre- and post-stroke condition. We found that only Granger
causality was significantly modulated by the group factor (p = 0.04),
while the other features did not show statistical significance when aver-
aged across animals. These findings underscore the importance of
retaining multiple data points per animal by using the windowed
approach to enhance data numerosity and statistical power.

D. Pre-stroke LFPs fail to predict motor recovery
at1month

So far, we have focused on forecasting 1-month post-stroke out-
comes based on features extracted from LFPs recorded 2 days after the
stroke. We also investigated whether baseline recordings (i.e., LEPs col-
lected before the stroke lesion) held any predictive value for motor
recovery.

Following a similar methodology as for the 2-day post-stroke
recordings, we performed a nested LOAO-CV to optimize multiple
hyperparameters for the baseline LEPs. Consistently with the previous
results, the SVM emerged as the best classifier for all 16 animals.
However, the optimal window length and overlap strategies were more
variable compared to the 2-day post-stroke scenario: in 12 out of 16
animals the 60-s window was the optimal one, while the overlap strate-
gies were diverse (no overlap: 6 animals, 50% overlap: 5 animals, and
random overlap: 5 animals).

This heterogeneity in hyperparameters was reflected in a signifi-
cant decrease in validation performance: the animal-wise accuracy was
on the validation set was of [61.7 = 2.2]% (mean * sem), while the
window-based accuracy was [56.3 * 1.8]%.

Next, we iteratively tested the best-identified hyperparameters on
the excluded animal of each LOAO validation step. We found that the
pre-stroke LFPs failed to correctly classify motor recovery classes in
almost every animal, with performance falling significantly below the
chance level (i.e., 50%). Specifically, only 2 out of 16 animals (animal-
wise accuracy: 12.5%) were correctly classified. Similarly, only 11.9% of
the windows were correctly classified using baseline LFP features.

Interestingly, randomizing the feature values (while maintaining
the same labeling patterns) yielded similar results. Correct classifica-
tion was achieved in only 3 out of 16 animals (animal-wise accuracy:
18.8%) and 26.0% of windows with the random dataset.

These results, falling significantly below the expected 50% chance
level in balanced two-class classification tasks, can be attributed to the
interaction between the LOAO testing procedure and the label assign-
ment based on majority voting from windows. Briefly, in each LOAO
iteration, the training set was obtained by excluding one animal at a
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time, resulting in an unbalanced training set biased toward the class
opposite to that of the test animal. The classification was then per-
formed on the windows of the test animal, with the final label assigned
based on the majority vote from its windows, which was dispropor-
tionate in favor of the other animal class (see Materials and Methods
for a detailed description). This resulted in a systematic bias toward
the class opposite to that of the test animal, pushing the test classifica-
tion accuracy significantly below the chance level.

To address this issue stemming from the imbalance created by
the LOAO-CV procedure, we performed a leave-two-animals-out
cross-validation (L2AO-CV) procedure. Briefly, every L2AO iteration
consisted of iteratively removing from the validation/training set a
couple of randomly picked animals of opposite motor recovery class
(see Sec. 1V).

Following this new validation scheme, we first performed valida-
tion and testing on the 2 days post-stroke dataset. The average L2AO
testing accuracy across animals for the 2 days post-stroke recordings
was [813%=42]% correctly classified animals (precision:
[80.0 £ 6.5]%, recall: [75.0 = 7.6]%; Fl-score: [80.0 = 5.3]%), in line
with the results found using the LOAO procedure (see Sec. III B). For
the pre-stroke LFPs, instead, the average L2AO accuracy across ani-
mals reached [41.6*3.5]% (precision: [43.7 =4.0]%, recall:
[56.3 = 6.9]%; Fl-score: [52.6 * 3.8]%). This result highlights (1) the
lack of informative power regarding motor recovery in the LFP fea-
tures extracted before the stroke and (2) the existence of a bias affecting
LOAO accuracy when approaching the condition of no difference
between the two animal recovery groups.

Finally, we tested whether normalizing the features extracted at
2 days post-stroke for each animal by their corresponding pre-stroke
values could improve classification accuracy. With the LOAO-CV
scheme, the classification accuracy dropped to 8 out of 16 correctly
classified animals. Using the L2AO, the average accuracy across sub-
jects reached [65.7*+4.0]% (precision: [68.5%* 6.7]%, recall:
[59.3 £ 7.6]%; F1-score: [66.7 = 4.3]%), which is intermediate between
the accuracy obtained using the 2-days post-stroke and pre-stroke LFP
features.

lll. DISCUSSION

Our study demonstrated that LFPs recorded 2 days post-stroke
can predict 1-month spontaneous motor recovery in mice with excel-
lent classification performance (Fig. 2). By employing a comprehensive
machine learning approach (Fig. 1), we identified key electrophysiolog-
ical features that significantly contribute to this prediction (Fig. 3).
Notably, our findings underscore the critical role of contra-lesional
brain activity, and the efficacy of data-driven methodologies in under-
standing and forecasting post-stroke spontaneous motor recovery.
Interestingly, we found that incorporating pre-stroke brain activity did
not improve the classification accuracy. This indicates that motor
recovery is mainly determined by the stroke aftermath and suggests
the absence of a preexisting neuroprotective effect.

A. Predictive power of post-stroke LFP

One of the main findings of our study is the significant predictive
power on spontaneous motor recovery of acute post-stroke local field
potentials. Our machine learning algorithms, trained on features
extracted from LFPs recorded 2 days post-stroke, demonstrated
remarkable accuracy in predicting motor recovery outcomes 1 month
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after the lesion. Such a prediction achieved a high classification rate,
correctly predicting recovery status in 15 out of 16 animals using a
nested leave-one-animal-out paradigm [Fig. 2]. This performance
underscores the potential of early post-stroke LFPs as a robust predic-
tor of long-term recovery.

Our machine learning approach utilized a method of windowing
the electrophysiological signal estimating features within each window
[Fig. 1(b)]. We tested two window lengths (30 and 60s) and various
overlap configurations (50%, 0%, and random overlap) between neigh-
boring windows. This design allowed to increase the number of data
points compared to estimating a single feature value for each tested
animal.

Using a nested leave-one-animal-out cross-validation paradigm,
we identified the optimal window length and overlap for each animal.
Interestingly, the optimal configuration for each tested animal was the
longest window length (60s) with no overlap between neighboring
windows. This result highlights the necessity of balancing two factors:
increasing the dataset size, ensuring reliable feature estimation, and
managing feature correlation.

Maximizing the dataset size by using the shortest window length
would have provided the highest number of data points, and similarly,
utilizing maximum overlap would have further increased the data vol-
ume. However, these strategies could compromise the reliability of fea-
ture estimation and introduce higher correlations between features,
which might adversely affect prediction performance. The selection of
a 60-s window without overlap strikes an effective balance, yielding
enough data for robust feature estimation while minimizing the risk of
excessive feature correlation. This balance is crucial for extracting
meaningful features that enhance the accuracy of our machine learning
model in predicting motor recovery outcomes.

Finally, we investigated the relative importance of the features
used in predicting motor recovery. Our analysis revealed that achieving
high prediction accuracy required employing the most informative
half of the features (Fig. 2). Including the less informative half did not
improve prediction accuracy; in fact, it showed a slight trend toward
reduced accuracy. This finding underscores the value of a data-driven
approach that prioritizes a carefully selected, balanced set of features
over reliance on single biomarkers.

B. Stroke-induced changes vary between different
recovery trajectories

As previously noted, one of the main findings of our approach is
the absence of single biomarkers for spontaneous motor recovery.
Accurate prediction of motor recovery was only achieved through a
data-driven approach that combined several features.

Nevertheless, we identified a limited subset of features that con-
sistently emerged as the most important across different mice
[Fig. 3(a)]. Among these, five features were statistically significant in
distinguishing between animals with poor and good motor recovery
at 2 days post-stroke: (i) the Granger causality test-statistics of con-
tralesional on ipsilesional LEPs; (ii) approximate entropy of contrale-
sional LFP; (iii) contralesional alpha, (iv) theta, and (v) gamma LFP
power.

Interestingly, by incorporating pre-stroke baseline information,
we identified that the primary distinction between good and poor
motor recoverers lay in the stability of such features following stroke
[Fig. 3(c)]. Specifically, good recoverers were characterized by the
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preservation of these features, which remained largely unaffected by
stroke. In contrast, poor recoverers exhibited marked deviations from
their baseline levels, including a decrease in interhemispheric Granger
causality and entropy, alongside an increase in theta and alpha power
oscillations [Figs. 3(b) and 3(¢)].

When analyzing subject-averaged data for these features, none of
the pairwise statistical comparisons between good and poor recoverers
at 2 days post-stroke rejected the null hypothesis, suggesting no signifi-
cant differences at this stage. This highlights the critical value of retain-
ing multiple data points per animal through the windowed analysis
approach, which increases data numerosity and enhances statistical
power. Among the features examined, only the most significant (i.e.,
Granger causality test statistics of contralesional on ipsilesional LFP)
demonstrated a robust group effect (mixed-design ANOVA, p=0.01)
in the subject-averaged dataset, underscoring its potential as a distin-
guishing factor between recovery trajectories. This finding supports
the idea that changes in inter-hemispheric functional coupling imme-
diately following a stroke are key biomarkers of both stroke-induced
deficits, as previously found by Hazime et al,*” as well as spontaneous
recovery potential.

C. Pre-stroke LFP do not contribute to motor recovery
prediction

Our results showed that incorporating pre-stroke brain signals
did not improve the prediction accuracy of motor recovery. This indi-
cates that motor recovery is more closely linked to the aftermath of the
stroke rather than preexisting brain dynamics. The lack of a significant
effect of pre-stroke data suggests that any neuroprotective effects pre-
sented before the stroke may not be substantial enough to influence
recovery outcomes.

Interestingly, even combining the information of both pre- and
post-stroke signals did not enhance prediction accuracy. In fact, nor-
malizing the post-stroke LFP features with their respective pre-stroke
values resulted in reduced accuracy compared to using post-stroke fea-
tures alone. This suggests that the post-stroke brain activity contains
the most relevant information for predicting recovery, and that pre-
stroke signals may introduce variability that confounds the predictive
model. This highlights the predominant role of the immediate post-
stroke period in determining recovery trajectories and underscores the
importance of focusing on post-stroke brain dynamics for accurate
predictions.

While pre-stroke electrophysiological signals may lack bio-
markers for motor recovery, this does not rule out the potential pres-
ence of pre-stroke prognostic factors. For instance, motor enrichment
and exercise before stroke have been linked to improved motor recov-
ery outcomes.””

D. Translational potential from murine models to
human studies

In this study, we demonstrated that LFPs in mice carry valuable
information about future motor recovery following a stroke and can be
effectively utilized to construct predictive models for recovery out-
comes. The machine learning pipeline we developed and the features
we extracted are readily transferable to other recording modalities,
such as EEG.
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Although direct application to human subjects is limited since
LFP recordings from motor areas post-stroke are rarely feasible, we
identified significant parallels with findings in human EEG research.
Specifically, we observed that interhemispheric balance metrics, such
as Granger causality from the contralesional to the ipsilesional hemi-
sphere, serve as key predictors of recovery. Similar patterns have been
reported in humans, where metrics like the pairwise-derived brain
symmetry index and related measures have been shown to predict
motor recovery.” "’ Furthermore, consistent with human studies,
ipsilesional relative band power does not seem to provide meaningful
information about motor recovery,”* with negative prognosis instead
emphasized by increased contralesional activity of the low frequency
bands.”

In addition, we explored novel features that have been less com-
monly investigated in human EEG research and found them to be pre-
dictive of recovery. For example, approximate entropy, a measure of
signal complexity, emerged as a valuable predictor. These findings pro-
vide an opportunity to benchmark such features before testing them in
human studies.

The translational relevance of this work is hence twofold. First,
we developed a machine learning pipeline that can be easily adapted
for human applications using different recording modalities. Second,
our findings indicate that some of the extracted features may have
broad applicability across species and recording types, positioning the
mouse stroke model as a valuable platform for validating features with
potential relevance to human recovery.

However, while our findings suggest that key LFP-derived fea-
tures may translate to EEG, this requires empirical validation in
human stroke patients. Future studies should determine whether these
features retain prognostic value in human EEG data and assess their
reliability as recovery biomarkers. This validation is a crucial and nec-
essary step toward translating our machine learning framework to a
noninvasive clinical setting.

E. Limitations and future perspectives

Here, we used a murine model of unilateral ischemic stroke. The
MCAO model is widely used to study ischemic stroke, simulating the
effects of reduced blood flow in the brain. While this model provides
valuable insight into stroke mechanisms and potential therapies, it has
the limitation of representing only a subset of human stroke cases. In
fact, in our dataset, the ischemic lesion was relatively confined and
essentially located in cortical layers without affecting subcortical
regions.

Our study investigated the predictive value of features extracted
from LFPs in the motor cortex of freely moving mice. LFPs were
recorded from both ipsilateral and contralateral motor cortices using
two electrodes. Expanding the number of electrode contacts could sig-
nificantly enhance our findings. Specifically, using multi-contact elec-
trodes that span the entire cortical thickness could help capture layer-
specific differences, potentially improving the ability to distinguish
between good and poor motor recovery following stroke. Additionally,
multi-contact probes would potentially enable the inclusion of both
single-unit and multi-unit activities, providing complementary infor-
mation on neural dynamics compared to LFPs alone,”” and thus, offer-
ing a more comprehensive understanding of post-stroke recovery.

Furthermore, we aimed to assess the predictive value of motor
LFPs under the most natural and unconstrained conditions. To
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achieve this, we recorded extracellular potentials during freely moving
behavior, allowing mice to engage in spontaneous forelimb activity
with minimal experimental constraints, which better reflects self-
determined behavior. However, since the severity of initial motor
impairment remains one of the most reliable predictors of motor out-
come,””" task-evoked or stimuli-induced LFPs might reveal more
pronounced differences in motor recovery following stroke, as they
may more effectively indicate the integrity of the motor system in the
aftermath of stroke. Combining resting state with evoked LFPs could,
therefore, enhance the predictive value of such signals in the stroke
aftermath.

A potential concern in the LFP recordings used in our work is
variability introduced by minor differences in electrode placement
across animals. However, we followed a standardized stereotaxic
implantation procedure (see “Electrode implant”), and the spatial cor-
relation of LFP signals extends over the millimeter scale,”””* hence
mitigating the impact of small electrode placement mismatches.
Furthermore, while acute tissue damage could influence invasive
recordings, we implemented a post-operative recovery period, allowing
neural activity to stabilize before data collection. Finally, the predictive
features identified in our analysis were robust across animals, sugges-
ting that our findings are not primarily driven by implantation
variability.

Our analysis heavily relied on the selected features. We intention-
ally included features that are straightforward to use and have previ-
ously been shown to effectively capture stroke-related pathological
dynamics in both mice and humans.”**”” However, it is possible that
we excluded certain features that could have improved the prediction
accuracy in this study. To this end, a potential future direction for the
approach proposed here involves the use of automatic feature extrac-
tion, such as employing deep learning techniques. These advanced
methods could potentially identify and leverage additional relevant fea-
tures that manual selection may overlook, thereby enhancing the pre-
dictive performance of the model here proposed.

While our methodological choices were carefully designed to mit-
igate the risk of overfitting, we acknowledge the inherent challenges
posed by the limited dataset size (n= 16 animals). The use of LOAO
cross-validation ensures that classification is assessed at the animal
level, but it also reduces the amount of data available for training (by
one animal) in each iteration. Although our results demonstrate that
classification performance remains stable even after removing the least
informative features (suggesting that the model is not overfitting due
to excessive dimensionality) future studies with larger datasets would
further validate our approach. Additionally, while we employed multi-
ple cross-validation strategies and data augmentation via sliding-
window to enhance generalization, further validation on independent
datasets will be crucial to fully establish the robustness and broader
applicability of our findings.

Another crucial factor influencing the predictive power is the def-
inition of motor recovery itself. We utilized a motor recovery score sys-
tem based on the combined result of multiple motor tests. This
approach was chosen because it provides a more comprehensive defi-
nition of motor recovery following a stroke, capturing a broader spec-
trum of motor functions compared to single behavioral tests, which
may focus on only one aspect of motor output and fail to reflect the
complexity of real-world scenarios. However, it could be valuable to
extend the proposed approach to predict motor recovery outcomes for
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each individual motor test, rather than relying solely on an aggregate
measure. Such an extension could potentially enhance the precision of
predictions by providing insight into specific aspects of motor recov-
ery, thereby offering a more detailed understanding of recovery
dynamics and improving the overall accuracy of our predictive model.

A potential limitation of using a global motor score is that it
aggregates multiple behavioral tests, which may obscure distinctions
between different aspects of motor recovery. However, in our dataset,
individual motor tests probed distinct motor skills and, as a result, clas-
sified animals differently as good or poor recoverers. This variability
led to inconsistencies across tests, where some identified more animals
as good or poor recoverers than others, making group assignments less
stable and imbalanced. Given our sample size, addressing these incon-
sistencies through resampling techniques would not be ideal, as such
methods could amplify the influence of individual animals rather than
capture generalizable recovery patterns. By integrating multiple behav-
ioral measures, the global motor score mitigated this issue, providing a
more stable classification and a broader perspective on post-stroke
motor recovery. Additionally, from a translational perspective, this
approach better aligns with clinical assessments in human patients,
which commonly rely on composite motor scales rather than isolated
test outcomes. Future studies with larger sample sizes may refine this
approach by investigating recovery within specific motor domains
(e.g., fine vs gross motor recovery). A larger dataset would enable more
stable groupings and allow for resampling techniques to correct for
discrepancies across individual tests, potentially improving the resolu-
tion of motor recovery classification.

Notably, the model proposed here could be straightforwardly
extended to address non-spontaneous motor recovery. Specifically, it
could be expanded to test the possible existence of prognostic factors
related to motor therapy. By incorporating these elements, our model
could provide valuable predictions regarding the effectiveness of differ-
ent types of therapeutic interventions, further enhancing its clinical
applicability and utility in guiding personalized rehabilitation strategies.

Finally, our prediction model focused on features derived from
electrophysiological signals. However, the prediction of motor recovery
following stroke has primarily been associated with neuroimaging bio-
markers,” particularly those assessing the integrity of corticospinal
tract white matter.”' *’ Integrating electrophysiological data with neu-
roimaging features could potentially enhance prediction accuracy
through a multimodal approach, combining both types of information
for a more comprehensive assessment.

IV. METHODS
A. Animals

All experiments involving animals were authorized by the Italian
Ministry of Health (authorization number 684/2020-PR) and carried
out in accordance with the European Directive of 22 September 2010
(EU/63/2010). Mice were housed in clear plastic cages under a 12 h
light/dark cycle and were given ad libitum access to water and food. A
total of 16 C57BL6]J mice were used (22-27 g, age 8—12 weeks).

B. Permanent middle cerebral artery occlusion (MCAO)

Animals were anesthetized with avertin (20 ml/kg, 2,2,2 tribro-
moethanol 1.25%; Sigma-Aldrich, USA), transferred onto a heat blanket
in lateral position and immobilized with adhesive tape for medical use.
A skin incision was performed between the ear and eye using fine
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surgical scissors. Then, the temporal muscle was exposed, detached
from the bone, and cut vertically to reveal the underlying skull. The
MCA was identified below the semitransparent bone and a circular cra-
niotomy was drilled above it. Once it was exposed, the MCA was
occluded with electrocoagulation forceps (two biological instruments,
bipolar mode, 12 W). If the artery was bifurcated, the coagulation was
performed both proximally and distally to the branching and, if neces-
sary, also the single branches were coagulated. When there was no
bifurcation, the MCA was coagulated at two sites of approximately
1 mm of distance. If spontaneous recanalization occurred, the electro-
coagulation was performed again. Finally, the temporal muscle was relo-
cated to its position, glued with cyanoacrylate and the wound was
sutured. Intraoperative rectal temperature was kept at 37.0 £0.5°C
using a heating pad. After the surgical procedure, animals were treated
with paracetamol (100 mg/kg) for 4 days post operation in drinking
water.

C. Electrode implant

Animals were anesthetized with avertin (20 ml/kg, 2,2,2 tribro-
moethanol 1.25%; Sigma-Aldrich, USA), placed in a stereotaxic appa-
ratus and the skull was exposed through a midline incision. Then, two
burr holes were drilled in both hemispheres at the level of Bregma,
2mm lateral. This way, the electrodes were implanted in the caudal
forelimb area (CFA).”"*” A surgical screw was tightened at the center
of the occipital bone and was used both as ground reference and to
give more stability to the recording implant. Bipolar electrodes were
assembled prior to the surgery: a couple twitched insulated tungsten
wires 700 sm spaced in length at the tip) were soldered at the channel
and reference pins of the connector (Elitalia). With the aid of a micro-
manipulator, the electrode was stereotactically inserted in the center of
the drilled holes at 700 um of depth and the ground pin was connected
to the occipital screw. A first layer of dental cement (Superbond, Sun
Medical) was distributed to secure all the components to the skull sur-
face. After the first layer of cement was dried, an aluminum post, used
later to head-fix the animal, was cemented onto the skull. Finally, a sec-
ond layer of cement (Paladur, Pala, Germany) was distributed to
enclose all the electrical components. After the surgical procedure, ani-
mals were treated with paracetamol (100 mg/kg) for 4days post-
operation in drinking water. Animals were allowed to habituate to the
implant for 1 week before undergoing any further procedures.

D. Global motor score

A battery of behavioral tests was conducted in order to assess
whether a measurable motor deficit was induced by MCAO into a
motor score. Motor performance was assessed in baseline condition
(i.e., pre-stroke) and 30days post lesion [Fig. 1(a)] using Gridwalk,
Skilled Reaching Test and retraction task in the robotic M-platform.

Gridwalk Test: animals were allowed to walk freely for 5min on
an elevated grid (32 x 20 cm, with 11 x 11 mm-large openings) and
the task was video-recorded. In order to quantify forelimb-use asym-
metry displayed by the animal, an Asymmetry Index was computed, as
previously described.”

Skilled Reaching Test: The percentage of correct movements and
the kinematic analysis of the whole reaching movements were per-
formed, according to Lai et al®® Briefly, animals (food deprived for
15h) were placed in a testing chamber with plastic walls and trained to
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perform a skilled reaching task with their preferred paw, which had to
pass through a small frontal rectangular aperture (0.5 % 1.3cm) to
grasp and retrieve food pellets. The task was recorded by video camera,
placed on the side of the testing chamber, thus allowing for a sagittal
view of the animal. The number of correct (i.e, a reach and grasp
movements ending with pellet eating) and incorrect movements (i.e.,
when the mouse passed by the frontal window and reached the pellet
but either missed it or dropped the pellet after grasping it) were manu-
ally assessed. Then, the percentage of incorrect grasping was calculated
on the total attempts, defined as every time that the paw crossed the
frontal window.

Retraction Test in the Robotic M-platform: We measured fore-
limb performances in a robotic device, the M-Platform,””? where the
animal had to pull back a handle in order to get a liquid reward
thereby allowing the assessment of kinetic and kinematic parameters.
From these kinematic and kinetic signals, a series of parameters were
automatically computed to describe detailed motor performance on
the platform including the t-target (i.e., the time spent by the animal to
accomplish a single retraction task) and the number of attempts to
move the handle, with “attempts” defining the force exerted by the
mouse not sufficient to overcome the static friction. The computation
and statistical analysis of these parameters were performed using
custom-made algorithms developed in Matlab (Mathwork, USA).”

To calculate the global motor score (GMS), the readouts of each
behavioral test were converted in a scale from 0 to 10. Score 0 was
assigned to animals showing a bad performance, while score 10 to rep-
resents maximal performance. The converted readouts were summed
up to obtain the global motor score. Mice with a 30-day GMS lower
than their baseline GMS - 1SD (measured under baseline conditions)
were classified as poor recoverers (n=8), while all others as good
recoverers (n = 8).

E. LFPs acquisition

Spontaneous neuronal activity was recorded in N =16 animals
for 30 min during freely moving behavior before surgery and then at
2- and 30-days post lesion [Fig. 1(a)]. The animals were placed in a
recording chamber, where, after a 1-h habituation, local field potential
(LFP) recording sessions were performed. Signals were acquired by a
miniature headstage (NPI, Germany) connected to an amplifier (EXT-
02F, NPI). Signals were amplified (10.000-fold), filtered (high pass
0.3 Hz; low pass, 100 Hz), digitized with a sampling rate fs =200 Hz
(National Instruments Card), and conveyed to a computer for a stor-
age and analysis.

F. LFPs pre-processing

To detect artifacts caused by sudden or jerky movements, we
used a peak detection algorithm (findpeaks in Matlab) on the extracel-
lular signal envelope, as in Refs. 45 and 69. The envelopes were calcu-
lated using Matlab’s envelope function, which determines the root
mean square of the signal with a 1-s sliding window. Local maxima
were identified using a peak detection algorithm, with a minimum
amplitude threshold set at three times the signal’s standard deviation.

For each animal, we selected the longest segments of recordings
free from artifacts for both ipsilesional and contralesional LEPs, with a
maximum duration of 600s. This criterion was met in 13 out of 16
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mice. In the remaining 3 mice, the longest artifact-free recording seg-
ment was 500s.

G. Windowed LFPs feature extraction

To increase the dataset size, we extracted features from the LFPs
using sliding windows [Fig. 1(b)]. We selected two window lengths (30
and 60s) and employed three overlapping strategies: (i) 50% overlap
between consecutive windows, (ii) no overlap between consecutive
windows, and (iii) a random overlap fraction between consecutive
windows.

For each temporal window we extracted a set of 28 features
grouped into three categories: 8 based on spectral power (for each
hemisphere); 4 based on signal complexity (for each hemisphere); and
4 accessing inter-hemispheric interaction.

H. Power features

We extracted from each LFP window, both in ipsilesional and
contralesional hemispheres, a set of 8 features based on the signal spec-
tral patterns [Fig. 1(b)].

We extracted the power of the LFP windows in five different
bands: delta (or J) [0.5-4] Hz; theta (or 6) [4-8] Hz; alpha (or o) [8—
12] Hz; beta (or f8) [12-30] Hz; gamma (or ) [30-50] Hz. The power
was obtained as the integral of the power spectral density (PSD)
(obtained with the Welch method in a 1 s long 50% overlapping sliding
windows) in each band of interest, normalized by the signal total
power.

Previous reports have shown that phase-amplitude cross-fre-
quency coupling (cfc) can serve as a cortical biomarker for probing
motor recovery following ischemic lesions.”””" Consequently, we com-
puted the phase-amplitude cfc between the phase within the delta and
theta bands and the gamma power, referred to in Fig. 1(b) as “cfc
delta/gamma” and “cfc theta/gamma.”

Phase and power dynamics were estimated using the Hilbert
transform on bandpass filtered LFP windows within the bands of
interest. The phase-amplitude cfc was defined as the maximum-
minimum difference in gamma power average amplitudes across dis-
crete delta/theta phase bins.

Additionally, the slope of the aperiodic component of the power
spectral density (PSD) has been shown to track fine motor recovery
following ischemic lesions in mice.”” We, therefore, estimated the ape-
riodic slope of the PSD, termed “aper. PSD slope,” using the FOOOF
toolbox.””

I. Complexity features

Estimates of brain complexity have been shown in various studies
to track electrophysiological hallmarks of ischemic lesions and motor
recovery.“’”’w

From each LFP window, both in the ipsilesional and contrale-
sional hemispheres, we extracted a set of four features based on LFP
complexity [Fig. 1(b)].

Approximate entropy and range sample entropy are non-
parametric methods to estimate the randomness of time series. For a
detailed mathematical foundation of these algorithms, interested readers
are referred to Omidvarnia et al.”’ In our context, we estimated these
metrics using (i) the built-in Matlab function “approximateEntropy”
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and (i) the freely accessible implementation of the range sample
entropy algorithm available from Palmer et al.”!

The Hurst exponent is used to determine the degree of long-term
memory and predictability in a time series, identifying whether the
series exhibits persistent, anti-persistent, or random behavior over time.
We utilized the freely available implementation presented here: https://
it.mathworks.com/matlabcentral/fileexchange/9842-hurst-exponent.

Finally, we estimated the Kolmogorov complexity, which quanti-
fies the randomness and compressibility of a data string. For this pur-
pose, we used the implementation available at https://it. mathworks.
com/matlabcentral/fileexchange/6886-kolmogorov-complexity.

J. Interhemispheric interaction features

Previous studies have demonstrated that the impairment,
strength, and characteristics of interhemispheric interactions are cru-
cial in capturing post-stroke motor function and recovery."”** **
Accordingly, we assessed the interaction between ipsilesional and con-
tralesional hemispheres using four metrics: Pearson’s linear correlation
coefficient, mutual information, and Granger causality test statistics of
contralateral on ipsilesional LFPs, and vice versa.

Pearson’s linear correlation coefficient was estimated using the
“corr” MATLAB function. Mutual information was applied to LFP
data, as in previous works from our group,”*® using the freely avail-
able toolbox presented in Magri et al.”’ Briefly, contralateral and ipsi-
lateral signals were discretized using 10 equi-populated bins, and
mutual information was estimated. Bias was accounted for by using
the Panzeri-Treves correction.”

Finally, Granger causality tests were performed on the selected
best vector autoregressive (VAR) model to determine the predictive
causality between ipsilateral and contralateral LEPs. Specifically, we
first fitted a VAR model with temporal lags ranging from 1 to 10 sam-
ples. The best fit was identified by minimizing the Akaike Information
Criterion across lags. For both hemispheres’ LFPs, we conducted a
Granger causality test using the MATLAB function gctest to assess
whether one hemisphere’s LFP in the fitted VAR model is a 1-step
Granger-cause of the other hemisphere’s. The strength of the causal
relationship between the two time series was defined as the test statistic
output from the Granger causality test, which in this case was derived
from conducting a chi-squared ( ) test.

After concatenating all the features, the input feature space class
separation was visualized in two dimensions using t-SNE."’

K. Classification experiments

To automatically predict which animals will recover based on
LFP features, we conducted three classification experiments. In each
experiment, we aimed to predict the recovery or non-recovery status
of each animal at 30 days post-stroke, according to the motor recovery
score described in Sec. IV D. First, we used LFP features computed at
2 days post-stroke as inputs for training the algorithms (experiment 1).
This approach is based on the hypothesis that functional motor recov-
ery in the chronic phase can be predicted from measures obtained in
the acute phase.”””**” Second, we normalized the features computed
at 2 days post-stroke by their corresponding baseline (pre-stroke) val-
ues (experiment 2). In the third experiment, we used the baseline pre-
stroke features to predict recovery at 30 days post-stroke (experiment
3). The goal of the last two experiments was to explore whether pre-
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stroke information could be used to predict which animals would
recover.

L. Training-validation strategies and classification
performance

Classification experiments were conducted using a nested leave-
one-animal-out cross-validation (LOAO-CV) approach. This means
that in each iteration, data from one animal (i.e., LFP features extracted
from multiple time windows) was left out as an independent test set
(outer LOAO-CV). For the remaining animals, an inner LOAO-CV
was performed: one animal’s data at a time was excluded, and the clas-
sification algorithms were trained using all possible combinations of
hyperparameters, window lengths, and overlaps to identify the best
combination for maximizing classification performance. The optimal
set of training parameters was then used to train the classification
model on the inner LOAO-CV dataset. This trained model was subse-
quently tested on the animal left out in the outer LOAO-CV. This pro-
cess ensured that for each animal we conducted a comprehensive grid
search of hyperparameters to develop a personalized classification
model. We chose this nested LOAO-CV strategy over a fixed split or
stratified k-fold cross-validation due to the limited number of animals.
This approach minimizes performance fluctuations that can arise from
the variability in the training and test sets, ensuring more reliable and
robust results.

Classification models were compared in the inner LOAO-CV
using the classification accuracy to select the best combination of train-
ing parameters. Accuracy, precision, recall, and F1-score were used to
evaluate the classification performance on the test animal in the outer
LOAO-CV.

Since the classification algorithms were trained on LFP features
extracted from multiple windows, they provided a prediction for each
temporal window of the test animal. Consequently, to obtain a predic-
tion at the animal level, we assigned a label (recoverer or non-recov-
erer) to each animal based on the majority vote from its respective
windows.

The training-validation strategy for the baseline LFPs (experi-
ments 2 and 3) required additional adjustments, as the classification
accuracy with LOAO-CV dropped significantly below chance (see Sec.
).

To address this issue, we performed a leave-two-animals-out
cross-validation (L2AO-CV) procedure. Specifically, for every animal
iteratively assigned to the test set, we also iteratively assigned one ani-
mal from the opposite class to the same test set, in an exhaustive man-
ner. This ensured that, at each iteration, the training/validation set was
balanced.

The use of the L2AO-CV approach was necessary due to the
interaction between the LOAO testing procedure and the label assign-
ment based on majority voting across windows. Specifically, as the
baseline LFPs dataset lacked informative content relevant to the classi-
fication task, the combination of the LOAO procedure with majority
voting for label assignment led to biased prediction labels. These labels
were skewed toward the class opposite to that of the test subject (which
with the LOAO became the majority class), ultimately resulting in clas-
sification accuracy falling below chance level.

We further tested the prediction of motor recovery using conven-
tional fixed-split cross-validation (fixed-CV, Fig. S1). We split the data-
set into two sets: a test set composed of six animals (three randomly
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selected good recoverers and three randomly selected bad recoverers),
while the remaining animals comprised the training/validation set.
Hyperparameters were optimized based on the LOAO animal-wise
accuracy on the training/validation set.

M. Classification algorithms

The classification algorithms used in this study were support vec-
tor machine (SVM), random forest (RF), feed-forward fully connected
neural network (NN), and k-nearest neighbor (kNN). To optimize
their performance, we conducted a grid search over multiple hyper-
parameters within the inner loop of our nested leave-one-animal-out
cross-validation (LOAO-CV). This approach ensured that the best set
of hyperparameters was selected in an unbiased manner while
accounting for inter-animal variability (see “Training-validation strate-
gies and classification performance”). For SVM, we explored different
kernel types (radial basis function—RBF, linear, quadratic, cubic func-
tions) and systematically varied the C and gamma parameters using a
logarithmic scale from 0.001 to 1000 in seven steps. For RF, we tested
different numbers of trees: 10, 20, 50, 100, 200, 500, and 1000. For NN,
we considered all possible combinations of architectures with 1, 2, and
3 layers, each containing 5, 10, 15, 20, or 25 nodes per layer. For kNN,
we tested values of k=3, 5, 7, and 9.

Additionally, all hyperparameter searches were conducted while
systematically varying the windowing strategy (no overlap, 50% over-
lap, random overlap) and window duration (30 or 60s).

Hyperparameters were selected based on the highest animal-wise
classification accuracy in the inner LOAO-CV (i.e., the number of cor-
rectly classified animals). In cases where multiple hyperparameter sets
led to the same animal-wise classification accuracy, the best hyperpara-
meters were chosen as those maximizing the classification accuracy at
the window level. The optimal set of hyperparameters was then used
to train the final model, which was evaluated on the left-out animal in
the outer LOAO-CV. This nested approach helped mitigate the risk of
overfitting while ensuring robust generalization given the limited sam-
ple size.

N. Feature selection

In addition to conducting classification experiments using the full
set of features (i.e., all 28 LFP features described in Secs. IV H—IV ),
we also evaluated the classification performance using only a subset of
these features.

We used the maximum relevance minimum redundancy
(mRMR) algorithm™ to rank the feature importance. Briefly, mRMR
is a minimal-optimal feature selection algorithm. This means it itera-
tively ranks the relevance of features for a given machine learning task
while minimizing redundancy with previously identified features.

In our case, we applied the mRMR algorithm together with the
LOAO-CV testing procedure. Each LOAO-CYV iteration (where each
animal iteratively served as the test animal) resulted in a different and
unique feature ranking order. To aggregate the feature importance
results, we reported the average ranking of the features in the manu-
script [Fig. 3(a)].

In this work, we used the Python implementation of the mRMR
algorithm freely available here: https://github.com/smazzanti/mrmr.

pubs.aip.org/aip/apb

O. Statistical analysis

All  statistical analyses were performed in MATLAB
(MathWorks, MA). Results and details of the statistical comparisons
performed in the study including sample sizes were reported in the
results sections and figure legends.

Two-sided Wilcoxon rank-sum test was used to compare the fea-
tures distributions between good and poor motor recoverer and
between pre- and post-stroke condition. A mixed-design ANOVA was
employed to evaluate the effects of two factors: stroke (baseline vs 2
days post-stroke, ie., the within subject factor) and group (good vs
poor recoverers, i.e., the between subject factor), along with their
interaction.

SUPPLEMENTARY MATERIAL

See the supplementary material for figures reporting (1) the accu-
racy of motor recovery prediction using fixed-split CV and (2) animal-
wise average of the significantly different features between good and
poor motor recoverers.
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