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Abstract
Post-stroke rehabilitation is a complex process influenced by several neurophysiological factors. The recovery is 
traditionally predicted based on initial impairment using linear models. The Proportional Recovery Rule (PRR), 
developed on the Fugl-Meyer scale, has even been proposed as a therapeutic target. In this framework, patients 
are classified as “fitters” or “non-fitters”, though this distinction depends on the methodology used. Additionally, 
issues like mathematical coupling and ceiling effects on clinical scales could raise concerns about the validity of 
these models. To overcome these issues, Repeated Spectral Clustering (RSC) was used to identify recovery patterns 
based on NIHSS. We selected 201 patients from the WAKE-UP trail, all moderately impaired at onset and still 
impaired at 22–36 h. Clustering was performed using a similarity matrix based on pairwise absolute differences 
between recovery ratios, calculated from 22–36 h to 90 days post-stroke. Cluster differences were tested with 
prognostic factors, including lesion volume, side, treatment, and the Heidelberg scale. The PRR was fit to the cohort 
for comparison with clustering results. The linear fit reproduced findings consistent with the literature, such as a 
correlation of ρ(x, ∆) = 0.73 and an average recovery ratio of 70% for the “fitters”. RSC grouped patients into six 
recovery clusters: C0 (full recovery), C1 (above average), C2 and C3 (average, PRR-aligned), C4 (below average), and 
C5 (deterioration). NIHSS scores in most patients declined non-proportionally. Lesion volume was not significantly 
different across clusters, while left-sided strokes were higher in low recovery clusters. Patients with a recovery ratio 
≥ 0.3 within two weeks mostly fell into favorable clusters (C0–C3), covering ≈ 90% of such cases. The identified 
clusters provide a refined view of stroke recovery following wake-up stroke. Clustering better captures patient 
similarities, enabling the assessment of neurophysiological differences between groups and supporting tailored 
interventions.
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Introduction
Recovery after stroke is a complex and multifaceted 
process that involves the interplay of neurological, 
physiological, and environmental factors. Longitudinal 
datasets offer a valuable opportunity to investigate recov-
ery trajectories over time to identify prognostic factors 
and therapeutic targets. Traditional approaches to study-
ing stroke recovery have relied heavily on evaluating out-
comes in acute versus chronic phases. Although these 
methods yield important insights, they often fall short in 
capturing the heterogeneity of recovery patterns between 
individuals. A key concept in this domain is the categori-
zation of patients into “fitters” versus “non-fitters”, based 
on how closely their recovery trajectories align with 
established mathematical models [1, 2].

However, this dichotomy and related framework have 
notable limitations. First, from a methodological per-
spective, some authors [3, 4], have raised concerns about 
the issue of mathematical coupling, since proportional 
recovery is calculated based on acute versus acute minus 
chronic scores, which inherently links the two variables. 
Second, widely described in recent literature [5], the ceil-
ing effect is present in commonly used clinical scales. 
Essentially, this reflects a reduced sensitivity to the vari-
ability currently observed, implying that there may be 
additional variability that remains undetected. This leads 
to the possibility that unexplained variability is underes-
timated [3]. Another major concern, from a physiologi-
cal standpoint, is that this theoretical framework has 
been interpreted to suggest that normal recovery entails 
regaining approximately 70% of the initial deficit. Such 
an interpretation risks oversimplifying the complex and 
individualized mechanisms of stroke recovery. Most 
importantly, this proportional recovery has often been 
interpreted as ground truth and, in certain cases, can be 
considered a valuable therapeutic target to obtain [6]. 
Unfortunately, strong neurophysiological evidence in this 
regard is still lacking, and most authors have focused on 
specific deficits and clinical scales (i.e. Fugl Meyer [7] and 
motor deficits). The literature reflects a lively debate, with 
some studies arguing for the utility of the “fitters” versus 
“non-fitters” categorization and others highlighting its 
constraints and potential biases [4, 8–10].

In light of these challenges, the present study aims 
to provide a complementary approach to describe the 
recovery of stroke patients by using unsupervised tech-
niques. Classical methodologies are focused on the sta-
tistical evaluation of the goodness-of-fit of a model for 
the whole population, assessing how one or more inde-
pendent variables describe one or more dependent ones 
(e.g., how acute score describes the chronic one). Clus-
tering, one of the main unsupervised techniques, is 
particularly effective in finding groups of subjects, i.e. 
phenotypes, within the analyzed population. Specifically, 

while statistical techniques focus primarily on correlation 
between variables, clustering instead focuses on grouping 
subjects based on their similarity to one another. From 
this perspective, clustering can be seen as an analysis 
of the “subject correlation” representing a complemen-
tary, but opposite, approach to the conventional analy-
sis of feature correlation [11, 12]. As mentioned in Yang 
et al. [13], clustering is one of the most useful methods 
for analyzing similarities between patients for precision 
medicine. It groups patients into subsets that are clini-
cally meaningful and can be used for a variety of tasks, 
such as policy making and personalized therapies. Kim et 
al. [14] stresses that finding similar clusters among stroke 
patients can be helpful from a medical perspective, as 
it can lead to the discovery of new patterns and ways to 
manage stroke more effectively.

In this work, we apply clustering algorithms tailored 
for biomedical data analysis [11] to the recovery ratio 
(RR) [15, 16] of patients, based on the National Institute 
of Health Stroke Scale (NIHSS) [17], in a large longitu-
dinal sample of wake-up [18] stroke patients. The recov-
ery ratio used for clustering is calculated using the total 
NIHSS scores measured in the subacute phase (22–36 h) 
and 90 days (i.e. (acute score-chronic score)/acute score, 
see Eq. 1). This approach presents several advantages 
over the existing methods. First, clustering enables the 
identification of heterogeneous recovery patterns in a 
fully data-driven manner, without assuming a specific 
underlying recovery model. Second, because clustering 
does not rely on regression relationships between acute 
and chronic scores, it mitigates concerns related to math-
ematical coupling that affect traditional proportional-
recovery analyses. Beyond these strengths, we further 
evaluate the approach by testing established prognostic 
markers of wake-up stroke recovery as external valida-
tion features, providing insight into the biological and 
clinical relevance of the clusters. Finally, we demonstrate 
a potential clinical application by showing that early 
impairment and early recovery measures can assist in 
predicting cluster membership, highlighting the value of 
our framework for early patient stratification.

Methods
Dataset
WAKE-UP [18] is an investigator-initiated, multicenter, 
randomized, double-blind, placebo-controlled clinical 
trial involving stroke patients with an unknown time of 
onset. Patients were randomly assigned to receive intra-
venous alteplase (rtPA) or placebo. The study was reg-
istered under the identifier NCT01525290. The dataset 
includes 503 patients, with NIHSS [17] scores measured 
at four time points: onset, 22–36 h, 7 days, and 90 days.

For the purposes of this study, patients with a Level-
of-Consciousness Vigilance (LOC-V) score of zero and 

https://clinicaltrials.gov/study/NCT01525290
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complete NIHSS data at all four time points (no miss-
ing values) were selected. Patients were further selected 
based on stroke severity, as measured by the total NIHSS 
score at onset. Only patients with a total NIHSS score 
greater than 4 (moderate stroke severity) were included; 
patients with a total NIHSS score of zero at 22–36 h after 
the event were further excluded from the analysis. These 
selection criteria were designed to reduce the inherent 
ceiling effect of the NIHSS and focus on patients with 
persistent deficits. In practice this reduces the number of 
subjects living at the origin of the plane in Fig. 1, where a 
proper recovery ratio is not defined. In the supplemen-
tary material Sect. 1 a summary schema of the inclusion 
criteria and the consequent effect on the size of the pop-
ulation is reported.

For each subject, general demographic information 
(age, sex and treatment group), lesion characteristics 
(lesion side, lesion volume, large vessel occlusion and 
lacunes), the 90-day modified Rankin Scale (mRS) [19], 
the Heidelberg hemorrhage classification [20], and the 
NIHSS with all 15 sub-items are available. The mRS scale 
assesses disability and dependence after a stroke, while 
the Heidelberg classification categorizes intracranial 
hemorrhages following ischemic stroke.

Fitters versus non-fitters calculation
The chronic and sub-acute NIHSS scores were ana-
lyzed to evaluate proportional recovery. The propor-
tional recovery rule (PRR) was modeled by fitting a 
linear regression model where the change in score (sub-
acute minus chronic) was the dependent variable and 
the sub-acute score was the independent variable. The 
intercept of the model was constrained to zero; the medi-
cal and statistical reasons behind can be found in the 
supplementary material Sect. 2. The fitted model is dis-
played in Fig. 1, Panel B, with the 95% confidence inter-
val (CI) shown in gray and the 70% prediction interval 
(PI) in light blue. Both intervals were calculated follow-
ing Howell  [21], 2007; further methodological details 
are provided in the supplementary material, Sect 3. The 
prediction interval was used to classify participants into 
“fitters” and “non-fitters”. Subjects falling within the 70% 
PI were labeled as fitters (marked with circles, ◦), while 
those outside were considered non-fitters (marked with 
crosses, ×).

However, the distinction between “fitters” versus “non-
fitters” (or outliers) is far from being unique. Different 
techniques dichotomize the population in different ways, 
highlighting different aspects of the data. An notable 
effort has been made to compare different techniques 
in Kundert et al.  [5], 2019. In order to briefly review 

Fig. 1  Chronic versus sub-acute score and PRR. Panel A, shows the total NIHSS at 90 days versus total NIHSS at 22–36 h (chronic vs. sub-acute). Panel B, 
shows the PRR i.e. the total NIHSS change versus total NIHSS at 22–36 h (change vs. sub-acute). In both panels, the title reports the Spearman’s correla-
tion. In both panels the red, blue and green lines indicate 0%, 70% and 100% recovery respectively. The dashed line represents the fitted linear model 
(PRR), in grey the 95% confidence interval (CI) and in light blue the 70% (≈ 1σ) prediction interval (PI). Subjects in both panels are marked with a circle (◦) 
and identified as “fitters” if they stay within the prediction interval (light blue band), and with a cross (×) otherwise (“non-fitters”). The size of the markers, 
represent the number of subjects having that combination of values, as indicated by the corresponding legend
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and compare these methods, they have been applied to 
the population under study. Seven methods to define 
“non-fitters” or outliers have been used and reported in 
Fig. 2; methodological details can be found in the supple-
mentary material Sect.  4. The distribution of the recov-
ery ratio for the entire population is also reported in the 
same figure.

Recovery ratio
A recovery ratio index (RR) of the form (acute score-
chronic score)/acute score, was used to study the degree 
of recovery, as described in previous work [15, 16]. 
Let’s denote as S, a score or a measure of choice, aimed 
at quantifying the impairment; then the recovery ratio 
index is defined as

	
RR = St1 − St0

S̄CT L − St0
= 1 − St1

St0
� (1)

In Eq. 1, St0  represents the sub-acute score measured 
at an initial time point t0, while St1  represents the 
chronic score measured at a later time point t1. The term 
S̄CT L denotes the average score for the control popu-
lation. In Ramsey et al., 2017, the RR is computed rela-
tive to the mean of a control population, since pre-event 

(pre-morbid) scores are unavailable and healthy controls 
also show variability. When considering the total NIHSS 
as the score S however, S̄CT L equals zero, since healthy 
individuals have a total NIHSS of zero, which simplifies 
the formula. This formula applies only when the sub-
acute score is greater than zero, i.e., only for impaired 
patients. We used the recovery ratio based on the total 
NIHSS as most patients showed neurological impair-
ment in only a limited number of subscales. Since some 
patients exhibit a worse condition at the chronic time 
point than at the sub-acute stage (deterioration), the 
recovery ratio can be negative in these cases. For the 
selected sample of 201 subjects, the average recovery 
ratio is R̄Rnegative = 0.58 ± 0.67. Recovery ratios below 
zero were set to zero, and patients showing no sponta-
neous post-stroke recovery or worsening were treated 
equally in the analysis. With this convention, the average 
recovery ratio becomes R̄Rall = 0.65 ± 0.31.

Clustering
Clustering is a popular unsupervised technique, particu-
larly useful in the identification of phenotypes [14], which 
can be effectively used to find groups of patients with 
common recovery. The following procedure was applied 
to cluster the data according to the recovery ratio. 

Fig. 2  Recovery ratio distribution. The main histogram depicts, in gray, the distribution of recovery ratios for the entire population. The inset provides a 
magnified view focusing on the recovery ratio range between 60% and 75%, highlighting the average recovery ratio estimates obtained from various 
methods. Different colors correspond to different estimation approaches, as indicated in the legend. For methodological details, refer to Supplementary 
Sect. 4
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1.	 The total NIHSS score at 22–36 h (sub-acute score) 
and the total NIHSS score at 90 days (chronic score) 
are used to calculate the recovery ratio (RR) for each 
subject, as defined in Eq. 1.

2.	 The distance between subjects is calculated using 
the Manhattan distance on their recovery ratios. 
Between two subjects i and j, the distance is 
dij = |RRi − RRj |. Distances are divided with 
respect to the maximum value found in the dataset.

3.	 The matrix D(ij) = dij  is obtained from the pairwise 
distances between patients. After that, the similarity 
matrix (W = ⊮ − D − I) is calculated and used as 
input for the clustering algorithm.

4.	 The application of the Repeated Spectral Clustering 
(RSC) [11] algorithm to the similarity matrix W 
allows the identification of groups of patients with 
similar recovery ratios.

The RSC algorithm is a blend of spectral clustering [22], 
known to work well with similarities matrices represent-
ing graphs, and consensus clustering [23], known to be 
powerful since it allows to deal with the variability of 
results that stem from random initializations. In brief, 
RSC takes the matrix W as input to the spectral cluster-
ing procedure. Instead of running k-means just once, it 
is performed N times to account for randomness in cen-
troid initialization. Across these N iterations, the number 
of times two patients are assigned to the same cluster 
is recorded. The more frequently two subjects are clus-
tered together, the stronger the evidence that they should 
remain in the same cluster in the final assignment. This 
differs from the practice of calculating the average cen-
troids over the N runs. The final cluster assignment is 
based on the co-occurrence matrix C, where each ele-
ment Cij  represents the number of times subjects i and 
j were clustered together across all runs. For a complete 
description of the algorithm, including technical details 
and its application to NIHSS scores, refer to Tshimanga 
et al. [11], 2025.

The optimal number of clusters is determined by cal-
culating the maximum spectral gap for different cluster 
configurations (i.e. different k) [11]. The elbow criterion 
is a simple and effective way to find the optimal number 
of clusters. In particular, for k = 6, the maximum spec-
tral gap is at the end of a high plateau, indicating well-
separated groups, while for k = 7, it decreases sharply, 
indicating subjects that are worst separated in groups. 
Thus, k = 6 is chosen as the optimal number of clusters. 
For more details, see the supplementary material Sect. 5.

The clustering algorithm uses the recovery ratio, which 
is derived from the total NIHSS at two distinct time 
points. The total NIHSS constitutes the aggregate of the 
15 individual items that comprise the scale. All other 
features, including general subject information, lesion 

information, 90-day mRS, and the Heidelberg hemor-
rhage classification, were excluded from the clustering 
process. Instead, these features were used as validation 
features to characterize the resulting clusters and assess 
differences between them. The numerical and ordinal 
features between the six groups have been compared 
with the Kruskal-Wallis [24] test as omnibus, and then 
the Mann-Whiteny U [25] as post hoc for pairwise com-
parisons. Boolean or categorical features have been com-
pared between the six groups with the χ2 independence 
test [26] as omnibus and post hoc for pairwise compari-
sons. The p-values of the omnibus tests, as well as those 
of the post hoc test, were corrected for multiple compari-
sons using the FDR Benjamini-Hochberg correction [27]. 
The statistics used in this work to evaluate the effect size 
of the aforementioned tests are reported in the supple-
mentary material, Sect. 6.

Chronic disability and early recovery
To explore the potential clinical utility of the identified 
clusters, we investigated whether early impairment and 
early recovery measures could assist in predicting clus-
ter membership. The early recovery ratio, calculated 
between 22–36  h and 7 days as described in Eq. 1, was 
used for this purpose. These values are routinely obtain-
able during the acute hospitalization period, making 
them clinically practical indicators. The 90-day mRS was 
dichotomized into two groups: scores ≤ 2, and scores 
greater than 2. This threshold is clinically relevant, as an 
mRS score of 2 indicates a mild disability that does not 
interfere with daily activities. To examine the relation-
ship between early recovery and long-term outcomes, 
we compared the number of subjects with mRS scores 
greater than 2 versus those with scores of 2 or less across 
different recovery intervals. The 95% confidence intervals 
for these proportions were estimated using binomial sta-
tistics and are shown in Fig. 5, Panel A. Panel C reports 
the same analysis, with mRS presented as ordinal inter-
vals rather than dichotomized values. Additionally, the 
percentage of subjects in each cluster across recovery 
intervals is presented in Fig. 5, Panel B.

Results
Clinical sample
As a result of the adopted inclusion criteria, the final 
analysis focused on 201 patients who were still impaired 
at 22–36 h (total NIHSS greater than zero). None of the 
201 subjects in the selected cohort had an mRS score 
of 6 (death). Demographics, risk factors, together with 
clinical characteristics are summarized in Table 1. A χ2 
independence test did not reveal statistically significant 
differences in the distribution of male and female par-
ticipants between the treated and non-treated groups 
(χ2(1, 201) = 0.44, p = 0.51). Moreover, there are no 
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significant differences in terms of median age between 
the four groups, as assessed by the Kruskal-Willis test 
(H(3) = 3.53, p = 0.32). For this work, a significance 
level of α = 0.01 was chosen.

Regarding the lesion side, among the 201 subjects, 121 
(60%) had left side lesions, 75 (37%) had right side lesions, 
and 5 (3%) had bilateral lesions. The average lesion vol-
ume, measured at hospital admission using apparent dif-
fusion coefficient MRI maps, was 8.3 ± 12.1 mL (mean 
± standard deviation). The distribution of cardiovascular 
risk factors and the clinical characteristics for the 201 
selected subjects is also reported.

Fitters versus non-fitters calculation
The chronic and sub-acute scores were strongly correlated 
(Fig.  1, Panel A; Spearman’s ρs(201) = 0.73, p < 0.001), 
consistent with previous findings  [28]. Panel  B of Fig.  1 
shows the fitted PRR model (dashed black line), together 
with the 70% and 95% intervals. Approximately 70% of 
participants fell within the prediction interval, yielding 
an average recovery ratio of R̄Rfitters = 0.69 ± 0.27, in 
line with established literature.

Panel B also highlights a clear ceiling effect: a con-
centration of observations approaching the maximal 
recovery limit (100%, green line), which compresses the 
observed change for subjects with low sub-acute impair-
ment and can inflate apparent proportionality. Many sub-
jects near the scale upper bound can bias both the slope 

estimate and the classification of fitters/non-fitters; the 
statistical implications are discussed in the supplemen-
tary material, Sect. 2.

The dichotomization into “fitters” and “non-fitters” has 
been proved to be highly method-dependent. As shown 
in Fig.  2, the various methods led to differing estimates 
of the average recovery ratio, illustrating how patients 
may be classified differently depending on the chosen 
approach. Moreover, the recovery ratio distribution devi-
ates from normality, indicating that the PRR does not 
represent the typical amount of recovery in this cohort.

The variability in the average recovery ratios arises 
from the different criteria and algorithms used across 
methods. Classifying the same patient as a “fitter” or 
a “non-fitter” depending on the method highlights the 
inherent limitations of this dichotomization. In addition, 
Fig. 2 shows that the proportional recovery rule does not 
represent the typical amount of recovery, i.e the recov-
ery ratio is not normally distributed. This motivates the 
transition toward a more nuanced, data-driven approach: 
clustering.

Clustering recovery ratio
The repeated spectral clustering (RSC) algorithm, as 
described in Sect.  2, uses exclusively the recovery ratio 
defined in Eq.  1. This variable is reported against the 
total NIHSS at 22–36  h (sub-acute) in Panel A of Fig. 
3. Although clustering is performed on the similarity 
matrix W, as described in Sect.  Clustering, the visible 
effect of the algorithm is horizontal separation between 
subjects. This allows to have clusters with a defined 
recovery ratio with low variation. For example, cluster 
C0, which contains all subjects with a perfect recovery 
ratio of 100%, has a null standard deviation; C5 instead, 
is the cluster with the worst mean recovery ratio which 
is close to 1%. Within this group, there are all sub-
jects with a chronic score worse than sub-acute one. 
At the population level, the sub-acute score is signifi-
cantly but moderately associated with the recovery ratio 
(ρs(201) = − 0.34, p < 0.001).

The bottom part of Fig.  3 illustrates the difference 
between how patients are grouped using a clustering 
approach (Panel B) versus how they are divided in “fit-
ters” and “non-fitters” using the traditional statistical 
method (Panel C). Interestingly, cluster C3 closely follows 
the fitted linear model, shown by the black dashed line.

Panel D of Fig.  3 shows the proportional recovery 
rules obtained fitting the subjects for each cluster. As 
reported in the legend, there is a strict correspondence 
between the average RR of each cluster and the angular 
coefficients of these lines. The 70% prediction interval 
is reported for every fitted line. Looking at the predic-
tion intervals of each cluster, these models discriminate 
subjects at one standard deviation, when the sub-acute 

Table 1  Demographics, risk factors and clinical characteristics
Stroke Population (n = 201)
Age (years) Mean ± SD 65.4 ± 11.2

Gender Male 59%

Female 41%

Lesion Side Right 37% (75)

Left 60% (121)

Both  3% (5)

Lesion Volume (mL) Mean ± SD 8.3 ± 12.1

Risk Factors Arterial Hypertension 49% (98)

Atrial Fibrillation 15% (30)

Transient Ischemic Attack  2% (5)

Previous Ischemic Stroke 12% (25)

Hypercholesterolemia 38% (74)

Diabetes mellitus type II 18% (36)

mRS at 90 days Mean ± SD 2.0 ± 1.2

NIHSS at onset Mean ± SD 8.9 ± 4.0

NIHSS at 22/36 h Mean ± SD 6.5 ± 5.1

NIHSS at 7 days Mean ± SD 5.1 ± 4.8

NIHSS at 90 days Mean ± SD 2.8 ± 3.4

Revascularization Treatment rTPA 47% (94)

None 53% (107)
The table reports demographic information (age, gender), lesion information 
(side and volume) and risk factors; moreover it is reported also the mRS at 90 
days, the total NIHSS score at the four visits and the percentage of treated 
patients over the investigated population
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NIHSS score is greater than six. The cluster C5 (in 
brown) overlaps with the cluster C4 (in violet), probably 
due to the few subjects assigned to the first (19), and con-
sequently a broad prediction interval. Moreover, cluster 
C5 is clearly associated with people who actually become 
more impaired at 90 days compared to 22–36  h (the 
intercept is − 1.9). Only for the cluster C5, a linear model 

with the intercept is significantly better than one without 
(F (1, 17) = 9.08, p < .01, f2 = 0.53).

In conclusions, while the PRR gives a methodological 
way to identify “fitters” versus “non-fitters”, the cluster-
ing-based procedure gives rise to a data-driven family 
of groups, sharing similar recovery. As a consequence, 
subjects are not distinguished anymore between “fitters” 
versus “non-fitters”, but rather between levels of recovery. 

Fig. 3  Clustering results. Panel A, shows the recovery ratio (RR) versus the total NIHSS at 22–36 h, with colors indicating different clusters. Error-bars are 
reported for both variables and for each cluster. In gray is reported the 95% confidence interval (CI). Panel B and C are shown in order to compare how 
patients are colored based on cluster results versus how they are labeled as “fitters” and “non-fitters”. Panel C is equal to Panel B in Fig. 1, and visualized here 
for convenience. Finally Panel D, shows the six fitted linear models (proportional recovery rules) for the subjects contained in each clusters. The median 
recovery ratio for each cluster and the 70% prediction interval (PI) for every model is reported as well. The size of the markers in each of the panels repre-
sents the number of subjects having that combination of values, as indicated by the corresponding legend in Panel C
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In summary, C0 (blue) has perfect recovery, C1 (orange) 
has above average recovery, C2 (green) and C3 (red) have 
average recovery (in line with the expectations of the 
PRR), C4 (violet) has below average recovery, and finally 
C5 (brown) has no recovery.

Differences between clusters
The clustering algorithm uses only the recovery ratio, 
which is an efficient way to group patients who recover 
similarly together. Concerning the other features that 
have not been used by the algorithm, Fig. 4 gives a useful 
insight.

Fig. 4  Cluster’s features. Panel A investigates the relation between lesion volume and total NIHSS at 22–36 h. In both panels A and B, subjects (dots) are 
colored by cluster assignment, the dashed lines are the linear fitted-models, while the 95% confidence intervals (CI) are colored in gray. The lateralization 
distribution of the lesions (i.e. left, right or both) for each cluster is shown in panel B. Panel C shows the RR for the patients of each cluster, divided between 
rtPA treated group (magenta) and non-treated group (blue). Finally, Panel D shows instead the relation between the recovery ratio (RR) versus 90 day MRS 
(modified rankin scale). Scatter size represents the number of subjects having that value, as indicated by the corresponding legend in Panel D
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Panel A of Fig.  4 shows the linear relation between 
the lesion volume (expressed in mL) and the sub-
acute score; points are colored by cluster assign-
ment. The two variables are significantly correlated 
(ρs(201) = 0.40, p < 0.001), but there is no significant 
association between lesion volumes and clusters (Krus-
kal-Willis test, H(5) = 7, p = 0.22). In other words, 
there is no significant relation between lesion volume at 
admission and recovery measured at 90 days.

Panel B of Fig.  4 represents the distribu-
tion of the lesion side (left, right, bilateral) in the 
obtained clusters. The clusters obtained with RSC 
show significant differences in lesion laterality 
(χ2(5, 201) = 25.6, p = 0.004, V = 0.25). In par-
ticular C0 includes more right lesions than expected, 
while C3 more left lesions (pairwise post hoc test, 
χ2(1, 87) = 14.8, p = 0.009, V = 0.41). In other words, 
the sides of the lesions are not randomly divided by clus-
ters. Subjects with perfect recovery (C0) have signifi-
cantly more right than left lesions; conversely, patients 
in clusters with average recovery (C3) have significantly 
more left than right lesions.

In Fig.  4 Panel C, the recovery ratio distribution is 
reported for each group, where patients have been 
separated between treated with rtPA (magenta) and 
non-treated (blue). As can be seen in Fig.  4, there are 
no significant differences between the distributions 
of the two groups for each cluster, and there is no sig-
nificant association between treatment and clusters 
(χ2(5, 201) = 5.7, p = 0.33). Therefore, while rtPA 
improves NIHSS and mRS scores acutely and at 3 months 
(see supplementary material Sect. 7, Fig.  3), data show 
that patients treated with rtPA have the same recovery 
trajectories than patients non treated with rtPA after 
the first 24  h from the event. Finally, no significant dif-
ferences were found between the clusters with respect to 
the Heidelberg hemorrhagic classification.

The recovery ratio and the 90 days mRS are significantly 
correlated (ρs(201) = 0.56, p < 0.001), and there is an 
association between the RSC clusters and motor abilities 
at 90 days (Kruskal-Willis’ test, H(5) = 74.3, p < 0.001,
η2 = 0.36). Post hoc pairwise comparisons, conducted 
using the Mann–Whitney U test, reveal significant dif-
ferences between C0 and all other clusters, C1 versus 
C3 and C4, and C2 versus C4. Finally, no cardiovascular 
risk factor is associated with a specific cluster, and we 
found no significant differences between clusters, both at 
α = 0.01.

Prediction of long-term recovery by early recovery ratio
In addition, we evaluated whether cluster identity and 
overall patient outcome were associated with early 
recovery patterns. This aspect is clinically relevant, 
as it can provide prognostic information for patients 

and caregivers during hospitalization. The relation-
ship between disability at 90 days and the early recov-
ery ratio–calculated between 22–36  h and 7 days—was 
examined across the identified clusters. The results are 
reported in Fig. 5.

In Panel A and in Panel C, it can be observed that a 
recovery ratio between −  0.1 and 0.3 does not provide 
sufficient information to predict whether chronic disabil-
ity will be severe or not (random chance level). In con-
trast, an early recovery ratio greater than 0.3 substantially 
increases the probability of achieving a mild disability. 
Panel B, shows the same result from a clustering point 
of view. A recovery ratio between − 0.1 and 0.3 does not 
provide sufficient information to determine which recov-
ery cluster the patient will belong to. The probability of 
being assigned to a group characterized by above average 
recovery (C0, C1 or C2) is 56% and 67% for the second 
and third ranges, and increases to 72% and 97% for the 
last two. The probability of being assigned to a group 
characterized by below average recovery (C4 or C5) 
instead follows the opposite trend.

Discussion
In this work, we applied an unsupervised learning tech-
nique to the study of stroke recovery. Repeated spectral 
clustering (RSC), a recently developed procedure to tai-
lor biomedical data heterogeneity [11], was applied to the 
recovery ratio based on total NIHSS in a large longitu-
dinal sample of stroke patients. This approach grouped 
patients into distinct recovery clusters providing several 
clinical implications.

Recovery ratio and clustering
One of the main criticisms of the PRR is mathematical 
coupling, i.e. the fact that recovery is inherently depen-
dent on the initial impairment. Essentially, from a math-
ematical point of view, fitting a linear model means 
establishing a linear relationship between an independent 
variable (the sub-acute score) and a dependent variable, 
the change (sub-acute score minus chronic score), which 
inherently includes the independent variable. This has 
caused much debate in the medical community, as evi-
denced by the extensive literature on the subject. This 
methodology has been theoretically criticized by some 
and supported by others.

The amount of recovery can be quantified as an abso-
lute change, as previously mentioned, or in relative terms 
such as the recovery ratio index (RR). The definition of 
recovery ratio, in the framework of PRR, is induced by 
the variables chosen on the horizontal and vertical axes 
and by the linearity of the model. Instead, with cluster-
ing, the definition of recovery ratio could be carefully 
chosen a priori and not forced to be of the shape of Eq. 1; 
the quantities of interest to quantify the recovery can be 
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even nonlinearly correlated. Although it is true that RR 
defined by the PRR framework and used for this work 
has in its definition the ratio between chronic and acute 
scores, it is not calculated from a correlation or from the 
fit of a model; it simply represents a patient-specific esti-
mate of recovery. In addition, this choice establishes a 
strong link between the traditional statistical framework 
and the clustering results obtained in this work.

Once the linear model is fitted, the identification of “fit-
ters” versus “non-fitters” may prove to be a great source 
of controversy. As shown in Fig. 2, depending on the way 
patients are selected, different average recovery ratios 
can be estimated because different patients are included 
in the estimate. This shows how the same theoretical 
framework can give subjective outcomes. Clustering the 
recovery ratio instead is an effective way both to group 

patients with similar recovery and to incorporate time 
into a clustering algorithm. The six clusters found exhibit 
different levels of recovery, with patients described by 
their own PRR as indicated by Fig. 3, Panel D. The predic-
tion intervals of these models are narrow and well sepa-
rate subjects into clusters. This clustering scheme may 
provide a novel methodology capable of fully exploiting 
longitudinal ordinal data, such as those presented in this 
paper.

Clinical implications
From a clinical perspective, the described data-
set includes a large sample of stroke patients with an 
unknown time of onset. Wake-up strokes generally show 
poorer outcomes at three months than known onset 
strokes [29]. Although several studies have explored the 

Fig. 5  90days mRS relation with early recovery. Panel A shows the amount of patients for each range of recovery ratio, for each of the two range of the 
mRS considered. In detail in blue when mRS≤ 2, while in orange > 2. 95% confidence interval are associated to each counts (errorbars), using the bi-
nomial distribution. The dashed line indicates the random chance of 50%. Panel B instead shows the number of subjects in each range of recovery ratio 
for each cluster. Each block corresponds to a cluster in ascending order (C0 on the bottom). Panel C presents the same analysis as Panel A, but the mRS 
is displayed as ordinal levels instead of dichotomized categories. The colorbar represents the mRS scale, from dark green (mRS = 0) to dark red (mRS = 5)
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relationship between this stroke category and revas-
cularization therapies [30, 31], leading to progressively 
expanded treatment indications, research on general 
prognostic markers for recovery remains limited. In this 
context, we were able to provide a fine-grained descrip-
tion of this population over time. Specifically, in most 
patients, NIHSS scores progressively declined in a non-
proportional manner (see from Panel D to Panel I, Fig. 5 
in the supplementary material, Sect. 8). In other words, 
most of the patients did not recover a fixed proportional 
amount of their initial deficit (see Fig.  2). On the con-
trary, the identified clusters included patients with dis-
tinct trajectories, such as additive, proportional, or no 
improvement profiles, while still capturing a consistent 
amount of recovery during the first three months (i.e., 
the critical period for spontaneous recovery) [32]. This 
becomes particularly evident when further differentiat-
ing between severity categories for moderate and severe 
patient trajectories (see from Panel A to Panel C, Fig. 5 in 
the supplementary material, Sect. 5).

The identified clusters are likely to reflect underlying 
neurophysiological differences that influence recovery 
trajectories. To evaluate this, we tested available prog-
nostic factors (i.e. well-established post stroke recovery 
prognostic biomarkers) as validation features of the pro-
posed approach. No significant differences in recovery 
ratio (RR) (i.e. from 22–36 h to 90 days) were observed 
between patients who received rtPA and those who 
received a placebo. This finding is consistent with expec-
tations, as RR calculation spans from 22–36 h to 90 days 
post-stroke, whereas rtPA effects mainly affects the initial 
hours after the event [33]. Figures 3 and 4 in the supple-
mentary material show improved early recovery (from 
onset to 22–36  h) after acute revascularization treat-
ment and no difference in the subsequent, spontaneous 
recovery from 22–36 h to 90 days. A positive correlation 
between stroke volume and NIHSS at 22–36 h supports 
the expected relationship between initial stroke severity 
and early impairment [34, 35]. However, stroke volume 
did not correlate with RR (and thus with cluster assign-
ment), indicating that lesion size alone does not predict 
long-term recovery patterns. This finding corroborates 
existing evidence that volume explains only a limited por-
tion of outcomes, primarily related to initial impairment 
also following wake up stroke [36–38]. A negative cor-
relation was observed between the mRS scores and both 
the RR and recovery groups, suggesting that patients 
with worse functional outcomes tend to exhibit poorer 
recovery trajectories. Worse recovery was also observed 
in patients with lesions of the left hemisphere. While this 
is consistent with some previous studies reporting worse 
functional outcomes for left-sided strokes in known-
onset stroke [39], several studies have shown right hemi-
sphere lesions also significantly affect recovery, especially 

reducing patients’ compliance to rehabilitation [40, 41]. 
Our results may, therefore, be explained by the NIHSS’s 
well-established increased sensitivity to left-sided strokes 
and should be validated using additional clinical scales 
in specific behavioral domains [42, 43]. Interestingly, 
no cluster presented a significantly higher frequency 
of patients with hemorrhagic transformation following 
rtPA. This suggests a relatively small impact of this fea-
ture on long-term disability of wake-up strokes undergo-
ing thrombolytic treatment. These results underscore the 
substantial benefits of rtPA over its risks in this typology 
of stroke. Future work should evaluate the role of addi-
tional prognostic features of wake-up strokes, including 
vessel occlusion (i.e. anterior versus posterior circula-
tion), comorbidites (i.e. hypertension as well as other car-
diovascular risk factors) and neurophysiology indices (i.e. 
presence/absence of motor evoked potentials) on final 
disability, using a similar framework. Finally, patients 
who achieved an RR of 0.3 or higher within two weeks 
post-hospitalization consistently clustered into favorable 
outcome groups, with approximately 90% falling within 
clusters C0, C1, C2, and C3. A similar pattern emerged 
when considering mRS scores dichotomized for good 
(mRS ≤ 2) and poor (mRS > 2) outcomes. These results 
provide a valuable stratification, readily available during 
hospitalization (i.e. the first week after the event) with 
several prognostic implications for the patient and care-
givers. In addition, these findings highlight the potential 
clinical application of this clustering approach, demon-
strating its scalability across large datasets. Specifically, 
this methodology draws a useful parallel to how the mRS 
is employed in clinical trials for rtPA and thrombectomy. 
Just as these trials aim to identify an increased propor-
tion of patients achieving favorable mRS outcomes, 
future interventions on neuroplasticity and functional 
re-organization after stroke could focus on shifting more 
patients toward the most favorable recovery clusters.

Limitations and future directions
Regarding the limitations of this study, a potential 
caveat is that for patients with an NIHSS score below 6 
at 22–36 h, the six linear models and their correspond-
ing prediction intervals do not adequately discrimi-
nate between individuals. This could somewhat limit 
the analysis by questioning the validity of these clusters 
and the separability between them. This is related to the 
“ceiling” effect. In fact, in the statistical model shown in 
Fig. 3 Panel C, the prediction interval (in light blue) for 
a NIHSS less than 6 hardly discriminates points between 
“fitters” and “non-fitters”, questioning the validity of this 
subdivision for low-impaired subjects. Other clinical 
measures could be used to discriminate subjects even in 
this area of low impairment. Specifically, while the clus-
tering approach was limited to only one variable (i.e. the 
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recovery ratio), this was calculated from two variables at 
different times. Although the use of one variable could be 
criticized, it is worth underlining that clustering is not a 
dimensionality reduction technique. Future work could 
exploit the combination of additional variables for the 
purpose of phenotyping patients; nonetheless, cluster-
ing the recovery ratio can be seen as a clever strategy to 
embody time in a clustering algorithm. The full deficit 
dynamics at additional time points could be explored, 
enriching current knowledge about stroke recovery. 
Spontaneous recovery after stroke extends well beyond 
the first three months; additional data from the chronic 
phase could enable a more refined characterization of 
recovery trajectories. Additional neurophysiological dif-
ferences across clusters deserve further exploration. 
These include neuroimaging features (i.e. lesion location, 
lesion induced disconnection) as well as electro-phys-
iological signals (i.e. evoked potentials and resting state 
electroencephalography). Finally, it should be noted that 
these results are limited to the sample in analysis and 
only indirectly account for several well described prog-
nostic factors (i.e. hypertension, vessel occlusion, comor-
bidities, cortico-spinal tract integrity, among others). 
Therefore, replication in independent cohorts and evalu-
ations using alternative clinical evaluations will be essen-
tial to validate and expand these results.

Conclusion
This paper aims to pave the way for a new, data-driven 
approach to studying stroke recovery. By using unsuper-
vised techniques such as Repeated Spectral Clustering, 
we offer a more precise sub-division of patients based 
on their recovery trajectories. Clustering the recovery 
ratio is an efficient way to embody time within the algo-
rithm, while also accommodating the inherent variability 
in recovery across individuals. This flexible and scalable 
framework supports the analysis of larger, more hetero-
geneous datasets and enables continuous evaluation of 
neurophysiological differences between groups. Ulti-
mately, it offers insights into the mechanisms of post-
stroke recovery that extend beyond the Proportional 
Recovery Rule.
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