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Abstract—Amyotrophic Lateral Sclerosis (ALS) is a progres-
sive neurodegenerative disease, ultimately leading to muscle
inefficiency and death. A vast majority of people with ALS
also suffer from sleep disorders. Previous studies highlighted
the presence of REM Sleep Without Atonia (RSWA) in an ALS
cohort, and suggested its strong correlation with the disease
severity. This study investigates the ability of electromyography
(EMG) parameters recorded during Rapid-eye Movement (REM)
sleep to predict disease progress and outcome rapidity in ALS.
Survival models trained on a cohort of 45 ALS patients un-
dergoing a longitudinal study, revealed a promising predictive
power for the proposed EMG-derived metrics (c-index ≥ 0.65)
and encouraging goodness of fit (through c-index and χ2). These
results suggest the possibility of employing the trained model in
follow-up procedures, based on non-invasive, lightweight EMG
metrics, which would significantly ease disease monitoring and
help personalized symptomatic care.

Index Terms—Amyotrophic Lateral Sclerosis, Sleep, RSWA,
Survival Analysis, Health Informatics, EMG

I. INTRODUCTION

Amyotrophic lateral sclerosis (ALS) is a chronic neurode-
generative disorder characterized by the progressive degener-
ation of motor neurons. This process results in muscle weak-
ness and paralysis [1], and related dysarthria and dysphagia,
significantly affecting diaphragmatic fatigue and ultimately
leading to respiratory failure [2], also accounted as the main
cause of death [3]. Therefore, not only ALS presents with
a complex clinical scenario, but also with great challenges
in predicting disease progression and optimizing patient care.
Indeed, at present there is no established curative therapy,
and clinical care aims primarily at palliative or symptomatic
treatment, while the median survival time is of approximately
2 to 5 years from symptom onset [1]. In addition to motor
dysfunction, ALS is often associated with various non-motor
symptoms, including sleep disturbances [4]. Among sleep
disorders, the most frequent are sleep disordered breathing and
sleep fragmentation; many studies also identified the presence
of RSWA in ALS patients, with or without association to
REM Sleep Behavior Disorder (RBD) [5]. RSWA, which
is also associated to other neurodegenerative diseases, is a
parasomnia that presents with sustained, abnormal muscle
activity during REM sleep. Previous studies highlighted the
potential correlation between RSWA and disease severity
in ALS [6], [7], based on the qualitative and quantitative
analysis of the EMG activity from polysomnography (PSG)

recordings. However, PSG is often regarded as invasive, as
it relies on cumbersome instrumentation and needs to be
performed in outpatient clinic, which limits the possibilities
of non-invasive follow-up for ALS patients. This highlights
the need for lightweight metrics for continuous monitoring,
to improve patient care and allow for minimally-invasive
follow-up protocols in high-risk patients. This study aims to
investigate the ability of EMG parameters recorded during
REM sleep as predictors of disease progression and survival
outcomes in ALS patients. Specifically, it exploits survival
analysis to explore the association between EMG-derived
metrics and disease progression, as well as the ability of these
variables to actually predict survival time. To the best of the
Authors’ knowledge, this is the first study that tackles ALS
disease modeling and prediction through the use of simple,
quantitative, muscular metrics. In [8], survival models were
trained on a cohort of ALS subjects, by stratification on their
ALS Functional Ratings Scale, or Age; whereas [9] presented
a survival analysis on a cohort of ALS subjects, based on their
Apnea-Hypopnea index.

II. MATERIALS

A. Subjects and Protocol

This longitudinal retrospective study was envisaged with
domain experts, and included 58 subjects diagnosed with
ALS, who underwent PSG at the outpatient Sleep Clinic
of the Regional Center for Sleep Medicine in Turin, Italy.
The subjects were undergoing melatonin treatment and were
evaluated for RSWA symptomatology at the time of enrollment
(T0). Follow-up time was after 6-months (T1), 12-months
(T2), and 18 months (T3), though only one subject reached this
time point. After inspection, 13 subjects were excluded from
the analysis due to technical issues during the PSG recordings.
The final dataset comprised 45 subjects (15 females), out of
which only 9 reached the end of the study (due to death or
invasive ventilation, thus unable to follow-up). The primary
end-point of the study was, therefore, death or inability to
follow-up due to critical health conditions. At the time of
the enrollment, nearly half of the subjects tested positive for
RSWA (RSWA+); Table I summarizes the demographic data
of the cohort under study. As said, at the time of censor, 36
patients reached the primary endpoint (death or inability to
follow-up). The study also included 35, age-matched controls20
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TABLE I
SUMMARY OF THE DEMOGRAPHIC CHARACTERISTICS OF THE COHORT.

Sample Age (years) RAI

General 45 (15 females) 65.51 ± 9.34 0.62 ± 0.34
RSWA+ 25 (9 females) 65.36 ± 9.77 0.40 ± 0.30
RSWA− 20 (6 females) 65.70p ± 8.77 0.90 ± 0.04

that underwent PSG and were employed to build the healthy
reference model, described in detail in Section III. Data col-
lection was carried out in accordance with the Declaration of
Helsinki and approved by the Ethics Committee of the A.O.U.
Città della Salute e della Scienza di Torino (Approval Number:
00384/2020); written informed consent for longitudinal study
was obtained.

III. METHODS

A. Data Processing and Feature Extraction

This feasibility study aimed at testing the capability of mod-
eling disease progress in ALS through muscular parameters in
REM sleep. Indeed, only the EMG recorded at the mylohyoid
muscle (submental) was taken into account for the subsequent
analysis. This choice is dictated by the aim of providing a
predictive model based on EMG parameters captured through
a simplified approach with respect to PSG, less invasive and
complex, in the perspective of long-term follow up. PSG
recordings were manually scored by an expert sleep technolo-
gist following standard criteria [10]; EMG pre-processing and
feature extraction were carried out in MATLAB® R2022a.

First, according to standard diagnostic criteria, and to
quantitatively characterise EMG during REM sleep, the REM
Atonia Index (RAI) was computed [11]. This continuous
metric accounts for the percentage of 1-s mini-epochs during
REM sleep with amplitude ≤1 µV, and ranges between 0 and
1, with 0 representing total loss of physiological REM atonia.
Second, following the method first presented in [12], the EMG
segments in REM were processed in order to extract the
Dissociation Index (DI); namely, a distance-based, continuous
metric correlated to the degree of sleep impairment. The
index is mapped to the range (0, 1), where 1 represents total
dissimilarity with respect to an healthy model.

As described in [12], to compute the DI, each subject is
mapped into vector spaces, and represented by an array of
EMG features; then, the distance between each subject and a
reference array, which represents the healthy model, is com-
puted. The healthy model, the same of [12], was constructed
using the data of the 36 recruited healthy controls. The array of
features encompasses quantitative EMG metrics, both in the
time and frequency domains. The EMG features employed
for this computation are displayed in Table II, along with
their description and reference. For the sake of consistency
with the RAI computation, the features were extracted on 1-s
mini-epochs; finally, for each parameter, various statistics were
computed (median, 25th and 75th percentiles, interquartile
range (IQR), kurtosis, skewness, maximum and minimum of
the distribution), which made up the final feature array.

TABLE II
FEATURES EMPLOYED IN THE COMPUTATION OF THE DISSOCIATION

INDEX, ALONG WITH THE DOMAIN.

Domain Feature (Name and description) Reference

Time

Amplitude metrics: mean, standard devia-
tion, skewness, kurtosis, range, maximum
and minimum value

various

Hjorth Parameters: activity, mobility [12]

Percentiles (25th, 75th, 95th) various

Frequency

Power Spectral Density: numerical and sta-
tistical measures (mean and median fre-
quencies, total power)

various

Spectral Edge Frequencies (i.e., spectral
percentiles): SEF25, SEF95

⋄ [12]

Average power of the whole signal band various

B. Survival Analysis for Disease Modeling

As introduced earlier, various survival models were trained
to model disease progress and tackle survival prediction. All
processing was carried out in Python language. The final
dataset relied on five variables (or features): Age, Sex, Follow-
up Time, RAIT0 and DIT0 (T0: time of study enrollment), this
latter derived from various EMG metrics (cf. Section III-A).

First, a univariate survival function was fit, through a
Kaplan-Meier approach [13], to represent the general proba-
bility of survival in this cohort. Second, given the presence of
various co-variates in the dataset (Age, Sex, Follow-up Time,
RAI, DI), a multivariate survival analysis (Cox’ Proportional
Hazards model [14]) was carried out in order to assess the risk
prediction capability (i.e. predictive power) of each employed
variable. Feature importance was assessed by means of the
Harrell’s concordance index (c-index) [15].

Finally, as previous studies highlighted the possible correla-
tion between the presence of RSWA and the clinical severity
of the disease [6], a stratified survival analysis was carried
out in the dataset, according to the presence or absence of
RSWA. Subjects were divided into two groups, according
to their RAI score. A value of RAI of 0.8 was chosen as
cut-off, as previously recommended in [11]; for the sake of
clarity, subjects presenting with values above 0.8 did not
show any sign of altered REM atonia (RSWA-), and vice
versa. A Kaplan-Meier estimator was trained on these strata.
Finally, given the age homogeneity in the dataset, stratification
according to age could not be performed; instead, a second
stratified analysis according to sex was carried out, and a
Kaplan-Meier model was fit on the two resulting groups.
Prediction performance of all fitted models was evaluated
through the log-rank test, and χ2 and p-values were obtained.

C. Predictive ALS Modeling

To assess the feasibility of modeling the evolution in time
of ALS, and explore its potential application in prospective
follow-up scenarios, a Cox’ Proportional Hazards model was
trained on the available dataset, following a multivariate ap-
proach, as in Subsection IV-A. The model performance was
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estimated through the c-index. Synthetic subjects data (in the
form of variables) were generated in order to cover the whole
symptoms spectrum (i.e., early/late onset ALS, presence or
absence of RSWA). Finally, synthetic data were given as input
to the trained model and predictive survival curves were fitted
on a time-scale of 365 days, to simulate a prospective follow-
up scenario.

IV. RESULTS

A. Overall Survival and Feature Importance
The general Kaplan-Meier model showed a median survival

time to the primary end-point (i.e., death or inability to follow-
up) of nearly above 6 months after study enrollment. As
described earlier, given the presence of multiple variables for
prediction, a Cox’ Proportional Hazards model was fit to the
extracted variables and the c-index was obtained in order
to evaluate their predictive power. This performance metric
serves as a descriptor of the association between the predictor
variable and the survival time; Table III displays the estimated
c-index in the training dataset. As appreciable, DIT0 is the
best variable, with a c-index of almost 0.7, suggestive of good
predictive power. Age is the second-best predictor according to
the c-index (though with a non-significant p-value); the RAIT0,
which is computed from the EMG signal amplitude during
the REM stage, features a value of nearly 0.6, underlying a
reasonable, though not strong, predictive power of this feature.

B. Stratified Analysis
The paragraphs below report the results of the two stratified

survival analyses, with strata formed according to the RSWA
and Sex predictors.

1) RSWA: According to the selected cut-off for RSWA
(RAI=0.8), two groups were identified. Namely, the subjects
with RSWA at the time of the enrollment (RSWA+, 25
subjects) and those who had no loss of REM atonia (RSWA-,
20 subjects). Kaplan-Meier models were applied to these two
groups; the resulting survival curves are shown in Figure 1. As
appreciable, the two groups show a similar evolution, with a
steep, descending trend. From a preliminary visual inspection,
the RSWA- group appears to have an initial more rapid
evolution, which eventually falls into a plateau in the later
stages of the disease. Statistical comparison of the two groups
was tested through log-rank test; the test yielded a χ2=1.817
(p-value=0.5). This result confirms the similarity found during
visual inspection of the survival curves, and suggests that a
stratification according to RSWA is not informative in this
cohort.

TABLE III
HARRELL’S CONCORDANCE INDEX FOR EACH TESTED PREDICTOR.

Feature c-index p-value

DIT0 0.693 0.021∗
Age 0.622 0.437
RAIT0 0.572 0.045∗
Sex 0.557 0.032∗
∗: p < .05

Fig. 1. Estimated survival curves for the stratified analysis according to
the RSWA co-variate, in the time between study entrollment and primary
endpoint.

2) Sex: A Kaplan-Meier model was fitted on training data,
following this second stratification; subjects were divided into
two groups, though in the presence of class imbalance (30
males vs 15 females). The survival probability according
to this stratification is shown in Figure 2; from a visual
inspection, the male subgroup appears to follow a more rapid
degeneration. The log-rank test on this stratification yielded
a χ2 of 3.768 (p-value 0.035), indicative of strong statistical
significance, confirming the clinical implications of the disease
[8].

C. Prediction of the Disease Progress

Eventually, the Cox’ Hazards Ratio model trained on the
whole dataset with a multivariate approach (cf. Section IV-A)
was employed to carry out predictions on synthetic data, in
order to assess the feasibility of a lightweight, EMG-based
prediction model. The multivariate analysis yielded a c-index
of 0.734, indicating favorable prediction performance of the
employed variables. Synthetic data (as feature arrays), pur-
posely generated to represent various subjects with different
starting conditions, were then given as input to the trained

Fig. 2. Estimated survival curves for the stratified analysis according to the
Sex co-variate. in the time between study entrollment and primary endpoint.
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Fig. 3. Predicted survival probability on synthetic subjects data. Dotted line:
older patient, RSWA+. Dashed line: patient with young onset, RSWA–.

model, and survival functions for the new subjects were
obtained. As previously said, this analysis highlights a use
case of application of the trained predictive models. For the
sake of brevity, Figure 3 shows the predicted survival curves
for two relevant synthetic patients: one young subject with
early onset ALS and no RSWA at the time of enrollment,
and a second one older in age, with moderate RSWA at the
time of enrollment. The two curves estimate the progression
rapidity of the disease, and may serve as predictors of the
expected median survival time, or may find their application
as a support tool in follow-up assessments, to mitigate the
burden of diagnostic tests for patients at risk.

V. CONCLUSIONS AND FUTURE WORK

This study explored the feasibility of predicting ALS pro-
gression by leveraging EMG metrics which could be extracted
through the use of lightweight, minimally-invasive sensors,
with respect to traditional PSG. Indeed, previous studies
highlighted the correlation of RSWA with the clinical severity
of the disease, suggesting its role as risk factor for a more
rapid progression; however, its traditional assessment method
(i.e., PSG) remains a highly invasive exam, making follow-
up assessments challenging for ALS subjects. The variables
employed in the analysis showed good predictive power, with
the DI, a distance-based metric retrieved from various EMG
features, yielding a c-index of 0.7. Furthermore the trained
Cox’ Hazards Ratio model featured an overall encouraging
goodness of fit (c-index=0.73). To the best of the Authors’
knowledge, this is the first study that carries out survival
analysis on ALS based on muscular parameters during REM
sleep, as most studies only performed quantitative, statistical
comparisons on different covariates, including RAI, between
ALS subjects and age-matched controls [6], [7]. For this
reason, a direct comparison with other studies cannot be
performed; however, the obtained statistics are in line with
previous studies [8], [9], though on different cohorts, with
qualitative co-variates. Finally, predictive modeling of ALS
progression was proposed, and tested on synthetic data; the re-
sulting survival curves highlight their potential in prospective,

clinical follow-up protocols, thus encouraging personalised
care and reducing diagnostic intrusiveness in high-risk patients
cohorts. Future developments will address the limitations of
this study. First, a larger number of subjects will be enrolled,
to improve the model reliability and the robustness of the
prediction. Second, a larger cohort will necessarily call for
a more detailed stratification – e.g., according to the type of
onset (bulbar, truncal, spinal), the age of onset, the functional
scale or the presence of non-invasive ventilation. This would
help in creating a descriptive progression model for neurode-
generative diseases on short time-scales, as well as expanding
the generalization of such findings to other neurodegenerative
disorders with slower progression rates.
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