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Machine learning-based prediction
of restless legs syndrome using
digital phenotypes from wearables
and smartphone data

Jingyeong Jeong'’, Yoonseo Jeon'’, Hyungju Kim?’, Ji Won Yeom?, Yu-Bin Shin3, Sujin Kim3,
Seung Pil Pack*, Heon-Jeong Lee?, Taesu Cheong? & Chul-Hyun Cho?%6%

Restless legs syndrome (RLS) is a relatively common neurosensory disorder that causes an irresistible
urge for leg movement. RLS causes sleep disturbances and reduced quality of life, but accurate
diagnosis remains challenging owing to the reliance on subjective reporting. This study aimed to
propose a predictive machine learning model based on digital phenotypes for RLS diagnosis. Self-
reported lifestyle data were integrated via a smartphone application with objective biometric data
from wearable devices to obtain 85 features processed based on circadian rhythms. Prediction models
used these features to distinguish between the non-RLS (International Restless Legs Study Group
Severity Rating Scale [IRLS] score <10) and RLS symptom groups (10 <IRLS <20) and between the
non-RLS and severe RLS symptom groups (IRLS >20). The RF model showed the highest performance
in predicting the RLS symptom group and XGB model in the severe RLS symptom group. For the RLS
symptom group, when using only wearable device data, the AUC, accuracy, precision, recall, and F1
scores were 0.78, 0.70, 0.66, 0.84, and 0.74, respectively, while these scores combining wearable
device and application data were 0.86, 0.76, 0.68, 1.00, and 0.81, respectively. For the severe RLS
symptom group, when using only wearable device data, XGB achieved AUC, accuracy, precision,

recall, and F1 scores of 0.66, 0.84, 0.89, 0.93, and 0.91, respectively, while these scores combining
wearable device and application data were 0.70, 0.80, 0.88, 0.90, and 0.89, respectively. Diverse digital
phenotypes clinically associated with RLS were processed based on circadian rhythms to demonstrate
the potential of digital phenotyping for RLS prediction. Thus, our study establishes early detection and
personalized management of RLS.

Trial Registration: Clinical Research Information Service (CRIS) KCT0009175 (Registration data: Feb-15-
2024) (https://cris.nih.go.kr/cris/search/detailSearch.do?search_lang=E&focus=reset_12&search_page
=M&pageSize=10&page=undefined&seq=26133&status=5&seq_group=26133).
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Abbreviations

RLS Restless Legs Syndrome

IRLS International Restless Leg Study Group Severity Assessment Scale
ISI Insomnia Severity Index

RF Random Forest

XGB Extreme Gradient Boost

LGBM Light Gradient Boosting Method

ROC Receiver Operating Characteristic
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AUC Area Under the Receiver Operating Characteristic
SMOTE  Synthetic Minority Oversampling Technique
SHAP Shapley Additive exPlanations

Restless legs syndrome (RLS) is a neurosensory disorder characterized by an irresistible urge to move the
legs. RLS is diagnosed based on five criteria established by International Restless Legs Syndrome Study Group
(IRLSSG): an urge to move the legs, symptoms present during rest, relieved by movement, a circadian pattern
that worsens at night, and symptoms not being secondary to another medical condition'. RLS is a relatively
common disease affecting approximately 3.9-14.35% of the general population®. Clinically, RLS often causes
sleep disturbances and a reduced quality of life>. Several studies have revealed that RLS is related to metabolic
dysregulation and cardiovascular diseases**. Fortunately, RLS can be relatively well managed with treatments like
iron supplementation, anti-seizure medications, and dopamine agonists®. However, despite its high prevalence
and effective treatment options, only a small number of patients receive proper diagnosis and treatment®. This is
partly because RLS is a symptom-based syndrome, and diagnosis relies not on specific biological tests, but rather
on physicians asking about RLS symptoms in patients who seek help for sleep problems. Moreover, many patients
may not recognize their symptoms as a medical condition requiring treatment, leading them to avoid seeking
medical help®. Even when they go see a doctor, the variation in symptoms such as restless arm, diverse ways in
which patients describe their experiences, and the presence of other conditions with overlapping symptoms,
such as cramps, make diagnosis challenging’-*. Furthermore, sleep-related questionnaires are largely based on
subjective recall, which limits their reliability'®. Consequently, it often takes decades for patients to receive an
accurate diagnosis after symptoms first appear, emphasizing the need for new diagnostic tools!’.

The growth and evolution of digital technology has enabled the moment-by-moment collection of an
individual’s state using data from personal digital devices'’.. Advances in sensor technology along with
the introduction of artificial intelligence, including machine learning, have enabled the accurate detection
of social and behavioral signs of disease in the daily life of an individual'®. In particular, evolving wearable
device technologies in recent years have expanded the potential of the digital phenotype by providing accurate
physiological data of clinical relevance'®.

The digital phenotype has attracted attention in psychiatry for overcoming the subjectivity and recall bias
inherent in traditional interview-based diagnoses by offering a precise, continuous, and multidimensional
assessment'®. Numerous studies have reported the advantages of digital phenotypes in understanding
various psychiatric conditions such as schizophrenia, mood disorders, anxiety disorders, and attention deficit
hyperactivity disorder!®-!°. Recent studies revealed the potential of digital phenotypes in sleep disorders by
disclosing sleep patterns derived from wearable devices or smartphones?.

In the current research on digital phenotypes in the psychiatric field, we discovered the potential for applying
digital phenotyping in the context of RLS. In addition to the relationship with sleep quality, the association of
RLS with the cardiovascular system and sympathetic tone motivates the further application of digital phenotypes
in RLS through heart rate analysis?!"?2. Several studies have revealed a clear circadian rhythm of RLS symptoms,
which worsens immediately after midnight and alleviates in late-morning hours?. Real-time evaluation of
lifestyle and vital signs using wearable devices can enable circadian rhythm analysis, thus enhancing the clinical
evidence for prediction. In addition, lifestyle risk factors, such as activity level, alcohol consumption, and caffeine
intake, can be effectively assessed using a digital phenotypic methodology**?. Therefore, digital phenotypes can
help address the issue of delayed and missed diagnoses of RLS, by screening the general population and alerting
individuals who may require medical attention. Also, since the current diagnostic system relies on patient’s
subjective report, we can support diagnosis by predicting RLS through objective data, and further help manage
the prognosis by identifying factors that may exacerbate symptoms.

This study aimed to propose a predictive machine learning model based on digital phenotypes for RLS
diagnosis. Through passive or active data collection on the activities, sleep, heart rate, and daily lifestyles of
participants, we established a comprehensive set of digital phenotypes based on circadian rhythms. Predicting
the risk of RLS using this methodology can provide insights into the use of digital phenotypes in disease
screening and diagnosis, potentially complementing current subjective and ambiguous diagnostic processes. In
addition, the factor-specific contributing features of predictive algorithms provide valuable clinical insights into
RLS, enabling the discovery of possible disease-related factors.

Methods
Study population
Between January 2023 and July 2024, 338 participants, consisting of 119 people with insomnia and 89 normal
sleepers, were recruited from Korea University and Datamaker (Daejeon, South Korea) to collect clinical data and
digital phenotypes for 4 weeks. Participants aged 19-70 years were recruited from the local community through
advertisements on various internet communities and campus noticeboards. The insomnia group included
individuals experiencing subjective insomnia symptoms at least three times per week in the past 3 months with
an insomnia severity index (ISI) score of > 15%. Exclusion criteria for the insomnia group included evidence of
intellectual disability or organic brain damage, diagnosis of schizophrenia spectrum disorder, ongoing treatment
for sleep disorders, and absence of a smartphone. The normal sleep group included individuals with subjective
insomnia symptoms occurring three or less times per month, an ISI score of <8, and an average sleep duration of
at least 6-h over the past 3 months. In the normal sleep group, patients diagnosed with mood disorders, anxiety
disorders, and current sleep medication users were additionally excluded compared to the insomnia group.

At the beginning of the study;, eligible participants provided informed consent and completed clinical report
forms including demographic information, family history, and current illnesses. They were provided with
wearable devices (Fitbit Inspire 1 or 2, Fitbit Inc., USA) to collect data related to step count, heart rate, and sleep.
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Participants downloaded a smartphone application called “SOMDAY (Lumanlab Inc, Seoul, Korea)” and were
instructed to log their daily habits using the app. Seven participants were excluded because of missing data, and
finally, 338 individuals were included for analysis (Fig. 1A).

Ethical considerations

Ethical considerations were strictly adhered to throughout the study, and approval was obtained from the
Institutional Review Board of Korea University Anam Hospital (No. 2022AN0587). This study was conducted
according to the Declaration of Helsinki. Written informed consent was obtained from all participants after
a comprehensive explanation of the study. To protect participants’ privacy, their personal information was
anonymized. Participants were compensated about $80 for their time and participation in the study.

Measures

Clinical assessment

Demographic information, including age, sex, height, weight, neck circumference, work pattern, life pattern, and
sleep environment, were collected. Additionally, the International Restless Legs Scale (IRLS) was used to assess
RLS symptoms, providing a standardized diagnostic method for grading the severity of core symptoms through
self-reported assessments. Developed by the International Restless Legs Syndrome Study Group (IRLSSG), this
10-question survey is each assigned with 5 response options graded from 0 to 5 for a total score of 0-40. Each
question evaluates the severity of symptoms and their impact on daily life in the previous week. The IRLS validity
analyses showed good criterion validity when compared to the Clinical Global Impression (0.73-0.74), strong
concurrent validity with Patient Global Impression (0.78-0.82), and significant discriminant validity (F=577.0,
d.f.=2,P<0.01)”. As a clinical standard for evaluating RLS symptoms and their consequences, the IRLS has also
been used as an endpoint in nearly all academic researches®.

Participants were categorized into groups based on their IRLS scores, with the RLS symptom group defined
as IRLS>10 (n=96), and the non-RLS group (n=242), which we designated as the control group defined as
IRLS<10. Further classification was made within the RLS symptom group, with 10 <IRLS <20 indicating the
moderate RLS symptom group (1 =62), and IRLS > 20 indicating the severe RLS symptom group (n = 34) (Fig. 1).

Korea University Anam Hospital
& Datamaker
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Control Group RLS Symptom Group
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N =242 N=96
I
|
|
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N=338 RLS Symptom Group N=71 RLS Symptom group N=25
RLS Symptom Group
(IRLS>10)
N=96
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Fig. 1. Flow chart of study population and prediction. RLS Restless Legs Syndrome, IRLS International
Restless Legs Syndrome Study Group rating scale. (A) Flow chart of study population. (B) Flow chart of
prediction for RLS symptom group. (C) Flow chart of prediction for severe RLS symptom group.
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However, it is important to note that this classification is based solely on IRLS cutoff scores?’. The IRLS is a
validated severity scale, not a diagnostic tool, and participants in the RLS symptom group were not clinically
diagnosed with RLS. Therefore, the “RLS symptom group” in this study should be interpreted as a group at risk
of RLS rather than confirmed clinical cases.

Digital phenotypes

Our team developed the SOMDAY smartphone application, a comprehensive tool for collecting information
on the daily habits and lifestyle choices of participants. The application is compatible with both the Android OS
(Google) and iOS (Apple) platforms and is accessible to a wide range of users. Specifically designed for collecting
digital phenotypic data, the app prompts participants to record their daily entries every night at 9 PM, including
information on alcohol consumption, caffeine intake, napping habits, stress levels, self-reported sleep duration,
and frequency of waking up during the night.

In addition, the Fitbit device automatically captured various features, including sleep duration, number of
awake periods, sleep quality, exercise time, heart rate, step count, and walking distance?*°. Integrating SOMDAY
and Fitbit allows data synchronization, enabling participants to access their Fitbit data through the SOMDAY
application. This information was seamlessly connected to an online database, providing accessibility for the
research team for further analysis.

Datasets

Following the collection of data from 338 participants using SOMDAY and Fitbit, we preprocessed the digital
phenotypic information. Based on the periodic nature of the RLS, this process considers the maximum, minimum,
and average values aligned with daily circadian rhythms, weekdays, and holidays. Additionally, continuous
variables, such as heart rate and step count, underwent cosinor analysis (see Supplementary Information 1)
within 72-h intervals to reflect circadian rhythms>"*2. We ultimately obtained 85 features from 338 individuals
over 4 weeks. Missing values were replaced by the mean value of the samples in each IRLS.

Prediction model construction

Machine learning modeling

Tree-based machine learning models have significant performance in healthcare data®. We used XGboost
(XGB), LightGBM (LGBM), and random forest (RF) classification models to predict the RLS and severe RLS
symptom groups compared with the control group*~3. We tuned the hyperparameters when predicting RLS
symptom group and did not tune them when predicting the severe RLS symptom group because the data was
too imbalanced. We performed parameter tuning with cross-validation and evaluated the performance of the
tuning using the scikit-learn cross validation score. To determine the degree to which different variables affect
the classification model, we calculated the Shapley Additive exPlanations (SHAP) value to obtain variable
importance®’.

Data training and validation
Model prediction used Python scikit-learn version 1.4.1, XGboost version 2.0.3, LightGBM version 4.3.0, shap
version 0.46.0, imbalanced_learn version 0.12.2.

For predicting RLS symptom and controls, we separated the data into a training set and an independent
validation set. We extracted 25 samples from each of the RLS symptom and control groups and used the rest as
train set (Fig. 1B). For model performance, we used Bayesian optimization which is a hyperparameter tuning
method finding the best parameters to lead best performance during training, and also used SMOTE and
stratified K-fold with K =5 for overfitting and imbalanced data®.

For the prediction of severe RLS symptom and control groups, we did not separate the data into trainset
and independent validation set, because the sample size of the severe RLS symptom group was too small and
imbalanced. Instead, we used stratified K-fold cross-validation with K= 5. This means that the data was divided
into 5 folds, 4 (80%) as training set and 1 (20%) as validation set, and evaluated the average performance after 5
iterations (Fig. 1C). SMOTE was also used.

The performance of the machine learning models was compared by using five metrics: accuracy, precision,
recall, F1 scores and area under the curve (AUC). The performance was evaluated in 3 cases: (1) using only
wearable data, (2) combining wearable data with smartphone app data, and (3) using selected features based
on mutual information. Mutual information was used as a feature selection method before model training (see
Supplementary Information 2). Additionally, SHAP values were used separately for feature importance analysis
after training to interpret the model and gain insights. The top 20 features of the SHAP value on the model were
used to verify computational and clinical efficiency.

Results
Baseline characteristics of participants
The RLS symptom group displayed a significantly lower most active 10-h period (M10) step count on weekdays
(271.6 vs.307.9, t=2.48, P=0.01), and a lower relative amplitude (RA) on holidays (0.4 vs. 0.5, t=3.38, P<0.01).
In sleep-related features, the RLS symptom group had longer total sleep (375.1 vs. 362.3, t=—2.35, P=0.02),
longer REM sleep (211.6 vs. 200.2, t=—2.26, P=0.03), and longer deep sleep (54.7 vs. 51.4, t=-2.08, P=0.04).
The RLS symptom group showed lower maximum nighttime heart rate on weekdays (105.0 vs. 109.4, t=3.40,
P<0.01). Additionally, the RLS symptom group displayed higher stress level (29.1 vs. 17.9, t=-2.18, P=0.03)
and lower alcohol consumption (13.1 vs. 26.6, t=3.06, P<0.01).

In comparing the severe RLS symptom group to the control group, significant baseline differences were
observed in step count cosine analyzed features. The severe RLS symptom group had lower MESOR (midline
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estimating statistics of rhythm) (172.7 vs. 210.2, t=2.33, P=0.02), and lower amplitude (142.2 vs. 189.6, t=2.13,
P=0.04). Also, the severe RLS symptom group exhibited lower least active 5-h period (L5) on both weekdays
(106.9 vs. 158.7, t=2.69, P=0.01) and holidays (101.6 vs. 155.3, t=2.05, P=0.04). Most active 10-h period
(M10) was also lower on both weekdays (252.9 vs. 307.9, t=2.53, P=0.01) and holidays (227.9 vs. 288.5, t=2.19,
P=0.03). A lower relative amplitude (RA) was observed on holidays (0.4 vs. 0.5, t=2.59, P=0.01). The severe RLS
symptom group exhibited lower physical activity level at nighttime on weekdays with lower mean exercise time
(8.6 vs. 13.0, t=2.25, P=0.03), lower walking distance (0.2 vs. 0.4, t=2.70, P=0.01), and lower step count (283.2
vs. 508.6, t=2.64, P=0.01). In nighttime heart rate, the severe RLS symptom group exhibited lower maximum
(102.3 vs. 109.4, t=3.85, P<0.01) and mean (69.1 vs. 71.7, t=2.29, P=0.03) heart rate on weekdays, and lower
mean heart rate on holidays (69.3 vs. 72.1, t=2.38, P=0.02). Additionally, alcohol consumption was significantly
lower in the severe RLS symptom group (8.8 vs. 26.6, t=3.88, P<0.01).

Performance evaluation of the RLS prediction model
See Table 1.

Performance evaluation of the RLS symptom group prediction model
Figure 2A-C and Table 1 display the classification prediction accuracy of the three machine learning model
types using ROC Curves and five parameters for RLS symptom group prediction models. When using wearable
device data alone, the AUC was 0.77, 0.75, and 0.78 for XGB, LGBM, and REF, respectively. When wearable device
data were combined with application data, an improved performance was achieved with AUC of 0.83, 0.82,
and 0.86 for XGB, LGBM, and RE, respectively. For data selected were selected by feature selection method, an
improved performance was achieved with AUC of 0.79, 0.78, and 0.83 for XGB, LGBM, and REF, respectively. The
RF model showed the highest performance in both cases. When using only wearable device data, the accuracy,
precision, recall, and F1 scores were 0.70, 0.66, 0.84, and 0.74, respectively, while these scores for the XGB model
combining wearable device and application data were 0.76, 0.68, 1.00, and 0.81, respectively. For selected data
were 0.80, 0.78, 0.84, and 0.81, respectively.

Figure 3A shows the top 20 contributing features of RF using a wearable device and the application data
measured by the SHAP analysis.

Stress and step count features such as most active 10-h period on holidays and on weekdays (M10_holiday,
M10_week), and minimum step count at day on holiday (min_steps_holiday_day) had the highest impact,

Accuracy score | Precision score | Recall score | F1 score | AUC

XGB 0.72 0.66 0.92 0.77 0.77

Wearable device | LGBM 0.72 0.68 0.84 0.75 0.75

data RF 0.70 0.66 0.84 0.74 0.78

RF using top 20 features of Shapley value | 0.66 0.61 0.88 0.72 0.77

XGB 0.72 0.67 0.88 0.76 0.83

Wearable device + | LGBM 0.74 0.68 0.92 0.78 0.82
RLS symptom | Smartphone App

data RF 0.76 0.68 1.00 0.81 0.86

RF using top 20 features of Shapley value | 0.78 0.71 0.96 0.81 0.86

XGB 0.74 0.71 0.80 0.75 0.79

Selected databy | LGBM 0.74 0.71 0.80 0.75 0.78

feature selection | Rg 0.80 0.78 0.84 0.81 0.83

RF using top 20 features of Shapley value | 0.72 0.69 0.80 0.74 0.83

XGB 0.84 0.89 0.93 091 0.66

Wearable device | LGBM 0.80 0.88 0.90 0.89 0.61

data RF 0.82 0.87 0.93 0.90 0.59

XGB using top 20 features of Shapley value | 0.83 0.89 0.92 0.90 0.69

XGB 0.80 0.88 0.90 0.89 0.70

Control vs. Wearable device + | [GBM 0.84 0.90 0.93 0.91 0.65
Severe RLS Smartphone App

symptom group | data RF 0.84 0.87 0.95 091 0.68

XGB using top 20 features of Shapley value | 0.85 0.90 0.93 0.91 0.74

XGB 0.83 0.91 0.90 0.90 0.65

Selected databy | LGBM 0.82 0.89 0.90 0.90 0.63

feature selection | g 0.82 0.89 0.91 0.90 0.62

XGB using top 20 features of Shapley value | 0.84 0.89 0.93 0.91 0.70

Table 1. Performance evaluation of RLS prediction models in different settings. Performance evaluation of
Extreme Gradient Boosting (XGB), light-gradient boosting model (LGBM), Random Forest (RF), and XGB
using the top 20 features of the Shapley values in different subgroups. AUC area under curve. Selected data

were selected by mutual information, which is feature selection method, the top 25% of the most relevant

features.
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followed by relative amplitude of step count on holidays (RA_holiday), alcohol, and interdaily stability of step
count on weekdays (IS_week).

Performance evaluation of the severe RLS symptom group prediction model

As shown in Fig. 2D-F, and Table 1, when using only wearable device data, XGB achieved an AUC of 0.66, with
accuracy, precision, recall, and F1 scores of 0.84, 0.89, 0.93, and 0.91, respectively. The LGBM and RF analysis
yielded AUC values of 0.61 and 0.59, respectively. When combining wearable device data with application data,
XGB maintained a superior performance, with an AUC of 0.70 and accuracy, precision, recall, and F1 scores
0f 0.80, 0.88, 0.90, and 0.89, respectively. In this setting, LGBM and RF exhibited AUC values of 0.65 and 0.68,
respectively. When using selected data, XGB is still superior with an AUC of 0.65 and accuracy, precision,
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SHAP values Control vs RLS symptom of Random Forest B

«Fig. 2. Receiver operating characteristics (ROC) curves of prediction models. The dashed line describes what

would be expected by chance, while the three curves describe each machine learning model’s differentiating
sensitivity and specificity. Each 95% confidence interval (CI) was calculated based on the list of AUC values
from machine learning models. The figure below is the ROC curve of models predicting the RLS symptom
group and severe RLS symptom group, respectively. (A-F) display the ROC curves of three machine learning
models, while (G-L) shows the ROC curves of XGB based on the top 20 features of the Shapley value, utilizing
only wearable device data or both wearable device data and application data. (A) Prediction for RLS symptom
group using only wearable device data. (B) Prediction for RLS symptom group using wearable device and
application data together. (C) Prediction for RLS symptom group using selected data. (D) Prediction for
severe RLS symptom group using wearable device data. (E) Prediction for severe RLS symptom group using
wearable device and application data together. (F) Prediction for severe RLS symptom group selected data. (G)
Prediction for RLS symptom group using only wearable device data. (H) Prediction for RLS symptom group
using wearable device and application data together. (I) Prediction for RLS symptom group using selected
data. (J) Prediction for severe RLS symptom group using wearable device data. (K) Prediction for severe RLS
symptom group using wearable device and application data together. (L) Prediction for severe RLS symptom

group using selected data.
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Fig. 3. Summary of Shapley additive explanations importance by prediction models. Each figure presents
SHAP of RE, XGB Models response to prediction for RLS symptom, severe RLS symptom group each. (A)
Prediction for RLS symptom group using wearable device and application data together. (B) Prediction for

severe RLS symptom group using wearable device and application data together.

recall, and F1 scores of 0.83, 0.91, 0.90 and 0.90 while LGBM, and RF exhibited AUC values of 0.63 and 0.62,
respectively.

Figure 3B shows the top 20 SHAP values of the XGB model using wearable device and application data,
highlighting the high ranking of maximum heartrate at night on weekdays (max_HR_week_night), step count
features such as most active 10-h period on holidays and on weekdays (M10_holiday, M10_week), and relative
amplitude of step count on holidays (RA_holiday). Stress and interdaily stability of step count on holidays (IS_

holiday) were also important.

Performance evaluation of the RLS symptom group and the severe RLS symptom group
prediction model using top 20 contributing features

A refined RE, XGB machine learning model was created using the 20 features with the highest SHAP values from
the previous analysis for each RLS group, which showed improved performance (Fig. 2G-L; Table 1.) When
distinguishing the RLS symptom group, the AUC of RF improved 0.77, 0.86, 0.83, when using only wearable data
and combining wearable data with application data and selected data, respectively. Similarly, for distinguishing
the severe RLS symptom group, the AUC of XGB increased from 0.61 to 0.77, from 0.69 to 0.79 and from 0.60
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to 0.80 when using only wearable device data, wearable device data combined with application data and selected
data respectively.

Discussion

Principal findings

This study proposed a machine learning prediction model for RLS that uses data from wearable devices and
self-reported application records. To the best of our knowledge, this is the first attempt at applying digital
phenotyping to RLS. Satisfactory prediction accuracy was achieved across various feature settings.

For the prediction of the RLS symptom group, the RF model using a combination of self-reported application
data and wearable device data achieved the highest performance with an AUC of 0.86. For predicting the severe
RLS symptom group, the XGB model achieved the highest AUC of 0.70 using a combination of self-reported
application data and wearable device data. When predicting the severe RLS symptom group and control group,
the data was highly imbalanced (n=34). So, oversampling and cross validation were used to overcome this.
Nevertheless, the performance decreased compared to the RLS symptom group. It can be seen as a failure to
sufficiently compensate for this high imbalance. RF was the model with the best performance in predicting the
control group and the RLS symptom group. However, when only wearable device data was used, XGB and LGBM
were better than RF in some performance indicators. Since the ranking was based on AUC, RF was the best of
the three models. The data of the control group (1n=242) and the RLS symptom group (n=96) are imbalanced.
In classification tasks with imbalanced data, commonly used metrics such as accuracy, precision, recall, and F1
score can be misleading. For example, a model that simply predicts the majority class may achieve high accuracy
while completely failing to identify minority cases, which are often of greatest clinical importance. Precision and
recall are also sensitive to threshold selection and class distribution, which limits their generalizability across
datasets. F1 score, though intended to balance precision and recall, can still obscure poor performance on the
minority class when class imbalance is severe. As a result, these metrics may not reflect the true discriminative
ability of the model in such settings. To address this, we used AUC as a threshold-independent metric that
better captures class separation regardless of imbalance. This was also reflected in the performance results of
the severe RLS symptom group, which were predicted using a combination of self-reported application data and
wearable device data. In addition, using the top 20 contributing features increased overall performance. With
data extracted from the wearable device alone, the RF model achieved an AUC of 0.77 for predicting the RLS
symptom group and XGB achieved an AUC of 0.69 for the severe RLS symptom group. By selecting top 25%
of the most relevant to IRLS from a combination of application data and wearable device data using a feature
selection method, RF models achieved an AUC of 0.83 for predicting RLS symptoms and XGB achieved an AUC
of 0.70 for severe RLS symptoms. Mutual information, a feature selection method, selects features that are related
to the target value before training. Performance was improved by using the top 25% of features while excluding
features with little correlation, and many of the selected features were also found among the top 20 SHAP values.

Although the average performance of the models was acceptable, achieving a higher accuracy was limited
owing to the restricted information of the digital phenotypes. Digital phenotypes only utilize daily life data,
rather than variables directly associated with RLS pathophysiology or symptoms. Moreover, the complex
etiology of RLS, which involves various genetic, molecular, and lifestyle-related factors, and neurotransmitters,
further complicates the prediction of RLS solely based on the digital phenotype***.

To overcome thislimitation, we used a dataset that is both theoretically and clinically relevant to RLS, including
variables known to be related to the condition. These include psychological factors (e.g., stress), lifestyle factors
(e.g., alcohol, caffeine), physical factors (e.g., activity level, heart rate, sleep), and circadian rhythm factors (e.g.,
data processing method based on circadian rhythm)?42.

RLS is also closely linked with insomnia, particularly affecting sleep fragmentation, reduced REM sleep,
and lightening of sleep®®*!. Therefore, we included sleep-related features such as the number of awakenings
and the durations of REM, deep, and light sleep. Regarding circadian rhythms, studies have shown that diurnal
variability in multiple biological factors may serve as a mechanism. Circadian rhythms of iron and dopamine
levels associated with fluctuations in biomarkers, such as melanin, melanocortin, and TSH, may exacerbate
symptoms at night*?3. Several studies have also shown that fluctuations in spinal cord excitability or diurnal
disturbance of the default mode network are related to the periodic change of RLS symptoms***>.

Thus, our use of circadian rhythms in digital phenotyping is both appropriate and effective, given the
established links between RLS and biological rhythms.

Baseline characteristic analysis highlighted significantly lower most active 10-h period (M10) and lower
relative amplitude (RA) across both the RLS and severe RLS symptom groups (Table 2). SHAP analysis also showed
these variables were key contributors to RLS prediction (Fig. 3). A lower M10 reflects decreased activity level
during wake periods, while a lower RA indicates a less pronounced circadian rhythm, both suggesting relatively
disturbed circadian rhythm. Although there is no direct study on circadian rhythm disturbance influencing RLS,
previous study investigated night shift workers exhibited higher prevalence of RLS*. Furthermore, a previous
study found that night shift workers have a disrupted cosine regression curve of heart-rate rhythm with a lower
amplitude and delayed acrophase, which support probable association between circadian rhythm disturbance
and RLSY. Moreover, the severe RLS symptom group demonstrated a lower MESOR (midline estimating of
statistics rhythm) for step count, measure reflecting the rhythm-adjusted mean activity level, which may be a
more accurate indicator than simple mean levels*. This finding aligns with previous study the lower physical
activity tends to increase the RLS prevalence?*. Stress levels were high in both the RLS and severe RLS symptom
groups, contributing high SHAP value (Table 2; Fig. 3). This finding supports a previous study showing that
patients with RLS have more psychological distress and reduced quality of life, although the causality remains
unclear?. Moreover, number of wake or duration of awake ranked high in SHAP values, particularly in predicting
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Control vs. RLS

Control vs. Severe RLS

Mean (SD) symptom group symptom group
Severe RLS symptom
Category Variables Control (n=242) | RLS symptom (n=96) | (n=34) t-value | df | p-value | t-value | df | p-value
Demographic information
Sex, male (%) 99 (40.9%) 20 (20.8%) 6 (17.6%) 0.98 0.13
Age 29.1(9.1) 31.6 (10.6) 31.9 (10.7) -2.03 153 | 0.04* -1.45 |40 |0.15
BMI 22.4(3.4) 22.2(3.5) 214 (3.1) 0.65 173 | 0.52 1.76 45 10.08
Features based on wearable device data
Weekdays
Duration of
Total sleep 362.3 (48.0) 375.1 (43.9) 373.7 (45.2) -2.35 | 189 | 0.02* -137 |44 |0.18
Awake 61.9 (15.3) 63.4 (13.8) 60.5 (15.7) -0.88 193 | 0.38 0.48 42 | 0.64
REM 200.2 (43.1) 211.6 (40.9) 209.1 (51.4) -2.26 | 183 |0.03* -0.96 |40 |0.35
Light sleep 72.6 (20.2) 75.9 (17.9) 69.6 (19.8) -1.51 195 | 0.13 0.81 43 |0.42
Deep sleep 51.4 (12.6) 54.7 (13.1) 53.6 (14.2) —208 [169 [0.04* |-0.82 |41 |0.42
Number of awake | 25.1 (6.4) 25.7 (6.8) 24.8 (8.1) -0.78 | 166 | 0.44 0.16 39 1087
Sleep Quality of sleep 0.830 (0.036) 0.832 (0.031) 0.840 (0.036) -0.47 |203 |0.64 -1.46 |43 |0.15
Holidays®

Duration of

Total sleep 396.7 (63.0) 410.2 (66.0) 405.5 (71.6) -1.72 | 168 | 0.09 -0.68 |41 |050
Awake 67.9 (18.8) 68.4(17.8) 66.7 (20.6) -024 | 183 |0.81 032 |41 |0.75
REM 219.1 (48.6) 2289 (51.1) 226.4 (56.4) ~-1.61 |167 |0.11 ~0.72 |40 |0.48
Light sleep 81.2 (24.9) 82.4(22.7) 77.4(22.5) -042 | 190 | 0.68 090 |45 |037
Deep sleep 56.5 (14.2) 59.6 (14.5) 59.2 (17.5) -1.81 |171 |0.07 -0.87 |39 |039
Number of awake | 27.5 (7.4) 275 (7.5) 269 (9.0) 003 | 173 | 097 037 |39 |071

Quality of sleep 0.830 (0.039) 0.833 (0.037) 0.835 (0.040) -0.79 | 185|043 =077 |42 |044
Weekdays

Daytime®

Minimum 5.0 (9.7) 4.4(7.4) 3.2(42) 0.64 227 10.53 1.93 94 | 0.06
Maximum 26.4 (19.1) 25.4(18.4) 25.7 (23.5) 0.45 180 | 0.66 0.15 39 1088
Mean 11.2 (11.5) 10.4 (8.8) 9.6 (6.7) 065 | 227|052 119 |64 |o024
Nighttime®

Minimum 6.1(16.3) 6.9 (18.6) 2.9 (7.6) -0.36 | 157 | 0.72 191 85 |0.06
Maximum 30.6 (28.1) 345 (37.5) 27.6 (24.3) 093 | 139 035 065 |46 |0.52

Exercise time Mean 13.0 (19.4) 14.0 (23.7) 8.6 (8.8) -0.38 | 148 | 0.71 2.25 88 | 0.03*

Holidays®

Daytime®

Minimum 4.8(17.3) 4.2 (7.0) 2.8 (4.5) 0.49 336 | 0.62 1.47 194 | 0.14
Maximum 25.2(25.8) 25.1(23.7) 22.2(28.9) 0.05 189 | 0.96 0.57 41 | 0.57
Mean 10.9 (18.6) 10.1(9.2) 8.1(6.1) 056 | 320 0.58 176 | 142 | 0.08
Nighttime®

Minimum 8.3 (19.7) 9.9 (25.6) 7.0 (14.6) -0.56 | 142 |0.58 0.48 52 ] 0.64
Maximum 31.8 (40.6) 34.0 (42.8) 27.5(21.7) -0.43 | 167 | 0.67 0.95 71 ]0.35
Mean 15.2 (26.0) 16.5 (29.3) 11.8 (14.7) -0.39 | 157 | 0.69 1.11 66 |0.27
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Control vs. RLS Control vs. Severe RLS
Mean (SD) symptom group symptom group
Severe RLS symptom
Category Variables Control (n=242) | RLS symptom (n=96) | (n=34) t-value | df | p-value | t-value | df | p-value
Weekdays
Daytime®
Minimum 0.1(0.3) 0.1(0.2) 0.1(0.1) 1.28 285 | 0.20 1.46 77 10.15
Maximum 0.9 (0.5) 0.8 (0.5) 0.8 (0.6) 0.92 177 | 0.36 0.48 40 | 0.64
Mean 0.3(0.3) 0.3(0.2) 0.2 (0.2) 1.39 251 | 0.16 1.39 60 |0.17
Nighttime®
Minimum 0.2 (0.6) 0.1(0.5) 0.1(0.2) 0.11 203 [ 0.91 1.92 116 | 0.06
Maximum 1.0 (0.9) 1.0 (1.0) 0.8 (0.7) 0.35 161 | 0.73 1.85 54 |0.07
Mean 0.4 (0.7) 0.3 (0.6) 0.2 (0.2) 0.39 189 | 0.69 2.70 121 | 0.01*
Walking distance
Holidays®
Daytime®
Minimum 0.1 (0.4) 0.1(0.2) 0.1(0.2) 0.29 318 | 0.77 0.64 80 |0.53
Maximum 0.7 (0.7) 0.7 (0.7) 0.6 (0.8) 0.41 167 | 0.68 0.82 40 | 0.42
Mean 0.2 (0.4) 0.2 (0.3) 0.2 (0.2) 0.66 264 | 0.51 1.38 80 |0.17
Nighttime®
Minimum 0.2 (0.6) 0.2 (0.9) 0.1(0.3) -0.44 | 135 |0.66 0.75 68 | 0.46
Maximum 0.9(1.2) 0.9 (1.3) 0.7 (0.6) 0.02 160 | 0.99 1.76 80 |[0.08
Mean 0.4 (0.8) 0.4 (0.9) 0.3 (0.4) ~0.14 |157 |0.89 1.61 9 |0.11
Mesor© 210.2 (141.8) 188.1 (122.4) 172.7 (77.7) 1.43 201 | 0.15 2.33 69 |0.02*
Amplitude® 189.6 (163.7) 182.2 (152.1) 142.2 (98.9) 0.40 187 | 0.69 2.13 62 | 0.04*
Acrophase® 4.6 (31.5) -6.0 (25.1) 6.9 (17.8) 041 |[218 |0.68 ~0.63 |67 |053
Goodness of fit 0.2 (0.1) 0.2 (0.1) 0.2 (0.1) -0.45 191 | 0.65 0.09 51 [093
Weekdays
Daytime®
Minimum 155.6 (379.9) 119.3 (236.8) 99.7 (193.8) 1.06 2751 0.29 1.35 75 (0.18
Maximum 1225.3 (763.9) 1170.4 (770.2) 1193.6 (923.5) 0.59 173 | 0.55 0.19 40 |0.85
Mean 417.1 (444.3) 370.9 (319.7) 350.1 (281.5) 1.07 241 | 0.29 1.19 59 |0.24
Nighttime®
Minimum 220.8 (822.5) 219.9 (723.6) 77.9 (302.2) 0.01 197 | 0.99 1.93 120 | 0.06
Maximum 1435.9 (1317.0) 1424.3 (1481.7) 1146.6 (967.4) 0.07 158 | 0.95 1.55 52 [0.13
Mean 508.6 (960.2) 484.8 (915.9) 283.2 (345.0) 0.21 182 | 0.83 2.64 124 | 0.01*
L5 158.7 (192.8) 135.2 (169.1) 106.9 (85.6) 1.11 198 | 0.27 2.69 90 |0.01*
M10 307.9 (153.9) 271.6 (106.2) 252.9 (113.1) 2.48 251 | 0.01* 2.53 52 |0.01*
RA 0.4 (0.3) 0.4 (0.3) 0.4(0.2) ~0.06 |174 | 0.95 0.20 52 [0.84
Step count
v 0.1(0.1) 0.1(0.1) 0.1(0.1) -0.44 | 183 | 0.66 0.86 50 |0.40
IN 0.2 (0.1) 0.2 (0.1) 0.2 (0.1) -0.15 171 | 0.88 0.31 43 10.76
Holidays®
Daytime
Minimum 123.0 (530.0) 115.0 (272.4) 91.6 (259.2) 0.18 315 | 0.86 0.56 79 10.58
Maximum 1070.7 (985.1) 1043.4 (1070.8) 932.0 (1185.9) 0.22 162 | 0.83 0.65 40 |0.52
Mean 361.0 (606.9) 335.9 (410.6) 283.4 (302.0) 0.44 255 | 0.66 1.20 78 (0.24
Nighttime
Minimum 293.5(943.2) 355.5(1282.3) 211.1 (508.9) -0.43 138 | 0.67 0.78 70 | 0.44
Maximum 1361.7 (1778.7) 410.6 (1282.3) 1068.22 (870.6) -0.06 165 | 0.95 1.56 79 |0.12
Mean 560.0 (1234.3) 468.5 (1891.3) 373.7 (515.2) -0.17 | 160 | 0.86 1.57 99 [0.12
L5 155.3 (333.0) 114.2 (121.5) 101.6 (87.9) 1.66 334 | 0.10 2.05 193 | 0.04*
M10 288.5 (172.4) 249.4 (174.3) 227.9 (148.1) 1.87 173 | 0.06 2.19 47 | 0.03*
RA 0.5(0.2) 0.4 (0.3) 0.4 (0.3) 3.38 143 | <0.01* |2.59 39 |0.01*
v 0.1(0.1) 0.1(0.1) 0.1(0.1) -0.49 | 173 | 0.63 1.14 64 |0.26
IS 0.2 (0.1) 0.3 (0.1) 0.3(0.2) ~0.89 |174 | 0.37 —051 |42 |0.54
Continued
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Control vs. RLS Control vs. Severe RLS
Mean (SD) symptom group symptom group
Severe RLS symptom

Category Variables Control (n=242) | RLS symptom (n=96) | (n=34) t-value | df | p-value | t-value | df | p-value
Mesor® 75.2(9.2) 75.1 (6.3) 73.7 (6.9) 0.20 252 | 0.84 1.16 51 [0.25
Amplitude 12.0 (6.1) 11.2 (4.1) 11.9 (4.9) 137 | 254 |0.17 0.11 48 [0.91
Acrophase® 6.9.4 (3.8) 10.3 (4.8) 10.3 (3.9) -1.66 | 144 | 0.10 -1.22 |42 |0.23
Goodness of fit* 0.4 (0.1) 0.4 (0.1) 0.4 (0.1) -0.53 | 160 | 0.60 -132 |41 |0.19
Weekdays
Daytime®
Minimum 62.4(7.4) 63.8 (7.6) 616.6 (5.3) -1.62 |171 | 0.11 0.74 53 047
Maximum 112.7 (12.8) 112.2 (13.5) 110.5(13.2) 0.32 166 | 0.75 0.94 42 1035
Mean 80.2 (8.1) 81.0 (7.7) 79.6 (5.8) -0.82 181 | 0.41 0.50 53 |0.62
Nighttime®

Heart rate Minimum 56.0 (6.5) 56.6 (5.1) 54.7 (4.5) -0.83 |222 041 1.43 54 |0.16
Maximum 109.4 (12.4) 105.0 (10.2) 102.3 (9.7) 3.40 221 | <0.01* |3.85 49 |<0.01*
Mean 71.7 (7.9) 71.1 (6.1) 69.1 (5.9) 0.74 226 | 0.58 2.29 52 | 0.03*
Holidays®
Daytimeb
Minimum 59.5(7.3) 60.7 (6.5) 59.3 (5.8) -1.40 | 194 | 0.16 0.24 49 |0.81
Maximum 109.1 (14.7) 107.3 (13.8) 105.0 (11.9) 1.11 185 | 0.27 1.83 48 |0.07
Mean 77.4 (8.5) 77.7 (7.2) 76.5 (6.8) -0.32 |204 |0.75 067 |49 |0.50
Nighttime®
Minimum 56.8 (7.4) 57.2(5.7) 55.1 (5.0) -0.56 | 204 | 0.75 1.72 56 |0.09
Maximum 106.1 (13.3) 103.4 (11.6) 102.1 (11.5) 1.87 198 | 0.06 1.86 |46 |0.07
Mean 72.1(8.8) 71.2 (6.7) 69.3 (5.9) 1.00 227 1 0.32 2.38 56 | 0.02*

Features based on application data
Caffeine 16.9 (19.9) 19.5(25.9) 21.7 (28.6) -0.89 | 142 | 0.38 -0.96 |38 |0.35
Nap time 5.6 (7.3) 6.9 (10.3) 8.6 (14.9) -10.7 | 135 | 0.28 -115 |35 |0.26
Stress 17.9 (33.3) 29.1 (46.0) 38.1(60.4) -2.18 | 136 | 0.03* -191 |36 |0.06
Alcohol 26.6 (55.4) 13.1 (25.7) 8.8(16.7) 3.06 328 | <0.01* | 3.88 161 | <0.01*

Table 2. Baseline characteristics of demographic information and data set. Significance between continuous
variables was determined using independent ¢-tests. Significance between categorical variables was determined
using the Chi-square test. *Significance at p <0.05.. *Holidays include weekends (Saturdays and Sundays)

and Korean national holidays. "Daytime is defined as 8 AM to 6 PM, and nighttime as 6 PM to 8 AM. “These
parameters were generated by cosinor analysis to reflect the circadian rhythm. Detailed descriptions are
provided in Supplementary Methods. REM rapid eye movement, IS interdaily stability, I'V interdaily variability,
L5 least active 5-h period, M10 most active 10-h period, MESOR midline estimating statistics of rhythm, RA
relative amplitude.

severe RLS symptoms (Fig. 3). This suggests that sleep fragmentation is one of the key sleep feature in RLS
patients, as supported by previous polysomnography studies?®.

In addition, through the SHAP analysis, we extracted the top 20 contributing features to construct a more
focused models and confirmed that they demonstrated similar or superior scores across all performance metrics.
By reducing the amount of data used, we can lower computational costs, which increase the possibility of actual
clinical application. We chose RF and XGB models to construct this focused model because of the superior
performance compared to other models.

Comparison to prior work

While there are several attempts to explore use of digital phenotyping of daily life to predict mental disorders
such as schizophrenia, mood disorder, and anxiety disorder, its application to sleep disorders remains limited!".
For example, one study clustered insomnia subtypes based on sleep patterns, daily activities, and personal
demographics, revealing significant differences in sleep and behavioral characteristics across clusters*. Another
study utilized digital phenotype of wearable device to predict sleep problems in children, achieving an accuracy
0f 0.737'8, Additionally, single-lead ECG, which can also be incorporated into smartwatches, has been utilized to
predict periodic limb movement disorder, with F1 scores of 0.92%. In the context of RLS, digital phenotypes have
typically focused on measures such as heart rate variability (HRV) and physical activity in attempts to reveal
pathophysiology of RLS®>">2. However, comprehensive studies using a wider range of digital phenotypes for RLS
prediction and management are still lacking.
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Compared to these studies, our study is the first study to utilize a wide range of daily life metrics reflecting life
patterns and cosinor variation to predict RLS, offering a more general approach to understanding and managing
the disorder.

Strengths and limitations

The strength of this study lies in the novel use of digital phenotyping and circadian rhythm-based feature
generation while achieving meaningful accuracy. A diverse range of daily life parameters that were clinically
acknowledged to be associated with RLS were included. Additionally, we employed circadian rhythm-based
feature generation, considering the various mechanisms suggested to explain the circadian rhythm of RLS
symptoms?*>43. Moreover, while several studies have attempted to analyze features reflecting lifestyle patterns,
our investigation proposed a more thorough approach to feature categorizing. Specifically, we divided them into
daytime and nighttime and distinguished between weekdays and holidays for analysis, which reflects detailed
life patterns and suggests guidance for future digital phenotype research. Subsequently, we stratified participants
into subgroups based on symptom severity. We diversified the data settings used in machine learning to compare
the analysis accuracy according to the subgroups or types of datasets.

Despite its strengths, our study has several limitations. First, the skewed age distribution (mean [SD] age:
29.8 [9.6] years) necessitates broader validation across diverse age groups, given that RLS prevalence tends
to increase with age?. However, no difference was found in the age distribution between the groups. Second,
the scarcity of the total dataset produced an inconsistent performance across the five performance metrics.
Additionally, the dataset was highly imbalanced toward control group, necessitating the use of oversampling
techniques. In particular, the severe RLS symptom subgroup (n=34) had an even more limited sample size. Due
to this imbalance, we used a small external validation dataset for the RLS symptom group and did not create a
separate validation set for the severe RLS symptom subgroup, meaning that complete external validation was
not performed. Although stratified K-fold cross-validation and SMOTE oversampling were employed to address
class imbalance, the small sample size restricts the generalizability of our conclusions for severe RLS specifically,
and the findings related to this subgroup should be interpreted with caution. Future studies should aim to
include larger and more balanced samples, particularly for moderate-to-severe RLS populations. Moreover,
medical conditions, such as iron deficiency or blood glucose levels, were not adjusted for, despite their potential
to cause secondary RLS or being crucial for RLS management®>>*. However, considering that the secondary
form of RLS has a low prevalence in the younger generation, we believe that this did not significantly impact our
research findings®.

Finally, the prevalence of RLS in our study group (28.4%) is notably higher than the prevalence in general
population (3.9-14.3%). This discrepancy is largely due to the characteristics of our study sample. Our research
focused on sleep disorders, resulting in a large insomnia group (n=119) within the study sample. Numerous
studies have reported that insomnia patients exhibit a higher prevalence of RLS (15.6-45%), and have identified
insomnia as a main predictor of RLS (odds ratios: 1.71-3.16)>>->7. Consequently, the overrepresentation of
insomnia patients may contribute to the higher RLS prevalence observed in our study. Additionally, demographic
factors played a role in our findings. Our study included a higher proportion of female participants (219/338,
64.7%), who are known to have twice the prevalence of RLS compared to males®. This sex imbalance likely
contributed to the elevated RLS prevalence in our sample. Also, the average age of participants was relatively
young (mean [SD] age: 29.8 [9.6]). While younger age is typically associated with a lower prevalence of RLS, this
factor does not seem to have significantly influenced our findings>*.

This study focused on a sample enriched with insomnia participants, who are more likely to exhibit RLS, and
thus does not provide an epidemiological estimate of RLS prevalence. Therefore, generalization of these findings
to the general population, particularly the elderly, should be done carefully. Moreover, the RLS symptom group
in our study was not diagnosed by clinicians, nor defined by IRLSSG diagnostic criteria, which may have caused
slight overestimation of RLS symptom group. However, as the IRLS questionnaire is regarded as a global standard
for RLS severity assessment, we believe this limitation had minimal impact on the overall results.

To further explore this topic, future studies could focus on using clinician diagnoses and ensuring a more
balanced representation of age groups and sex.

Implications and future research

The accumulation of digital phenotyping data will enable disease screening using daily life data from personal
digital platforms. This can enable early intervention by identifying at-risk groups in the general population,
addressing delayed and missed diagnosis problem of RLS. Moreover, along with current attempts to phenotype
RLS, the accumulation of digital phenotyping data could help future research classify RLS subtypes, paving the
way for personalized treatment options. Future research in this area will benefit from larger sample sizes and
the inclusion of a broader range of clinical features, such as HRV, considering its association with autonomic
disturbances in RLS??. The evolving wearable device technology with longer battery lives and wider range of data
collection along with advanced strategies for handling outliers and missing data will ensure the attainment of
more accurate and comprehensive set of data®>. Moreover, enhanced methods for analyzing patterns from the
data such as human activity recognition will further help uncovering meaningful digital phenotypes®.

Conclusions

In conclusion, we developed an RLS prediction model that used novel digital phenotyping techniques.
Digital phenotyping has increasingly been applied to identify at-risk groups and guide treatment strategies
for sleep disorders, but comprehensive studies using a wider range of digital phenotype for RLS prediction
and management are lacking. By incorporating features known for their clinical relevance and conducting a
circadian rhythm-based analysis, the model demonstrated an enhanced capability for the early detection of
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RLS. Our findings represent an initial step towards integrating digital phenotyping in RLS management, laying
a foundation for future research aimed at validating these approaches in clinical settings. Our findings also
highlight the potential of digital health technologies for managing neuropsychiatric disorders and contributing
to the progress of personalized medicine.

Data availability
Data supporting the findings of this study are available upon request from the corresponding authors. These data
are not publicly available because of privacy concerns.
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