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Abstract. Sleep apnea (SA) is a prevalent disorder among individuals with heart 
failure (HF), often leading to complications. Early identification is essential for 
timely interventions and better outcomes. This study explores the feasibility of 
developing a screening tool for SA in patients with HF using data from the Future 
Patient Telerehabilitation program. A random forest classifier was used to develop 
a predictive model, achieving a promising receiver operating characteristic area 
under the curve (ROC-AUC) of 0.85, suggesting that the random forest classifier 
has the potential as a SA screening tool for HF patients. However, the study lacked 
key variables, such as oxygen saturation, that are strong predictors for SA 
assessment according to current literature; this limits the model's generalizability. 
Despite this, the findings indicate that the ML model shows promise for screening 
SA in HF patients, highlighting the need for high-quality, standardized data from 
future clinical trials to enhance its accuracy and clinical utility. 

Keywords. Sleep Apnea, Heart Failure, Machine Learning, Telemonitoring, 
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1. Introduction 

Heart failure (HF) is a clinical syndrome that results from any cardiac dysfunction 
leading to reduced cardiac output and symptoms such as dyspnea, swelling, and fatigue. 
It affects 1–2% of the global population, with around 2 million new cases annually. [1, 2]. 
Studies have established an association between sleep apnea (SA) and HF. SA is 
characterized by repeated interruptions in breathing during sleep and has been shown to 
worsen HF symptoms, increase hospitalization, and reduce quality of life [3].  

Sleep apnea (SA) is traditionally diagnosed using polysomnography (PSG), the gold 
standard for sleep studies [4]. Despite its high accuracy, PSG often suffers from low 
adherence (7–81.7%) due to limited access, discomfort, and insufficient support [5]. As 
an alternative, telemonitoring technologies such as wearable devices and smart beds 
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enable remote patient monitoring [6, 7]. One such technology is the EMFIT QS sleep 
sensor (EMFIT), a non-contact device placed under the mattress that uses 
ballistocardiography to capture heart rate (HR), respiratory rate (RR), movement, and 
bed presence. It operates passively, transmits data wirelessly, and is suitable for long-
term use at home. At a cost of 300–400 EUR, it offers a more accessible alternative to 
PSG. [11] 

EMFIT data may facilitate the development of a machine learning (ML) model for 
screening SA, enabling early identification of high-risk patients. This could address PSG 
limitations, enhance accessibility, and support earlier and more effective SA 
management in patients with HF and atrial fibrillation (AF). In the Future Patient 
Telerehabilitation Program, the EMFIT sensor has been tested by HF and AF patients. 
This study aims to investigate how data from the EMFIT can be utilized to develop a 
pre-screening algorithm of SA for patients with HF and AF. 

2. Methods 

2.1. Participants 

This study includes data from two clinical trials in the Future Patient Telerehabilitation 
Program, involving adults with HF (n=28) or AF (n=20). Participants were excluded if 
they had a pacemaker or dropped out during the trial period, resulting in a final sample 
of 48 participants used to develop the ML model. The participants differ in age and 
disease severity, as presented in Table 1. The study was conducted in accordance with 
the Helsinki Declaration, and all participants provided informed consent. The study was 
approved by the North Denmark Region Committee on Health Research Ethics N-
20200037 and N-20220056. [9, 10, 11] 

Table 1. Baseline characteristics for included patients [9, 11] 

Variable Value 

Age (Mean ± STD) 

Men (n = 35) 62.6 ± 11.5 years 
Women (n = 12) 60.7 ± 11.9 years 
Men and women 

(n = 47) 
62.1 ± 11.6 years 

New York Heart Association Class 

Class I 3 
Class II 28 

Class III 13 
Class IV 0 

Ejection Fraction (Mean ± STD) 34.79 ± 11.47 

 

2.2. Experimental setup 

Participants included in the study used home telemonitoring equipment, including the 
EMFIT, blood pressure monitor, scale, and activity tracker. Data was submitted to the 
HeartPortal, where the patient could get an overview of all monitored values. Each 
patient collected data for 4 months. [9, 11] 
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2.3. Machine learning 

This project applies ML techniques to develop a model for detecting SA in HF patients. 

The process is illustrated in Figure 1. 

 
Figure 1. A graphical representation of the ML process 

2.3.1. Data preprocessing 

The raw dataset included EMFIT files (4-second resolution), Fitbit step counts, blood 

pressure, weight, and patient demographics. These data were pre-processed and 

synchronized for algorithm development. EMFIT provided detailed sleep-related data, 

while additional variables, such as age, weight, New York Heart Association (NYHA) 

class, and baseline HR were added to capture both physiological signals and individual 

patient characteristics. Each EMFIT file represented a sleep cycle, and all measurements 

were aligned to create 4,399 measurement data points, each representing one night of 

sleep. Sleep apnea events were labeled using the following formula, a calculation model 

detecting apneas (complete airflow cessation) and hypopneas (partial airflow reduction): 
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Where ��� is the detected respiratory event and �������� is the baseline RR. Following 

Apnea-Hypopnea Index (AHI) is applied to categorize SA severity: 
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This method assigns SA labels even without a documented diagnosis in patient records. 

2.3.1.1. Handling missing values 

Missing values in the datasets were handled with imputation methods to ensure accurate 

analysis. For individual missing values, linear interpolation was used to estimate data 

based on nearby values. For columns with more missing data, the median or mean value 

was imputed to preserve dataset integrity. 

2.3.2. Model selection and hyperparameter Tuning 

After preprocessing, the dataset was split into 85% for training/validation and 15% for 

testing. The Lazy Predict method was used to compare multiple classifiers. Based on 

ROC-AUC and F1-score, a random forest model was chosen. Hyperparameters were 

optimized via grid search and 5-fold cross-validation, resulting in a model with 200 trees, 

a maximum depth of 6, and a minimum of 10 samples to split nodes. This configuration 

provided the best performance while ensuring simplicity and generalizability. 

M. Gunasegarama et al. / Development of a Machine Learning Model for Screening Sleep Apnea64



2.3.3. Interpretability and clinical relevance  

In the development of predictive models for clinical applications, the interpretability of 
results by healthcare professionals is important. Alongside the optimization of 
performance metrics, particular attention was given to the selection of clinically 
significant features. Features such as HR and RR possess well-documented relevance in 
the context of SA and HF, thereby enhancing the interpretability of the model’s output. 

3. Results 

The random forest model was trained on 85% of the data, with 15% used for testing. 
Forward feature selection was applied to optimize performance, and ROC-AUC was 
used to assess the model’s ability to distinguish between SA and no SA. Based on this 
process, eight features were selected for the final model: age, height, HR and RR during 
sleep, NYHA class, duration in bed before sleep onset, sleep onset duration, and baseline 
weight. The model was evaluated with a classification threshold of 0.41, achieving an 
ROC-AUC of 0.85. Based on 206 true positives, 294 true negatives, 41 false positives, 
and 49 false negatives, it performed with a sensitivity of 0.81, specificity of 0.88, positive 
predictive value of 0.83, negative predictive value of 0.86, and an F1-score of 0.82. 

4. Discussion 

This study aimed to develop an ML-based screening tool for detecting SA for patients 
with HF and AF using data from non-invasive home monitoring devices. The final 
random forest model achieved an ROC-AUC of 0.85, with a sensitivity of 0.81 and a 
specificity of 0.88. These results suggest the model is a promising screening solution. 
Features such as age, HR, and RR are known to be associated with SA [12]. NYHA was 
also included as HF severity correlates with higher SA prevalence [12]. Features like 
height may have been selected due to bias from the small dataset. Additionally, key 
physiological variables such as oxygen saturation (SpO₂), which are strong predictors for 
SA, were not available. Previous studies have shown that adding SpO₂ could improve 
the model’s performance [13]. This study has had limitations such as: The SA labels 
utilized in this study were not validated through PSG; The dataset was relatively small 
and imbalanced, with only six participants confirmed to have SA, potentially introducing 
bias and limiting the model's generalizability. Since data were collected at home, 
adherence played a critical role in data quality. Moreover, it is crucial to address the 
potential risk of overfitting, especially considering that the model was developed using 
a relatively small dataset with a limited number of confirmed SA cases. However cross-
validation and hyperparameter tuning have been employed to mitigate these risks. The 
interpretability of the model's predictions is limited due to the inherent complexity of the 
random forest algorithm. While the random forest model achieved high performance, its 
complexity can limit clinical interpretability. Future studies may consider more 
transparent models (decision trees and logistic regression), which offer insight into 
variable relationships and can enhance clinician trust [14]. 
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5. Conclusion 

This study demonstrates that a machine learning model can effectively screen for sleep 
apnea in patients with heart failure using non-invasive sleep sensor. The final random 
forest model achieved a ROC-AUC of 0.85, sensitivity of 0.81, and specificity of 0.88, 
indicating strong potential for early detection in telerehabilitation. Further work should 
explore clinical validation, long-term follow-up, and regulatory approval.  
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