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Abstract

:

Heart failure is a prevalent cardiovascular condition with significant health implications, necessitating effective diagnostic strategies for timely intervention. This study explores the potential of continuous monitoring of non-invasive signals, specifically integrating photoplethysmogram (PPG) and electrocardiogram (ECG), for enhancing early detection and diagnosis of heart failure. Leveraging a dataset from the MIMIC-III database, encompassing 682 heart failure patients and 954 controls, our approach focuses on continuous, non-invasive monitoring. Key features, including the QRS interval, RR interval, augmentation index, heart rate, systolic pressure, diastolic pressure, and peak-to-peak amplitude, were carefully selected for their clinical relevance and ability to capture cardiovascular dynamics. This feature selection not only highlighted important physiological indicators but also helped reduce computational complexity and the risk of overfitting in machine learning models. The use of these features in training machine learning algorithms led to a model with impressive accuracy (98%), sensitivity (97.60%), specificity (96.90%), and precision (97.20%). Our integrated approach, combining PPG and ECG signals, demonstrates superior performance compared to single-signal strategies, emphasizing its potential in early and precise heart failure diagnosis. The study also highlights the importance of continuous monitoring with wearable technology, suggesting a significant stride forward in non-invasive cardiovascular health assessment. The proposed approach holds promise for implementation in hardware systems to enable continuous monitoring, aiding in early detection and prevention of critical health conditions.
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1. Introduction


Around 65 million people worldwide suffer from heart failure, a chronic, progressive, and incurable illness that causes about 7 million deaths annually [1]. Heart failure can manifest due to various factors, including inadequate myocardial relaxation, impaired ejection, or a combination of these issues. Furthermore, several underlying disorders such as coronary artery disease, hypertension, atrial fibrillation, heart valve irregularities, excessive alcohol consumption, infections, and idiopathic cardiomyopathy, in addition to structural heart abnormalities, can precipitate heart failure [2]. In individuals with heart failure, the heart loses its ability to effectively pump a sufficient volume of blood to meet the body’s organ and tissue oxygenation requirements [3].



The global incidence of heart failure is experiencing an upward trend, particularly in developed nations, constituting a significant public health concern [4]. In the United States, the present count of adults afflicted by heart failure stands at approximately 6.2 million, with a projected 46% increase anticipated by 2030 [5]. Factors contributing to this surge encompass an aging population, enhanced management of chronic illnesses, advancements in acute coronary syndrome treatments, and improved care for heart failure patients [6]. Europe is similarly affected, with an estimated 15 million individuals grappling with heart failure, leading to over 3 million hospitalizations annually. The substantial prevalence and recurrent hospitalization patterns associated with heart failure impose noteworthy economic burdens on both healthcare systems and society, with annual healthcare expenditures in the United States exceeding USD 30 billion [4].



Preventing heart failure and other cardiovascular diseases (CVDs) is significantly more successful when prevention and therapy are initiated promptly. Unfortunately, in the early stages of heart failure, many patients are asymptomatic, leading to missed opportunities for optimal treatment and an increased risk of complications. Nevertheless, certain physiological signals, such as electrocardiogram (ECG) and photoplethysmography (PPG), undergo alterations influenced by blood pressure levels [7,8]. These changes primarily manifest as morphological shifts in physiological signals, providing insights into the functional status of the heart and vascular system. Lifestyle modifications are integral to heart failure management, with dietary changes, exercise, and sodium restriction playing pivotal roles. Adherence to heart-healthy diets and engaging in regular physical activity contribute not only to symptom relief but also to increased life expectancy [9,10]. The INTERHEART study, exploring the impact of lifestyle factors on cardiovascular outcomes, highlights the profound influence of dietary habits and physical activity on overall cardiac health [11].



Figure 1 shows the ECG and PPG signals graphically. The waveforms of the ECG signal are shown at the top where the primary ECG peaks are indicated by dark circles. The PPG signal and associated waveform are shown beneath and the peaks corresponding to systole and diastole are shown by the dark circles in the subfigure.



Although so much research has been conducted on heart failure, most of them apply either echocardiogram or photoplethysmogram signals in their study. A paper introduced the concept of a non-invasive assessment method for the detection of ischemic heart disease patients from fingertip photoplethysmogram (PPG) signal. A unified feature set pertaining to heart rate variability (HRV) and PPG waveform morphologies was established to differentiate between individuals with and without CAD. For classification, they employed the support vector machine (SVM). Using a corpus of 112 people chosen from the MIMIC II dataset, their methodology achieves sensitivity and specificity ratings of 82% and 88%, respectively, in identifying CAD patients. They also obtained 73% and 87% sensitivity and specificity ratings from a different dataset of 30 patients who were gathered from an urban hospital utilizing a commercial oximeter device [12]. The findings from a study on a Hybrid Lightweight 1D CNN-LSTM architecture for automated ECG beat-wise classification offer promising implications for advancing the field of automated ECG classification, which makes it very suitable for embedded systems designs that can be used in clinical applications for monitoring heart diseases in a faster and more efficient manner [13]. A conditional Generative Adversarial Network (GAN) model (P2E-WGAN) was designed to reconstruct/synthesize realistic ECG signals from PPG signals; the results demonstrate the model’s potential for providing a paradigm shift in telemedicine by bringing ECG-based clinical diagnoses of cardiovascular disease to individuals via simple PPG assessment by wearables [14]. The synthesis of ECG waveforms from PPG signals using the P2E-WGAN approach has several potential applications and implications for clinical practice and medical device development such as enabling wearable devices equipped with PPG sensors to potentially provide continuous and long-term monitoring of ECG signals in daily life settings leading to the development of intelligent healthcare systems for clinical diagnoses of cardiac diseases and anomalies in real time through machine learning and cloud computing.



In another study, the authors introduced a non-invasive and cost-effective method for detecting coronary artery disease (CAD) via photoplethysmography (PPG), suitable for at-home monitoring. The analysis focuses on extracting distinguishing features from the time domain of the PPG signal and its second derivative. CAD patients were classified using a support vector machine-based classifier. The study evaluated the approach using ICU patient data from the MIMIC-II dataset and achieved a sensitivity of 85% and a specificity of 78% in identifying CAD patients [15]. A study was conducted on time-domain features from PPG signals to differentiate between subjects with and without diseases using various classification methods. The study evaluated ten metrics from the confusion matrix, and the Boosted Tree classifier outperformed the others, achieving an accuracy of 94%, sensitivity of 95%, specificity of 95%, and precision of 97% [16].



The UCI dataset repository was utilized to extract ECG features for use in a study that focused on heart failure prediction using the multi-criteria weighted vote-based classifier. The experimental outcomes validate the efficacy of the proposed ensemble classifier in handling a wide range of attribute types, with a notable high diagnostic accuracy of 87.37%. Furthermore, the classifier demonstrated impressive sensitivity at 93.75%, specificity at 92.86%, and an F-measure of 82.17%. These findings underscore the potential of this classifier as a valuable tool for accurate and comprehensive heart disease prediction [17]. A cross-domain joint dictionary learning (XDJDL) framework for synthesizing ECG waveforms from PPG signals was suggested in a study; the experimental results demonstrated the possibility of providing an affordable preliminary diagnosis screening from PPG signals and long-term, user-friendly ECG monitoring to help with early identification and screening for specific heart illnesses [18]. A Heart Disease Prediction System (HDPS) was developed aimed at assisting medical practitioners in diagnosing heart diseases. The system selects 13 relevant features from clinical data, constructs an artificial neural network based on these features, and creates a user-friendly interface. The HDPS offers output through various means, including ROC curve displays, execution time, accuracy, sensitivity, and specificity. Impressively, the HDPS achieved an 80% classification accuracy, indicating its potential as a valuable tool for heart disease diagnosis [19]. The detrended fluctuation analysis (DFA) method was used by Kamath et al. [20] to compute the short-term (20 s) ECG segments for CHF and normal hearts. The method produced 98.4% and 98% average sensitivity and specificity rates, respectively.



The combination of PPG and ECG signals for disease diagnosis has shown promising results. Yao et al. extracted 70 features from these signals for blood pressure estimation and used mutual information coefficient analysis to identify a highly discriminative feature subset [21]. Vandecasteele et al. utilized Heart Rate Variability (HRV) and Pulse Rate Variability (PRV) from ECG and PPG for predicting epileptic seizures, indicating the potential of these combined signals in seizure detection [22]. Additionally, ECG and PPG signals have been used to estimate respiratory sinus arrhythmia, revealing variations in heart rate due to breathing [23]. Findings from a study on the development and testing of a tri-modal device for monitoring cardiovascular parameters to aid in the diagnosis and monitoring of cardiovascular diseases emphasized the reliability and stability of devices in monitoring cardiovascular disease diagnosis [24]. In a study on alcohol consumption, Wang et al. combined ECG and PPG features, achieving a high accuracy of 95% in their study [25].



This study bridges a notable research gap by introducing a novel approach that integrates PPG and ECG signals for heart failure assessment. While previous studies have traditionally analyzed these signals independently, our innovative methodology leverages their combined power, offering a comprehensive evaluation of cardiac health. This approach not only enhances diagnostic accuracy but also holds the potential to detect heart failure at an earlier stage, promising to transform the field of cardiac healthcare.



The integration of photoplethysmography (PPG) and electrocardiography (ECG) signals in our study serves to address the complementary nature of these modalities in assessing cardiovascular health [26]. ECG signals primarily focus on the electrical activity of the heart, providing detailed information about arrhythmias, electrical abnormalities, and cardiac rhythm [27]. However, ECG may lack direct insights into peripheral vascular resistance and the pulsatile component of blood flow. In contrast, PPG signals are sensitive to changes in peripheral vascular resistance and offer information about the pulsatile nature of blood flow [28]. Integrating multiple signals enhances the reliability of the monitoring system. In case one sensor faces limitations or artifacts, the other can provide complementary information, reducing the risk of false negatives or positives. Wearable technologies incorporating both PPG and ECG sensors enable efficient arrhythmia detection, remote monitoring, and early detection of heart failure, potentially reducing morbidity and mortality rates associated with cardiovascular diseases [27,29]. By combining both signals, our assessment model aims to compensate for the limitations of each modality. The integration allows us to comprehensively evaluate both electrical and hemodynamic features, providing a more accurate assessment and understanding of heart function and contributing to the accuracy of heart failure assessment. The rationale behind using both signals lies in their synergistic ability to capture a broader spectrum of physiological features, ensuring a more robust evaluation compared to relying on either signal independently. For instance, in the case of heart failure, ECG might indicate arrhythmias, whereas PPG could unveil signs of impaired cardiac output. By coalescing these insights, the clinician gains a more comprehensive understanding of the heart’s performance and potential issues. Combining the attributes of both ECG and PPG signals is imperative to harness the comprehensive advantages derived from their respective features.



The contribution of this paper can be summarized in the following three points:




	
This paper introduces an innovative approach by integrating photoplethysmography (PPG) and electrocardiogram (ECG) signals for heart failure assessment. This integration leverages the unique strengths of both non-invasive monitoring methods to enhance diagnostic accuracy and enable early detection of heart failure.



	
The study underscores the clinical relevance of this integrated approach, emphasizing its potential to improve patient care, offer personalized treatment plans, and reduce healthcare costs. By preventing advanced heart failure complications, it has the potential to generate substantial cost savings for healthcare systems.



	
The significant improvements achieved by the proposed integrated method in contrast to the results obtained from individual ECG and PPG signals underscore the potency of combining these two modalities. This not only enhances diagnostic accuracy but also highlights the potential for early detection in the assessment and management of heart failure.








The rest of this paper follows this structure: The study’s methodology, which includes data collecting, signal processing, feature extraction, feature importance analysis and selection, and classification, is covered in detail in Section 2. Section 3 is dedicated to presenting the outcomes and discussions of various classification models and distinct feature sets. Finally, Section 4 provides an in-depth exploration of the strengths and limitations of this work, while Section 5 offers a comprehensive conclusion that highlights the clinical relevance of our study’s findings.




2. Materials and Methods


The foundational block diagram of our proposed approach for heart failure assessment is shown in Figure 2, which involves the integration of PPG and ECG signals and employs machine learning algorithms for classification. The methodology encompasses the following steps: (i) acquisition of ECG and PPG signals as the primary inputs of the algorithm; (ii) preprocessing of the ECG and PPG signals which include denoising and eliminating artifacts; (iii) extraction of informative features from the preprocessed signals; (iv) normalization of the dimension of the extracted features; (v) feature importance analysis and selection; (vi) partitioning and classification of the data; and, ultimately, (vii) comparative evaluation with prior research and studies. The subsequent subsections go into further depth about each of these blocks.



2.1. Dataset and Signal Pre-Processing


The data utilized in this research were sourced from the MIMIC-III (Medical Information Mart for Intensive Care) database, a comprehensive repository containing information from a large cohort of Intensive Care Unit (ICU) patients [30]. All the physiological data utilized in this study were obtained simultaneously for a coherent representation of cardiovascular dynamics from the Philips CareVue Clinical Information System, with data collected from models M2331A and M1215A. We obtained proper consent for data extraction from MIMIC-III for research purposes, as indicated by Record ID 51903504, and adhered to ethical guidelines by completing the web-based training course provided by the National Institutes of Health Protecting Human Research Participants. The dataset comprises a total of 1636 instances, including 954 control subjects and 682 heart failure patients with varying degrees of heart failure, ranging from mild to severe. The patients were identified based on ICD-9 codes related to heart failure, ensuring a broad spectrum of cardiac pathologies. This approach aimed to enhance the robustness and sensitivity of our presented method to different stages of heart failure. By incorporating a diverse range of cases, our machine learning model was trained to recognize patterns and features across the continuum of cardiac damage, enabling a more comprehensive evaluation. The inclusion of patients with varying levels of heart failure is a deliberate choice to enhance the model’s sensitivity to different stages of heart failure. As shown in Table 1 (below), the inclusion criteria involved patients aged 20 years or older at the time of ICU admission. Exclusions were made for patients below this age, those lacking an ICU record, or missing data for echocardiography or photoplethysmogram. The mean age of the included patients was 51.6 ± 9.9 years, with 41.1% being women and 58.9% men.



Three main sources of interference generally endanger the quality of the ECG signal: (A) the power-line noise at 50 or 60 Hz, which makes up the majority of the noise power in these signals and is essentially stationary; (B) the signal’s baseline wandering, which is referred to as the breathing artifact and manifests as a low-frequency component in the time domain (this can cause analog circuitry to become saturated or lose some of its effective precision, which can erode the accuracy of digitalization); (C) non-stationary, high-frequency noises resulting from muscle contractions. We created a preprocessing block to filter and denoise the signals in order to eliminate the degrading impacts of noise and artifacts from the raw signals. First, we addressed baseline wander and motion artifacts by applying a high-pass filter with a cut-off frequency of 150 Hz. This filter effectively removed low-frequency components related to baseline drift and motion artifacts while retaining the higher-frequency components essential for heart function and cardiac event analysis. Notably, recordings with abnormalities or noise, such as missing peaks, pulsus bisferiens, no signal (sensor-off), etc., were excluded. The retained signal fragments had more than 30,000 points, equivalent to 4 min of data at a 125 Hz adoption rate.




2.2. Feature Extraction


Feature extraction constitutes the procedure of uncovering meaningful patterns and insights within raw data, thereby crafting a more informative representation that refines the accuracy of prognosis and diagnosis [31]. In the realm of machine learning and data analysis, feature extraction revolves around the conversion of input data into a collection of features suitable for utilization as inputs in models or algorithms. The features extracted from physiological signals play a crucial role in the accuracy and specificity of disease estimation or diagnosis. Various methods, such as the wavelet approach [32], have been employed for feature extraction. In specific cases, deep learning approaches, like the artificial neural network—long short-term memory (ANN-LSTM) network, have been utilized for extracting features from successive ECG and PPG signals, demonstrating efficacy in estimating blood pressure [33]. Other studies have employed an extensive feature extraction approach combining PAT features with PPG features for hypertension prediction [34]. Additionally, calibration methodologies have been applied in some studies for cuffless blood pressure estimation, effectively eliminating correlations between subjects’ blood pressure and pulse transit time (PTT), particularly suitable for short intervals and applications like monitoring blood pressure during exercise tests [35]. These diverse approaches highlight the importance of tailored feature extraction methods based on the specific diagnostic requirements or health parameters under consideration. In the present study, MATLAB software (version R2022b), designed and distributed by MathWorks (Natick, MA, USA), was employed for conducting the feature extraction process.



The feature extractor block is responsible for extracting three distinct categories of informative features from both PPG and ECG signals. The features extracted are broadly classified into three groups: The first category is centered on physiological parameters, including metrics such as augmentation index, heart rate, arterial stiffness index, and heart rate variability parameters (pNN50, NN50, RMSSD, and SDNN); physiological features delve into parameters related to the body’s physiological responses. The second group of features encompasses amplitude-related attributes, such as pulse pressure, systolic pressure, diastolic pressure, and P-wave characteristics; these features provide insights into the signal’s strength and intensity. The third category involves interval-related features, including peak-to-peak interval, QRS interval, and RR interval, the interval features offer information about the durations between specific points within the signal.



In accordance with the physiological underpinnings of heart failure and its relationship with ECG and PPG signals, we identified and extracted 13 pivotal features. These features encapsulate essential cardiovascular information and were extracted from both ECG and PPG signals within each cardiac cycle to facilitate heart failure evaluation. The extracted characteristics are represented visually in Figure 3, while Table 2 furnishes a comprehensive overview of each feature’s class and the clinical importance/implications. It is essential to highlight that the PPG features extracted in this study are solely based on the identification of three readily discernible points, specifically the peak of the first derivative of PPG, the foot, and the peak of the PPG waveform.



Table 3 (below) demonstrates how morphological changes in cardiovascular features serve as indicators of structural or functional irregularities in the heart. In individuals with chronic heart failure (CHF) and acute myocardial infarction (AMI), heart rate variability in the time domain provides valuable prognostic information. Key parameters include the standard deviation of normal beat intervals (SDNN) and pNN50, representing the percentage of adjacent NN intervals differing by more than 50 ms. An SDNN value of less than 50 ms or pNN50 lower than 3% is indicative of high risk, 50 to 100 suggests moderate risk, and a value over 100 ms or a pNN50 greater than 3% is considered normal [36]. The QRS interval, another predictor of heart failure, generally ranges between 0.06 and 0.12 ms in healthy individuals. A prolonged QRS interval may indicate delays in the ventricular depolarization process. The RR interval, denoting the time between consecutive R waves in the QRS signal, is a critical parameter for assessing ventricular rate. In healthy individuals, normal ECG values for the RR interval typically range between 0.6 and 1.2 s. Prolonged RR intervals, defined as > 1.5 s, are commonly observed in patients with atrial fibrillation [37].



Pulse pressure, representing the difference between systolic and diastolic blood pressure, and systolic pressure, an indicator of pulsatile changes in blood volume due to arterial blood flow, typically range between 0.5 and 10 mmHg and 80 and 120 mmHg, respectively, in healthy subjects. During heart failure, the arterial system undergoes changes, leading to increased stiffness. Elevated augmentation index values are indicative of increased wave reflections, reduced arterial compliance, and impaired vascular function, all of which are associated with heart failure. Structural and electrical changes in the heart can affect atrial function, which in turn causes P-wave abnormalities, such as increased duration or altered shape, which may signify atrial remodeling, a common feature in heart failure patients.



Heart rate (HR) also serves as a predictor of cardiovascular, cerebrovascular, and all-cause mortality [38]. A normal resting heart rate for adults ranges between 60 and 100 beats per minute. Increased heart rate has been associated with elevated cardiovascular risk and total mortality. The relationship between increased heart rate and adverse cardiovascular events remains significant even after adjusting for major cardiovascular risk factors, indicating the independent prognostic value of heart rate in various populations and clinical conditions.




2.3. Feature Normalization


To address the scale differences in features extracted from PPG and ECG signals, which represent distinct heart failure indicators, this study utilized min–max normalization on the entire dataset. This crucial preprocessing step ensured that all feature values were uniformly scaled within a range of 0 to 1, preventing analytical inaccuracies and anomalies during model training. The normalization method employed followed a straightforward mapping equation to achieve this standardization:


   Xnorm    =   x − min  ( x )    max  ( x )  − min  ( x )     



(1)







This process not only promotes model stability and efficiency but also mitigates the impact of outliers, enhancing the reliability of our heart failure evaluation model.




2.4. Feature Importance Analysis and Feature Selection


The input feature vectors for both PPG and ECG were further reduced using the relief feature algorithm (ReliefF) [39,40]. The ReliefF algorithm is a filter-style feature selection technique that estimates weights by taking the nearest neighbor into account. In practical applications, this enhanced relief derivative, referred to as ReliefF, is the most frequently utilized version [41]. The study employed the ReliefF algorithm to further reduce input feature vectors derived from both PPG and ECG signals. ReliefF is a well-established feature selection method known for its robust performance in multi-class classification scenarios and its capacity to handle noisy datasets with missing values. This improved variant, ReliefF, incorporates k nearest neighbors (KNN) from each class to estimate feature weights, enhancing the accuracy of weight estimation, particularly in noisy dataset settings [42]. The study initially used the ReliefF algorithm to assess the relevance of features within PPG and ECG signals individually as illustrated in Figure 4 (below). This analysis identified key features within each modality for heart failure assessment, aiding in the determination of which modality (ECG or PPG) offered better discriminatory power. However, this individual analysis had a limitation in that it might not capture interactions or synergies between PPG and ECG features. To overcome this limitation, the study conducted a combined feature importance analysis on a feature set that included both ECG and PPG data (illustrated in Figure 5 below). This holistic approach provided a comprehensive view of feature importance, taking into account the contributions of both modalities. This comprehensive perspective offered insights into the significance of individual features within each signal and the collective impact of combining features from both PPG and ECG. Ultimately, this holistic view sheds light on the roles of each modality and highlights the potential advantages of integrating them in the context of heart failure evaluation.



The analysis of ECG data illuminates the pivotal role played by several key features as discriminators among different classes, particularly in individuals with heart failure. The heartbeat feature, reflecting the frequency of heartbeats, serves as a fundamental indicator of cardiac activity, with deviations signaling disruptions in the pumping function. The RR interval, indicative of the time between successive R-peaks, offers insights into heart rate variability, highlighting irregularities in cardiac rhythm. The QRS interval, representing ventricular depolarization duration, provides information on the heart’s electrical conduction system. Features such as RMSSD, SDNN, and pNN50, which gauge short-term variability, overall variability, and the percentage of significant variations, respectively, offer crucial information on autonomic function and cardiovascular regulatory mechanisms. Altered patterns in these features among individuals with heart failure contribute to a comprehensive understanding of the physiological changes associated with the condition. The examination of feature importance derived from PPG signals accentuates the clinical relevance of systolic pressure, diastolic pressure, peak-to-peak interval, and pulse pressure in the PPG waveform for heart failure assessments. These features bear intricate connections to the heart function. In the realm of heart failure, where cardiac function is frequently compromised, alterations in the morphology of these features serve as indicative markers of the physiological changes associated with the condition. Systolic pressure, representing the maximum arterial pressure during systole, and diastolic pressure, indicating the minimum arterial pressure during diastole, offer a comprehensive view of blood pressure dynamics. The peak-to-peak interval captures variations between consecutive peaks, reflecting the pulsatile nature of blood flow. Pulse pressure, as a fundamental feature in the PPG waveform, provides information about the strength and regularity of the pulsatile signal. Comprehending the subtle variations in these characteristics greatly enhances the clinical applicability of PPG-based assessments by contributing to the nuanced assessment of heart failure. The selected features above for PPG (four features) and ECG (six features) were used for classifications involving the analysis of independent signals.



The feature selection process for the integration of PPG and ECG signals involved a meticulous examination of absolute values to identify features of substantial significance in the context of heart failure assessment. From the initial pool of extracted features, a refined set of ten (10) features was selected. Notably, systolic pressure, diastolic pressure, peak-to-peak interval, NN50, pNN50, P-wave, heart rate, QRS complex, RR interval, pulse pressure, and augmentation index emerged as pivotal contributors to the classification task. The consideration of absolute values was paramount, ensuring a comprehensive evaluation of these features and capturing the essential dynamics of the cardiovascular system. These selected features exhibit notable clinical relevance, aligning with established physiological indicators of heart failure. ReliefF played a key role in highlighting their importance, emphasizing their ability to distinguish patterns associated with heart failure. The chosen features contribute to the overall effectiveness and clinical relevance of the heart failure assessment model, enhancing its interpretability and accuracy in classifying instances of the condition.




2.5. Data Partitioning and Classical Machine Learning


Data partitioning is a crucial step in supervised machine learning, aiding in the training, optimization, and validation of predictive models. Various techniques exist for partitioning datasets into subsets, each suited to different dataset sizes. In this study, the datasets (n = 1636) were split into 75% (1227) training sets and 25% (409) testing sets. The intentional design of the control group with a larger sample size aimed to provide a more balanced representation of the real-world distribution, enhancing the reliability and accuracy of our analysis. To ensure the model’s stability and generalization, a 10-fold cross-validation (CV) procedure was applied to the training data before model optimization. During this process, the training data were divided into ten equal-sized ‘folds.’ The model was trained and validated ten times, with each fold taking turns as the validation set while the others were used for training. By evaluating the model’s performance across different training data subsets, this method helped prevent overfitting. Also, extensive hyper-parameter tuning to optimize the model’s performance while guarding against overfitting and under-fitting was carried out. The utilization of the cross-validation strategy mentioned earlier and ensemble methods further contributed to the robustness of our model. Our commitment to avoiding over-parametrization was manifested in the comprehensive evaluation of various training aspects, emphasizing a balanced trade-off between model complexity and generalization. This meticulous approach allows for a fair and reliable comparison between the integrative and single-input models. The performance of the resulting model was evaluated on a different test set, giving an assessment of its generalization to completely unknown data.



In this study, nine (9) machine learning algorithms were implemented for classification and performance analysis using the Weka software (Version 3.9.6). Weka (Waikato Environment for Knowledge Analysis) is a cross-platform open source, renowned for its popularity in the realm of machine learning. Developed by the University of Waikato, this Java-based software (Java 11.0) offers a versatile platform for various data analysis and machine learning tasks [43].



Each machine learning algorithms were implemented in this study based on its specific strengths and suitability for the study’s goals, including handling complex features, dealing with noisy data, and providing insights into feature importance or relationships within the dataset; the combination of these diverse algorithms also allows for a comprehensive evaluation of heart failure using the extracted PPG and ECG features.





3. Results and Discussion


As previously described, the evaluation of each model involves a 10-fold cross-validation (CV) of dataset samples, ensuring that there is no overlap between the training and testing data. To assess the classification performance, precision, recall, accuracy, and F-measure were computed using the following metrics:


   Accuracy    =    TP + TN     TP + TN + FP + FN     



(2)






  Specificity =   TN    TN + FP     



(3)






   Sensitivity     (  Recall  )  =   TP    TP + FN     



(4)






  F 1 -score =    2   ×   ( Recall   ×   Precision )       Recall + Precision     



(5)







In this context, TP denotes a set of correctly identified test results, FP represents a set of test results incorrectly identified, TN signifies a set of correctly rejected test results, and FN stands for a set of test results incorrectly rejected. For this study, we computed and compared the results from a single ECG signal and a single PPG signal with the results obtained from the integration of both PPG and ECG signals for heart failure evaluation.



3.1. Result from Classification with Features Extracted from Single PPG Signal


The features extracted from the PPG signals were employed to compute the performance metrics using the various machine learning algorithms discussed in the previous section. PPG signals inherently capture dynamic alterations in blood volume and vascular attributes, thus providing distinctive insights into cardiovascular health from an alternative vantage point. The outcomes of this approach were highly promising, as evident below.



From Figure 6 below, Random Forest stands out as the top performer with an impressive accuracy of 97.10%, sensitivity of 97.05%, specificity of 96.88%, precision of 96.28%, AUC value of 97.20%, and F1-score of 96.66%, indicating its strong ability to correctly classify individuals with and without heart failure. It also excels in sensitivity, specificity, precision, and AUC, demonstrating its comprehensive effectiveness in evaluating heart failure. While Random Forest takes the lead, it is worth noting that other models, such as support vector machine (SVM), K-nearest neighbor, and decision tree, also deliver commendable performances with accuracies ranging from 93% to 96%. However, Random Forest consistently outperforms these alternatives in most performance metrics, reinforcing its position as the optimal choice for heart failure classification.




3.2. Result from Classification with Features Extracted from Single ECG Signal


The result presented in the figure below shows the various machine learning models’ performance obtained from the classification of features extracted from a single ECG signal.



In Figure 7 (below), the findings prominently highlight the exceptional performance of the multi-layer perceptron (MLP), a feedforward artificial neural network characterized by its multiple layers of interconnected nodes. It showcases the highest accuracy at 96.40%, underscoring its impressive capability in accurately discerning individuals with and without heart failure. Furthermore, the MLP model excels across various evaluation metrics, including sensitivity (96.70%), specificity (96.00%), precision (95.30%), and F1-score (95.60%). These results signify its comprehensive effectiveness in classifying heart failure cases with precision. Notably, other models such as K-nearest neighbor, AdaBoost, and Random Tree also deliver commendable performances, achieving accuracies in the range of 84% to 92%. These models exhibit a balanced trade-off between sensitivity and specificity, demonstrating their ability to identify heart failure cases while keeping false positives at a minimum.




3.3. Result from Classification of Integrated Features Extracted from PPG and ECG Signals


Integrating ECG and PPG signals offers a significant advantage, as it harnesses the wealth of complementary information they provide. ECG, being a gold standard for assessing heart rate and rhythm irregularities, is adept at capturing electrical activity. On the other hand, PPG captures changes in blood volume and vascular characteristics, offering insights into cardiovascular health from a different perspective. By combining these signals, we amalgamate intricate details of the circulatory system, resulting in a more holistic evaluation that transcends the limitations of individual signals. The result obtained from the classification of the novel approach of combining these signals is represented below.



Table 4 (below) shows the comparison of these evaluation/performance metrics on the selected machine learning models. From the displayed result, the support vector machine model outperforms other machine learning models. The evaluation/performance metrics; accuracy, sensitivity, specificity, precision, AUC, and F1-score obtained are 98%, 97.60%, 96.90%, 97.20%, 98.40%, and 97.70%. Figure 6 displays the radar plot of these performance metrics achieved in the various machine learning algorithms.




3.4. Comparison of Results Obtained


Performance metrics obtained from this novel approach to the integration of the PPG and ECG signal were also tested and compared to the results obtained from the performance of PPG and ECG signals independently. Figure 6 and Figure 7 illustrate the performance results obtained from the classification performed on these signals independently.



In comparison with the performance result obtained from the integration of these features, it is evident that the integration of these signals for heart failure study provides unique insights into cardiovascular health from an alternative vantage point.



The table above demonstrates the comparison between the results obtained from the analysis of the integration of PPG and ECG signals versus the results obtained from the ECG and PPG signals in isolation. When PPG data were considered in isolation, the Random Forest model emerged as the top performer, achieving an accuracy of 97.10%. This model demonstrated remarkable sensitivity, specificity, precision, and an F1-score, all hovering around the 96–97% range. These metrics collectively indicated its strong potential for accurate heart failure classification.



In contrast, the ECG data were effectively evaluated using the MLP (Multilayer Perceptron) model, yielding an accuracy of 96.40%. While its accuracy was slightly lower than that of PPG, MLP exhibited a well-balanced trade-off between sensitivity and specificity, making it a valuable contender in heart failure assessment.



It can also be noted that the result obtained from using the PPG signal outperformed the result from using only the ECG signals; this can be attributed to some factors such as PPG signals being less susceptible to interference from electrical sources and electronic equipment compared to ECG. This characteristic ensures that PPG measurements remain reliable and consistent in various environments, which is particularly beneficial in settings where electrical interference may be present, allowing for dependable monitoring and accurate assessment of heart failure without external disruptions. Also, PPG excels in evaluating peripheral hemodynamics, offering valuable insights into blood circulation beyond the heart, and it effectively measures changes in blood volume in peripheral blood vessels, shedding light on the efficiency of circulation and peripheral perfusion. Given that HF often affects peripheral blood flow, this capability is pivotal for understanding the broader cardiovascular dynamics associated with the condition. Also, in terms of motion tolerance, PPG’s resilience to motion artifacts is a notable advantage, particularly for individuals with heart failure. Patients with HF may experience limited mobility or discomfort, and PPG’s ability to maintain measurement accuracy even during subtle movements ensures that vital data can be reliably collected. This motion tolerance enables continuous monitoring without undue disruption, a crucial aspect in assessing HF patients’ condition.



However, the most notable findings arose from the integration of both PPG and ECG signals, where the Random Forest model demonstrated exceptional performance. This integrated approach resulted across various evaluation metrics, including accuracy (98.00%) sensitivity (97.60%), specificity (96.90%), precision (97.20%), AUC (97.70%), and F1-score (98.40%), suggesting that the combination of these signals significantly enhanced the model’s capability for heart failure detection. Moreover, an outstanding AUC of 97.70%, indicates a superior ability to discern heart failure cases while minimizing false positives.



These outcomes highlight the potential of integrating PPG and ECG data for more accurate heart failure assessment. These results reveal superior performance compared to the use of these signals independently. Particularly, when assessed using the Random Forest model, the integrated approach exhibited exceptional accuracy and overall effectiveness, highlighting its potential significance in heart failure evaluation.




3.5. Comparison with Other Works


The performance of the proposed approach was also assessed in comparison to prior studies that independently employed ECG and PPG for various applications. Our findings indicate that the proposed method exhibited superior performance when contrasted with these studies, which separately utilized ECG and PPG modalities for their distinct analyses. The results of this comparative analysis are detailed in Table 5 below.



From the results below (Table 6), in comparison to previous ECG-focused studies, the current study achieved high-performance metrics ranging between 96.40%, 96.70%, 96.00%, 95.130%, and 95.90%. Notably, the multi-layer perceptron (MLP) model in the current study outperformed the majority of previous ECG-based studies in terms of accuracy, sensitivity, specificity, and precision.



For PPG analysis, the current study achieved high accuracy, specificity, and sensitivity, with values ranging from 96.88% to 97.10%. These results outperform several previous PPG-focused studies in terms of accuracy, sensitivity, and specificity. The Random Forest (RF) model stood out with the highest accuracy.



The integration of PPG and ECG signals in the current study demonstrated promising results, with accuracy ranging from 91.20% to 98.00%. These results surpassed the majority of both ECG and PPG-focused studies, indicating that the combination of these signals provides a substantial benefit in heart failure assessment. The Random Forest (RF) model achieved the highest accuracy in this integrated approach, further emphasizing its effectiveness in comprehensive heart failure evaluation.





4. Clinical Application Prospect


This study presents substantial clinical relevance. By combining the unique strengths of these non-invasive monitoring methods, healthcare providers can significantly enhance the accuracy and timeliness of heart failure diagnosis. The results obtained from our study demonstrate the significant potential benefits of integrating PPG and ECG signals for heart failure evaluation. With an impressive accuracy of 98%, sensitivity of 97.60%, specificity of 96.90%, and precision of 97.20%, the integrated approach outperforms the results obtained from individual ECG and PPG signals. These findings suggest that the integrated approach holds promise for early, precise, and non-invasive diagnosis of heart failure. The high sensitivity implies effective identification of individuals with heart failure, contributing to early intervention and improved patient outcomes. This non-invasive evaluation method not only enhances patient care through timely diagnosis but also has the potential to reduce healthcare costs by enabling more targeted interventions. Furthermore, the accurate classification of heart failure cases paves the way for personalized treatment strategies, tailoring medical interventions based on individual patient needs. Overall, our study provides compelling evidence supporting the potential benefits of integrating PPG and ECG signals for heart failure assessment, aligning with the envisioned advantages mentioned in the abstract.



Moreover, the non-invasive nature of PPG and ECG signals allows for telemedicine and remote monitoring, enhancing patient accessibility and addressing healthcare challenges in remote areas. It also has the potential to reduce healthcare costs by preventing advanced heart failure complications. Additionally, this integrated approach fosters ongoing research and development in cardiac healthcare, promising advanced diagnostic and monitoring tools. In summary, the integration of PPG and ECG signals has the potential to revolutionize heart failure diagnosis and management, offering early detection, personalized care, cost savings, and improved patient outcomes.




5. Limitations, Future Work and Conclusions


Despite its merits, the integration of PPG and ECG signals faces several limitations. The quality and availability of PPG and ECG data can vary, impacting the reliability of the approach. Technical expertise is required for implementing and interpreting this integrated approach, which may not be readily available in all healthcare settings. Access to the necessary equipment for data collection can be limited in certain healthcare facilities, particularly in resource-constrained settings. Additionally, PPG and ECG signals are sensitive to motion artifacts and environmental interference, which can affect data quality. Advancements in wearable sensor technologies have made significant strides in mitigating these challenges. Modern wearable devices are increasingly equipped with advanced algorithms and hardware designed to reduce noise and compensate for motion-related artifacts. This makes them increasingly viable for collecting reliable ECG and PPG data even as patients engage in their daily activities.



It is also important to note the exploration of deep learning methods stands as a potential avenue for future research, balancing advancements with the unique demands of interpretability in medical applications. With the development of deep learning and other algorithms that need high computing power, its learning capacity to automatically learn intricate features from the data could be advantageous, which not only enables the analysis process to no longer require a feature extraction using hand-crafted techniques but it also has great advantages in accuracy and robustness, particularly is sufficient training data are provided. However, we emphasize the importance of interpretability in the medical domain and the challenges associated with acquiring extensive labeled datasets.



Our research primarily analyzed signals recorded in a resting state, as is typical in an intensive care unit (ICU) setting, which is the environment from which the MIMIC III data was obtained. We recognize that this approach may not capture certain cardiac anomalies that manifest specifically during physical exertion. However, we believe that the high accuracy of our method even with resting state data holds promising implications for future applications, including integration with wearable technology. With wearables, it is feasible to monitor ECG and PPG signals during various activities, potentially allowing for the detection of exercise-induced cardiac events. We anticipate that our approach, when applied to such dynamic data, could yield equally promising results.



Handling of patient data raises concerns about data privacy and security, and future works should implement stringent data protection protocols, such as employing advanced encryption techniques for data storage and transmission and strictly adhering to international standards such as HIPAA (Health Insurance Portability and Accountability Act) and GDPR (General Data Protection Regulation). Additionally, access controls will be put in place to ensure that only authorized personnel can access patient data.







Author Contributions


O.A.V. and X.D. contributed to the study’s design and shared the responsibility for composing the initial draft of the manuscript. Y.C. were actively engaged in the manuscript revision process, providing critical input, and giving their approval for the final version. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported in part by the National Natural Science Foundation of China (82102178), in part by the Fundamental Research Funds for the Central Universities (ZYGX2021YGLH005), and in part by the Sichuan Science and Technology Program (2021YFH0179). The work of Y. Chen was supported in part by the Sichuan Science and Technology Program (2021JDRC0036), and in part by the Incubation Program for Innovative Science and Technology of UESTC (Y03023206100209).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The authors do not have permission to share data.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Groenewegen, A.; Rutten, F.; Mosterd, A.; Hoes, A. Epidemiology of heart failure. Eur. J. Heart Fail. 2020, 22, 1342–1356. [Google Scholar] [CrossRef]

	



An, B.W.; Shin, J.H.; Kim, S.-Y.; Kim, J.; Ji, S.; Park, J.; Lee, Y.; Jang, J.; Park, Y.-G.; Cho, E.; et al. Smart Sensor Systems for Wearable Electronic Devices. Polymers 2017, 9, 303. [Google Scholar] [CrossRef] [PubMed]

	



Roger, V.L. Epidemiology of heart failure. Circ. Res. 2013, 113, 646–659. [Google Scholar] [CrossRef] [PubMed]

	



Go, A.S.; Mozaffarian, D.; Roger, V.L.; Benjamin, E.J.; Berry, J.D.; Borden, W.B.; Bravata, D.M.; Dai, S.; Ford, E.S.; Fox, C.S.; et al. Heart disease and stroke statistics—2013 update: A report from the American Heart Association. Circulation 2013, 127, e6–e245. [Google Scholar] [CrossRef]

	



Yancy, C.W.; Jessup, M.; Bozkurt, B.; Butler, J.; Casey, D.E., Jr.; Colvin, M.M.; Drazner, M.H.; Filippatos, G.S.; Fonarow, G.C.; Givertz, M.M.; et al. Guideline for the management of heart failure. A report of the American College of Cardiology Foundation/American Heart Association Task Force on Practice Guidelines. J. Am. Coll. Cardiol. 2013, 62, e147–e239. [Google Scholar] [CrossRef]

	



Gedela, M.; Khan, M.; Jonsson, O. Heart Failure. S. Dak. J. Med. 2015, 68, 403-5–407-9. Available online: https://www.researchgate.net/publication/283899687 (accessed on 14 February 2024).

	



Pielmuş, A.-G.; Osterland, D.; Klum, M.; Tigges, T.; Feldheiser, A.; Hunsicker, O.; Orglmeister, R. Correlation of arterial blood pressure to synchronous piezo, impedance and photoplethysmographic signal features. Curr. Dir. Biomed. Eng. 2017, 3, 749–753. [Google Scholar] [CrossRef]

	



Bruno, R.M.; Duranti, E.; Ippolito, C.; Segnani, C.; Bernardini, N.; Di Candio, G.; Chiarugi, M.; Taddei, S.; Virdis, A. Different Impact of Essential Hypertension on Structural and Functional Age-Related Vascular Changes. Hypertension 2017, 69, 71–78. [Google Scholar] [CrossRef] [PubMed]

	



Nystoriak, M.; Bhatnagar, A. Cardiovascular effects and benefits of exercise. Front. Cardiovasc. Med. 2018, 5, 135. [Google Scholar] [CrossRef]

	



Lanier, J.; Bury, D.; Richardson, S. Diet and physical activity for cardiovascular disease prevention. Am. Fam. Physician J. 2016, 93, 919–924. [Google Scholar]

	



Yusuf, S.; Hawken, S.; Ôunpuu, S.; Dans, T.; Avezum, A.; Lanas, F.; McQueen, M.; Budaj, A.; Pais, P.; Varigos, J.; et al. Effect of potentially modifiable risk factors associated with myocardial infarction in 52 countries (the INTERHEART study): Case-control study. Lancet 2004, 364, 937–952. [Google Scholar] [CrossRef]

	



Banerjee, R.; Vempada, R.; Mandana, K.M.; Choudhury, A.D.; Pal, A. Identifying coronary artery disease from photoplethysmogram. In Proceedings of the ACM International Joint Conference 2016, Heidelberg, Germany, 12–16 September 2016; pp. 1084–1088. [Google Scholar] [CrossRef]

	



Obeidat, Y.; Alqudah, A. A Hybrid lightweight 1D CNN-LSTM architecture for automated ECG beat-wise classification. Trait. Du Signal 2021, 38, 1281–1291. [Google Scholar] [CrossRef]

	



Vo, K.; Naeini, E.K.; Naderi, A.; Jilani, D.; Rahmani, A.M.; Dutt, N.; Cao, H. P2E-WGAN: ECG waveform synthesis from PPG with conditional wasserstein generative adversarial networks. In Proceedings of the SAC’21: Proceedings of the 36th Annual ACM Symposium on Applied Computing, Virtual, 22–26 March 2021; pp. 1030–1036. [Google Scholar] [CrossRef]

	



Paradkar, N.; Chowdhury, S. Coronary artery disease detection using photoplethysmography. In Proceedings of the 2017 39th Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Jeju, Republic of Korea, 11–15 July 2017; IEEE Engineering in Medicine and Biology Society, Annual International Conference. IEEE: Piscataway, NJ, USA, 2017; pp. 100–103. [Google Scholar] [CrossRef]

	



Pal, P.; Ghosh, S.; Chattopadhyay, B.P.; Saha, K.K.; Mahadevappa, M. Screening of Ischemic Heart Disease based on PPG Signals using Machine Learning Techniques. In Proceedings of the 42nd Annual International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC), Montreal, QC, Canada, 20–24 July 2020; Volume 2020, pp. 5980–5983. [Google Scholar] [CrossRef]

	



Bashir, S.; Usman, Q.; Farhan, H. A Multicriteria Weighted Vote Based Classifier Ensemble for Heart Disease Prediction. Comput. Intell. 2016, 32, 615–645. [Google Scholar] [CrossRef]

	



Tian, X.; Zhu, Q.; Li, Y.; Wu, M. Cross-Domain Joint Dictionary Learning for ECG Reconstruction from PPG. In Proceedings of the ICASSP 2020-2020 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, 4–8 May 2020; pp. 936–940. [Google Scholar] [CrossRef]

	



Chen, A.; Huang, S.; Hong, P.; Cheng, C.; Lin, E. HDPS: Heart disease prediction system. In Computing in Cardiology; IEEE: Piscataway, NJ, USA, 2022; pp. 557–560. [Google Scholar]

	



Kamath, C. A new approach to detect congestive heart failure using detrended fluctuation analysis of electrocardiogram signals. J. Eng. Sci. Technol. 2015, 10, 145–159. [Google Scholar] [CrossRef]

	



Yao, L.P.; Pan, Z.L. Cuff-less blood pressure estimation from photoplethysmography signal and electrocardiogram. Phys. Eng. Sci. Med. 2021, 44, 397–408. [Google Scholar] [CrossRef] [PubMed]

	



Vandecasteele, K.; De Cooman, T.; Gu, Y.; Cleeren, E.; Claes, K.; Paesschen, W.V.; Hunyadi, B. Automated epileptic seizure detection based on wearable ECG and PPG in a hospital environment. Sensors 2017, 17, 2338. [Google Scholar] [CrossRef] [PubMed]

	



Jan, H.Y.; Chen, M.F.; Fu, T.C.; Lin, W.C.; Tsai, C.L.; Lin, K.P. Evaluation of coherence between ECG and PPG-derived parameters on heart rate variability and respiration in healthy volunteers with/without controlled breathing. J. Med. Biol. Eng. 2019, 39, 783–795. [Google Scholar] [CrossRef]

	



Liu, W.; Fang, X.; Chen, Q.; Li, Y.; Li, T. Reliability analysis of an integrated device of ECG, PPG and pressure pulse wave for cardiovascular disease. Microelectron. Reliab. 2018, 87, 183–187. [Google Scholar] [CrossRef]

	



Wang, W.F.; Yang, C.Y.; Wu, Y.F. SVM-based classification method to identify alcohol consumption using ECG and PPG monitoring. Pers. Ubiquitous Comput. 2018, 22, 275–287. [Google Scholar] [CrossRef]

	



Botrugno, C.; Leogrande, E.; Dell’olio, F.; Natale, T. Smart combination of ECG and PPG signals: An innovative approach towards an electronic device for vital signs monitoring. In Proceedings of the 2023 9th International Workshop on Advances in Sensors and Interfaces (IWASI), Monopoli, Italy, 8–9 June 2023; pp. 256–260. [Google Scholar] [CrossRef]

	



Tang, Q.; Chen, Z.; Guo, Y.; Liang, Y.; Ward, R.; Menon, C.; Elgendi, M. Robust Reconstruction of Electrocardiogram Using Photoplethysmography: A Subject-Based Model. Front. Physiol. 2022, 13, 859763. [Google Scholar] [CrossRef]

	



Krishnan, S.; Khalil, S.O.; Hsu, J.J.; Nayeri, A.; Middlekauff, H.R.; Cho, D.; Nsair, A. Estimation of echocardiographic parameters of systolic function from analysis of photoplethysmography based arterial pulse wave using automated feature selection. J. Am. Coll. Cardiol. 2023, 81, 2207. [Google Scholar] [CrossRef]

	



Bayoumy, K.; Gaber, M.; Elshafeey, A.; Mhaimeed, O.; Dineen, E.H.; Marvel, F.A.; Martin, S.S.; Muse, E.D.; Turakhia, M.P.; Tarakji, K.G.; et al. Smart wearable devices in cardiovascular care: Where we are and how to move forward. Nat. Rev. Cardiol. 2021, 18, 581–599. [Google Scholar] [CrossRef] [PubMed]

	



Moody, B.; Moody, G.; Villarroel, M.; Clifford, G.; Silva, I. MIMIC-III Waveform Database (version 1.0). PhysioNet 2020. Available online: https://physionet.org/content/mimic3wdb/1.0/ (accessed on 25 September 2023).

	



Available online: https://www.mathworks.com/discovery/feature-extraction.html (accessed on 5 February 2024).

	



Düzenli, T.; Ozkurt, N. Comparison of wavelet based feature extraction methods for speech/music discrimination. Istanb. Univ.-J. Electr. Electron. Eng. 2011, 11, 617–621. [Google Scholar]

	



Tanveer, M.S.; Hasan, M.K. Cuffless blood pressure estimation from electrocardiogram and photoplethysmogram using waveform based ANN-LSTM network. Biomed. Signal Process. Control. 2019, 51, 382–392. [Google Scholar] [CrossRef]

	



Liang, Y.; Chen, Z.; Ward, R.; Elgendi, M. Hypertension assessment via ECG and PPG signals: An evaluation using MIMIC database. Diagnostics 2018, 8, 65. [Google Scholar] [CrossRef]

	



Samimi, H.; Dajani, H.R. Cuffless Blood Pressure Estimation Using Calibrated Cardiovascular Dynamics in the Photoplethysmogram. Bioengineering 2022, 9, 446. [Google Scholar] [CrossRef] [PubMed]

	



Task Force of the European Society of Cardiology and the North American Society of Pacing and Electrophysiology. Heart rate variability: Standards of measurement, physiological interpretation and clinical use. Circulation 1996, 93, 1043–1065. [Google Scholar] [CrossRef]

	



Xu, H.; Li, J.; Zhong, G.; Li, L.; Huang, C.; Guo, P.; Chen, Y.; He, T. Characteristics of the Dynamic Electrocardiogram in the Elderly with Nonvalvular Atrial Fibrillation Combined with Long R-R Intervals. Evid. Based Complement. Altern. Med. 2021, 2021, 4485618. [Google Scholar] [CrossRef]

	



Woodward, M.; Webster, R.; Murakami, Y.; Barzi, F.; Lam, T.-H.; Fang, X.; Suh, I.; Batty, G.D.; Huxley, R.; Rodgers, A. The association between resting heart rate, cardiovascular disease and mortality: Evidence from 112,680 men and women in 12 cohorts. Eur. J. Prev. Cardiol. 2014, 21, 719–726. [Google Scholar] [CrossRef]

	



Kira, K.; Rendell, L. The feature selection problem: Traditional methods and a new algorithm. In Proceedings of the Tenth National Conference on Artificial Intelligence, San Jose, CA, USA, 12–16 July 1992; pp. 129–134. [Google Scholar]

	



Kira, K.; Rendell, L. A practical approach to feature selection. In Proceedings of the Ninth International Workshop on Machine Learning (ML92), San Francisco, CA, USA, 1–3 July 1992; pp. 249–256. [Google Scholar]

	



Urbanowicz, R.; Meeker, M.; Cava, W.; Olson, R.; Moore, J. Relief-based feature selection: Introduction and review. J. Biomed. Inform. 2018, 85, 189–203. [Google Scholar] [CrossRef]

	



Kononenko, I. Estimating attributes: Analysis and extensions of RELIEF. Eur. Conf. Mach. Learn. 1994, 784, 171–182. [Google Scholar] [CrossRef]

	



Witten, I.; Frank, E. Data Mining: Practical Machine Learning Tools and Techniques, 2nd ed.; Morgan Kaufmann: San Francisco, CA, USA, 2005. [Google Scholar]

	



Ekiz, S.; Pakize, E. Comparative study of heart disease classification. In Proceedings of the 2017 Electric Electronics, Computer Science, Biomedical Engineerings’ Meeting (EBBT), Istanbul, Turkey, 20–21 April 2017; pp. 1–4. [Google Scholar]

	



Nassif, A.; Mahdi, O.; Nasir, Q.; Talib, M.; Azzeh, M. Machine learning classifications of coronary artery disease. In Proceedings of the 2018 International Joint Symposium on Artificial Intelligence and Natural Language Processing (iSAI N/ANLP), Pattaya, Thailand, 15–18 November 2018; IEEE: New York, NY, USA, 2018; pp. 1–6. [Google Scholar]

	



Shouman, M.; Turner, T.; Stocker, R. Integrating Naive Bayes and K-means clustering with different initial centroid selection methods in the diagnosis of heart disease patients. Comput. Sci. Inf. Technol. 2012, 125–137. [Google Scholar]

	



Chau, T.; Dongil, S.; Dongkyoo, S. Effective Diagnosis of Heart Disease through Bagging Approach. In Proceedings of the IEEE 2nd International Conference on Biomedical Engineering and Informatics, Tianjin, China, 17–19 October 2009; Volume 10, pp. 1–4. [Google Scholar] [CrossRef]








[image: Sensors 24 02248 g001] 





Figure 1. An ECG signal along with its corresponding PPG signal. 
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Figure 2. General framework/architecture of the proposed study. 
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Figure 3. Visual representation of the extracted features: (A) visual representation of features extracted from a single ECG signal; (B) visual representation of features extracted from a single PPG signal. 
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Figure 4. Feature importance score for ECG and PPG signals using ReliefF algorithm. 
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Figure 5. Importance score for combined features from PPG and ECG signals. 
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Figure 6. Heart failure (HF) classification performance (specificity, sensitivity, accuracy, precision, AUC, and F1-score) with features extracted from a single PPG signal. 
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Figure 7. Classification performance (specificity, sensitivity, accuracy, precision, AUC, and F1-score) with features extracted from a single ECG signal. 
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Table 1. Subject characteristics (n = 1636).
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	Heart Failure (682)
	Non-Heart Failure Patients (954)





	Age [yr]
	
	



	20–40
	29.7 ± 5.7
	24.08 ± 4.7



	40–60
	50.5 ± 5.9
	56.66 ± 9.5



	>60
	74.6 ± 8.8
	54.60 ± 10.1



	Gender
	
	



	Male
	402 (58.9%)
	444 (46.6%)



	Female
	280 (41.1%)
	509 (53.4%)



	Weight
	
	



	Male
	78.8 ± 17.6
	78.5 ± 17.5



	Female
	78.6 ± 17.4
	78.4 ± 17.9



	Height [cm]
	172.3 ± 13.7
	169.4 ± 11.9



	BMI [Kg/m2]
	26.5 ± 9.7
	27.5 ± 3.2










 





Table 2. Summary of the features and the clinical importance/implications.
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	Class of Feature
	Features
	Information Provided





	Class 1

(Amplitude features)
	Pulse Pressure

Systolic Pressure

Diastolic Pressure

P-wave
	Monitoring these amplitude features over time can provide insights into the progression of heart failure and the effectiveness of therapeutic interventions aimed at managing vascular resistance.



	Class 2

(Interval information)
	Peak-to-peak interval

QRS interval

RR interval
	Changes in these intervals can indicate alterations in cardiac function and hemodynamics associated with heart failure. Researchers can gain insights into the pathophysiology of heart failure and assess the severity of the condition.



	Class 3

(Physiological features)
	Augmentation Index

HRV Parameters (pNN50, NN50, RMSSD, and SDNN)

Heart Rate
	They offer insights into heart function, blood flow, arterial stiffness, and autonomic nervous system activity.










 





Table 3. Features and the normal values for a healthy adult.
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	Feature
	Description
	Duration
	Disease Diagnosis





	Pulse pressure
	Difference between the systolic and diastolic blood pressure
	0.5–10 mmHg
	Atherosclerosis

Congestive heart failure



	Systolic pressure
	Indicator of the pulsatile changes in blood volume caused by arterial blood flow
	80–120 mmHg
	Artery stiffness

Heart failure



	P-wave
	Atrial depolarization
	0.08–0.11 s
	Heart failure



	Diastolic pressure
	Represents the amplitude of the signal during the diastolic phase of the cardiac cycle
	<80 mm
	Ischemic heart disease

Cardiomyopathy



	Peak-to-peak interval
	Represents the duration between successive peaks in a signal
	0.6–1.2 s
	Atrial fibrillation

Heart failure



	RR interval
	The interval between two successive R-waves of the QRS complex ventricular rate
	0.6–1.2 s
	Paroxysmal atrial fibrillation

Congestive heart failure



	Augmentation index
	The difference between systolic and diastolic blood pressure
	20–80
	Heart failure



	Heart rate
	A measure of the number of times the heart contracts or beats within a specific time frame, usually one minute
	60–100 bpm
	Heart failure

Atrial fibrillation



	QRS interval
	Ventricular depolarization
	0.08–0.11 s
	Heart failure

Tachycardia

Acute coronary syndrome



	RMSSD

NN50

pNN50
	Shows how active the parasympathetic system is relative to the sympathetic nervous system
	19–48 ms

5–25 ms

5–18%
	Heart failure

Hypertension

Arrhythmia

Coronary artery disease










 





Table 4. Performance of various machine learning models for heart failure (HF) classification with the integration of ECG and PPG signals.
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Model

	
Performance Metrics




	
Accuracy

(%)

	
Sensitivity

(%)

	
Specificity

(%)

	
Precision

(%)

	
AUC (%)

	
F1-Score

(%)






	
SVM

	
98.00

	
97.60

	
96.90

	
97.20

	
98.80

	
97.70




	
Random Forest

	
96.80

	
96.70

	
96.90

	
96.20

	
99.60

	
96.40




	
K-NN

	
94.90

	
79.30

	
95.70

	
94.80

	
95.30

	
86.20




	
Random Tree

	
96.90

	
96.70

	
96.80

	
96.20

	
96.80

	
98.50




	
AdaBoost

	
96.90

	
96.80

	
96.80

	
85.10

	
99.60

	
91.87




	
BayesNet

	
95.50

	
95.70

	
95.50

	
94.60

	
96.80

	
95.20




	
Decision Tree

	
96.00

	
95.70

	
96.40

	
95.70

	
96.80

	
95.70




	
NaiveBayes

	
91.20

	
91.30

	
91.00

	
89.40

	
95.20

	
90.30




	
MLP

	
96.50

	
96.80

	
96.50

	
95.70

	
99.80

	
96.30











 





Table 5. Comparison between the best performing models from isolated signals vs. performance from the integration of both signals.
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Model

	
Performance Metrics




	
Accuracy

(%)

	
Sensitivity

(%)

	
Specificity

(%)

	
Precision

(%)

	
F1Score

(%)

	
AUC

(%)






	
PPG

	
Random Forest

	
97.10

	
97.05

	
96.88

	
96.28

	
97.20

	
96.66




	
ECG

	
MLP

	
96.40

	
96.70

	
96.00

	
95.30

	
95.90

	
95.60




	
Integration

	
SVM

	
98.00

	
97.60

	
96.90

	
97.20

	
98.40

	
97.70











 





Table 6. Comparison of results obtained from the existing literature.
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Author

	
Dataset

	
Signal

	
Features Extracted

	
Algorithm

	
Acc.

(%)

	
Sens.

(%)

	
Spec.

(%)

	
Pre.

(%)

	
F1-Score

(%)






	
Simge et al. [44]

	
UCI

300

	
ECG

	
Chol, trestbps, fbs, restecg, slope

	
Cubic SVM

Linear SVM

DT

Ensemble

	
52.3

67.3

67.7

67.0

	
-

	
-

	
-

	
-




	
Ali et al. [45]

	
UCI

	
ECG

	
RestECG, Trestbps, Chol, fb