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Abstract: The widespread use of smartwatches has increased their specific and complementary activities in the health sector for patient’s prognosis. In this study, we propose a framework referred to as smart forecasting CardioWatch (SCW) to measure the heart-rate variation (HRV) for patients with myocardial infarction (MI) who live alone or are outside their homes. In this study, HRV is used as a vital alarming sign for patients with MI. The performance of the proposed framework is measured using machine learning and deep learning techniques, namely, support vector machine, logistic regression, and decision-tree classification techniques. The results indicated that the analysis of heart rate can help health services that are located remotely from the patient to render timely emergency health care. Further, taking more cardiac parameters into account can lead to more accurate results. On the basis of our findings, we recommend the development of health-related software to aid researchers to develop frameworks, such as SCW, for effective provision of emergency health.
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1  Introduction

Health care providers very often would like to use innovative tools to forecast individual patient’s prognosis. Such settings will definitely accelerate as health care system enters the digital age. Most likely application of forecasting consists of better targeting of disease management as well as smart technology based patient care system such as myocardial infarction (MI) disease must be continuously monitored for identifying the vital signs before MI occurrence. The early identification of symptoms can help take preventive measures, which substantially improve the survival prospects of the patients. However, limited access to basic health-care facilities increases the mortality rate associated with MI. Heart-rate variability (HRV), when observed before MI, is a crucial forecasting sign of cardiac arrest and death [1]. It is a useful predictor for patients with low and immediate risks of cardiac arrest. It indicates an increase or decrease in the time between two successive heartbeats, or it may indicate a skipped beat. However, compared with a high heart rate, a low heart rate is more common before MI. Reportedly, patients with an HRV of <50 ms have a 5.3-times higher relative risk of mortality than those with an HRV of >100 ms [1–6].

Although smartwatches are not new, they are receiving considerable attention [7–10] because of the development of Android Wear and Apple watch. In addition, the deficit of research exists in the domain of smartwatches, as indicated by the literary analysis of Lu et al. [11]. The risk of cardiac arrest is particularly prominent for individuals who live alone or are socially isolated [12]. Loneliness is also observed to be linked to chronic heart disease (CHD) risk factors such as anxiety and job stress [13]. The use of smart devices can help prevent adverse outcomes and decrease the time for the first medical contact, thereby resulting in better treatment outcomes. Therefore, in this study, we intend to combine smartwatches and CHD patients that are living alone. The study is significant, as no previous research has combined the aforementioned two factors and provided a system for obtaining improved health outcomes.

We propose a framework that precisely identifies HRV as a vital sign for evaluating the cardiac status, particularly in patients during post-MI follow-up. It is because, in most patients, abnormal HRV has been associated with an increased risk of mortality within a few years after developing MI [2]. Conversely, a reduction in the heart rate is associated with an increase in the risk of mortality during post-MI follow-up. In this study, a smart CardioWatch (SCW) framework is designed to predict HRV by monitoring the pulse rate in high-risk patients with cardiovascular diseases, ensuring that they receive necessary medical attention before the occurrence of complications and death due to MI, thereby reducing the MI-associated mortality rate. The SWC monitors vital signs such as heart rate; this information is stored in a container for further analysis. To conveniently describe abbreviations, and corresponding definitions used throughout manuscript are listed in Tab. 1.

Table 1: Abbreviations
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The rest of paper is organized as follows. In Section 2, we propose Framework for CardioWatch. Then, we describe each and every modules which represent our proposal. We conducted two types of experiments based on machine learning and deep learning techniques using dataset that is exclusively used for cardio vascular disease in section 3, we obtained results on performance metric on both techniques. Conclusions are given in Section 4.

2  Proposed Framework

The proposed framework has only one type of client (patient), regarded as a client or a smart client or App. The App can be loaded on any of the smart devices that supports operating system IOS or Android. The App must connect to the server, namely, the CardioWatch web server or the Smart Doctor. The connection between the smartwatch and smartphone is established with the help of near-field communication, smartphone, and CardioWatch webserver communication are performed with the help of Transmission Control Protocol over Internet Protocol in short TCP/IP suite. The architectural framework of CardioWatch is depicted in Fig. 1. It has an HRV reader, decision maker, DTMF /push/pop notification, and streaming and analytical module.
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Figure 1: Architectural overview of the proposed framework of CardioWatch

2.1 HRV Reader

The HRV reader module receives various HRV values from SCW via smartphone. The irregular heartbeat under different conditions is known as arrhythmia. These variations are considered normal; however, if the variations are associated with dizziness, chest pain, or shortness of breath, medical attention is must be sought. The variations in the heart rate under pathological conditions, particularly in patients at the risk of cardiovascular diseases such as MI, can act as an indicator or a warning sign for the underlying pathology of the heart. Therefore, HRV is associated with cardiovascular diseases, particularly in high-risk patients. Reportedly, abnormal HRV predicts sudden cardiac arrest (SCA) after MI [3–6]. These variations are stored in a database for future access and decisions. To make our framework more responsive and less dependent on any given network, we have employed the SQLite database, which is a lighter version of the SQL database and has several features that make it a more robust and relational transactional SQL database engine. In addition, real-time or streaming data are regularly fed to the database, and in the case of heartbeat data, hundreds of rows are fed into the streaming and analytical module. However, due to size and time constraints, only neat datasets were analyzed. For the heart rate, the data on the number of contractions of the heart per minute recorded, respectively. Two sets of data, each ≤2 bytes, contained heart-status messages called H data.

The physiological and pathological conditions of heart rate variation are listed in Tab. 2. The heart rate is a measure of specific changes in the time between two successive heartbeats. The pulse rate is a direct measure of the heart rate. The normal resting pulse rate is between 60 and 100 beats per minute (bpm). The heart rate is controlled by the sympathetic and parasympathetic branches of the autonomic nervous system (ANS). HRV is observed under different physiological and pathological conditions, and HRV is related to the activity of the ANS. HRV, due to ANS dysfunction in conditions such as MI, plays a crucial role in the origin of life-threatening ventricular arrhythmias. Ischemia and necrotic tissue damage resulting from MI are reported to induce alterations in the afferent and efferent fibers of the ANS [14,15].

Table 2: DTMF keys
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Heart rate assessments after MI enable risk evaluation. Recent studies have suggested that HRV is a useful predictor during post-MI follow-up in the first year. Patients with a resting heart rate of >80 bpm show a 2-fold higher risk of cardiovascular mortality than those with a resting heart rate of ≤60 bpm. High resting heart rates at the time of MI and during the first year of post-MI follow-up identify patients at a high risk of all-cause and cardiovascular mortality. Studies have shown that the measurement of HRV during the first year of post-MI follow-up facilitates long-term prognosis and the evaluation of risk factors and reduces the mortality rate [16]. In numerous studies, a high resting heart rate has emerged as a new risk factor for mortality, particularly for cardiovascular mortality in patients. A higher heart rate may accompany an increased production of inflammatory molecules [17] Thus, a correlation is observed between the increased resting heart rate and cardiovascular risk [18]. Similarly, reduced HRV among post-MI patients is a well-established risk factor for arrhythmia-related death [19]. A diminished heart rate predicts an increase in arrhythmic cardiac mortality in MI a low heart rate has been reported in survivors after an acute attack of MI, and it is associated with a high risk of all-cause mortality. Furthermore, some studies have suggested that a low heart rate is related to sudden cardiac arrest and coronary artery disease [20,21]. Hence, HRV or pulse rate variability can be used as a prognostic factor for indicating cardiac status as well as for the management of cardiovascular diseases [22].

The heart rate has been reported to increase with variation in temperature [23,24]. Posture has also been reported to affect variations in the pulse rate. The supine position is associated with a decrease in the pulse rate, and the sitting position is associated with an increase in temperature because of changes in the hydrostatic pressure, which affects the influence of the ANS on heartbeat [25,26]. Exercise considerably affects the heart rate. The heart rate and stroke volume increase to approximately 90% of their maximum values during strenuous exercise [27].

Before the occurrence of any health problem, the heart provides physiological and pathological signals; however, due to the unavailability of hand-held equipment or smart devices, patients may not be able to seek immediate medical assistance to prevent damage to their vital organs. Although many smartwatches are available in the market, very few are usable for the stated study project. These few watches can be used by patients with cardiovascular diseases. These watches can be used under different OSs such as Android and IOS. Among them, Samsung gear has been widely used in scientific studies [28–31]. The push/pop notification module used to know more about the condition of the patient during HRV. The symptoms associated with HRV are listed in Tab. 3.

Table 3: Physiological and pathological conditions of heart rate variation
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To know more about HRV, push notifications serve as a channel for establishing instant communication between patient and server. Webserver receives the conditions of patients, along with their activities, to draw a conclusion on the variation. Presently, as smart watches are currently capable of sensing a limited number of activities, we have used push notifications module. If a significantly large amount of data regarding the patient’s activities is required, wearable external smart devices can be a suitable candidate.

2.2 Decision Maker

Fig. 2 shows webserver architecture, which hosts many key modules, namely decision maker, container, and streamer. The decision maker is the core of the proposed framework because it detects events (fluctuation in heart rate) and MI. The decision-maker is trained to identify the changes in the patient’s inputs, i.e., heart rate and pulse oximeter rate. However, these fluctuations are often found to be misleading, which require training to the decision-maker for adequate differentiation between a false and an actual alarm. Similarly, the inputs from the patients can be understood using Machine learning. Machine learning trained the system and categorized it into supervised, unsupervised, and semi-supervised machine learning. In the present research, machine learning and deep learning techniques are used. Moreover, the input data are labelled, while some are provided with supervision information.
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Figure 2: CardioWatch webserver server architecture CardioWatch

2.3 Container

Virtual machines (VMs) use hypervisor software for emulating a real computer. Hypervisor software enables any heavy hardware (particularly high-end processors) to host multiple virtual OSs. The software enables resource sharing, such as the central processing unit, random access memory, and other hardware resources of the host machines with VMs. However, hypervisor software sharing of resources is difficult within its group of VMs. Therefore, Dockers have been introduced. Dockers provide containers (application-level OS) with means of sharing resources and vital hardware resources as per the application needs. This implies that containers are better organized than hypervisors. Containers use a single OS (guest) and scale their resources according to the needs of applications. The sharing of resources also reduces post-cross-platform developer issues by allowing the application to bundle its dependencies along with the development environment. In the proposed framework, the container is an application that collects patient data from the smart client (patient with CSW).

The irregular heartbeat under different conditions is known as arrhythmia. In tachycardia, the heart rate exceeds the normal resting rate. It is because variations in the heart rate response to different physiological and pathological conditions, accurately defining the normal heart rate in an individual is difficult. However, the medical heart association defined a heart rate of >100 bpm as tachycardia and a heart rate of <60 bpm as bradycardia. These variations are considered normal; however, if the variations are associated with dizziness, chest pain, or shortness of breath, medical attention is necessary. Variations in the heart rate under pathological conditions, particularly in patients at risk of cardiovascular diseases such as MI, can act as an indicator or a warning sign for the underlying pathology of the heart. Thus, HRV is associated with cardiovascular diseases, particularly in high-risk patients. Reports have suggested that abnormal HRV predicts sudden cardiac arrest after MI.

Fig. 3 shows the architecture for storage, streaming, and analytical environment. Collection centres generate large amounts of data; hence, the proposed module should be to process real-time data. Real-time or streaming data are fed regularly, and in the case of heartbeat data, hundreds of rows are fed into the analytical module every hour. Due to size and time constraints, however, only neat datasets were analyzing. Furthermore, the module must either store data or analyze it in real-time.
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Figure 3: Storage, streaming, and analytical architecture

Internet of Things (IoT) (data generated through Internet-based application) is substantially expanding and is likely to reach around 45 ZB (45*1021 bytes) by 2020 [18]. The data generated will be stored and processed before it is fed to the client machine for analysis. Hence, this setup is both an opportunity and a challenge for the research fraternity to exploit conventional methods and suggest solutions. The storing of the data is challenging along with its analysis due to its different types, the veracity of data, and the privacy of health data. Traditional data storage platforms cannot be used for the huge database. However, Hadoop and NoSQL have emerged as a valuable solution for huge database requirements. A plethora of research papers have contributed immensely and pointed out that the unified data storage techniques will be more suitable for structural and unstructured data [30,31].

This kind of setup has proven to be a more effective service invocation method for IoT based application development. For the heart rate and pulse oximeter, data on the number of contractions of the heart per minute, and data on oxygen saturation are recorded, respectively. Two sets of data, ≤2 bytes in size, are heart-status messages called H data. As these messages are continuously sent, the SCW is an ideal device for sending data on the status of the patient. This module enables the status of the patient to be determined. The heart rate and oxygen saturation are crucial indicators of the patient’s status.

2.4 Streamer

The canonical streaming of real-time H data for further processing involves different forms of data representation, in which a stream of H data is analyzed, and its significance is reported. This description will help health care workers to diagnose and to inform specialized doctors about reports. In the study proposed framework, the streamer splits the data into two, namely heart rate and pulse oximeter. For example, the “heart rate” and “pulse oximeter” data would be categorized into the “heart rate” partition and “oximeter” partition, respectively. The proposed framework will process H efficiently and as early as possible. This is the key difference between the proposed module and other real-time streaming data processing applications, which have been developed to process real-time data into small batches. Hence, this approach will reduce the delay because data rendering and processing are made efficient.

The proposed framework has a real-time source as the server captures and stores it from the streamer. The proposed study architecture has a large buffer to store the real-time heart rate for further processing. However, intelligent ways for processing the data are needed for delivery and message queuing techniques. Also, efficient, lightweight encryption protocols such as data encryption standard (DES) should be used for protecting the communication between the end-user or patient and server.

Each stream is a real-time data which can be further divided into a fixed set of stores where the client or patient store real-time data according to a storing strategy, wherein, only one client is permitted to use data storage or partition. Such setups eliminate data synchronization issues, which lead to difficulty in process oversized partitioned. The study proposed system requires sequential data access, to store data with append time, where an offset is not required. Thus, it increases performance and reduces space overhead.

3  Proposed System Testing

To test the applicability and effectiveness of the proposed framework system. The heart rate data were collected from the UCI machine learning repository. For more information on this, the dataset can be had from the website itself. This dataset consists of many relevant and irrelevant cardiac parameters with respect to our cardiac watch because of our framework is limited only to the HRV parameter. However, testing purposes, we consider some other for the purpose, we have utilized machine learning and deep learning technique to detect the presence of MI in any given HRV data. The following section provides the details concerning the results that were gathered through the deployment of the system.

3.1 Data Analysis

For data analysis, we have utilized machine learning (ML) and deep learning (DL) techniques. It is utilized in image classification, object detection, speech recognition, natural language processing, transportation, and medical science. DL becomes more powerful if it is clubbed with CNN (Convolution Neural Network), CNN’s accuracy depends on its hidden mathematical layers and if more layers are employed then human like accuracy can be achieved, hence in this framework, we have utilized CNN along with DL to process and detect MI detection.

In the second set of data analysis, we have applied Support Vector Machines (SVM), Logistic Regression (LR), and decision tree (DT) ML techniques on the UCI machine learning dataset, which focuses on heart diseases such as MI.

3.1.1 Creation of HRV Matrix

Every HRV data called as hrvd is a list of heart rate collected along with activities a[image: images]. . We created a set V from the Glove and assigned a unique number for each activities. Each activity extracted from V is represented as[image: images], these are the HRV data from the different activities denoted[image: images]. Then, set A(hrv) are concatenated to create HRV data, which is called MI data.

[image: images]

The symbol in between HRV data is called concatenation. The HRV data matrix is denoted as MI1:n from HRV 1 to N. Hence, hrvd matrix [image: images] is formed for every smartwatch.

[image: images]

3.1.2 Context-Dependent HRV Data Extraction Phase

Feature extraction is formed from the feature matrix performed over the convolution operator. Convolution operation over hrv data will yield featured matrix of different sized kernels because we have divided words (activities) into 1, 2 and 3-grams, then the convolution layer receives different sized kernels, therefore, the padding is required for each hrv activity to make the activity words of the same size. Since we typically use small kernels 2-gram, for any given convolution, we have only a few words, but this can add up as we apply many more convolutional layers. Hence, padding can make the words of the same sized.

[image: images]

In our proposal, we are calculating padding mapping function as follows.

[image: images]

Y is the padding for each activity d dimension vector to produce embedded activities (words).

Features ([image: images]) can be calculated by the equations.

[image: images] + … + [image: images]

[image: images] + … + [image: images]

[image: images] + … + [image: images].

These features are extracted using the convolution operator in the form feature matrix and are passed through the ReLU activation function. This activation function separates the positive and negative features, and these features are stored in matrix F1. With this operation, all features are identified, however, we need to scale only the most important features of MI, and this is performed with the help of max-pooling, as shown in Eq. (5).
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Max pooling is supplied windows size as n1 because we have selected some of the hrv data to be MI data. We have n1 as features of MI with respect to the activities. Then softmax function, as shown in Eq. (6), is applied to the features to receive the probability of each of the features.
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Eq (6), [image: images] gives particular MI data carried by the output neuron, and [image: images] is the class of the out of the individual neuron, and it has a variation between YES or NO, so hence it is only N = 2.

3.2 Long Short-Term Memory

CNN uses the LSTM network to retain long sequences of the text and other input data. We have used the LSTM network to discard data that are not relevant to the MI data. Hence, to extract HRV data with respect to the MI is significant, as shown in the figure, LSTM network, to extract hidden MI data from the activities. Our approach uses four gates, input gate, output gate, cell gate, and forget gate. These gates help us to discard not relevant data with respect to MI. Every time, LSTM network receives data and outputs memory gate, which contains memory data. In Eq. (7), it is mandatory to throw away some data. The second iteration, the decision is made on the data to be stored in the memory for future processing; this is accomplished by using tanh function and Sigmoid.

[image: images]

(Note f is used for features and whereas F is used for Forget gate)

[image: images]

Eq. (8), gives us the MI detected data with the help of sigmoid and tanh functions.

4  Performance Evaluation

To assess the performance of the SCW, we employed the well-known measurement metrics for the classification techniques such as Precision (P), Recall (R), and F1-Score. Precision P has the following formula to return MI. We have used Tab. 4 for the dataset.

Table 4: Dataset, statics for the present study
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Precision (P): It is defined as the fraction of circumstances in which the correct MI is shown in Eq. (8).

[image: images]

Eq. (10), gives, recall is the fraction of the relevant MI that are successfully retrieved.

F1-Score (F1): It is a harmonic mean of precision and recall, as given in Eq. (11).

[image: images]

We conducted our experiments on the proposed CNN module using one and kernel configuration along with Glove, we have used data batch size as 10. Calculated P, R, and F1 values 0.99, 0.76, and 0.92, respectively, for the MI detection. We have modified the parameters of our proposed method and appended extra convolution layers, Tab. 4 shows with and without extra convolution layer results. With this approach, we can improve the MI prediction. For each different layer of CNN, we have calculated the P, R, and F1 values, as shown in Tab. 5.

Table 5: P, R and F1 values with respect to the CNN layers
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Increased CNN layers allow us to increase cardiac parameters, which results in an increased probability of human like accuracy. However, to a certain level, we can increase the CNN layers, however, supported parameters such as P, R, and F1 will either decrease or increase, and this condition restricts us from stopping the stacking of CNN layers. Hence, there are other parameters that can also be adjusted, such as the dropout parameter, which allows having the best results.

In this section, only one feature was selected and employed SVM, LR, and DT classification techniques. We have used Rapid Miner Graphical User Interface, which allows data scientists to pre-process, classification of dataset attributes, select classification techniques (SVM, LR, and DT), and logs the performance in various ways.

In the pre-processing phase, we have removed data rows who never had values and prepared the data for feature classification. In the classification phase, we have selected heart rate only data because we receive only HRV from the SCW, and in the classification of modeling along with 10-cross fold, verification enabled us to form satisfactory results. We have used accuracy, precision, and F1-score to model evaluation metrics. The performance of the aforementioned ML techniques on various combinations of features was investigated one by one. All the experiment results on performance measures were collected for further analysis. Fig. 4 shows the accuracy, the precision, and the f-measure obtained for each modeling technique.
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Figure 4: Accuracy, precision, and F1 score: Interpretation of performance measures

The SVM performance in accuracy and f-measure is excellent, whereas DT performs better in precision. Whereas, LR technique is underperformer in all the performance metrics. All these results are measured using only one feature that is HRV. If we include more combinations of the feature at least 4 to 5 features, then the result varies, as shown in Fig. 5.
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Figure 5: Accuracy, precision, and F1 score: Interpretation of performance measures with a combination of the feature

In the pre-processing phase, we have removed data rows who never had values and prepared the data for feature classification. In the classification phase, we have selected heart rate only data because we receive only HRV from the SCW, and in the classification of modeling along with 10-cross fold, verification enabled us to form satisfactory results. We have used accuracy, precision, and F1-score to model evaluation metrics. The aforementioned results are derived from DL and ML techniques, suggesting that HRV as a vital sign to detect MI in heart disease patients. However, if HRV, along with other features, can result in the best detection of MI disease. Features, such as resting ECG and Blood pressure, can bring more accurate results. More-ever, it is recommended by the American cardiac society that if more 150 beats per minute HRV then the patient is in critical condition and emergence health care is needed, such threshold HRV readings can be fixed for each patient and accordingly SCW can invoke DTMF service to get emergency services from the health care providers. Presently only one smart watch from Apple company reads ECG. Therefore, this smart watch can be a great smart tool to provide and implement our proposed framework to render timely services to save lives who are suffering from MI and living life alone.

The pulse rate is exactly equal to the heart rate and is a direct measure of the heart rate [11]. Studies have reported a correlation between the heart rate or pulse rate and the incidence of hypertension [32]. The primary advantage of the SCW is that it enables the monitoring of high-risk patients with cardiovascular diseases not only in hospitals but also at other locations outside hospitals. However, for ensuring accuracy in the use of HRV for predicting MI, other factors associated with HRV under different physiological conditions should be considered before HRV interpretation [11]. Furthermore, anxiety or panic attacks rapidly increase the heart rate. The effect of stress on HRV is associated with an increase in the heart rate. Stress, anxiety, and other emotions increase the levels of adrenalin and cortisol, which strongly affect the heart rate. Analysis of the correlation between the heart rate and respiration revealed that the heart rate increases with inspiration and decreases with expiration [26]. Patients with coronary artery disease have been reported to exhibit lower heart rates than normal individuals [27].

5  Conclusion

Communication with a nearby device, which in turn communicates with the health care worker, is a crucial subject in health care. Thus, no watch has been programmed or developed for providing medical care, particularly for patients with cardiovascular diseases. The architecture is found to be effective, which is particularly useful for the patients living alone. Given the annual statistics of the mortality for sudden cardiac arrest (SCA) (i.e., 325000 lives), it is integral that timely measures are provided with easy to use services. The use of the proposed system in this study is likely to assist in the heart rate, which helps take timely actions to prevent the occurrence of any adverse event. In this study, the use of different programs and languages concerning the SCW is shown, while also highlighting the way each contributes to the deployment of SCW. This device can enable individuals, particularly the ones living alone to access their health, identify any adverse MI outcome, and attain medical help. It also facilitates the medical care practitioners and communicates the past details of the patients, which is also easier to maintain. Accordingly, individuals living alone should also indulge in activities that can help subside their detrimental effects, including increased opportunities for social contact, meditation, qigong, tai chi, and yoga. However, accuracy must be ensured when SCW is being used for managing cardiovascular diseases. Previously, only a few studies have focused on the management of cardiovascular diseases. Also, SCWs should be paired with the patient’s mobile phones for power supply and network access. Currently, only a few scientific studies have assessed the competencies of various smartwatches for measuring the heart rate. However, none of these studies have focused on smartwatch accuracy in the context of patients that live alone. Hence, extensive research on the accuracy of smartwatches is necessary before they can be used for providing medical assistance.
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