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ABSTRACT

Significant hazards to cardiovascular health are associated with arrhythmias, or abnormal heartbeats, which 
frequently need to be detected early for optimal care. Conventional screening techniques may not always yield 
a diagnosis in a timely manner and can be laborious. The creation of a novel artificial intelligence (AI)-based 
tool to improve arrhythmia screening is presented in this paper. The device continually monitors and analyzes 
electrocardiogram (ECG) readings in real time by fusing wearable sensor technologies with sophisticated 
machine learning algorithms that was hosted in cloud via AWS. The AI system can accurately identify patterns 
and abnormalities linked to different types of arrhythmias because it was trained on a large collection of ECG 
recordings. The device proved through a battery of validation tests that it could identify arrhythmic events with 
a sensitivity and specificity higher than traditional techniques. Timely intervention is facilitated by the user-
friendly interface that offers actionable insights and notifications to healthcare providers as well as patients. This 
approach provides a more accessible, effective, and dependable early detection technique, thereby addressing 
important issues in arrhythmia screening. By enabling early diagnosis and tailored treatment, the AI-powered 
device could enhance patient outcomes and progress the field of cardiovascular care. Subsequent investigations 
will concentrate on enhancing the algorithm, growing the dataset, and carrying out clinical trials to verify the 
device’s efficacy across a range of demographics.
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Introduction 
Chronic disease (for example, cardiovascular disease, diabetes, 

Alzheimers) has increased, with mortality associated with a rise in 
coronial health disease to 66% by 2030 [1]. Telehealth is the use of 
digital information and communication technologies to access health 
care services remotely and manage your health care. Technologies 
can include computers and mobile devices, such as tablets and smart-
phones. This may be technology you use from home. Nurses or other 
health care professionals may provide telehealth from a medical of-
fice or mobile van, such as in rural areas. Telehealth can also be tech-
nology that your health care providers uses to improve or support 
health care services. It also includes virtual healthcare, which uses 
technology to facilitate better patient-doctor communication in clin-
ics. Electronic communication technology helps doctors, patients, and 

clinics to monitor, follow up, and communicate information on care 
plans. This allows for full virtual engagement during medical treat-
ment. According to the World Health Organization (WHO), we now 
live in a world where technology can carry out treatments, do pre-op-
erative planning, and monitor results from a distance.

To prevent potentially fatal situations, people with chronic ill-
nesses must be closely observed. An erratic and frequently abnormal-
ly high heart beat is the result of the cardiac ailment known as atrial 
fibrillation. When you’re at rest, your heart rate should be regular and 
between 60 to 100 beats per minute. By feeling your pulse at your 
wrist or neck, you can determine your heart rate. Atrial fibrillation 
is characterized by an erratic heartbeat, which can occasionally be 
quite fast. It can occasionally be significantly more than 100 beats 
per minute. This may result in issues such as Dizziness, shortness 
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of breath, tiredness. The heart palpitations—which can feel like it’s 
pounding, fluttering, or beating erratically—may be apparent to you. 
They often last a few seconds or, in rare circumstances, a few minutes. 
Atrial fibrillation can occasionally have no symptoms, and the patient 
is totally ignorant that their heart rate is abnormal. This decade, the 
Internet of Things has been hailed as the beginning of a new era of 
interconnectedness for everyday devices everywhere. Remote health 
monitoring mechanisms parking management smart houses, smart 
cities smart environment, industrial sites, and agricultural lands [1-
3]. Health and environmental conditions can be tracked using IoTs 
in healthcare management. The importance of IoT systems has been 
increased in real-time applications because of their simple structure. 

IoT connects computers to the internet through sensors and net-
works in order to process data in real-time; [4] IoT has been used in 
certain significant medical science research to track patients’ health 
[5]. proposed an intelligent health monitoring and diagnosis system 
based on the internet of things and fuzzy logic for cardiac arrhyth-
mia COVID-19 patients [6]. proposed Internet of things-based health 
monitoring system for early detection of cardiovascular events during 
COVID-19 pandemic. The method used was Internet of things (IoT) 
and health monitoring sensors which help to improve the medical care 
systems by enabling latency-sensitive surveillance [7]. proposed To-
ward real-time and efficient cardiovascular monitoring for COVID-19 
patients by 5G-enabled wearable medical devices: a deep learning ap-
proach. Real-time cardiovascular disease monitoring based on wear-
able medical devices may effectively reduce COVID-19 mortality rates 
[8]. proposed Diagnostic Concordance of Telemedicine as Compared 
with Face-to-Face Care in Primary Health Care Clinics in Rural India: 
Randomized Crossover Trial [9]. proposed A new architecture of In-
ternet of Things and big data ecosystem for secured smart healthcare 
monitoring and alerting system. The architecture they use consists 
of two main sub architectures, namely, Meta Fog-Redirection (MF-
R) and Grouping and Choosing (GC) architecture. MF-R architecture 
uses big data technologies such as Apache Pig and Apache HBase for 
collection and storage of the sensor data (big data) generated from 
different sensor devices [10]. 

Proposed Internet of Things with Wearable Devices and Artifi-
cial Intelligence for Elderly Uninterrupted Healthcare Monitoring 
Systems. they use of IoT-based systems can be used to leverage these 
challenges [11]. proposed an Internet of Things based Social Distance 
Monitoring System in Covid19. This study follows the qualitative-ex-
perimental methodology as this proposed system can be implement-
ed on the wearable device, which will help the users to maintain so-
cial distancing in real-time. There has been a rise in global demand for 
intelligent health surveillance and diagnosis systems for patients with 
critical health conditions, particularly those with severe heart diseas-

es. Sophisticated measurement tools are used in hospitals worldwide 
to identify serious heart conditions. Previous researchers have work 
on real time monitoring and diagnosis of various heart disease. One 
of the drawbacks of these research was it does not provide the live lo-
cation and incorporate AI system that can accurately identify patterns 
and abnormalities linked to different types of arrhythmias because it 
was trained on a large collection of ECG recordings [12].

Methodology 
In the development of an IoT-based telemedicine system for 

ECG data collection and semi-automated analysis, a systematic and 
structured design process is important for ensuring that the system 
meets the requirements and performs effectively. The design process 
follows a top-down approach. The top-down approach in design is 
a logical methodology for complex systems that starts from a broad 
perspective and progressively breaks the system down into detailed 
specifications and implementations. The process is outlined in three 
major steps:

Requirements Analysis

The first step in the design process is the presentation of sys-
tem requirements. This step is critical as it lays the foundation for all 
subsequent design activities. By clearly defining the functional and 
non-functional requirements, we ensure that we understanding of 
what the system is expected to achieve and verify it accordingly.

High-Level Framework Discussion

With the requirements established, the next step involves the pre-
sentation and discussion of the overall framework at a high level. This 
framework provides a macro view of the system architecture and il-
lustrates the primary components and their interactions. By discuss-
ing the framework at this level, we establish a clear picture of how the 
different components of the system interact, ensuring coherence and 
integration in the subsequent detailed design.

Layered Design Breakdown

The final step in the design process involves breaking down the 
high-level framework into detailed layers. This step is where each lay-
er of the system is designed separately, focusing on the specific func-
tionalities and requirements of each component. 

High-Level Architecture
The system is structured into three distinct layers: the edge com-

pute layer, the cloud compute layer, and the visualization layer. pro-
cessing, analysis, and visualization. The block diagram above illus-
trates the interactions between these layers (Figure 1).
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Figure 1: High-level Architecture.

Layer 1: Edge Compute Layer

The edge compute layer is responsible for the initial acquisition 
and preprocessing of ECG data. This layer consists of multiple nodes, 
each equipped with IoT-enabled ECG devices operated by field work-
ers. The key components and functions of this layer include

ECG Acquisition: Field workers use portable ECG devices to cap-
ture the heart activity of patients. These devices are designed for easy 
use in various environments, ensuring accurate and reliable data col-
lection.

Signal Conditioning: The raw ECG signals are conditioned to re-
move noise and artifacts, ensuring the data’s integrity and quality.

Preprocessing: Basic preprocessing tasks, such as filtering and 
normalization, are performed on the edge to reduce the data load and 
prepare it for further analysis in the cloud.

This layer ensures that the initial stages of data handling are man-
aged locally, reducing latency and allowing for real-time feedback to 
field workers. 

Layer 2: Cloud Compute Layer

The cloud computing layer is an essential component in modern 
distributed systems, offering vast computational power, storage, and 
various services over the internet. It allows for the offloading of re-
source-intensive tasks from local devices to remote servers, thereby 
leveraging scalable and elastic resources that can adjust to varying 
workloads. This architecture enhances performance, flexibility, and 
cost-efficiency, as users can pay for only the resources they consume 
without the need for significant upfront investments in hardware. The 
inclusion of a cloud computing layer is primarily centered around the 
limitations of edge devices, the need for scalability, and cost manage-
ment. Edge devices, while capable of collecting and preprocessing 
data, lack the computational power required to run complex machine 
learning algorithms. Devices used in the edge compute layer are opti-
mized for data acquisition and basic signal processing. 

The resource constraints inherent in these devices—such as 
limited processing power, memory, and storage capacity-make them 
unsuitable for executing sophisticated and computationally intensive 
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tasks like machine learning model inference. Offloading these tasks to 
the cloud allows us to bypass these limitations, ensuring that the data 
processing and analysis are performed with the necessary computa-
tional resources. Cloud platforms, usually provide elastic resources 
that can be scaled up or down based on demand. The cloud compute 
layer is divided into two sub-layers: the modeling layer and the mes-
sage distribution layer. This layer is responsible for advanced data 
processing, analysis, and distribution.

Modeling Sub-Layer

In this sub-layer, the preprocessed ECG data is analyzed using 
pre-trained machine learning models. These models are designed to 
detect patterns and anomalies in the ECG data. The key functions per-
formed at this layer are:

a)	 The model processes the incoming ECG data, identifying po-
tential heart conditions or irregularities.

b)	 Based on the analysis, the model labels the ECG data, indi-
cating whether it detects normal or abnormal heart activity.

Message Distribution Sub-layer

This sub-layer manages the routing and storage of the processed 
data. The functions implemented here are:

a)	 The layer filters the labeled ECG data and decides where it 
should be stored.

b)	 Depending on the results of the filtering process, the data is 
directed to appropriate database.

Layer 3: Visualization Layer

The visualization layer is the interface between the system and 
the medical professionals and provides tools for data analysis and 
decision-making. This layer is designed to enhance the capabilities 
of doctors and equip them with tools and relevant information to 
provide optimal patient care. The dashboard provides semi-auto-
matic analysis tools that assist doctors in interpreting the ECG data. 
The system flags data that requires urgent attention, such as poten-
tial heart disease cases, prioritizing these for review. Comprehensive 
data visualization tools are available to display anomalies, and patient 
histories, aiding doctors in making informed decisions. The interface 
allows doctors to interact with the data, adding their observations, 
and making clinical decisions based on the combined input from the 
model and their expertise.

Cloud Computing Layer

Cloud computing has ushered in a transformative era in the IT eco-
system, profoundly impacting various industries, including manufac-
turing. It has not only made IT services more transparent but has also 
introduced flexibility, scalability and reduced resource consumption. 
The cloud’s influence extends beyond the IT sector and significantly 
contributes to the evolution of manufacturing practices. Traditionally, 

manufacturing operations relied on on-premises equipment health 
management systems. Cloud-based platforms can empower factory 
managers with real-time insights into their entire preproduction fa-
cility from anywhere and can facilitate critical equipment diagnostics 
and health assessments through robust data analysis capabilities. 
Furthermore, The data-intensive nature of digital twins necessitates 
substantial computing and storage resources. Cloud computing has 
the ability to revolutionize how energy data is collected, managed, 
and utilized within manufacturing facilities. Cloud solutions provide 
the much-needed scalability and flexibility to handle the growing vol-
ume of energy-related data generated by end devices. This scalability 
ensures that manufacturing facilities can adapt to evolving energy 
monitoring requirements seamlessly. Moreover, the centralization of 
data within cloud repositories simplifies data management, making it 
easier to organize, secure, and access critical information. In an inte-
grated energy monitoring framework, where data from various sourc-
es must be harmoniously processed, this centralization becomes an 
advantage.

Machine Learning Sublayer Design

Dataset: The dataset utilized for the machine learning sublayer 
is the MIT-BIH Arrhythmia Database, which is an extensively used 
dataset in biomedical signal processing and cardiovascular research. 
This database contains 48 half-hour excerpts of two-channel ambula-
tory electrocardiogram recordings. These recordings were collected 
from a diverse population of patients, including both inpatients and 
outpatients from the Beth Israel Hospital in Boston, Massachusetts. 
The dataset was designed to capture a wide variety of arrhythmic 
events, making it an invaluable resource for developing and testing 
algorithms aimed at detecting and classifying cardiac arrhythmias. 
To prepare the dataset for machine learning applications, the half-
hour excerpts are often segmented into smaller, more manageable 
samples. This segmentation process allows for a focused analysis of 
specific events and patterns within the ECG data. The signals in the 
dataset are preprocessed and segmented, with each segment corre-
sponding to a heartbeat.

Splitting the Dataset: In biomedical signal classification tasks, 
there are two approaches used in the classification of biomedical sig-
nals: inter and intra paradigms. These paradigms define how data is 
split for training and testing machine learning models

Intra-Patient Paradigm: The intra-patient paradigm involves 
splitting the data so that both the training and testing sets contain 
ECG recordings from the same set of patients. This approach allows 
the model to learn and recognize patterns specific to these individu-
als. Consequently, the model tends to perform well because the vari-
ations it needs to account for are limited to those specific patients. 
However, this may lead to overfitting, as the model might struggle to 
generalize to ECG data from new, unseen patients with different phys-
iological characteristics.
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Inter-Patient Paradigm: In contrast, the inter-patient paradigm 
splits the data such that the training and testing sets contain record-
ings from different sets of patients. This setup forces the model to 
learn more general patterns in the ECG data that are applicable across 
various individuals. While this can result in lower performance met-
rics compared to the intra-patient approach, it enhances the model’s 
ability to generalize and perform reliably on ECG data from new pa-
tients. This paradigm is more challenging but ultimately more realis-
tic for real-world applications where the model must handle diverse 
patient data. The dataset at hand is obtained as two CSV files, one for 
train and test and organized using the inter patient paradigm.

The Model
There are numerous machine learning algorithms that can be em-

ployed to develop a model for arrhythmia detection. Possible candi-
dates include Decision Trees, Random Forests, K-Nearest Neighbors 
(KNN), Logistic Regression, and various types of Neural Networks 
topologies. For this thesis, using Support Vector Machines (SVM) due 
to their demonstrated high accuracy in previous studies. SVMs are 
effective in high-dimensional spaces and are particularly well-suited 
for classification tasks where there is a clear margin of separation be-
tween different classes. One study by [8] comparing the performance 
of several classifiers on the dataset determined SVM to be the model 
with the best performance metrics. It is on this basis that SVM was 
chosen as the model of choice for this classification task. Support Vec-
tor Machines (SVMs) are supervised learning models used for classi-
fication and regression tasks. The key idea behind SVMs is to find a 
hyperplane that best separates different classes in the feature space, 
maximizing the margin between the closest points of different class-
es, known as support vectors (Table 1).

Table 1: Classification task.
Classifier Accuracy F1-Score Precision Recall

SVM 0.83 0.55 0.64 0.59

RF 0.82 0.43 0.42 0.49

KNN 0.78 0.40 0.38 0.50

Amazon Elastic Compute Cloud EC2 Instance 
Amazon Elastic Compute Cloud (EC2) provides the essential scal-

able computing infrastructure needed for deploying the ECG analysis 
model within our IoT-enabled telemedicine system. This service en-
ables us to launch virtual server instances with customizable compu-
tational power, which is crucial for handling the intensive data pro-
cessing and machine learning tasks associated with ECG analysis. By 
utilizing EC2, we can dynamically adjust the computational resources 
based on the system’s demand, ensuring optimal performance and 
cost-efficiency. The ability to select from various instance types, in-
cluding those with GPU support, allows us to efficiently manage the 
high-volume, real-time data analysis required by our application. Fur-
thermore, EC2’s integration with other AWS services ensures robust 

security and seamless data handling, facilitating the secure transmis-
sion and storage of sensitive medical information. Overall, Amazon 
EC2 provides a flexible, reliable, and scalable environment for deploy-
ing our ECG analysis model, enhancing the system’s capability to de-
liver timely and accurate telemedicine services. 

Visualization Layer
Dashboards: Central to the system is a frontend dashboard, which 

provides real-time insights and facilitates informed decision-making. 
This dashboard serves as the user interface and visualizes the patient 
data. Dashboards mean different things to different people and there 
is no universally accepted definition of what a dashboard should be. 
In this work, it adopt Few’s definition [8]: “A dashboard is a visual 
display of the most important information needed to achieve one or 
more objectives; consolidated and arranged on a single screen so the 
information can be monitored at a glance”. A dashboard is a vital tool 
in modern medicine. It offers healthcare professionals a consolidated 
and real-time view of patient data and enhances decision-making by 
providing quick access to crucial metrics and historical data. Dash-
boards can improve efficiency, support timely interventions, and con-
tribute to better patient outcomes by visualizing complex informa-
tion in an easily interpretable format. A central consideration is the 
cognitive load imposed on users. The human brain’s finite working 
memory capacity necessitates the processing of a limited amount of 
information at a given time. When data spans across multiple screens 
or requires scrolling, users must actively integrate information from 
various sections, leading to cognitive strain, potential information 
overload, and diminished comprehension. The primary goal of dash-
boards is to enable users to quickly interpret complex data and make 
informed decisions. This is why carefully choosing the metrics to be 
displayed is crucial because it ensures that healthcare professionals 
have quick and easy access to the most relevant and actionable in-
formation needed for patient diagnosis and treatment. Including only 
the most pertinent data helps avoid information overload, reduces 
the risk of misinterpretation, and enhances the overall efficiency and 
effectiveness of patient care.

The following are the charts and metrics shown on the dashboard:

ECG of the Selected Patient

This section displays the electrocardiogram (ECG) of the patient 
acquired in the manner discussed previously. 

Patient Metadata 

Important details such as the patient’s name, age, phone number, 
and other relevant information are shown to provide context and en-
sure accurate patient identification.

Number of Unique Patients in the Database

This metric helps healthcare providers understand the scope of 
data available, track patient records, and manage patient load effec-
tively.
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Key ECG-Derived Metrics

ECG is a gold standard in cardiology for deriving several critical 
metrics. The following metrics are extracted from the ECG using vari-
ous methods and shown on the dashboard.

Heart Rate

Heart rate is the number of heart beats per minute. It is a fun-
damental vital sign that reflects the functioning of the heart and can 
indicate various health conditions. Abnormal heart rates can signify 
arrhythmias, heart disease, or other medical conditions. Monitoring 
heart rate helps in assessing the patient’s cardiovascular health.

ECG Quality

ECG quality assesses the accuracy and reliability of the ECG re-
cording. This metric helps medical professionals understand the 
conditions under which the ECG was recorded. High-quality ECGs are 
crucial for accurate diagnosis. If the ECG quality is low, the data may 
be discarded or a new recording may be requested. This ensures that 
diagnostic decisions are based on reliable data.

Heart Rate Variability 

Heart rate variability (HRV) refers to the variation in the time in-
tervals between successive heartbeats, as measured by the R-R inter-
vals on an electrocardiogram (ECG). HRV is computed using various 
mathematical methods applied to the series of R-R intervals extract-
ed from the ECG signal. Key methods include time-domain, frequen-
cy-domain, and nonlinear analyses. In time-domain analysis, metrics 
like SDNN (Standard Deviation of NN intervals) and RMSSD (Root 
Mean Square of Successive Differences) quantify the variability and 
rhythm of heartbeats over time. HRV serves as a valuable diagnos-
tic tool across various clinical and research applications. It provides 
insights into autonomic nervous system function, cardiovascular 
health, and overall physiological resilience. Reduced HRV is associ-
ated with increased cardiovascular risk, stress, and poorer prognosis 
in cardiovascular diseases. Conversely, higher HRV indicates greater 
adaptability, healthier autonomic function, and improved cardiovas-
cular fitness.

Exploratory Data Analysis and Dataset Preprocessing
Class Labels

There are four class labels in the dataset encoded as follows:

•	 N: Non- ectopic beats (normal beat) 

•	 S: Supraventricular ectopic beats 

•	 V: Ventricular ectopic beats 

•	 F: Fusion Beats 

•	 Q: Unknown Beats

N: Non-Ectopic Beats (Normal Beat)

These are regular heartbeats with no abnormalities. They follow 
the normal conduction pathway and are typically used as a reference 
or baseline to distinguish abnormal rhythms. 

S: Supraventricular Ectopic Beats

These are abnormal beats originating above the ventricles, typi-
cally in the atria or the atrioventricular node. They include premature 
atrial contractions and can lead to arrhythmias like atrial fibrillation 
or supraventricular tachycardia.

V: Ventricular Ectopic Beats

These beats originate from the ventricles and include premature 
ventricular contractions. They can indicate ventricular arrhythmias 
such as ventricular tachycardia or ventricular fibrillation.

F: Fusion Beats

Fusion beats occur when a normal beat and an ectopic beat co-
incide, resulting in a complex that appears as a combination of both.

Q: Unknown Beats:

These are beats that cannot be classified into any specific catego-
ry due to their unusual or unclear characteristics. 

Entries
Each entry in the dataset corresponds to a heartbeat. Each ECG 

in a record is a [1 x 187] vector sampled at 125kHZ. There are a 187 
columns. The first 186 is the ECG segment while the 187th is the class 
output label. A sample is shown below: (Figure 2). The classes are 
highly unbalanced as show in the plot above. In a classification task, 
balanced class labels are crucial for several reasons. Firstly, they en-
sure that the model is trained equally on each class, preventing bias 
towards the majority class. This balance helps the model generalize 
better to new, unseen data, as it learns representative features from 
all classes rather than focusing (Table 2).

Table 2.
Class Label Count

0 72471

4 6431

2 5788

1 2223

3 641
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Figure 2: Distribution of the Class Labels.

Usability Tests
To evaluate the dashboard, a survey was conducted using google 

forms. To access the dashboard, one must be assigned a role from the 
IAM center in AWS. There is no option to publish to a public space 
that can be accessed by anyone with the link. Since the participants 
are not known beforehand and it is time consuming to assign roles on 
the spot, the participants were individually presented with the dash-
boards and asked to interact with it for a minimum of 5 minutes each. 
The survey was open to a diverse range of participants based on their 
availability and willingness to allocate a brief period of time to review 
and assess the dashboard’s usability.

The Virtual Edge Device
The Virtual Device (VDevice)

To conduct comprehensive end-to-end system testing, a virtual 
edge device (hereafter referred to as the vdevice) was developed spe-
cifically for generating realistic ECGs. The necessity for such a virtual 
device arose from the challenge of obtaining diverse and consistent 
ECG samples for testing purposes. Physically acquiring ECG data for 
testing can be cumbersome and limited in scope, hence the develop-
ment of a simulated approach using the ECGSyn waveform generator. 
The ECGSyn generator is a tool that generates synthetic ECG signals 
with customizable parameters such as heart rate, beat count, and 
waveform morphology. It simulates realistic ECG features including 
beat-to-beat variation and respiratory sinus arrhythmia is an ECG 
signal serves as a pivotal tool in generating pseudo but realistic ECG 
signals tailored for system testing. This algorithm synthesizes ECG 
waveforms by modeling the physiological processes and electrical 
activities of the heart. It incorporates parameters such as heart rate 

variability, baseline drift, and noise characteristics and produces sig-
nals that mimic real-world ECGs. The vdevice takes place of the edge 
hardware for sensing ECG. The system is tested using samples gener-
ated by this generator. 

Discussion 
To conclude the implementation discussion, here is are cap some 

key implementation details to combine all the components developed 
in the previous section into a complete picture. The design approach 
is component-based. Each component is developed independent-
ly and tested. This modular approach ensures maintainability and 
scalability. There are three major subsystems or blocks in the sys-
tem: edge sensing for acquiring developed device and user metadata, 
cloud computing block, and visualization block. The cloud computing 
block consists of two sublayers: modeling and message distribution. 
The modeling layer has a machine-learning model for labeling ECG 
samples. The message distribution layer handles the complexities of 
routing the labeled samples to their final destination. The final layer is 
the visualization layer, which consists of logic for fetching and visual-
izing data from the message broker. Dropdowns and drill-through are 
provided to facilitate semiautomatic analysis of ECG data. The edge 
sensing layer is implemented on the ESP32 microcontroller where 
the sensing unit is ad3282 sampled at 125 Hz. The cloud computing 
layer is implemented on AWS using the EC2 instance to run the SVM 
model, and the AWS IoT Core MQTT broker implements the distribu-
tion system. 

The visualization block is realized using the Dash Plotly web 
framework. The system’s components interface with each other 
through various protocols. The edge sensing layer interfaces with the 
model on EC2 via Web Socket, the model is connected to the distribu-
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tion system via MQTT, and frontends that consume the labeled data 
get it via MQTT. The wireless standard used Bluetooth (IEEE 802.15). 
The interface is implemented as a SPP over Bluetooth. SPP (Serial Port 
Profile) is a Bluetooth profile designed to emulate a traditional serial 
cable connection over a wireless Bluetooth link. It enables devices to 
communicate serially, much like they would over UART connections 
described earlier, but without the physical cables

Client-Server Model of Bluetooth

One common communication model used in Bluetooth is the cli-
ent-server model The client-server model in Bluetooth networking 
defines the roles and interactions between devices within a Bluetooth 
network. It is essential for understanding how devices communicate 
and exchange data over Bluetooth connections:

a)	 Server (or acceptor): The Bluetooth server device typical-
ly provides services or resources that other devices can access. 
Servers advertise their services to nearby devices and wait for 
connection requests. 

b)	 Client (acceptor): The Bluetooth client initiates connections 
to servers to access their services or resources. Clients actively 
scan for nearby servers, discover available services, and establish 
connections. Once connected, clients can send requests to servers 
and receive responses. 

To implement the wireless interface, we run an SPP acceptor on 
the ESP32 and an SPP initiator on another Bluetooth enabled device. 
This is the device that will be used for collecting the data. A smart-
phone running an android operating system is used. The application 
running on the smartphone was developed using the MIT app inven-
tor. MIT App Inventor is a visual programming environment that al-
lows users to build Android applications using a block-based inter-
face. The app provides a GUI for collecting the metadata. The fields 
collected are same as the ones in the serial case. Below is a picture of 
the running application: In both interfaces, when a form is submitted, 
the user interface task (serial or wireless) puts the form on a buffer 
where the websocket client will find, format and transmit it (Figure 
3). 

Figure 3: User Interface.

Sensor Data Acquisition and Preprocessing Task

The sensor data acquisition directly acquires the raw sensor val-
ues, scales it and make then constructs a payload from the metadata 
collected form the user interface. When called, it samples the ADC at 
125KHz for 8 seconds. A sample payload is shown below: This task 

implements two sub-routines. During system testing, the Device gen-
erates synthetic ECG signals using the ECG Syn algorithm, mimicking 
scenarios such as normal heart rhythms, arrhythmias, and other car-
diac anomalies. These simulated ECG signals are then transmitted to 
the cloud-based system through simulated communication channels, 
emulating the actual data flow in operational settings (Figure 4).
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Note: From Figure 7 show the data visualization of a particular patient, the following was labeled below;
•	 A is the number of doctor that was assign to the patients 
•	 B is the name of patients 
•	 C is the heart rate of the patients
•	 D is the quality of the ECG
•	 E is the heart rate Valance 
•	 F is the machine learning label output 
•	 G Patient metadata
Figure 4: ECG Visualization Panel of a patient.

  

{

“name”: “Eke Chimuanya”, 

“age”: 38, 

“sex”: “f”, 

“phone”: “0803458234”, 

“ecg”: [

285, 46, -92, -36, -15, -8, 3, 21, 46, 73, 94, 104, 98, 78, 52, 27, 6, -7, 
-14, -17, -17, -16, -15, -14, -12, -9, -3, 12, 37, 61, 68, 52, 26, 8, -3, -31, 
-38, 179, 260, -20, -53, -3, 6, 14, 29, 50, 77, 102, 118, 120, 106, 82, 55, 
32, 16, 7, 3, 2, 3, 4, 5, 6, 8, 13, 26, 49, 74, 83, 68, 42, 21, 10, -13, -22, 
196, 259, -18, -41, 5, 14, 23, 38, 59, 85, 109, 124, 123, 107, 82, 55, 31, 
16, 7, 3, 2, 2, 3, 3, 4, 6, 12, 27, 52, 74, 78, 59, 32, 13, 2, -29, -3, 253, 187, 
-63, -46, -7, 0, 8, 23, 45, 71, 95, 109, 109, 93, 68, 40, 16, 0, -10, -15, -17, 
-17, -17, -17, -17, -16, -12, -1, 20, 45, 58, 47, 21, -2, -15, -32, -69, 79, 
283, 31, -102, -47, -24, -18, -8, 8, 32, 58, 80, 92, 88, 70, 44, 16, -6, -22, 
-31, -35, -37, -37, -36, -36, -35, -34, -30, -20, 0, 27, 44, 38, 14, -10, -25, 
-37, -73, -6, 252, 122, -96, -62, -29, -21, -11, 4, 26, 53, 77, 91, 91, 76, 
51, 24, 1, -13, -22, -26, -27, -26, -25, -24, -23, -21, -16, -5, 15, 42, 58, 50, 
26, 2, -11, -25, -60, 35, 285, 90, -80, -29, -5, 1, 13, 32, 56, 83, 105, 114, 
106, 86, 60, 35, 15, 3, -2, -4, -4, -3, -2, 0, 0, 4, 14, 33, 60, 79, 75, 51, 27, 
13, 0, -36, 74, 308, 82, -60, -6, 13, 20, 32, 51, 76, 102, 122, 129, 120, 98, 

70, 45, 26, 15, 9, 6, 6, 6, 6, 7, 8, 11, 21, 42, 68, 82, 72, 46, 24, 11, -8, -39, 
133, 294, 18, -69, -12, 1, 8, 20, 39, 64, 89, 109, 116, 107, 87, 60, 33, 13, 
0, -5, -8, -9, -10, -9, -9, -9, -7, -1, 14, 38, 60, 63, 42, 15, -3, -14, -45, -33, 
207, 210, -60, -74, -25, -16, -8, 5, 25, 50, 76, 94, 99, 88, 65, 38, 12, -7, 
-20, -26, -29, -30, -30, -30, -29, -29, -27, -21, -6, 17, 41, 48, 32, 5, -15, 
-26, -49, -74, 112, 274, 0, -93, -37, -21, -14, -2, 16, 40, 66, 87, 95, 87, 66, 
39, 14, -6, -19, -26, -29, -29, -29, -28, -27, -26]

 ]

 }

Conclusion 
As technology advances, moving machine learning to the edge 

presents a promising direction for future research. The current sys-
tem leverages cloud computing for processing, which allows for 
complex models and extensive computational resources. However, 
there is a growing trend towards edge computing, where data pro-
cessing occurs closer to the data source. Optimizing the system for 
edge computing could save on latency and bandwidth. Although edge 
computing comes with trade-offs, such as simplifying the model(s) 
used due to hardware constraints, the benefits of reduced latency and 
increased responsiveness could outweigh these limitations in specif-
ic contexts. Another area for future research is conducting extensive 
clinical trials to validate the system’s performance in real-world set-
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tings. These trials should involve a diverse patient population across 
multiple healthcare institutions to ensure the system’s generalizabil-
ity and robustness. Clinical trials would provide valuable insights 
into the system’s practical application, highlight potential areas for 
improvement, and build confidence among healthcare providers and 
patients in the system’s reliability and accuracy.
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