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ABSTRACT

The rapid spread of the COVID-19 pandemic has highlighted the urgency of infectious
disease surveillance and early detection. The purpose of this research is to develop a COVID-19 pre-
symptomatic detection system using deep learning and data from smartwatches. The system makes
use of watch technology to collect vital physiological information such as temperature, blood oxygen
saturation, step count, and heart rate. These metrics are generated by a data collection technique that
includes sensors and related apps found in smartwatches.

The data acquisition technique involves the employment of smartwatches with sensors to
measure vital signs and critical values. The obtained data is then merged with artificial intelligence
(AD) algorithms in a database to detect COVID-19 pre-symptomatic cases. Furthermore, a telehealth
system is employed to facilitate communication between patients, smartwatches, and medical experts.
The approach allows doctors to get vital signs as well as patient-reported concerns for examination
and diagnosis.

Two smartwatch models, Fitbit and J-style, are utilized in this research. The J-style model
requires the use of the Nordic Semiconductor's nRF Connect application to explore the Bluetooth
Generic Attribute (GATT) services, characteristics exposed by the smartwatch and Kotlin
programming language for develop application. On the other hand, the Fitbit model involves the
development of a custom application using the Fitbit developer website.

The research also emphasizes the importance of data acquisition, telehealth systems, and
collaboration between patients and healthcare professionals in managing crisis circumstances
effectively. Two platform, mobile application and dashboard website, are utilized in this research. The
website represents a comprehensive and visually appealing representation of the acquired information
from smartwatches and facilitates about communication and collaboration between patients and
doctors. Patients can securely share their data with their healthcare providers, enabling remote
monitoring. Doctors can provide personalized recommendations, set goals, and track the progress of
their patients.

In summary, the results of the machine learning model show poor performance for the
anomaly detection task. Accuracy is 0.09, precision is 0.01, recall is 0.09, and F1 Scores is 0.03 score
were all low, suggesting that the model could not correctly classify cases as anomalies. This suggests
that further refinement of the model or additional data may be required to improve the model's

performance in this task.
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CHAPTER 1

INTRODUCTION

The COVID-19 pandemic, which began in December 2019, has become one of the
most devastating pandemics of our time. The causative agent of this pandemic, SARS-CoV-
2, is a highly infectious virus that can cause respiratory infections ranging from mild to
severe. In this context, early detection of COVID-19 infection is crucial in controlling its

spread and preventing severe illness. [1]

Wearable gadgets have emerged as a promising tool for tracking the progression of
infectious diseases by continuously monitoring vital signs. We believe that data collected
from smartwatches can be used for pre-symptomatic detection of COVID-19, enabling early
intervention and treatment. Moreover, the current COVID-19 pandemic has led to
overcrowding in hospitals, making it challenging to manage patient care effectively.
Therefore, enhancing effective self-isolation and early treatment through remote patient
monitoring is critical in preventing the transmission of the disease.

In addition, millions of people worldwide use smartwatches and other wearable
devices to monitor various physiological parameters, such as heart rate (HR), blood oxygen
saturation (SpO2), blood pressure (BP), and temperature. Real-time monitoring of these
parameters has been aided by wireless body area networks (WBAN), which can provide
patient monitoring systems to collect ECG, SpO2, temperature, and other bodily

characteristics for hospital monitoring, long-distance diagnosis, and other purposes. [2]

Therefore, in this bachelor's project, we aim to develop a pre-symptomatic detection
system for COVID-19 based on deep learning technology using data collected from
smartwatches. We believe that this system will be an important tool for early detection and
management of COVID-19 infections, enabling timely intervention and preventing the spread

of the disease.
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1.1 Background and significance of the study

Numerous people have been affected as a result of the Covid-19 pandemic, which has
also severely burdened healthcare systems around the world. In order to stop the transmission
of this virus, it is essential to identify and isolate sick people as soon as possible. The existing
testing techniques, however, are pricey, intrusive, and necessitate the use of specialized tools
and qualified workers. Alternative methods of Covid-19 detection are therefore urgently
required. Wearable technology has grown in popularity in recent years, and many people now
use it to monitor their vital signs. Therefore, using the information from these devices to
detect Covid-19 could be a promising strategy.[3]

The patient monitoring system consists of three layers consists of data acquisition,
storage, and deep learning base. The data-acquisition layer is the layer where the sensor is
important. The patient monitoring system uses the sensor to collect information about the
patient's vital signs such as sleeping rate, temperature, heart rate, SpO2, etc., and send this
data to cloud storage.[4] We use wearable gadgets for real-time monitoring on the website.
Wearable gadgets are classified into primary nodes, the node for vital sensor signs, allowing
the wireless network to collect information about patient vital signs, symptoms, treatment
plans, and communication through the system based on wireless sensors. Storage layer or
cloud computing is a method to process the information on the cloud to increase the speed
and efficiency of the treatment system, help to analyze all patient data, including
demographics, symptoms, and treatment plan, and make all information available to support
doctor decisions. In the deep learning base layer, our deep learning will receive the data from
patients, and doctors can monitor and receive the alerts from our deep learning, then can treat
or help patients in enough time.[5]

Machine learning and deep learning are systems that can learn and solve problems by
data patterns in the database, allowing the system to familiarize itself with the existing pattern
or data algorithm to develop the system and improve the solution. Deep learning is a
particular kind of machine learning that achieves great power and flexibility by learning to
represent the world as a nested hierarchy of concepts and representations, with each concept
defined in relation to simpler concepts and more abstract representations computed in terms
of less abstract ones. The main purpose of this system is to analyze vital sign data of patients

by using a supervised learning model including SVM, KNN, Naive Bayes, J48 classifier, and
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neural network.[6] Support vector machine (SVM) is an algorithm that can help classify
information by using data analysis and classifying data through the principle of coefficient
determination of equations to create dividing lines for data groups that are sent into a deep
learning system.[7] This model is used to solve data grouping problems (classification) and

analysis of regression (regression), which have a similar pattern to (logistic regression).

1.2 Objectives

1.2.1: The primary objective of this bachelor's thesis is to enhance the safety of
medical staff and physicians by establishing a centralized system that links vital signs
data from Covid-19 patients to their beds.

1.2.2: Another goal of this thesis is to utilize deep learning, machine learning, and Al
to enable disease identification through vital signs analysis, allowing for the detection of
Covid-19 using only smartwatches.

1.2.3: Additionally, this research aims to advance telehealth in Thailand to address the
shortage of medical equipment and staff in hospitals, which will aid in reducing the
burden on healthcare providers.

1.2.4: By leveraging smartwatch technology, this thesis seeks to develop a Covid-19
detection system that eliminates the need for expensive and invasive testing methods like
ATK and PCR, thereby reducing costs and potential risks.[8]

1.2.5 Finally, this thesis aims to design and develop a pre-symptomatic detection
system for pandemics and other physical diseases, which will utilize vital signs data from
smartwatches. This system could significantly improve disease management and help

prevent pandemics like Covid-19 from spreading.

1.3 Scope of the study

1.3.1 Focusing on 2 brands of smartwatches including Fitbit and J-style.

1.3.2 Alert pre-symptomatic system especially Covid 19 and some kind of influenza.
1.3.3 Acquired data from volunteer and BME KMITL staff.

1.3.4 Utilizing vital signs such as heart rate, steps, sleep, and SpO2 to analyze disease

pre-symptomatic systems.
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1.4 Report Outline

The rest of this report is organized as follows:

Studying the essential and necessary concept of creating the application and retrieving
data from the smartwatch by connecting to smartwatches, using Python code for retrieving
data from the Fitbit platform and developing our own alert system to be artificial intelligence
for detecting Covid-19. Training the anomaly and normal data to observe the difference
between the two data to understand the algorithm's working better. Also, improving the
detection of pre-symptomatic of Covid-19 systems. The content within this report is
organized as follows:

Chapter 2 reviews content over the essential statement and information related to
application development, telemedicine website, creating the token and API on the Fitbit
platform, and training the Al technology.

Chapter 3 design the metrology of our project, using Python code for
retrieving the data of the Fitbit platform and building Al technology, using Dart language for
developing our application like cross-platform application in both Android and iOS and
implementation of the method conducted to achieve the data and result for the experimenting
discussion.

Chapter 4 demonstrates the following data from the practical methodology set for the
experimenting process.

Chapter 5 summarizes the conclusions as the final session within this report,
reviewing the task achievement and defines future work that is discussed with a particular
focus on the discussion according to the experimental result.



15

CHAPTER 2

REVIEW OF THEORY RELATED

This chapter is about the theory that is related to our project that is considered during
the analysis and design phase of this project. The investigation served no purposes: firstly, we
wished to identify from telehealth (section 2.1); and secondly, we wished to establish Covid-
19 and vital signs (section 2.2-2.4). Finally, (section 2.5-2.12) are about deep learning,

smartwatches, programming, and summaries of the chapter.

2.1 The telehealth monitoring system

With the aid of telehealth technology, patients can be monitored for their clinical
signs in the comfort of their own homes or anywhere. Vital signs like blood pressure, oxygen
saturation levels, glucose levels, peak flow rates, and weight can be tracked using equipment
that is installed in the patient's house. The patient uploads these measurements to a secure
internet server. The patient's vital signs will have parameters specified that indicate the range

of readings that are suitable for that particular patient.[4]

Using a color-coded alert system, the patient's uploaded data is marked. By regularly
connecting onto the secure internet server on a computer, the Specialist Nursing Team may

monitor the patient's health status and spot any slight changes in their condition.[9]

Researchers measured heart rate and respiration rate by extracting periodic signals
induced by chest motion using phase differences in channel state information (CSI) acquired
with Wi-Fi signals. did. The system consists of a standard network interface card (NIC) and
uses a smartphone/computer as an access point. Heart rate was detected using a Fast Fourier
Transform (FFT) based method and respiratory rate was estimated in a single subject using a
peak detection algorithm and using the Root MSC (Multiple Signal Classification) method.
Estimated on multiple subjects. The system he tested in three different environments.[10] A

room crowded with desks and PCs, a walkthrough of her scenario where the subject left the
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recipient's room, and a long corridor. The authors report achieving a mean heart rate error of
1 bpm and a mean respiratory rate error of 0.25 breaths/min. This CSI-based method is
reported to be very robust to respiratory rates sampled at different distances between the
transmitter and receiver and in different directions. Unlike his reported UWB radar, the
device is cheaper, requires less bandwidth, requires no additional hardware, and can extract
data from multiple people in an area, but errors become larger. However, the measured
cardiac signal is much weaker than the respiratory signal, and diastole and systole produce
only minor fluctuations in the reflected signal, making them more difficult to detect
accurately. Additionally, the mean error (MAE) increases during over-the-wall monitoring

and at long distances.[11]
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Figure 1: Telehealth clinical wall mindmap. [4]

2.2 Vital Sign Theory

The term "vital signs" refers to the most important sign of living beings that indicate
whether the body is normal or abnormal. They consist of four physical signs (physical signs
detectable by doctors): temperature, pulse, breathing, and blood pressure. Vital signs are
indicators of a person's health. Vital signs are used to determine a patient's health status. Vital
signs changes can indicate changes in bodily functions. Vital signs in our project include
Heart rate (HR), Steps rate (S), Sleep cycles, Skin temperature (T), and Oxygen saturation
percentage (SpO2). [2]
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2.2.1 Heart rate (HR)

The heart rate is the number of times of the heart beats in the unit beat per minute.
The normal heart rate for men is 72 beats per minute, while the rate for women is 75 to 80
beats per minute. Heart rate can change depending on the physiology of the body, such as the
body's oxygen demand and carbon dioxide excretion. Things that affect heart rate include
bodily activities such as exercise, sleep, illness, sleep cycles gestion, and certain medications.
If the heart beats irregularly, it is called arrhythmia. Sometimes it may be a sign of disease.
To measure heart rate by smartwatches, will mostly use a photoplethysmography method to
measure heart rate signs.

Photoplethysmography (PPG) is a simple optical technique used to detect blood
volume changes in the peripheral circulation. This is an inexpensive, non-invasive method of
taking measurements on the surface of the skin.

This technology provides valuable information about the cardiovascular system. Recent
technological advances have revived interest in this technique, and it is now widely used to
measure and monitor clinical physiology.[12]

Fundamentally, photoplethysmography works on a simple premise. Blood is red
because it reflects red light and absorbs green light. By combining a green LED with a
photodiode, smartwatches use its own Pure Pulse technology to detect the amount of blood
flowing down your watch. When the heart is beating, this flow, and therefore the amount of
green light absorbed, is greater. These lights blink hundreds of times per second to get the
most accurate BPM (beats per minute) data.

All companies dabbling in this optical sensing technology follow the same pattern, but the
accuracy of the readings, of course, depends on how each company's algorithms interpret the
data.
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Figure 2: Example of heart rate cycle from Fitbit mobile app.

2.2.2 Steps counting (S)

Health experts have long touted the benefits of moderate exercise for at least two to
three hours a week. For most adults, the baseline for that level of aerobic activity is walking
at a pace of 3 miles per hour or more. Another commonly used metric is the goal of 10,000
steps per day.[13]

Smartwatches have a 3-axis accelerometer. Then when we are moving back and forth,
left, and right, up and down, they can track our movements. And by processing the recorded
movement data, Smartwatches can determine if you're walking (or running) or just bumping
your hand against the desk. Most smartwatches use complex algorithms to determine when
you're walking on your own and when, say, you're in a car or moving your arms but not
moving at all. The step count at the end of the day is very accurate because they filter out
movements that we don't consider to be steps.[14]
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Figure 3: Example of steps counting from Fitbit mobile app.

2.2.3 Sleep cycles

Sleep cycles is about tracking how long you slept and how much time you spent in

each sleep stage. These smartwatches use your movement and heart rate information to
estimate how long you spend in light, deep, and Rapid Eye Movement (REM) sleep each
night. Smartwatches only know you're sleeping when your body has been resting for an hour
without any significant movement. After your body has passed that time, smartwatches will
start collecting data about your sleep quality.[15]
For the first few hours (less than three hours), the smartwatches sort sleep into her three
categories: restless, awake, or asleep. Once you cross the 3-hour threshold, it starts tracking
different types of sleep called sleep stages. These stages include bright stage, deep stage and
REM stage.[16]
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Figure 4: Example of sleep cycle from Fitbit mobile app.

2.2.4 Skin temperature (T)

Smartwatches’ temperature feature monitor as skin temperature. For the
measurements are taken at night while you sleep in Fitbit watches and are taken immediately
at the moment for Jstyle watches. Fitbit can then view nightly averages and trends for the last
seven days on the Health Metrics dashboard.[17]

Even two brands have different time to show the data but the value that we can measure from
each watch is not much different to each other, show like that the sensor or the program that
measure skin temperature is very likely or can be the same.
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Figure 5: Example of skin temperature from J-watch smartwatch.

2.2.5 Oxygen saturation percentage (SpO2)

Oxygen saturation refers to the percentage of hemoglobin in oxygen-rich arterial
blood. This is a critical parameter for the Respiratory Circulation System. Many respiratory
diseases cause oxygen saturation to be lower than normal. The following factors may
contribute to a decrease in oxygen saturation.[18]

For Jstyle, it can measure SpO2 value immediately by using another hand’s index finger to
hold the watch to be stable for measure.

For Fitbit, it aims to show users an average of their blood oxygen saturation measured during
their last sleep. This information is displayed to the user on their wrist-worn Fitbit device or
connected mobile device. Fitbit SpO2 is a standalone general wellness software product that
uses data from a consumer.

Smartwatches with an optical sensor (PPG). PPG uses red and infrared LEDs to
illuminate the skin. The reflected light is measured, and PPG data is provided. These sensors
are commonly used for general wellness purposes, such as heart rate measurement, sleep
monitoring, and other general health features found on fitness smartwatches.
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2.3 Covid-19

Covid-19 is an infectious disease caused by the most recently discovered coronavirus,
the SARS-CoV-2 virus, and it is a virus that can infect both humans and animals. The virus
and emerging infection were unknown before the outbreak in Wuhan, China in December
2019. Currently Covid-19 There is a widespread epidemic affecting many countries around
the world. [19]

2.3.1 Symptoms of Covid-19 infection

This disease includes respiratory symptoms that will affect the changes in the
vital signs of the infected person.

2.3.1.1 Common symptoms of Covid-19
* Fever
* Cough
* Tiredness
* Loss of taste or smell [20]
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2.3.1.2 Serious symptoms of Covid-19

* Difficulty breathing or shortness of breath

* Loss of speech or mobility, or confusion

* Chest pain

In more severe cases, Covid-19 infection can cause pneumonia, severe acute
respiratory syndrome and sometimes death. [21]

2.3.1.3 Variants of Concern

There are two types of Variants of Concern [22]:

* Alpha Variant (B.1.1.7): This variant has been found to be at least 50% more
contagious than the original COVID-19 virus. Globally, the RO for COVID-19 varies,
but with the Alpha variant, the RO is increased at least 50%, leading to an exponential
increase in transmission.

* Delta Variant (B.1.617): This variant is highly contagious, spreads quickly and is
immune-evasive.

* Omicron (B.1.1.529): Omicron is the newest variant in the current outbreak. This
variant is caused by mutations in the coronavirus genes in more than 50 locations, 32
of which occur on spike proteins also known as Spike Protein, which is a protein that
viruses use to enter the human body's cells and is found in more than all species and
twice as much as the delta species. Moreover, Omicron is found to be a mutation in
the receptor, and it attaches to human cells in more than 10 locations. The virulence of
the Omicron variant tended to be lower compared to Delta variant. However, the
infection can cause severe symptoms and damage the lungs in people who have not
been vaccinated or in people with diabetes, heart disease, young children, Etc., and
can spread quickly.

* Epsilon (B.1.427 and B.1.429): The specific mutations in the Epsilon variant
including three in the spike protein help the virus to dodge the protection given by the
COVID vaccines or past Covid-19 infection. After testing the resilience of blood
plasma from vaccinated people and those who had already had COVID, researchers
found that the ability to neutralize the Epsilon variant was reduced to 2 and 3.5 times.

2.4 Interpreting Diagnostic Tests for SARS-CoV-2

The coronavirus virus pandemic of 2019 continues to devastate most of the world.
Diagnostic tests for the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) are
currently being developed, and a clear understanding of the nature of the tests and how to
interpret their results is crucial. This Viewpoint discusses how to interpret two methods of
SARS-CoV-2 diagnostic testing—reverse transcriptase-polymerase chain reaction (RT-PCR)
and enzyme-linked immunosorbent assay (ELISA) and how the results may alter over time.
[23]



24

Before symptom onset After symptom onset

( oetectionuniiketyr ) ( PCR - Likely positive )( PCR - Likely negative® )

( Antibody detection

~~~~~
______
sssss

L
~—ea
T S8

Increasing probability of detection -—’»

Week -2 Week -1 Week 1 Week 2 Week 3 I Week 4 Week 5 Week 6

Symptom onset
Nasopharyngeal swab PCR Bronchoalveolar lavage/sputumP(R s=eeee. IgM antibody
Virus isolation from respiratory tract e StOOIPCR . eesece-. 19G antibody

Figure 7: Estimated Time Variation in Diagnostic Tests for SARS-CoV-2 Infection
Detection Relative to Symptom Onset

Data from numerous published papers was used to estimate time intervals and virus
detection rates. Because values vary between research, estimated time periods should be
regarded as approximations, and the chance of detecting SARS-CoV-2 infection is reported
subjectively. SARS-CoV-2 is an abbreviation for severe acute respiratory syndrome
coronavirus 2; PCR stands for polymerase chain reaction.[24]

a.) Detection happens only when patients are actively followed up on from the moment of
exposure.

b.) A PCR of a nasopharyngeal swab is more likely to provide a negative result than a
positive one.

2.4.1 Detection of Viral RNA by RT-PCR

Too far, the RT-PCR test employing nasopharyngeal swabs or other upper respiratory
tract specimens, such as throat swabs or, more recently, saliva, has been the most widely used
and trustworthy method for diagnosing Covid-19. Different manufacturers utilize a range of
RNA gene targets, with the majority of tests focusing on one or more of the ORFI1, RNA-
dependent RNA polymerase (RdRp), nucleocapsid (N), spike (S), and envelope (env) genes.
With the exception of the RARp-SARSr (Charité) primer probe, which has a somewhat lower
sensitivity possibly due to a mismatch in the reverse primer, the sensitivities of the tests to
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individual genes are comparable according to comparison studies. However, a “positive”
PCR result reflects only the detection of viral RNA and does not necessarily indicate
presence of viable virus.[25]

As determined by the cycle threshold (Ct), viral RNA in the nasopharyngeal swab in
the majority of patients with symptomatic Covid-19 infection becomes detectable as early as
day 1 of symptoms and peaks during the first week of symptom onset. A fluorescent signal is
produced by a certain number of replication cycles, or Cts, and lower Ct values indicate
larger viral RNA levels. A Ct value less than 40 is considered clinically positive for PCR. By
week three, this cheerfulness begins to wane and eventually disappears. However, the Ct
values found in hospitalized patients with severe illnesses are lower than those found in mild
cases, and PCR positive may last longer than 3 weeks following the commencement of the
disease when the majority of mild cases would provide a negative result.

2.4.2 Detection of Antibodies to SARS-CoV-2

The pandemic response still requires the accurate and sensitive detection of SARS-
CoV-2 antibodies. Laboratory-based confirmatory and reference activity must be measured in
order to predict neutralizing activity and the immune response.

The primary target antigen for neutralizing antibodies is the viral receptor binding
domain (RBD). In a novel hybrid approach, a solid-phase S1 preferentially presenting RBD
was combined with a labeled RBD conjugate and used in a two-step sequential assay for the
detection and measurement of antibody to RBD, taking advantage of the double antigen
binding assay (DABA), which offers the most sensitive format (anti-RBD). The SARS-CoV-
2 hybrid DABA uses both S1 and RBD viral antigens in a two-step double antigen binding
format. The solid phase is covered with S1 antigen, while horseradish peroxidase (HRP)-
RBD conjugates show captured antibodies.[26]

2.5 Data analytics

Data analytics is the method of gleaning insights from data that's extricated, changed,
and centralized to find and analyze covered up designs, connections, patterns, relationships,
and peculiarities, or to validate a hypothesis or theory.

Within the past, information was analyzed to create future choices. Nowadays, information
can be analyzed to create real-time choices, spot developing patterns and reveal bits of
knowledge that would not be apparent utilizing bequest information forms.[27]

Information examination can offer assistance to move forward commerce forms. The
information can give a clearer picture of what's productive and what's not, and analysts can
penetrate more profoundly into the information to find root causes.
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Information investigation boosts income by permitting individuals to form speedier and more
educated choices. With enough data to analyze, businesses can foresee customers’ behavior,
get their needs, and react in real-time by changing or including items to meet the shown
request. This may result in a competitive advantage, made strides client encounters, and
moved forward procurement and maintenance of clients.

There are basically four diverse sorts of information analytics:

- Expressive analytics: This sort of analytics must do with what happened with
analyzed information over an indicated period of time.

- Demonstrative analytics: Symptomatic data analytics appears as the "why" in an
information slant. This includes having a more profound see into why certain designs
were shown within the information.

- Prescient analytics: The objective here is to predict what is anticipated to happen
within the future based on the results of analyzed information over time.

- Prescriptive analytics: In prescriptive analytics, information investigation is utilized to
form proposals on what to do another.
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Figure 8: Data analytics in datacenters [27]

When data is input, it has to be changed over and organized to get precise answers
from explanatory questions. Distinctive information preparing alternatives exist to do this.
The choice of approach depends on the computational and explanatory assets accessible for
information handling.[27]



27

Data fusion is the process of combining data from multiple sources to create a more
complete and accurate representation of a particular phenomenon. Benefits of data fusion
include improved accuracy, increased reliability, and improved situational awareness.
However, data fusion also has the following limitations: B. The potential for data overload
and the need for expert analysis to identify and resolve discrepancies between different
sources. Overall, data fusion is a valuable tool for improving decision making in various
applications such as intelligence analysis, remote sensing, and environmental monitoring.

Data cleansing involves scrubbing for any errors such as duplications, inconsistencies,
redundancies, or wrong formats. It’s also used to filter out any unwanted data for analytics.

Feature extraction and transformation are important processes in data processing that
involve creating new variables or modifying existing variables to improve the accuracy and
performance of machine learning models.

Data mining is the process of discovering patterns, trends, and information from large
data sets. It involves analyzing and extracting useful information from large amounts of data,
using statistical and computational techniques. It is an essential component of data processing
as it helps organizations make more informed decisions by identifying hidden patterns and
relationships in their data. It can be used in many different fields including marketing,
finance, healthcare and scientific research.

Interpretation and visualization are crucial constituents in the process of data
processing. After the processing of data, it is essential to present the derived information in a
comprehensible and actionable manner.

The process of interpretation pertains to comprehending and scrutinizing the manipulated
data in order to ascertain patterns, associations, and inclinations. Fluent comprehension of
statistical and analytical methodologies, coupled with informed expertise in a particular field,
is an essential prerequisite to effectively decipher the outcomes. The knowledge acquired
through interpretation may subsequently serve as a valuable resource towards enhancing
organizational outcomes and informing decision-making.

The process of visualization entails the depiction of data that has been subjected to processing
procedures, in a manner that is conducive to comprehensibility and aesthetically pleasing to
the viewer. The aforementioned encompasses various types of visual aids, such as charts,
graphs, maps, and other forms of graphical depictions utilized to represent data. The
implementation of visualization techniques can aid in the recognition of obscured patterns
and correlations that may not be readily discernible through the examination of unprocessed
data alone. Additionally, these visual representations facilitate the communication of
perceptive findings to diverse audiences.[27]

2.6 Machine learning and deep learning
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It is a self-learning and problem-solving system by recognizing patterns in the data
from the database. It allows the system to recognize the basic patterns of algorithms and
datasets. available to develop appropriate problem-solving processes. The main purpose of
this system is to simultaneously monitor the health status of patients remotely. It is alerted if
the resulting data has abnormal value and provides analysis using supervised learning models
such as SVM, KNN, ellipse, isolated forest, local peripheral model (LOF) and neural
networks. When the model determines that the patient is in critical condition, the system will
issue an alert. In remote patient monitoring systems, this is achieved through the development
of Al and data collection of vital signs such as respiratory rate (RR), heart rate (HR), Oxygen
saturation percentage (SpO2) and blood pressure (BP).[28]

2.6.1 StandardScaler

StandardScaler is an important tool used primarily as a preprocessing step before
many machine learning models to normalize the input dataset's functional range.

When the range of the features in the input dataset exhibits significant variance or
when the features are measured using different units of measurement, StandardScaler must be
used.

By subtracting the mean and scaling the data to unit variance, the StandardScaler
approach is used to center the data. But even so, the presence of outliers can clearly affect
how the empirical mean and standard deviation are calculated, so limiting the range of
characteristic values.

The dissimilarities exhibited in the initial characteristics of the data may pose
challenges for various machine learning models. As an illustration, for models predicated on
distance computation, the prevailing characteristic in the event that a feature exhibits a
significant range of values shall be the distinctive attribute governing the distance.

Before scaling After scaling
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Figure 9: The graph of data before and after using StandardScaler. [29]
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The StandardScaler methodology proposes that variables assessed at diverse scales
exhibit unequal influence on the model fitting and learning mechanisms, and thus possess the
potential to instill bias.

In order to mitigate the potential issue at hand, it is imperative that the data being
utilized for integration into the machine learning model must undergo standardization. This
involves the normalization of the data, typically with respect to a mean of zero and a standard
deviation of one (u=0,c=1).

2.6.2 Isolation Forest

The isolated forest uses the random forest technique by randomly pointing at
information and generating a tree that is the data branch. When searching, normal
information will have trees with the same number if we find information with fewer trees
than other trees. The isolation forest tries to separate each point in the data. In the 2D case, it
generates a random line and tries to distinguish a point. Here, an outlier can be separated in a
few steps while closer normal can take many steps to separate. It can be considered as
anomalous information, as shown in the figure.

Figure 10: Anomaly information detected from Isolation Forest. [30]

2.6.3 Z-transformation

The z-transformation is a normalization procedure that allows the comparison of
points from different distributions. Using the standard deviation and mean of a distribution,
the z-transformation combines different distributions with a normalized
distribution, allowing for comparison of different figures. The z-score defines the position of
the raw data in terms of standard deviations from the mean. If the value
is greater than or equal to the mean, the z-score is positive and negative if the value is less
than the mean. [30]
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Figure 11: A standard normal distribution

2.6.4 Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm that
serves as a classification and regression engine. Despite the common characteristics of
regression problems, they are particularly suitable for classification tasks. The main goal of
the Support Vector Machine (SVM) algorithm is to identify a distinct hyperplane in a multi-
dimensional (N-dimensional) space that efficiently separates and classifies discrete data
points. The size of the hyperplane depends on the number of existing features. If the number
of input features is limited to two, the hyperplane will only show up as a linear structure.
When the number of input features is three, the resulting hyperplane transforms into a two-
dimensional plane. When the number of traits exceeds three, it becomes difficult to
conceptualize the situation. [7]
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Figure 12: Hyperplane of SVM which is the most optimized one.

SVM finds the maximum amplitude as for previous datasets and adds a penalty every time a
point crosses the amplitude. So the profit in these types of cases is called soft profit. When
there is a soft margin in the dataset, SVM will try to minimize (1/margin + A(}_ penalty)).
Losing a hinge is a commonly used penalty. Without breaking, no loss of hinge. In case of
breach, hinge loss is proportional to breach distance.

2.6.4 Confusion Matrix

The confusion matrix represents a tabular form utilized to assess the efficacy of a
classification model. The aforementioned construct denotes a matrix that comprises of
predictions regarding true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN). The true classes are denoted by the rows, with the predicted classes being
represented by the columns.

Predicted Class

=
7~
Positive Negative
. False Negative (FN) Senutivay
Positive True Positive (TP) ; s T
ype 1l Error m
Actual Class
False Positive (FP) , Si ficity
Negative . R : True Negative (TN) TN
ype rrov _———(TN TP
Negative Predictive Accura
Precision ih
Value TP +TN
_._II_'__. ™ (TP 4+ TN+ FP + FN)
TP+ FP) e A
(TN + FN)

Figure 13: Type of Confusion Matrix.
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Precision is a metric used in the context of a confusion matrix to evaluate the
performance of a classification model. It measures the proportion of true positive predictions
out of all positive predictions made by the model. In other words, precision represents the
accuracy of positive predictions. The formula for precision is
Precision = True Positives / (True Positives + False Positives)

Recall is a sensitivity or true positive ratio, is a metric used in the context of
confusion matrices to evaluate the performance of a classification model. It measures the
proportion of actual positive samples that are correctly identified by the model as
positive. The formula for recall is
Recall = True Positives / (True Positives + False Negatives)

Accuracy is a commonly used measure in classification problems. However, this can
be misleading in situations where classes are unbalanced, i.e. one class has much fewer
instances than the other. In such cases, other measures such as accuracy, recall, and F1 score
may be more suitable for evaluating model performance. The formula for accuracy is
Accuracy = (True Positives + True Negatives) / (True Positives + False positives + True
Negatives + False Negatives)

The F1 score is a metric commonly employed to evaluate the accuracy of a given
model as it takes into account both precision and recall. The harmonic mean of precision and
recall represents a metric that varies between a range of 0 to 1, with the maximum value of 1
connoting faultless precision and recall. The formula for the F1 score is

F1 score =2 * (Precision * Recall) / (Precision + Recall)
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Figure 14: The relationship diagram of components to measure the effectiveness of the
model. [32]
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2.7 Anomaly detection over Time series

A time series is a series of data points that occur sequentially over time. A time series
shows all the variables in a dataset that change over time. Anomaly detection identifies
unusual and suspicious events over time. The task of detecting anomalies or identifying
outliers entails the process of recognizing atypical or incongruous patterns within a given set
of data. Illicit activity frequently leads to anomalous data.

Anomaly detection accounts for sudden spikes and dips in data sets. We can also gain
valuable insights from your dataset, but we have to smooth our dataset as a smoothing
process. Sudden spikes and dips can lead to inconsistent results during forecasting.
Smoothing process of a series with such a moving average has some drawbacks. First, we
lose some observations data at the beginning and end of the series. Second, the moving
average tends to over smooth the series, making it less responsive to sudden trend changes
and jumps.

Time Series
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Figure 15: Seasonal decomposition of abnormal detection. [33]
For this project, we are dealing with an additive model. That is, it consists of linear
trends and seasonal cycles with the same frequency as width and amplitude as height using
four components.

Components:

The trend is the general direction of the series over a long period of time and calculated using
the central moving average of the time series. A moving average is calculated with a window
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length equal to the frequency of the time series. For example, use windows of length 12 for
monthly data.

The seasonality is a distinct, repeating pattern observed in regular intervals due to various
seasonal factors. Could be monthly, weekly, etc.

The residual is the irregular component consisting of the fluctuations in the time series after
removing the previous components.

Noise is undesirable and erroneous data points. Noisy data contains meaningless information
and can corrupt time series models in training. Removing noise ensures a high-quality
dataset.

2.8 Neural network

The neural network is a branch of artificial intelligence (AI). It is a concept that designs
computer networks to mimic the functions of the human brain. Human beings have a learning
process by recognizing patterns. They have observed things that are unknown as they see
them more often. When humans see it in more different ways, similar things are learned and
memorized, and when you see it again, you will be able to tell what you see. The multi-layer
perceptron (MLP) neural network structure is coordinated through the node. Aiming on the
flexural conduct of prestressed steel-concrete non-stop composite beams, a third-dimensional
finite detail numerical evaluation version is established, and the complete method of the
check is stimulated primarily based totally on BP neural network. It consists of three layers,
which are fully connected to the functions of the nodes, including:

° Input layer, this layer is the part that handles the input data. The number of
nodes depends on the number of inputs that data will be introduced into the
model.

° Hidden layer, this layer in the middle affects the learning efficiency of the

model. This layer can have any number of layers, any number of Neurons. Adding
layers and the number of neurons will greatly affect how the model works.

e  Output layer, this layer takes the calculated data in the hidden layer to work. The
number of nodes exported in this layer depends on the output format to be used as
shown in Figure.



2.9 Smart Watch

2.9.1 J-Style 2025E

Figure 16: Neural network infrastructure.

Figure 17: J-Style 2025E smartwatch. [34]
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J-Style 2025E is a smartwatch made in China. J-Style 2025E smartwatch has many
functions that include measuring vital signs such as percentage of blood oxygen
concentration (%Sp0?2), blood pressure, and respiratory rate. Moreover, this model can
display heart rate and temperature data on the smartwatch dial.

2.9.2 Fitbit Charge 5

Figure 18: Fitbit Charge 5 smartwatch. [35]

Fitbit is one of the world's most popular brands producing smartwatches with
beautiful designs, using suitable materials in production, and not easily irritated. The user can
be worn all day and use a variety of functions. They can also record our activities and vital
signs that can be recorded for 24 hours while doing those activities. The Fitbit Charge 5 is
the fitness tracker, packing in everything the company has learned from years of honing its
craft. This smart tracker includes options for stress tracking, blood oxygen saturation, heart
rate variability (HRV), sleep tracking, and mindfulness sessions to keep yourself mentally
ready as well as maintaining your physical fitness.

2.10 Python

Python is a computer programming language of high-level that is interpreted. It is
supposed to be an easy-to-read scripting language by obviating the computer program
language's structure and syntax complexities. In terms of converting a set of instructions
written in machine language to machine language, Python can translate a set of instructions
line by line and distribute them to the processor for the computer to function correctly.
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Additionally, Python can be used for various programming tasks as it is a general-purpose

) python

Figure 19: Logo of Python program. [36]

2.10.1 Usage of Python

° Python is a computer language that is stable, flexible, and simple to understand.
It is commonly used for developing websites and software, task automation, data
analysis, artificial intelligence, and machine learning.

e  Python can be used to create simple games using the programming language and
tools that come with the program. It can develop to be used in game industries.

Python has syntax that can be used to create new programming languages.
2.10.1.4 Python can be used in finance for analysis of quantitative and
qualitative data to determine asset price trends.

e  2.10.1.5 Python can be used in the field of search engine optimization (SEO) and
natural language processing (NLP).

2.10.2 Advantages and Disadvantages of Python

Python is a high computer programming language, which means it can run code line
by line. When the error occurs, it will stop the procedure and indicate the error. Python is a
dynamic computer programming language that automatically assigns the data typed during
execution. The programmer is not required to be concerned about declaration variables.
Additionally, Python supports libraries via the Python package management (pip), which
simplifies the process of importing additional packages and libraries. This
makes Python easier to read, learn, and write and increases productivity by removing the
need for programmers to spend excessive time understanding the programming language's
syntax. However, the line-by-line execution function, including the response from
dynamically typed code, is frequently delayed since it must perform additional work when
running the code, resulting in future runtime errors.
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2.10.3 Python Library

Python's standard library is quite large, as demonstrated by the extensive contents
page listed below. The library includes built-in modules written in C language (C/C++) that
enable access to system capabilities such as file I/O that would otherwise be unavailable to
Python programmers, as well as Python modules that provide standardized solutions to a
variety of common computer programming problems.

e  System-specific parameter
System-specific parameter and function is the module gives access to certain
variables that the interpreter uses or maintains and functions that have a strong
interaction with the interpreter.

e  Argparse
The argparse package simplifies the process of developing graphical command-
line interfaces. The program specifies the arguments required, and argparse.

determines how to extract them from sys.argv. Additionally, the argparse
module creates help and usage instructions and generates errors when users
supply invalid arguments to the program.

e  Pandas
This is used for data analysis. Pandas is based on two essential Python libraries,
which are NumPy for mathematical computations and matplotlib for data
visualization. Pandas act as a layer around these libraries, letting you quickly
access various matplotlib and NumPy methods. Allowing users to plot a graph
within a few lines.

e  Numpy
NumPy is one of the Python libraries for array manipulation. Additionally, it
has functions for working with linear algebra, the Fourier transform, and
matrices. It has a slew of helper functions that make working with arrays fast.

e  Matplotlib.pyplot
It is a set of functions that simulate the behavior of MATLAB in matplotlib.
Each pyplot function modifies a figure in some way by creating a figure,
defining a plotting region within a figure, charting certain lines within a plotting
area, or labeling the plot.

e  Matplotlib.dates
Matplotlib provides extensive data plotting capabilities, building on the roots
of Python's DateTime module, as well as incorporating modules pytz and
dateutils.datetime data are changed to a numeric number that reflects the
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number of days since 0001-01-01 UTC.

e  Seaborn
Seaborn is a Python module for creating statistical visuals. It is based on
matplotlib and tightly integrated with Pandas data types. Seaborn aids in the
exploration and comprehension of user data. Its charting functions operate on
dataframes and arrays that include entire datasets and do the required semantic
mapping and statistical aggregation internally to generate relevant graphs.

e  Statsmodels
Python package includes classes and functions for estimating various statistical
models, executing statistical tests, and exploring statistical data. Statsmodels
are based on NumPy, SciPy, and matplotlib, but they include more advanced
statistical testing and modeling capabilities.

e  Sklean
It is a Python package that implements various unsupervised and supervised
learning techniques. It is the most valuable and comprehensive machine
learning library available. It provides a set of efficient machine learning and
statistical modeling methods, such as classification, regression, clustering, and
dimensionality reduction, via a Python-based consistency interface. This
Python-based library is based on NumPy, SciPy, and Matplotlib.

e  Easydict
EasyDict enables the use of dict values as variables work repeatedly. A property
dot notation similar to JavaScript for Python dicts.

2.11 Dart

In order to give developers, access to an object-oriented language with static type
analysis, Google created the open-source language Dart. Dart has seen significant changes
since its 2011 debut, both in terms of the language itself and its main objectives. Unlike many
other languages, Dart was created with the intention of facilitating and speeding up the
development process for developers. It therefore comes with a sizable collection of integrated
tools, including a parser, formatter, and its own package manager. Additionally, the Just-in-
Time build, and Dart virtual machine enable code modifications to be immediately executed.
No extra environment is needed for the code to run once it is in production because it may be
compiled in native language. For web development, Dart is transpired to JavaScript.
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Dart

Figure 20: Logo of Dart language. [36]

In terms of syntax, Dart is very similar to languages like JavaScript, Java, and C++, so
if you know any of these languages, learning Dart will take hours.
Additionally, Dart has strong support for asynchronicity, and working with generators and
iterables is very easy.

2.12 Flutter application

A Strong and Reliable SDK for Cross-Platform Mobile App Development is Flutter.
Google developed Flutter, a cross-platform software development kit (SDK) for building
mobile applications. To create apps for Android and iOS devices, Flutter employs the Dart
programming language. A single code base may be used to create apps with a native look and
feel on both Android and iOS devices because it is cross-platform. Flutter is strong and
dependable, providing limitless creative opportunities to swiftly create stunning applications.
The development cycle on Flutter is swift due to its capabilities and architectural choices,
making it appropriate for creating both complicated apps and games as well as speedy MVPs
and prototypes. It is important to create apps that work on different screen sizes because it
allows more people to use your app. Not everyone has the same screen size, so it's important
to make sure your app can be used by as many people as possible.

Additionally, building an app that works across multiple screen sizes can make it
easier to reach a global audience, as people in different regions are likely to have different
sizes and specs. Different screen techniques. Creating an app that works on any screen size is
key to maximizing its usability and appeal.
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Flutter

Figure 21: Logo of Flutter application. [37]

Google launched Flutter in 2017 as an open-source framework for developing cross-
platform applications. The goal of the project is to give developers a way to build high-
quality, natively compiled apps for Android and iOS from a single codebase. One of the
major limitations of creating native iOS or Android apps is the time and effort required to
create two separate code bases. Building a cross-platform application with a framework like
Flutter can help reduce development time and costs and make it easier for users around the
world. Additionally, building apps that look original improves user experience and increases
adoption.

As mobile developers, we are often asked whether to use a cross-platform solution or
create native apps. While we always have a considered answer, we almost always turn to a
budget. It's important to note that the cost of running the same application on separate code
bases is better spent on better funded projects, where native performance can really be the
defining feature. determined. User experience. Flutter uses the Dart programming language, a
modern object-oriented language created by Google. With native and web development
support and the use of powerful tools like the Flutter SDK, App Engine, and Firebase, Dart
makes it easy to build high-quality mobile apps quickly with Flutter. Flutter is designed as a
cross-platform SDK that can be used to build frontend and backend applications in a variety
of programming languages including Dart, Java, C/C++, and more. Its powerful framework
and tools make it easy to quickly build high-quality mobile apps for any purpose.

2.13 Android Studio
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Figure 22: Logo of Android Studio application. [38]

For Android Studio, this program is Google's official Integrated Development
Environment (IDE) for building and developing Android applications using IntelliJ IDEA.
The goal of Android Studio is to develop an IDE engine that can develop apps on Android
more efficiently. GUI design allows app preview in different views on any smartphone model
and can display something instantly without having to run the app on an emulator on android
feature Studio. []

2.14 Java application
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Figure 23: Logo of Java. [39]
Java is an object-oriented programming language that may be used to develop
applications for a variety of platforms. It was developed by James A. Gosling and his
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colleagues at Sun Microsystems, which is now owned by Oracle. The language was intended
as an alternative to C++ and is comparable to Objective-C. Java is intended to be highly
interoperable and simple to use, allowing programs to be built once and executed on any
platform that supports Java without requiring recompilation. This is feasible because the
generated code is stored in bytecode, which may operate on any Java virtual machine (JVM)
independent of the underlying operating system. Since 2016, Java has been extensively used
for client-server web applications, and the produced bytecode may operate on a range of
operating systems, including Windows, Linux, and Mac OS.

2.15 Kotlin application

JetBrains created Kotlin, a programming language that has grown in popularity due to
its potential to be utilized for Android app development. It is a statically typed language that
may be constructed on top of the Java Virtual Machine or JavaScript. It was recently
developed natively using LLVM. Kotlin is entirely compatible with Java code, allowing for
progressive project transfer.

JetBrains, the maker of prominent IDEs such as IntelliJ] and WebStorm, initially
launched Kotlin in 2010. It went open-source in 2012, making it a new programming
language. Although it was not widely used in its first five years, it has since become a crucial
component of mobile application development. When Google announced Kotlin support in
2017, its popularity skyrocketed. Since then, it has been extensively accepted and
recommended by 72% of Android application developers.

JetBrains created Kotlin, an open-source programming language that is entirely
compatible with Java code. It offers a short learning curve, decreases programming time,
supports object-oriented and functional programming, and makes asynchronous programming
using coroutines easier. It is cross-platform compatible and very adaptable, allowing
developers to work in their own way. In compared to Java, Kotlin's syntax has been
streamlined and updated, it addresses Java issues, and it is more secure. Kotlin has grown in
popularity among app developers, particularly for Android mobile app development. [40]

2.16 Firebase
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Figure 24: Logo of Google Firebase. [41]

Google's Firebase is a development tool that facilitates the creation of i0S, Android,

and web apps. It offers a number of services, such as analytics to monitor user activity and
enhance app performance, authentication to ensure secure access, cloud messaging to deliver

messages across platforms, a real-time database to store and sync data in real-time,
Crashlytics to track and resolve stability issues, Performance Monitoring to enhance app

performance, and a test lab to test apps on various hardware and configurations. With
Firebase, developers can focus on creating better features for their apps rather than spending
time debugging issues.

Firebase offers a number of services, including:

1.

Analytics - Google Analytics for Firebase provides free, limitless reporting on up to
500 different events. Analytics provides user activity data for 10S and Android apps,
enabling improved performance and app marketing decisions.

Authentication - The sign-in and onboarding experiences for users are improved by
Firebase Authentication, which makes it simple for developers to create secure
authentication systems. With support for email and password accounts, phone auth,
Google, Facebook, GitHub, Twitter login, and more, this feature provides a
comprehensive identity solution.

Cloud messaging - Firebase Cloud Messaging (FCM) is a cross-platform messaging
tool that lets companies reliably receive and deliver messages on i0S, Android, and
the web at no cost.

Realtime database - Data may be saved and synchronized in real time across users
thanks to the cloud-hosted NoSQL database called Firebase Realtime Database. When
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an app is offline, the data is still accessible since it is continuously synchronized
across all clients.

Crashlytics - A real-time crash reporter called Firebase Crashlytics assists developers
in tracking, prioritizing, and resolving stability problems that lower the caliber of their
apps. With crashlytics, developers can focus more on creating features for their apps
rather than managing and resolving crashes.

Performance - Developers may use the Firebase Performance Monitoring tool to get
insight into the performance characteristics of their iOS and Android applications and
use that information to decide where and when their apps' performance might be
enhanced.

Test - lab - An infrastructure for testing apps on the cloud is called Firebase Test Lab.
Developers may test their iOS or Android apps on a multitude of hardware
combinations with a single process. In the Firebase console, they may view the
outcomes, including videos, images, and logs.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

This chapter explores the notion of deep learning along with its technological
infrastructure for data acquisition, and the available literature on machine learning methods.
The central theme of the chapter is the COVID-19 pandemic, which is initially examined in a
concise manner. The discussion then centers on the critical need to detect infectious diseases
at an early stage to minimize their transmission. The present discourse provides a
comprehensive overview of the utilization of deep learning techniques in the domain of
COVID-19 to facilitate the diagnostic process of crucial physiological parameters.

PRE-SYMPTOMATIC DETECTION OF COVID-19 SYSTEM BASED ON
DEEP LEARNING TECHNOLOGY

DETELERS Deep learning & Al

Smartwatch Application on tablet
and smartphone

Computer and Doctor & Medical staffs
Devices

Contract : Dr. Wibool Piyawattanametha
wibool@gmail.com

Figure 25: Overview of Pre-symptomatic detection of Covid-19 system based on deep
learning technology from smartwatch data.

The process of data acquisition, depicted in the preceding figure, entails the retrieval
of essential physiological parameters, such as heart rate, blood oxygen saturation, step count,
and temperature, from a smartwatch device through an associated software program. The
collated data is subsequently entered into a database, which makes use of an internet
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connection to forecast a diagnosis of COVID-19. The implementation of this inventive
methodology for obtaining data presents a valuable asset in the management of crisis

situations.

In addition, the telehealth system has to contact with doctor and give vital data that
we got from the patient’s watch and from the patient's input. Doctor can analyze from vital

signs and diagnosis to find the solutions.

3.2.1 Recruited participants and significant vital sign

The study was carried out in KMITL and conducted with a total of 5300 participants
recruited, including 5262 from Stanford paper [8] and 38 students of biomedical engineering
KMITL. Details about the parameter can be found in Table. These vital signs in humans are
very important for the generalization of the machine-learning model since the gathered data
will differ. For example, the mean heart rate value during blood oxygens and sleep cycle

User ID
#00001
#00002
#00003
#00004
#00005
#00006

AverageHeartrate_Jun AverageHeartrate_Jul

101
96
104
101
101
97

(&

96
97
102
97
105
109

AverageSpO2_Jun

Table 1: User ID and their average vital signs per month.

3.2.2 Data acquisition procedure

98
98
99
97
95
94

AverageSp02_Jul

From the figure overview of pre-symptomatic detection of the Covid-19 system based
on deep learning technology from smartwatch data, there are a lot of crucial components to
the data collection process. The initial part is smartwatch comes with measurer sensors for
vital signs and significant values such as temperature, steps, and time. The secondary is the
application due to telehealth needing vital signs display system and the goal of this research
is to develop a telehealth system simpler and easier to use. The third is a database system to
acquire patient data and linked with Al or artificial intelligence to alert pre-symptomatic
Covid-19 through analyzing filled patient symptoms and collected vital signs from the

smartwatch

3.2.3 Smartwatch and Application

Each participant wears a Fitbit or J-style, a smartwatch device for the measurements
of vital sign parameters, providing integrated blood oxygens, heart rate, step, spO2, and sleep

97
94
97
98
98
94
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with an optical sensor as we identified in Chapter 2 or depicted in Figure. The data sheet of
the vital sign can be found in Appendix. These two smartwatches have different methods to
develop applications related to the smartwatch's ability. J-style has a JClife application and a
Fitbit mobile application to connect between watch, your mobile phone and its database.

(a) (b)
Figure 26: JClife application (a), and Fitbit mobile application (b).

3.2.3.1 J-Style 2025E Model

The fact that this smartwatch is not using a TCP/IP-based protocol for
communication makes it hard to reverse engineer. if it was supposed to be on a local
network, things would be a bit easier than just using MAC or IP to sniff and dump packets in
a PCAP file to be later analyzed with Wireshark, it could have been cryptic but easy to sniff,
Basically a Man in the Middle sort of thing, even a simple CLI tcpdump would also work,
but rather it is using Bluetooth which is meant for peer-to-peer networking, means at one
time the device can only talk to one master.

An amazing application by Nordic Semiconductor which runs on Android and ios is
called NRF Connect which can be used to explore GATT services and characteristics
exposed by the device. I can use this app to connect to a smartwatch, know its Unique
Address (sort of MAC address), and find which GATT services are exposed by the
smartwatch and their corresponding characteristics. First, turn the Bluetooth and smartwatch
on and scan for devices. The device was shown up swiftly with the name 'Generic Access' as
shown in the screenshot below.
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Figure 27: nRF Connect.
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Figure 28: Searching Bluetooth devices to connect in nRF Connect.
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Connecting to the bulb with the nRF connect app reveals three available GATT
services as in the screenshot. two out of three GATT Services exposed by the light bulb are
generic to most of BLE Devices, the 0x1800 for Generic access to devices and 0x1801 for
Generic pieces of stuff, you can check out the Bluetooth GATT website to find more about
this and other GATT services. These services define device names, device types, and statuses

as shown in screenshots.

3.2.3.2 Fitbit Model

Fitbit smartwatch is an American electronic company that has products about
technology and fitness. The Fitbit smartwatch makes your training regimen as hassle-free as
possible by wrapping this little device around your wrist. They are jam-packed with useful
functions that make your life easier, including pure pulse, smart track, sleep tracking, and

others.
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Let’s start off by going to the website https://dev.fitbit.com/. This is the website for

Fitbit developers, go to manage and select register an app.

5‘ deVelOper Getting Started  Build v

You'll fit in here

Using JavaScript, CSS, and SVG, developers
now have a fast, easy way to build apps and
clock faces for Fitbit OS

LEARN MORE

Support

Gallery App
Manager

App Gallery
Guidelines

Figure 29: Fitbit developer website and function of registering an app.

After selecting register an app, fill in the information that requires, including

Community v

application name, description, application website URL, organization, organization website
URL, term of service URL, privacy policy URL, OAuth 2.0 application type; for this part,
always choose personal, redirect URL, and default access type. After the application has

been created, Fitbit will send the application’s client ID.

Q



(2)

Application Name *

COViDectect

Description *

PRE-SYMPTOMATIC DETCTION OF

COVID-19 SYSTEM BASED ON

DEEP LEARNING TECHNOLOGY

Application Website URL *

hitps.//fome kmitl.ac th

Organization *

BME KMIT

Organization Website URL *

hitps //ome kmitl ac thi

Terms of Service URL *

hitps://ome kmitl.ac.th

Privacy Policy URL "

https.//ome kmiti.ac. i

OAuth 2.0 Application Type *
Server Client ¥ Persona

Redirect URL *

hitp:ilocaihost

Defauit Access Type *
@ReasaWne O RendOuly @
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(b)

OAuth 2.0 Client ID

238883

Client Seqret

Ocdfd11e7200e4d6171878be79d62443

Redirect URL

hitp:/locathost

OAuth 2.0: Authorization URI

htips:#/wwaw Titbit. comvoauth2/authorize

OAuth 2.0: Access/Refresh Token Request URI

hitps://api.fitblt.com/oauth2/oken

OAuth 2.0 ttorial page

Figure 30: Creating the application on the Fitbit website (a) and creating the application and

client ID (b).

The next step is to navigate to the Fitbit developer website at this address:

https://dev.fitbit.com/build/reference/web-api/authorization/authorize/. For use with the

application, this website has an OAuth 2.0 authorization URL. Choose the implicit grant
flow URL. After that, copy the URL and paste it into Notepad++ for separating focused

information like client ID and expiration time.
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Authorization Code Grant Flow with PKCE (recommended)

https www . Fitbit.com/cauth2/authorize?response_typescode
&client_id=c<client ID>
&redirect_urishttpsR3AN2Fi2Fexample. comi2Fcallback
&code_challengesE9Melhoa20wvFrEMTIgCHa0eK 1t BURWDUGISstw-cM
&code_challenge_method=5256

&scope=activityX2onutritioni2oheartrateX2olocationie...

Authorization Code Grant Flow

https www . fitbit.com/cauth2/authorize?response_typescode
&client_id=c<client 10>
Sredirect_urishttpsX3AN2FX2Fexanple. com¥2Fcallback

&scopesactivityX2onutritioni2oheartrateX20locationk2e. ..

Implicit Grant Flow

https www . Fitbit.com/oauth2/authorize?response_typestoken
&client_idscclient ID>
Sredirect_urishttpsS3AN2FX2Fexanple, com¥2Fcallback
Gexpires_ins=604800

SscopesactivityRlonutritioni2oheartrateX20locationk2e...

Figure 31: The implicit grant flow URL.

The next step, change the client ID in the URL using the client ID that we receive
from our application. Then change the redirect URL using the redirect URL of our
application. Defined scope of activities of application and duration of application. The
reference expiration is shown in this website https://dev.fitbit.com/build/reference/web-
api/authorization/authorize/.

The new implicit grant flow URL should now be copied and pasted onto the
organization's website as the next step. Afterward, let the app be accessible and get data from
the smartwatch. after approval of the application. It would navigate to another website where
the application's access token and user id are stored. Save the user id and access token for
usage in the code connecting our application to the Fitbit database.

From the Fitbit database, we would use Python language to bring out data by using a
user ID and access token to define the watch that we wanted to bring out data. The code
structure started with a header to define authorization and token. Next, the request part is the
part that defines which type of data we want to bring out for this code.

The last part is for the loop. In this loop, we defined the data type, date type, and printout.

import requests
from openpyxl import Workbook

access_token = 'eylhbGci0iJIUzI1INiJ9.eyIhdWQiOiIyMzgaQjMiLCIzdWIiOiISVIRYS]YiLCIpc3MiOilGaXRiaXQilCIeeXAiOiJhy2N1c3NfdGIrZwa
user_id = '9vTXJ6'

header = {'Authorization': 'Bearer {}'.format(access_token)}

heart_rate_request = requests.get('https://api.fitbit.com/1/user/-/activities/heart/date/2022-06-27/1d.json',headers=header)

print(heart_rate_request.status_code)
data_in=heart_rate_request.json()

Figure 32: Using user ID, access token and request for heart rate data to bring out data.
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for item in data_in['activities-heart-intraday'][ 'dataset']:

f"{data_in['activities-heart'][0][ 'dateTime']} {item['time']}"

A
B = item['value']

sheet.cell(row=row, column=1).value
sheet.cell(row=row, column=2).value
row += 1

"
@ >

print(A,B)

Figure 33: For loop define the data and date types to print out data.

import requests

import time
from pprint import pprint
import json

access_token = 'eyJlhbGci0ilIUzIINiJ9.eylhdwQiOiIyMzgaQjMiLCIzdWIiOiISVIRYSjYiLCIpc3MinilGaXRiaXQiLCI0eXAi0iJhY2N1c3NfdGOrZne

user_id = '9VTXJ6'
header = {'Authorization': 'Bearer {}'.format(access_token)}

activity_request = requests.get('https://api.fitbit.com/1/user/-/activities/steps/date/2022-06-22/1d.json’,headers=header)
print(activity_request.status_code)

data_in=activity_request.json()

for data in data_in[‘'activities-steps']:
print(data_in)

Figure 34: Code for bringing steps of activities data per day.

import requests

import time

from pprint import pprint
import json

access_token = 'eyJlhbGci0ilIUzI1INiJI9.eyIlhdWQiOilyMzg4QjMiLCIZdWIiOiISVIRYSJYiLCIpc3MinilGaXRiaXQilCI0eXAi0iThy2N1c3NfdG

user_id = '9VTXJ6'
header = {'Authorization': 'Bearer {}'.format(access_token)}

sleep_request = requests.get(' https://api.fitbit.com/1.2/user/-/sleep/date/2022-06-18.json',headers=header)
print(sleep_request.status_code)

data_in=sleep_request.json()

for data in data_in['sleep']:
print(data)

Figure 35: Code for bringing sleep data per day.
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import requests

import json

import pandas as pd

from time import sleep

from datetime import datetime

#API connection requires a token supplied by fitbit after an API registration: https://dev.fitbit.com/apps/new
token = 'eyJlhbGci0iJIUzI1INiJ9.eyIhdWQiOiIyMzgaQjMiLCIzdWIiOiISVIRYSjYiLCIpc3MiOilGaXRiaXQilCI0eXAi0iJhy2N1c3NfdGor

url_spo2 = 'https://api.fitbit.com/1/user/-/spo2/date/2022-06-07/2022-07-09.json’
response = requests.get(url=url_spo2, headers={'Authorization':'Bearer ' + token}).json()
response

Figure 36: Code for bringing spO2 data per day.

3.2.3.3 Java Application

The development process for the Jstyle 2025E app primarily utilizes Android Studio
and involves writing code in the Java programming language. The app is designed for use on
Android devices, and creating the app involves configuring Gradle and the Android Manifest,

establishing communication with Bluetooth Low Energy on smartwatches, and creating
layouts and activities within the application.

i.gradle (:app) 8 AndroidManifest. xmi Myapp.java BleManager jay HeartRateDataAdapter.javi SharedPr

project sync failed. Basic functionality (e.g. e , debugging)
<?xml version encoding
<manifest xmlns:
xmlns:
package

<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission :name
<uses-permission ‘name
<uses-permission ‘name

<uses-permission :name

<uses-permission e

<application

:name
:allowBackup
:icon
:label
:roundIcon
:supportsRtl
:theme

:ignore

Figure 37: The example Java code of the Android Manifest file.
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The next step in developing the Jstyle 2025E app is setting up the Gradle file. This is
a crucial step in which we specify the SDK version and install necessary tools and libraries
for app development. In our app, we used API 28 (Android 9.0) to cater to the latest
smartphones and set the minimum SDK version to API 21 (Android 5.0) to make the app
compatible with older devices. Additionally, we installed required libraries, which are
depicted in figure , to aid in the app's development. The Android SDK is a powerful tool that
has contributed to the rapid growth of Android apps and contains various programs and
libraries required to develop Android apps.

3.2.3.3.1 Setting The Gradle and Android Manifest

The initial step in developing the application involves configuring the Gradle and
Android Manifest. This is done by writing Java code (as seen in Figure ) to include crucial
permissions like Internet access, defining the application name and logo, and specifying
which activities will be part of the application.

¥ build.gradle (:app) “& AndroidManifest.xm Vi ger.java t Vi ava HeartRateDataAdapter.java SharedPr
sradle project sync failed. Basic functionality (e.g. editing, debugging) will not work properly
apply
apply
android {
compileSdkVersion
lintOptions {
abortOnError
}
defaultConfig {
ndk {
abiFilters
}
flavorDimensions
applicationId
minSdkVersion
targetSdkVersion
versionCode
versionName
testInstrumentationRunner

}

buildTypes {
release {
minifyEnabled
proguardFiles getDefaultProguardFile(

}

1
J
greendao {

schemaVersion
daoPackage

targetGenDir

Figure 38: The version of SDK in Jstyle 2025E app.
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build.gradle (:app) Andr »st.xm & ava 1 »Service.java HeartRateDataAdapter.java

vork properly

sourceSets {

[

i
jniLibs.srcDirs = [

.

}

productFlavors {

}

}
e
dependencies {

implementation fileTree(
implementation
testImplementation
implementation project(

implementation
implementation
implementation
implementation
annotationProcessor
implementation
implementation
implementation project(
implementation
implementation files
implementation

Figure 39: The list of libraries that were installed.

3.2.3.3.2 Connection Between Jstyle 2025E Application and Bluetooth Low Energy (BLE)

For BLE-enabled devices to connect with the Jstyle 2025E smartwatch and its
application, a communication channel must be built after setting the Android Manifest and
Gradle. As seen in Figure, the Android Manifest file must declare a number of permissions in
order to use the Bluetooth Low Energy APIs. The BluetoothAdapter must be consulted, as
shown in Figure, to confirm whether the device supports Bluetooth after receiving
authorization to use it. The device searches for nearby Bluetooth Low Energy (BLE) devices
if Bluetooth is enabled. As shown in Figure, the device then finds another device with the
same UUID, which is a special collection of numbers used to identify the device and prove
that the hardware utilized in our project is special. The device then creates a connection with
the GATT server of the BLE device to learn more about its capabilities. Based on the
connected device's services and characteristics, data can be sent to and received from it after a
connection has been made.



57

To scan for devices that match the UUID, we will utilize a code command to scan and
list the device names, connect to the desired device, and retrieve data. In the event that a
device has a UUID that does not match a UUID on the app, the device's name will be
displayed as an unknown device, as illustrated in Figure. These meticulous steps ensure that
our app communicates effectively with BLE-enabled devices and provides our users with
seamless functionality.

<Uses-permission

<Uses-permission

Figure 40: Bluetooth Permission in Android Manifest.

HashMap< > = HashMap

Figure 41: UUID of Jstyle model.
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onCreate ( stanceState) ({

SHORT)

bluetoothManager = ) ( .BLUETOOTH SERVICE)
= blue hManager. Q0

.makeText ( .string.error_bluetooth_not_ supported
.LENGTH_SHORT) .show()

0

}

PermissionsUtil.requestPermissions( .permission.ACCESS_FINE_LOCATION)

Cannot resolve symbol ‘Manifest'

menu) {

().inflate( menu.main, menu)

d.menu_stop) .setVisible(
Figure 42: Java code for scanning the list of device’s names by connecting BLE.

3.2.3.3.3 Layouts of Application

The layouts of the app are programmed in Java using Android Studio. These layouts
include the list of device names that appears when the program scans Bluetooth Low Energy
(BLE), the layout for the list of data, and the main page layout that shows the list of functions
and real-time monitoring. With the goal of offering an aesthetically beautiful and user-
friendly experience, all layouts are produced in.xml files.

3.2.3.3.4 Switching to Kotlin: Overcoming Compatibility Issues and Embracing Improved
Safety and Efficiency in Android App Development

Many Java-based app developers discovered that their apps were crashing as a result
of compatibility difficulties when the latest Android version was published. Developers found
this annoying since it required them to rewrite their programs in Kotlin, a new language. For
many years, Java has been the most popular language for creating Android apps, but Kotlin
has recently become increasingly common because of its enhanced safety features and
simpler syntax. Developers may utilize both Kotlin and Java in the same project because they
are both fully compatible. Making the conversion from Java to Kotlin might be difficult for
developers at first. Kotlin makes it simpler to develop and maintain code because to its clear
syntax and minimal boilerplate. Null pointer exceptions, a typical cause of errors in Java
code, may be avoided thanks to Kotlin's null safety capabilities. Developers must take into
account these differences while rebuilding an app in Kotlin. Developers must exercise greater
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caution when handling null values, for instance, due to Kotlin's use of nullable and non-
nullable types. In order to lessen code duplication, Kotlin also offers a set of extension
methods that may be used to enhance the functionality of already existing classes.Many
developers have discovered that migrating to Kotlin is worthwhile despite some early
difficulties. It may be possible to write less code and maintain the app more easily in the long
term using Kotlin's enhanced safety features and compact syntax.

In conclusion, switching to Kotlin can ultimately be a good choice, even though the
compatibility concerns brought on by the recent Android upgrade may be annoying for Java
developers. The more streamlined syntax and enhanced safety features of Kotlin make it
simpler to write and maintain code, yet the language is completely compatible with Java,
enabling developers to utilize both in the same project. Developers may produce more
dependable and effective apps that work with next Android releases by using Kotlin.

3.2.3.4 Kotlin Application

Our primary goal for this project is to create two telehealth systems and applications
for smartwatch bands. We will work specifically with the Fitbit sense model and the Jstyle
model, both of which have distinctive qualities that will influence how we develop. The
distinctions between these two models will be taken into account by our staff as they employ
techniques that are most appropriate for their skill sets.

The Jstyle 2025E model app is being developed mostly with Android Studio and the
Kotlin programming language. Our group concentrates on developing an app that is
especially suited to the Android and iOS operating systems. We perform a number of
important actions to do this, such as configuring Gradle and the Android Manifest,
connecting the wristwatch to Bluetooth Low Energy, and developing the appropriate layouts
and activities for the program. By closely adhering to this development process, we make
sure that our software is both useful and easy to use.

3.2.3.4.1 Setting The Gradle and Android Manifest
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Configuring Gradle and the Android Manifest is the first step in generating and
developing the application. Writing Java code is required for this procedure, as shown in
Figure, to include crucial permissions, such as Internet permission, define the application's
name, establish the application's logo, and guarantee the smooth integration of all
application-related operations. These steps are essential to ensure the program runs without a
hitch and performs to its full potential. Our team can produce a useful, high-caliber
application that satisfies the expectations of our customers by following this meticulous
development methodology.

Figure 43: The example Kotlin code of the Android Manifest file.

The configuration of Gradle, as shown in Figure, is an essential step in creating our
application. The Software Development Kit (SDK) version of the program may be changed
using this file. The Google SDK gives programmers a tool to make programs and
applications for the Android operating system that are free for the public to download and
use. This has aided in the quick expansion of Android applications. The Jstyle 2025E app
was developed for the most recent devices, thus in order to support them, we added API 33
(Android 13). Additionally, we set the SDK's minimal need so that older smartphones
running Android 11.0 or API 31 may still use our app. Additionally, we set up libraries,
which are crucial resources for creating this application and are shown in Figure. These
painstaking procedures guarantee that our software works flawlessly for our consumers
across a broad range of devices.
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Figure 44: The version of SDK in the J-style 2025E app.

tationRunner

Figure 45: The list of libraries that were installed.

3.2.3.4.2 Connection Between Jstyle 2025E Application and Bluetooth Low Energy (BLE)
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For BLE-enabled devices to connect with the Jstyle 2025E smartwatch and its
application, a communication channel must be built after setting the Android Manifest and
Gradle. As seen in Figure, the Android Manifest file must declare a number of permissions in
order to use the Bluetooth Low Energy APIs. The BluetoothAdapter must be consulted, as
shown in Figure, to confirm whether the device supports Bluetooth after receiving
authorization to use it. The device searches for nearby Bluetooth Low Energy (BLE) devices
if Bluetooth is enabled. As shown in Figure, the device then finds another device with the
same UUID, which is a special collection of numbers used to identify the device and prove
that the hardware utilized in our project is special. The device then creates a connection with
the GATT server of the BLE device to learn more about its capabilities. Based on the
connected device's services and characteristics, data can be sent to and received from it after a
connection has been made.

We will use a code command to scan and list the device names, connect to the target
device, and get data from any devices that match the UUID. A device's name will be
presented as an unknown device in the case that its UUID does not match one in the app, as
seen in Figure. These painstaking measures guarantee that our program works flawlessly for
users and properly connects with BLE-enabled devices.

build.gradle (:app) ] & build.gradle (ViAl)
<?xml version encoding
<manifest xmlns:
xmlns:

<uses-permission :name
<uses-permission :name

<uses-permission :name

Figure 46: Bluetooth Permission in Android Manifest.




63

deviceEditText: EditText
connectButton: Button =
disconnectButton: Button

listView: ListView = :
pter = ArrayAdapter(

requireContext ()

android.R.layout.

mutablelListOf()
)
listView. ada, = pter
115tV1ew.setOnItemClikkListener { _, _, position, _ ->

deviceName = Ad r.getlItem(position)
textView. text = deviceName

= (ActivityCompat.checkSelfPermission(
requireContext ()

Manifest.permission.
) != PackageManager.

ActivityCompat.requestPermissions(
requireActivity(),
arrayOf(Manifest.permission.

{

device = b : 3 & dglel (0 T

(device != 1L )Y
device.connectGatt(requireContext(),

[

1
textView. deviceName

Figure 47: Java code for requesting enable Bluetooth.

= UUID.fromString(
= UUID.fromString(

Figure 48: UUID of Jstyle model.
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BluetoothGattCallback() {

onConnectionStateChange(gatt: BluetoothGatt, status: Int, newState: Int) {

(newState == BluetoothProfile. ) {
(ActivityCompat.checkSelfPermission(
requireContext()
Manifest.permission.
) != PackageManager.

ActivityCompat.requestPermissions(

requireActivity()

arrayOf(Manifest.permission.

i ViAl.app.main

gatt.discoverServices()

Figure 49: Function gattCallback for monotor bluetoothGatt

onServicesDiscovered(gatt: BluetoothGatt, status: Int) {
service = gatt.getService(
service.getCharacteristi
(ActivityCompat.checkSelfPermission(
requireContext()
Manifest.permission.
) != PackageManager.

ActivityCompat.requestPermissions(
requireActivity()
arrayOf(Manifest.permission.

gatt.setCharacteristicNotification(

Figure 50: onServiceDiscovered function
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onCharacteristicChanged (
gatt: BluetoothGatt

characteristic: BluetoothGattCharacteristic

textView: TextView -

value characteristic.getStringVatue (
requireActivity().runOnUiThread ({

textView.text = value

Figure 51: onCharacteristicChanged function

Figure 52: Layout of bluetooth connecting page
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v

OVERIDE EOME FUNCTION IN
BLUETOOTHGATTCALLEACK()

v

OVERIDE ONCONNECTIONSTATECHANGE()
TO DISCOVERY SERVICES ON THE DEVICE

v

OVERIDE ONSERVICEEDISCOVERED()
TO NOTIFY USER IF THE CHARACTERISTIC
MATCH THE UUID

v

OVERIDE ONCHARACTERISTICCHANGED[)
TO WRITE OUT IF BLUETDOTH
CHARACTERISTIC HAS CHANGE

DISPLAY THE CHANGE
IN BLUETOOTH
CHARACTERISTIC

18 USER
DISCONNECT

NO

—NO =~

YES

Figure 53: Flow chart of connecting and acquired data form bluetooth

The user opens the application on their device.

The application checks whether the user is logged in or not. If the user is not
logged in, the application prompts the user to log in or register a new account.
After the user logs in or registers a new account, the application displays the main
menu to the user.

The user selects the "Create a new event" option from the main menu.

The application prompts the user to enter the details of the event, such as the event
name, date, time, location, and description.

The user enters the event details and submits the form.

The application saves the event details to the database and displays a confirmation
message to the user.
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8. The user can view the newly created event in the "My Events" section of the
application.

9. If the user selects the "View all events" option from the main menu, the
application retrieves all events from the database and displays them to the user.

10. The user can select a specific event to view more details about it.

11. If the user selects the "Edit" option for an event, the application allows the user to
edit the event details and save the changes to the database.

12. If the user selects the "Delete" option for an event, the application prompts the
user to confirm the deletion and then removes the event from the database.

3.2.3.4.3 Login and Registration system

3.2.3.4.3.1 Login and Register Layouts of Application

"SignlnActivity.kt" is the name of the class file, which serves as the principal point of
entry for the Android application under development. The class file's code comprises a
number of methods and functions that define the app's functionality and behavior in relation
to the activity_sign_in.xml file. The code editor window is divided into two portions, with the
right side displaying the relevant layout XML file and the left side displaying the XML code.
The visual elements of the program, such as buttons and text boxes, are defined in the layout
file. At the bottom of the IDE, a terminal window provides details about the app sign-in.

= &

Figure 54: The layout of login



Figure 55: The layout of register

3.2.3.4.3.2 Login and Register activities.

Figure 56: Sign up activities file.
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Figure 57: Sign in activities file

3.2.3.4.4 Firebase and Realtime database

Connecting an app to Firebase involves creating a project in the Firebase console,
configuring the app in the project, and adding the necessary Firebase dependencies to the app.
Once the app is connected to Firebase, it can use Firebase services such as the Realtime
Database, Cloud Firestore, and Firebase Authentication.

Adding the Firebase Authentication SDK to an application involves including the
Firebase Authentication dependencies in the app's build.gradle file and initialize the Firebase
Authentication object in the app's code. Firebase Authentication provides a secure way for
users to sign up and sign in to an app using email and password authentication, phone number
authentication, and third-party authentication providers such as Google and Facebook. With
the Firebase Authentication SDK, developers can easily add authentication functionality to
their apps and manage user authentication states.

com.google.firebase.auth.FirebaseAuth
Figure 58: Import firebase to activity

ActivitySignUpBinding

FirebaseAuth

Figure 59: Declare a variable for Firebase authentication



71

.createUserWithEmailAndPassword(email, pass).addOnCompleteListener{
(it. ) {
intent = Intent( SignInActivity:: . )

startActivity(intent)

{
Toast.makeText ( . .toString() ,Toast. ) .show()

Figure 60: Sending user authentication to Firebase

3.2.4 Abnormal detection

3.2.4.1 Abnormal detection using seasonal decomposition

The utilization of seasonal decomposition for the purpose of anomaly detection is a
statistical procedure that seeks to identify any deviations or anomalies that may be present in
the temporal series data. The proposed approach entails the decomposition of a temporal
dataset into constituent seasonal, trending, and residual parts through the utilization of
mathematical modeling techniques, such as the Seasonal Time Series Separation (STL)
algorithm. It is important to capitalize the first letter of each word in a sentence. This helps to
provide clarity and readability to the text. Additionally, using proper grammar and
punctuation is critical to ensuring proper comprehension of the message being conveyed. In
academic writing, adhering to these guidelines is particularly important in order to maintain a
professional and credible tone. Therefore, writers should strive to write clearly and cogently
while utilizing appropriate language and structure. The residual component, which denotes
variation that can be attributed neither to seasonal nor trending components, is subsequently
utilized for the identification of anomalies.

The fundamental concept underlying this methodology is premised on the notion that
an anomaly is often typified by a considerable disparity between the residual component and
the anticipated sample. Anomalies can be identified and signaled for further scrutiny by
means of comparing factual balances with predetermined thresholds or employing statistical
models. The proposed methodology exhibits diverse implementations in various domains,
including but not limited to finance, industrial manufacturing, and healthcare. Particularly,
this approach can be leveraged to detect anomalous trends within temporal data, which can
signify fraudulent conduct, erroneous procedures, and other related phenomena. The
utilization of equipment or the emergence of disease outbreaks.

3.2.4.2 Python library

For making abnormal detection, we have to know the form of our data. Our data is the vital
signs data with time series so, we decided to use seasonal decomposition method to
decompose data and use that data to make the abnormal detection. There are many Python
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libraries to import to our Jupyter notebook for running the abnormal detection code. In this

detection, we use [Python, numpy, pandas, matplotli.pyplot, seaborn and warning.
from IPython.display import display

import numpy as np

import pandas as pd
pd.set_option('display.max_rows', 15)
pd.set_option('display.max_columns', 500)
pd.set_option('display.width', 1000)

import matplotlib.pyplot as plt

from datetime import datetime

from datetime import timedelta

from pandas.plotting import register_matplotlib_converters
from mpl toolkits.mplot3d import Axes3D

import matplotlib.dates as mdates

from statsmodels.tsa.stattools import acf, pacf

from statsmodels.tsa.statespace.sarimax import SARIMAX
register_matplotlib converters()

from time import time

import seaborn as sns

sns.set(style="whitegrid")

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

from sklearn.cluster import KMeans
from sklearn.covariance import EllipticEnvelope

import warnings
warnings.filterwarnings("ignore")

RANDOM_SEED = np.random.seed(0)

Figure 61: Imported Python libraries to the abnormal detection.

3.2.4.3 Import dataset

After we imported Python libraries to our Jupyter notebook, we began with import our
dataset (.csv) into our notebook.

Data

In [4]: def parser(s):
return datetime.strptime(s, '%m/%d/%Y")

In [5]: 1 #read data
2 vital_data = pd.read_csv('HRO6-07.csv', parse_dates=[0], index_col=0, date_parser=parser)

In [6]: 1 #infer the frequency of the data
2 vital data = vital_data.asfreq(pd.infer_freq(vital_data.index))

Figure 62: Imported dataset to the abnormal detection.

3.2.4.4 Manage dataset
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Then after importing the dataset, we will process and reform our dataset to be an easy table.
And that table was used to plot the graph in the next step.

Manage data

In [7]: import datetime
> idx = pd.IndexSlice

In [8]: start_date = datetime.datetime(2022,6,1)
» end_date = datetime.datetime(2022,7,31)
lim_vital_data = vital_data[start_date:end_date]

In [9]: lim_vital_data
out[9]: avgHR
Time
2022-06-01 88
2022-06-02 85

2022-06-03 90

2022-06-04 91

2022-06-05 94

2022-07-27 95

2022-07-28 101

2022-07-29 96

2022-07-30 104

2022-07-31 97

61 rows x 1 columns

Figure 63: Managed dataset to be the table.

3.2.4.4 Plot graph

Next is a common process to use the table data plot into the graph. (Result will be in next

chapter)

In [12]: plt.
plt.
plt.

plt
plt

for

plt.

figure(figsize=(12,5))
axvspan(*mdates.datestr2num([ '06/14/2022", '06/24/2022']), color="pink', alpha=0.5)
plot(lim vital data)

.title('Average HeartRate June-July', fontsize=22)
.ylabel('HeartRate', fontsize=16)
plt.

xlabel('Date’, fontsize=16)
year in range(start_date.year,end_date.year):
plt.axvline(pd.to_datetime(str(year)+'-01-01"), color='k', linestyle='--', alpha=0.5)

show()

Figure 64: Code for plotting average heart rate from June-July graph.

3.2.4.4 Seasonal Decomposition

For the average heart rate, we used that data to decompose as three parts of seasonal

decomposition.

chapter)

They consist of trend, seasonality and residual. (Result will be in next
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Seasonal Decompose

In [13]: from statsmodels.tsa.seasonal import seasonal_decompose
import matplotlib.dates as mdates

In [14]: plt.rc('figure',figsize=(12,8))
plt.rc('font',size=15)

result = seasonal_decompose(lim_vital_data,model="additive")

fig = result.plot()
#plt.axvspan(*mdates.datestr2num([ '66/14/2022°, '06/24/2022']), color="pink’, alpha=0.5)

Figure 65: Code for making seasonal decomposition.

3.2.5 Artificial Intelligence (AI) System

3.2.5.1 Al model

For artificial intelligence model training, we use Python language and machine
learning to create models. This model will create HROSAD. The artificial intelligence (Al)
model shall undertake training of a logistic regression classifier on the training dataset,
utilizing exclusively the normal instances, that is, those free from anomalies. Subsequently,
the classifier will be assessed on the test set by utilizing the instances that did not undergo
classification as anomalies. The assessment criteria employed consist of accuracy, precision,
recall, and F1-score. These metrics will provide insight into the effectiveness of our model in
identifying COVID-19 through the utilization of heart rate and step data.

3.2.5.2 Python library

In the first step, we need to import the library to create a machine-learning process.
The library includes sys, argparse, pandas, Numpy, matplotlib.pyplot, matptotlib.dates, and
seaborn. After that, we need to import the seasonal decompose from statsmodel.tsa.seasonal
library, StandardScaler from sklearn.preprocessing library, accuracy score,
confusion_matrix, fl _score, and recall score from sklearn.metrics library.

import pandas as pd

from sklearn.model selection import train_test split

from sklearn.preprocessing import StandardScaler

from sklearn.ensemble import IsolationForest

from sklearn.linear model import LogisticRegression

from sklearn.metrics import accuracy_score, precision_score, recall score, f1 score
from sklearn.svm import OneClassSVM

Figure 66: Imported Python library to the machine learning model.

3.2.5.3 Import dataset

Detecting Covid-19 using abnormal heart rate and step values can be approached as a
binary classification problem. We will train a machine learning model to classify
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whether a person is infected with Covid-19 based on their heart rate and step count
data.

First, we need to prepare our data. Suppose we have data on the heart rate and steps of
a group of people, and we also have information on whether they have been infected
with Covid-19. We will use this data to train and test our model.

In [54]:

# Load data
data = pd.read_csv('HR_ST-CV06-12.csv")

# Split into features and target
X = data[['avgHR', 'steps']]
y = data[ 'covid_positive']

# Split into train and test sets
X _train, X test, y train, y test = train_test split(X, y, test size=0.2, random_state=42)

# Standardize features

scaler = StandardScaler()

X_train = scaler.fit_transform(X_train)
X _test = scaler.transform(X test)

Figure 67: Imported dataset to the machine learning model.

3.2.5.4 Make the detector using Isolation Forest

Next, we will use the Isolation Forest algorithm to detect anomalies. This algorithm is
based on the fact that the unusual cases are few and different from the normal cases.

We will use this to detect abnormal heart rate and step values in our data.
In [55]: 1
# Fit the anomaly detector

detector = IsolationForest(n_estimators=100, contamination='auto', random_state=42)
detector.fit(X train)

# Detect anomalies in the test set
y_pred = detector.predict(X_test)

# Map anomalies to binary labels
y_pred = (y_pred == -1).astype(int)

Figure 68: Made the detector with Isolation Forest for the machine learning model.

3.2.5.5 Training and get results.

Finally, we will use a machine learning classifier to classify our data based on detected
anomalies. Here we will use a logistic regression classifier. (Result will be in next
chapter)
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In [60]:
# train the One-Class SVM model on the training set
clf = OneClassSvM(gamma='scale', nu=0.1)
clf.fit(X_train)

# predict the class labels of the test set

y_pred = clf.predict(X_test)

accuracy = accuracy_score(y_test, y pred)

precision = precision_score(y_test, y pred,average="macro"')
recall = recall score(y_test, y pred,average="macro"')

f1 = f1_score(y_test, y_pred,average="macro")

print('Accuracy: {:.2f}'.format(accuracy))
print('Precision: {:.2f}'.format(precision))

print('Recall: {:.2f}'.format(recall))
print('Fl-score: {:.2f}'.format(f1l))

Figure 69: The machine learning model training and results.

3.3 Interesting Problems

Since the Covid-19 pandemic, the spread of Coronavirus 2019 has caused turbulence
to the medical system around the world. Medical staff would be the riskiest group to work in
that situation because they were the first gate to face patients. And as it was a pandemic that
can infect many people very easily. The result after many infected patients would be
insufficient room, medical devices, and medical staff to take care of all patients.

In the current situation, the problem of congestion in the hospital is very serious due to
there being new illnesses and viruses that can be transferred from person to person. And we
don’t know if it will have a new pandemic which comes from new viruses and can make
damage like Covid-19 or more efficiently, we can’t know.

3.4 Proposed Solution

From the problem that there are many patients from Covid-19 and this pandemic was
easy to infect by the air so, we have the idea that we should have an early detection and alert
system. But how can we detect it? We think that to detect diseases and pandemics, we have to
use some data to analyze the symptoms and the data that can clearly show the difference
between normal and abnormal conditions of our body is a vital sign. For the wearable which
we can wear all the time and can measure vital signs all time is smartwatch. And this
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pandemic made everyone know about quarantine and as many patients made us know about
home isolation. Both of those have difficult methods to send and receive vital signs data,
telemedicine can make them faster and easier due to everything using the internet and
Bluetooth to make real time connections. We combine all of those parts to be our project
names ‘“Pre-symptomatic detection of Covid-19 system based on deep learning technology
from smartwatch data”.

3.5 Summary

The high-level specifications and design of a system with several essential elements
for the data-gathering process were covered in this chapter. The measurer sensors for vital
signs and important data like temperature, steps, and time are part of the smartwatch's original
component. To bring out data from the smartwatches in each brand, has their own specific
way like J-style has to make mobile application to get the vital signs data and Fitbit has more
easy ways than. Fitbit have to access the web platform, then write Python code to retrieve data
from Fitbit watch.. The application is secondary since telehealth requires a system for
displaying vital signs, and the aim of this study is to create a telehealth system that is simpler
and easier to use. The third is a patient database system connected to artificial intelligence
(AD) to detect pre-symptomatic COVID-19 by examining patient symptoms filled out and
vital signs obtained from the smartwatch.
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CHAPTER 4

EXPERIMENTAL RESULT AND DISCUSSION

4.1 Introduction

From chapters 3 and 4 described the design and implementation of pre-symptomatic
detection of Covid-19 system, a system that can detect Covid-19 pre-symptom using vital
signs from smartwatches. In this chapter, we present a testing method and its results that
consist of the results of Jstyle 2025E and the results of Fitbit and Al technology. For Jstyle
2025E model, its results include the Bluetooth Communication, our own application, and the
data retrieval of Jstyle watches. For Fitbit change 5, its results include the API number
communication, Fitbit application and the data retrieval of Fitbit sense. For the artificial
Intelligence, it includes the graph result of pre-symptomatic Covid-19 and graph result of
patients who were not infected Covid-19.

4.2 Result and Discussion

In the process of retrieving vital signs data, we have to wear smartwatches at all times to get
accuracy and continuous value. Both smartwatches have their specific method to bringing out
the data. For Jstyle, it should make the application with its API to connect to the Bluetooth in
the watches for retrieving data out. In Fitbit platform, it can use Python code with token and
client ID to request permission to bring out data from Fitbit’s server.

4.2.1 Fitbit smartwatch

4.2.1.1 Heart rate

For heart rate data, the data that is retrieved show the value of heart rate per minute,
value of resting heart rate, calories out, and data date. For heart rate data we export in the
form of excel sheet (.xlsx) file per day and combine it to month data for training Al



("activities-heart': [({'dateTime’: "2022-06-07', ‘value': {'customHeartRateZones': [], "heartR
9.79662, ‘max’: 123, 'min’: 30, ‘minutes’: 1440, ‘name’': 'Out of Range'}, {'caloriesout': o, '
s': @, 'name’: ‘Fat Burn'}), {'caloriesout’': 0, 'max': 180, 'min': 148, 'minutes': 0, 'name’: '
ax': 220, 'min’: 180, ‘minutes': @, 'name’: 'Peak’}], ‘restingHeartRate’': 73}}], ‘activities-h
[{"time': '00:00:00', ‘'value': 98}, {'time’: '00:01:00', 'value': 98}, {'time’: '00:02:00', 'v
p', ‘value': 101}, {'time’: '00:04:00', ‘value': 102}, {'time': '00:05:00", ‘value': 103}, ('t
{"time": '00:07:00', ‘value': 87}, {'time’': '00:08:00', ‘value': 99}, {'time’': '00:09:00', 'va
‘value': 87}, {'time’: '00:11:00', ‘value': 92}, {'time’': '©0:12:00', ‘value': 93}, {'time': '
e': '00:14:00°, ‘value': 106}, {'time': '00:15:00°, ‘value': 106}, ('time’: '00:16:00', ‘value
alue': 91}, {"time': "00:18:00", ‘value': 99}, {'time’': '00:19:00', ‘value': 99}, {'time’: ‘0@
'00:21:00", ‘value': 93}, {'time’': '00:22:00°, ‘value': 94}, {'time': '00:23:00', 'value': 92}
87}, {"time': '00:25:00°, ‘value': 82}, ('time’: '©0:26:00', 'value': 84}, ('time': '00:27:00"
B:00', ‘value': 89}, {'time’: '00:29:00', ‘value': 97}, {'time': '00:30:00', ‘value': 100}, {'

Figure 70: The retrieval of heart rate data.

Datetime HR

2022-06-16 00:00:00 104
2022-06-16 00:01:00 104
2022-06-16 00:02:00 103
2022-06-16 02:35:00 82
2022-06-16 02:36:00 70
2022-06-16 02:37:00 64
2022-06-16 02:38:00 73
2022-06-16 02:39:00 72
2022-06-16 02:40:00 68
2022-06-16 02:41:00 68
2022-06-16 02:42:00 62
2022-06-16 02:43:00 59
2022-06-16 02:44:00 58
2022-06-16 02:45:00 59
2022-06-16 02:46:00 60
2022-06-16 02:47:00 59
2022-06-16 02:48:00 57
2022-06-16 02:49:00 61
2022-06-16 02:50:00 59
2022-06-16 02:51:00 63
2022-06-16 02:52:00 66
2022-06-16 02:53:00 64

Table 2: Data of heart rate per day.

79
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Time avgHR
6/1/2022 88
6/2/2022 85
6/3/2022 90
6/4/2022 91
6/5/2022 94
6/6/2022 94
6/7/2022 95
6/8/2022 86
6/9/2022 85

6/10/2022 90
6/11/2022 80
6/12/2022 100
6/13/2022 84
6/14/2022 106
6/15/2022 97
6/16/2022 116
6/17/2022 108
6/18/2022 102
6/19/2022 102
6/20/2022 105
6/21/2022 103

Table 3: Data of heart rate per month.

4.2.1.2 Steps

In the context of this study, the metric of steps data refers to the dataset that displays
the number of steps taken per minute, the resting heart rate, the amount of calories expended,
and the date in which the data was gathered. The data obtained from the series of steps is
subsequently exported as an excel sheet (.xlsx) file on a daily basis, and then aggregated into
monthly data to facilitate the training of AI models.

evw

<class 'dict'>

{"activities-steps’: [{'dateTime’: '2622-@6-07', ‘value': '13566'}], "activities-steps-intraday’': {'dataset’': [{"time': "90:0
9:20', ‘value': @}, {"time': '@@:01:00°, ‘value': 12}, {'time’: '©0:02:08@', ‘'value’: 20}, {"time': '@0:02:00', "value': 74},
{"time': ‘"@@:04:00", ‘value': 24}, {'time": ‘'e@@:05:@@', ‘value': 35}, {"time': '@2:86:00', ‘value': 14}, {'time’: 'G0:07:08°,
'value': @}, {'time': '@0:08:02", 'value': 10}, {'time': '02:09:00', 'value': 0}, {'time’': '00:10:00", 'value': @}, {'time":
'@0:11:007, 'value': 9}, {'time': '00:12:@0', 'value': 0}, {'time': '©2:13:00', 'value': 51}, {'time’: '00:14:00", 'value': 4
1}, {'time’: '00:15:22', 'value': 13}, {'time': '90:16:00', 'value': 16}, {'time’: '@0:17:@e', 'value’: @0}, {'time': '00:18:0
@', 'value': 16}, { time': '©0:19:00', ‘value': 21}, {'time’: '©0:20:09", ‘value’: 29}, {'time': '©9:21:00°', ‘value': 4}, ('t
ime': '00:22:00', ‘value': S5}, {'time': '@a:23:00", ‘value': 1@}, {'time’: '00:24:0@', 'value': 0}, {"time': '@0:25:00"', 'val
ue': 8}, {'time': '@2:26:00', "value': 9}, {'time': '00:27:22", 'value': @}, {'time': '@2:28:00', 'value': 0}, {"time': "00:2
9:e0', 'value': 0}, {'time': '@0:30:00", 'value': 0}, {'time’: '00:31:00", 'value': @}, {'time': '00:32:00', 'value': 0}, {'t
ime': '00:33:00', "value': 8}, {'time’': '@@:24:00°, 'value': 44}, {'time’: '00:35:00', 'value': 30}, {"time': "0@:36:00', 'va
lue': 0}, {"time': '0@:37:00"', "value': @}, {'time’: '00:38:00', 'value': @}, {'time': '00:39:00', ‘value': 0}, {"time': *
40:00', 'value': 8}, {'time': '@@:41:00", ‘value': @}, {'time': '00:42:00"', 'value': 0}, {"time': '@0:43:00', ‘value': 0},
{"time': "22:44:00", 'value': @}, {'time’': '@0:45:0@", 'value': 0}, {'time': '@0:46:00', 'value': 0}, {'time’': '@@:47:00", '
alue': 0}, {'time': "90:48:00", 'value': @}, {'time': '00:49:0@', 'value': 0}, {'time': '00:50:00', 'value': 0}, {'time’': '

Figure 71: The retrieval of steps data.



4.2.2 J-style smartwatch

4.2.2.1 J-style java application

Time

2022-07-01 10:52:00
2022-07-01 10:53:00
2022-07-01 10:54:00
2022-07-01 10:55:00
2022-07-01 10:56:00
2022-07-01 10:57:00
2022-07-01 10:58:00
2022-07-01 10:59:00
2022-07-01 11:00:00
2022-07-01 11:01:00
2022-07-01 11:02:00
2022-07-01 11:03:00

Steps
16

41
66
97
94
101
112
109
81
35

Table 4: Data of steps per day.

Time steps
6/1/2022 1888
6/2/2022 905
6/3/2022 1924
6/4/2022 1252
6/5/2022 1410
6/6/2022 1897
6/7/2022 1099
6/8/2022 1643
6/9/2022 1381

6/10/2022 1581
6/11/2022 1670
6/12/2022 1336
6/13/2022 943
6/14/2022 582

clfac Ihnnn

Table 5: Data of steps per month.

4.2.2.1.1 Bluetooth Low Energy Communication

71N

81
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After writing code to connect the Bluetooth Low Energy (BLE) communication by
using the code to request the Bluetooth permission on the app's manifest file, the code
to request the user's permission to enable Bluetooth, UUID of Bluetooth LE and the
code to scan surrounding devices and show the list of devices name, the result

displayed on the application is shown in Figure . To see the permission of
Bluetooth connection.

App permissions

-
2025test

Allowed

@  Location
@® Nearby devices

Not allowed

Q Body sensors
¢  Camera

3 Files and media

< & 0
Figure 72: 2025E test permission.

4.2.2.1.2 All Functions and Real Time Monitor on Jstyle 2025E Application

For the main layout of this application that was developed, it is all functions and the
real time monitor layout as shown in Figure that display all functions of this application that
can set up the smartwatch and sync the data of the smartwatch. For the real time monitor, it
displays the important data which is measured by the sensors of the Jstyle 2025E smartwatch
in the real time such as steps, heart rate and temperature.
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Basic Info Total Data Heart Rate

Set BSdosiof Read Info
Heart Rate HR and BP Blood Temperatur
Set oxygen e Info

start

Real-time Monitor

Step 1875

Calories 56.6

Distance: 1.04 Km
Time 14 min
ActiveTime 8 min
Heart Rate 91 bpn
Temp: 36.1

Figure 73: All functions of Jstyle 2025E application and the real time monitor.
4.2.2.1.3 Data retrieval of Jstyle Jstyle 2025E

4.2.2.1.3.1 Heart Rate

For this part, we retrieved data from the Jstyle 2025E smartwatch to display on the
application by using the API number. In this model, we can retrieve the history of heart rate
and step from our smartwatch.

For the heart rate data, we wrote the code to retrieve the history of heart rate data and
then the user can click to read data on the HR and BP layout to display on the list of heart rate
information as shown in Figure .
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Figure 74: The list of the heart rate information on the application.
4.2.2.1.3.2 Steps

For the history of step data, our application can retrieve the step data from a
smartwatch that measures the total step data per day. The user can see the history of step data
as shown in figure. X by selecting a read button, and then the application will display the list
of step information per day.

Delete Delete

Figure 75: Total step data per day on the application
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4.2.2.2 J-style kotlin application

4.2.2.2.1 Bluetooth Low Energy Communication

after installation Apps on mobile phones allow access to connect the Bluetooth Low
Energy (BLE) communication by using the code to request the Bluetooth permission on the
app's manifest file, the code to request the user's permission to enable Bluetooth, UUID of
Bluetooth LE and the code to scan surrounding devices and show the list of devices name, the
result displayed on the application is shown in Figure . To see the permission of Bluetooth
connection.

Nearby devices
permission

ViAl

NEARBY DEVICES ACCESS FOR THIS APP

® Allow

O Don'tallow

See all apps with this permission

4 @ =

Figure 76: Nearby device permission.

4.2.2.2.2 login and registration system

When a user wants the to register for an application or service, they are typically
asked to provide certain information to create an account. This information often includes a



86

username and password, as well as other details like their email address or phone number
then after user submits this information, the app or service will typically send it to a backend
server, which may be powered by Firebase or another platform. The server will then process
the information, verify that it meets certain criteria (such as having a unique username and a
strong password), and store it in a database.

Once the user's information has been stored in the database, they will typically be able to log
in to the app or service using their username and password. This may involve sending a
request to the server to verify the user's credentials and retrieve any additional information
associated with their account, such as their preferences or previous activity.

Welcome,
Sign Up to continue

Type Your Password

SIGN UP

Already Registered, Sign In!

Figure 77: Sign up page.



4.2.3 web application

® Running Devices - ViAl

Running Devices: [, Pixel 4 API 31 o s —
OO I0 « ¢ 8 O O

’

Figure 78: Connecting Bluetooth page.
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Create an Accourt!

Figure 79: The creation of account page

Second, the patient and the doctor have to use their e-mail and password to log into our
website. (Figure.16)

= THESIS.. * Gen_8. N Paraph & ViAI-A. © Capsto... What is. vebjdashboardfioginttml @ @ 3t @ (O +
Welcome Back!

G Login with Google

§ Login with Facebook

Forgot Password?

Create an Account!

Figure 80: Log in page
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Then, the patient and the doctor can see and monitor the information that we collected from

smart watches in average values in one day. (Figure.17)
& covormer o o

b
sz Dashboard
HR | 92 BPM HR | 80 BPM HR | 87 BPM HR | 106 BPM
Spo2 | 98% Spo2 | 97% Spo2 | 98% Spo2 | 98%
HR | 95 BPM HR | 115 BPM HR | 102 BPM HR | 94 BPM
Spo2 | 99% Spo2 | 98% Spo2 | 98% Spo2 | 98%

Figure 81: The monitor of the patient’s page

In addition, We have 2 specific pages that can be show the data that have been received both
bands for only Fitbit on Fitbit page (Figure.18) and J-style on J-style page. (Figure.19)

& covierect Search for n o s (8]
Dashboard FITBIT
& Wearable Steps Temperature Heart Rate
i v
6088 85 °C 84 bpm
@ PER DAY @ PER DAY @ PER DAY
Sleep

Copyright © Your Website 2020

Figure 82: Fitbit’s page
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# COVIDRTRCT —— n o .0 Hiwibool ()

Dashboard J_Style

Steps Temperature Heart Rate

& Wearable

| @ iaa!
FITBIT
J-Style . ‘ v

7106 36.5°C 78 bpm

@ PER DAY @ PER DAY @ PER DAY

Temperature Sleep

98 % 7 hr

@ PER DAY @ 3 i awoke x2 @ 24 min restless x2

Figure 83: J-style’s page

P— o

Obe Patient ID 001

T 0 081 FITOIT REPORT
HR| 115 BPM

Spo2 | 98%
92 BPM 7106 Steps 9y — | 364°C
Hoart Rate o urces

spo2

£1C. Cough and Stufty nose

Submit

Figure 84: Patient # 01 page.
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4.2.4 Abnormal detection and machine learning

4.2.3.1 Abnormal detection using seasonal decomposition

Before we decompose the data, we have the average heart rate from the June-July graph
which we described about the code in the previous chapter.

Average HeartRate June-July

15
10
105

100 l‘ (

HeartRate

Figure 85: The average heart rate from June-July graph which
red section is the real positive ATK test and
the yellow section is the abnormal alert that risks being Covid-19.

Abnormal detection using seasonal decomposition is a technique used to identify and analyze
anomalies or outliers in time-series data by decomposing the data into its seasonal, trend, and

residual components.
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Figure 86: The data decomposition
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Figure 87: The residual value to detect abnormally value.

4.2.3.2 The machine learning and Al

As we have abnormal detection, we use machine learning for testing and training the model
and our data. And the result got accuracy, precision, recall and F1 score.
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Accuracy: 0.909
Precision: 0.04
Recall: ©0.22
Fl-score: 0.06

Figure 88: The result from the machine learning testing.

This set of results indicates the model's poor performance on the task. Here's a brief
explanation of each metric:

Accuracy:

This metric measures the proportion of instances that are correctly classified among all
instances in the test set. An accuracy score of 0.09 means that only 9% of cases were
correctly classified by the model, which is a very low percentage.

Precision:

This metric measures the percentage of true positivity (cases correctly identified as positive)
among all cases predicted by the model to be positive. A precision score of 0.01 indicates that
only 1% of cases predicted by the model to be positive are actually true positives.

Recall:

This metric measures the rate of true positivity out of all cases that are truly positive. A recall
score of 0.09 means that only 9% of positive cases were actually correctly identified by the
model.

F1 score:

This metric is the harmonized mean of accuracy and recall. It combines two metrics to give a
single score that represents the overall performance of the model. A low F1 score of 0.03
indicates that the model does not perform well on the task.
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CHAPTER 5 CONCLUSION

5.1 Conclusion

This thesis expounds upon the development and execution of a pre-symptomatic detection
mechanism intended for COVID-19. It is based on the utilization of vital signs information
obtained from smartwatches to identify pre-symptomatic manifestations of COVID-19. This
chapter elucidates a method for testing, comprising an evaluation of the outcomes attained by
Jstyle 2025E and Fitbit smartwatches, alongside the results garnered from the utilization of
Al technology.

The findings indicate that each smartwatch possesses a distinct approach for obtaining crucial
physiological information, which is then extracted as an excel spreadsheet in the .xIsx format
on a daily basis. These data sets are subsequently compiled and combined into monthly
statistics to train artificial intelligence models. In accordance with Jstyle 2025E and Fitbit,
data acquisition techniques differ. In the case of Jstyle 2025E, a proprietary application and
API are employed to connect with the watches' Bluetooth functionality and retrieve data. In
contrast, for Fitbit, Python code, along with a token and client ID, is utilized to solicit
authorization to extract data from Fitbit's servers.

The present study involves the development of the Jstyle 2025E application, which has the
capacity to selectively extract heart rate and step data chronicles from smartwatch devices.
The application enables users to visualize the historical trends of these vital health metrics
through a user-friendly interface. Moreover, the J-style Kotlin application developed in the
present study incorporates a login and registration mechanism, which affords users the ability
to establish an account with a username, password, email address, or phone number.

In this study, a pre-symptomatic detection system for COVID-19 utilizing smartwatches has
been developed and demonstrated to possess promising capabilities in detecting pre-
symptomatic signs of COVID-19. The insights presented in this thesis have important
implications for future researchers and developers to enhance the system's functions and
performance.

5.2 Discussion

As our project had to retrieve the vital signs data from smartwatches, Fitbit is easier
than the J-style that it can bring out from Fitbit dev web platform but the J-style is different.
It had to make the mobile application to encode and bring out vital signs data out to the
computer. Unfortunately, the Android Gradle did not fit the updated version. Because Google
always updates Gradle in the several times, that made us have to remake the new one because
Gradle is A build automation tool that serves to automate the process of application creation.
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The process of constructing a programmed application encompasses the procedures of
compiling, linking, and packaging the software code. The utilization of build automation
tools facilitates an increased level of consistency within the process.

Our project aims to build deep learning technology or machine learning to make the
pre-symptomatic detection of Covid-19 system but our model accuracy is only 0.09 or 9%. It
was very low because the main reason was that our module and other components in the
machine learning model was not suitable for the data and detection type. On the other hand,
the another main reason is the very small number of dataset. Due to the J-style has to the
mobile application and that application had problem so, the charge to get data from J-style
watch because we had finished it just only the previous week and most of the smartwatches in
our lab are J-style smartwatch. Because they are cheaper than Fitbit charge 5 that have only 3
watches and had only one data that infected COVID-19 even though we tried to find other
vital signs dataset from an outsource but it could not be used in our model.
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