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Abstract
Coronavirus disease 2019 (COVID-19), which was declared a pandemic by the World Health
Organization, is a respiratory illness caused by severe acute respiratory syndrome coronavirus-2
(SARS-CoV-2). With no specific treatment against SARS-CoV-2, early detection of COVID-19
is vital to effective tracking and management of the disease. For this reason, several diagnostic
strategies have been implemented to identify COVID-19 infection, to test for past infection and
immune response. These include molecular tests such as RT-PCR, antibody tests and medical
image analysis. While the RT-PCR is the gold standard test for confirming the COVID-19
infection, it requires specialized labs and is time consuming. As an alternative, Chest X-Ray and
CT images using deep learning algorithms have been used. However, because of harmful
radiation doses these approaches cannot be relied on for patients’ screening. Hence, there is a
need for a less expensive, more accessible, and faster detection model to identify COVID-19
disease. Physiological data such as temperature and oxygen saturation can aid in COVID-19
detection and monitoring of COVID-19 patients. The symptoms for a person who is indicative of
Covid-19 include shortness of breath, abnormal heartbeat, and abnormalities in lung function like
the symptoms of pneumonia. Further, there is a target oxygen saturation range for patients with
COVID-19 recommended by the National Institutes of Health. Such data can be continuously
collected to monitor health of individuals using Internet of Things (loT). The research tested
various machine learning algorithms and implemented a low cost 10T based system with a KNN
model which produced the best results. The KNN model, based on monitored oxygen saturation
levels, heart rate and other COVID-19 symptoms, made predictions of person’s health based on
their possibilities for COVID-19 infection an accuracy of 66.67 percent. This can aid in early
detection of COVID-19 symptoms to influence early testing of individuals and to assist hospitals

in remote monitoring of symptoms in patients who have contracted the virus.
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Chapter 1: Introduction

1.1 Background of the Study

Coronavirus disease 2019 (COVID-19) is a respiratory illness caused by severe acute respiratory
syndrome coronavirus-2 also referred to as SARS-CoV-2 (Narzullaev et al., 2020). SARS-CoV-2
IS a virus that attacks the respiratory system and causes ailments such as cough, fever, fatigue,
and breathlessness. Distinguishing characteristics of the virus include its extremely contagious
nature and an incubation period of around 1 to 14 days (Chamola et al., 2020). During this
period, a person infected by the virus, may or may not show any symptoms at all. Therefore,
infected people with no symptoms may unknowingly contribute to the spread of SARS-CoV-2.
The virus has since spread like wildfire throughout the world (Kang et al., 2020). As of March
23, 2021, there have been 122,536,880 confirmed cases of COVID-19 and 2,703,780 deaths
globally(World Health Organization, 2020)(WHO, 2020b).

The rapid rise has heavily been contributed by the easy mobility across countries. This has
prompted the need for immediate countermeasures to curb the catastrophic effects of the
COVID-19 outbreak. In March 2020, the World Health Organization declared the COVID-19
outbreak a pandemic (WHO, 2020a). Since then, governments of different countries have been
forced to close their borders and impose lockdowns to help curb further spread of the virus. With
no specific treatment or vaccine against the SARS-CoV-2, several preventive measures for
individuals to comply with have been set up by the World Health Organization. This is to help
prevent further spread of SARS-CoV-2 virus. These include social distancing, increase in
awareness of hygiene, staying at home when it is not necessary to go out, frequently washing

hands, wearing masks around other people, among other measures(Chamola et al., 2020).

With these crucial times, rapid and accurate diagnosis of COVID-19 suspected cases plays a key
role in timely treatment and quarantine. Several diagnostic strategies have been implemented to
identify COVID-19 infection, to test for past COVID-19 infection and immune response. First,
widespread molecular testing is being conducted daily to detect signs of active infections. They
involve taking a sample from the upper respiratory track of an individual with a cotton swab. The

sample then undergoes a polymerase chain reaction (PCR) test to detect signs of the virus’s



genetic material (Arpaci et al., 2021). While the RT-PCR is the gold standard test for confirming
the COVID-19 infection, it is limited as it is time-consuming, and need specialized labs.
Additionally, they have logistic and utility limitations while applying them to low-resource
settings (Erdem et al., 2021a). As substitute, past research works have focused on Chest CT
images and Chest X-Ray images using deep learning algorithms. However, because of high
radiation doses they are not suitable to be used for patients’ screening. There is therefore need
for a faster and more accessible diagnostic model to identify the positive and negative cases of
COVID-19 (Arpaci et al., 2021).

To enhance COVID-19 diagnosis and counter these challenges, several technologies are being
developed to help in the early identification of potential COVID-19 cases (Cabitza et al., 2020).
First, Smart devices have been used for symptomatic detection of COVID-19 in individuals.
These devices integrated with sensors collect enormous amount of data of human physiology
every day(Erdem et al., 2021a). This data helps in analyzing various symptoms to help in
COVID-19 diagnosis. Secondly, in Medical Image Analysis, computer vision has been applied to
supplement RT-PCR testing for COVID-19 diagnosis by classifying COVID-induced pneumonia
from chest X-rays and CT scans(Shorten et al., 2021). Lastly, numerous voice samples of
individuals have been analyzed to come up with voice detection systems for screening of
COVID-19. These applications then predict whether a person has symptoms relating to COVID-
19. One such system, developed by a team of researchers from Carnegie Mellon University,
detects COVID-19 in individuals based on their voice (Chamola et al., 2020).

Early detection of COVID-19 is key for effective clinical management and tracking of the
disease. Various clinical studies on COVID-19 have demonstrated how physiological data such
as heart rate, temperature, and oxygen saturation can aid in COVID-19 diagnosis and monitoring
of COVID-19 patients. The symptoms for a person who is indicative of Covid-19 include
shortness of breath, abnormal heartbeat, and abnormalities in lung function like the symptoms of
pneumonia (Hidayat et al., 2020). The current target blood oxygen level range as recommended
by the National Institutes of Health for patients with COVID-19 is 92-96% (Shenoy et al.,
2020)(Miron-Alexe, 2020). Such data can be continuously collected to monitor the health of
individuals using the Internet of Things (I0T) which is an interconnection of physical devices
and the Internet (Kumar et al., 2020). This can be achieved by employing various sensors which



collect data for analysis. This research proposes a low-cost 10T pulse oximetry model that will be
used to monitor oxygen saturation levels and heart rate to help with COVID-19 detection. This
can be an affordable supplement to help improve COVID-19 detection and to contain the spread
of the virus. It will also assist hospitals in remote monitoring of symptoms in patients who have

contracted the virus.

1.2 Problem Statement

The rapid rise in number of infected COVID-19 patients globally has caused a heavy strain on
healthcare facilities. Several resources needed to detect SARS-CoV-2 have been depleted with
the spread of the infection. For instance, the need for point of care monitoring of blood oxygen
level (SpOy) for large numbers of patients has led to both a supply shortage and a cost increase of
commercial sensors (Metcalfe et al., 2021). These have slowed down testing and treatment of
individuals affected by the virus (Cabitza et al., 2020). As of this writing, there are no specific
treatments for COVID-19. RT-PCR tests are the gold standard for COVID-19 diagnosis, but they
have several shortcomings ranging from long turnaround times to high false-negative results.
These tests require certified laboratories, expensive equipment, and trained personnel (Cabitza et
al., 2020).

Further, increased testing has led to shortages of molecular testing reagents for COVID-19 and
for other molecular diagnostics (WHO, 2020b). Developing countries with poor health and
scientific infrastructure are struggling to diagnose and track the disease due insufficient
laboratory facilities and trained manpower. The lack of a treatment strategy has led to
governments imposing uninformed measures on their citizens (Chamola et al., 2020). Lastly
diagnosis using CT and X-Ray images are sometimes difficult to be used due to high costs, few
available devices and radiation doses (Brinati et al., 2020)(Ai et al., 2020).

1.3 Objectives

1.3.1 General Objective
The aim of the study is to ensure early detection of COVID-19 in individuals by developing an

loT pulse oximetry model to monitor oxygen saturation levels and heart rate.

1.3.2 Specific Objectives
i)  To analyze the determinants of COVID-19 diagnosis



i)  To review existing techniques used to detect COVID-19 disease.
iii)  To develop an 10T pulse oximetry model for early detection of COVID-19.

Iv)  To test the developed model.

1.4 Research Questions
i)  What factors are used to determine diagnosis of COVID-19 disease?
i) How are existing techniques being used to detect COVID-19 disease?
i)  How can we develop an 10T pulse oximetry model to detect COVID-19 symptoms?
iIv)  How can we test the model developed?

1.5 Justification

Several countries are shifting from quarantine to reopening businesses throughout the world and
it is critical that governments and hospitals take initiatives to ensure effective detection and
tracking of COVID-19 disease. Early detection of COVID-19 is necessary to slow down the
spread of the disease and avoid transmission by ensuring COVID-19 positive patients are

quarantined early. This also helps in tracing and isolating their close acquaintances.

Monitoring of various COVID-19 symptoms to detect COVID-19 disease will provide easier and
affordable detection to ease governments’ efforts toward curbing the spread of the virus. This
can help supplement RT-PCR as a second-level diagnostic procedure to improve diagnostic
capabilities of hospitals by reducing the number of false negatives. This will help prevent unsafe
exposure of patients and healthcare professionals in hospitals. Further, the study intends to
provide guidelines for the formulation and implementation of public health policies that will help
manage the spread of COVID-19. Results from this research will give insight on transmission of
COVID-19 that can aid decisions on back-to-work policies. Moreover, the study will be useful to
health practitioners, researchers, and academics in building their knowledge for future theory and

practical research work on COVID-19 diagnosis.

1.6 Scope and Limitations

This study is limited to detecting COVID-19 disease by monitoring oxygen saturation levels and
heart rate in people. Other COVID-19 symptoms will aid in building a detection model to
improve on COVID-19 detection. The study will focus on the use of 10T technology and KNN

algorithm in developing the system.



Chapter 2: Literature Review

2.1 Introduction
This section reviews COVID-19 disease, transmission, and diagnosis techniques. It explores
various technologies that are being used to enhance COVID-19 diagnosis, machine learning

techniques that can be applied in COVID-19 diagnosis and related systems.

2.2 Theoretical Framework

2.2.1 Epidemiology of Covid-19

Epidemiology is the study of virus spread in a population, and modern models consider the
heterogeneity of the transmission process and the selectivity of the virus (Renganathan & Uner,
2020). COVID-19 displays different epidemiological traits when compared to previous
coronavirus outbreaks of MERS-CoV and SARS-CoV. Many COVID-19 transmissions have
occurred through human-to-human contact through respiratory aspirates, droplets, contacts, and
feces, and aerosols transmission is highly possible according to the National Health Commission
of China (Yadav, 2020).

Based on published literatures, all three epidemics caused by these three coronaviruses are linked
to wild animal markets(Singhal, 2020). All populations, regardless of age and gender are
generally susceptible to COVID-19. Unlike other coronaviruses, those infected with COVID-19
have shown high viral loads even with no fever or mild symptoms (Zainol Rashid et al., n.d.).
These were detected in upper respiratory specimens of patients with COVID-19, and viral
shedding pattern of COVID-19 patients resembles that of patients with influenza. This suggests
that SARS-CoV-2 may stay around for some time like influenza viruses. Extensive measures are
therefore needed to reduce human to human transmission of COVID-19 thereby controlling the

spread of the virus.
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Figure 2. 1 Global COVID-19 trend (Amulya et al., 2021). Data accurate as of July 13, 2020

2.3 COVID-19 Disease

A wide variety of COVID-19 symptoms have been reported, including fever, body or muscle
aches, headache, stuffy or congested nose, dry cough, fatigue, sore throat, and loss of taste or
smell, 2-14 days after exposure to the virus. Severe symptoms like high fever, severe cough, and
shortness of breath indicate the onset of pneumonia. Less common gastrointestinal symptoms
like diarrhea, nausea, and vomiting have also been listed at the Centers for Disease Control and
Prevention (Yadav, 2020). A study on COVID-19 indicates that an abrupt decline in Heart Rate
Variability and a decrease in heart rate may signal the onset of COVID-19 before common
symptoms (Buchhorn et al., 2020). COVID-19 manifests with clinical features ranging from the
asymptomatic state to acute respiratory distress syndrome (ARDS) and multiple organ
dysfunction syndrome (MODS). The results of a study conducted by the WHO in collaboration
with China show that while most of the COVID-19 patients developed a mild to moderate
disease, a few patients were diagnosed with a severe (13.8%) and a critical (6.1%) form of the
same. Patients with a severe or a critical form of the disease often develop bluish lips/face and
are prone to a variety of complications, including ARDS, acute heart injury, and secondary
infection (Loey et al., 2020).



Most Common Symptoms
Fever 87.9%
Diry Cough 607 7%
Fatigue 38 1%
Sputum Production 33.4%

Less Common Symptoms
Shortness of Breath 18.6%
Myalgia / Arthralgia 14.8%
Sore Throat 13.9%
Headache 13.6%
Chills 11.4%

Rare Symptoms
Nausea 5.0%
Nasal Congestion 4.8%
Diarrhea 3.7%
Hemoptysis (coughing up blood) | 0.9%
Conjunctival Congestion 0.8%
Source: WHO

Figure 2. 2 COVID-19 Symptoms (Chamola et al., 2020)

According to the World Health Organization, testing is the key to controlling the spread of
COVID-19 (Motley et al., 2020) It is essential for treatment, contact tracing and early isolation
for those infected by the virus. Tests for Covid-19 are conducted in commercial, private, and
state-owned health labs. Currently, COVID-19 tests are prioritized to vulnerable patients and
health care workers especially in settings with limited resources (Motley et al., 2020). Focused
testing in health care facilities ensures that correct prevention and control measures for the
infection are implemented such that vulnerable patients who do not have COVID are protected
from contracting the virus (Chamola et al., 2020). Moreover, testing among vulnerable
populations is important for early treatment to minimize progression to severe diseases. Testing
results can give a rough estimate of the size of the outbreak in of specific populations and be
used to track trends in those areas. As of 1 June 2020, anyone with symptoms that could indicate
the COVID-19 infection can be tested.

2.3.1 Oxygen Circulation and COVID-19
A key component of COVID-19 treatment has been the monitoring of a patient’s Saturated

Percentage of Oxygen (SpOz), particularly with reference to respiratory conditions. The



saturation of blood oxygen is the measurement of the percentage of oxygen available in the
bloodstream (Ramirez Lopez et al., 2019). Studies have indicated that a great number of
COVID-19 patients were found to be suffering from pneumonia from their chest x-rays taken in
hospitals (Teo, 2020). These patients often have very low oxygen saturations ranging from 50%
to 80% without showing any signs of breathing difficulties (Levitan, 2020). Initially, patients
with COVID-19 pneumonia do not experience any noticeable breathing difficulties due to
oxygen deprivation. This is usually difficult to detect causing a condition terms as “silent”
hypoxia. By the time COVID-19 patients notice they are short of breath, their conditions have

already significantly worsened into moderate-to-severe levels of pneumonia.

Additionally, it has been discovered that the virus attacks the lungs in an unusual way. It causes
the air sacs of patients to collapse which reduce their oxygen levels leading levels. This is
different from normal pneumonia infections where patient lungs fill with fluid or pus. However,
COVID-19 patients are still able to maintains the lungs’ normal ability to expel carbon dioxide
which is the reason why they do not feel shortness of breath in the initial stages of COVID-19
pneumonia (Teo, 2020).

The SpO2 metric has been greatly used in predicting outcomes and triage of patients with
suspected COVID-19 (Metcalfe et al., 2021). This approach is becoming necessary for clinical
routine because it provides vital information on the cardiovascular function of patients. The
current target blood oxygen level range as recommended by the National Institutes of Health for
patients with COVID-19 is 92-96% (Shenoy et al., 2020)(Miron-Alexe, 2020). The pulse
oximetry is the non-invasive measurement technique of the oxygen saturation, which is an
essential parameter used in medicine to determine the health status of a patient, in correlation
with his lungs’ functionality and the capability of the red blood cells to carry oxygen into the

body by the help of Hemoglobin proteins (Chen et al., 2020).

2.4 Covid-19 Diagnosis Techniques

2.4.1 RT-PCR Test

Reverse-Transcription Polymerase Chain Reaction (RT-PCR) is considered the gold standard for
identification of SARS-CoV-2 virus (Linda J. et al., 2020). These COVID-19 tests mostly use
samples obtained from the upper respiratory system using swabs. RT-PCR can be done as a one-

step or a two-step procedure. One-step real-time RT-PCR uses a single tube containing the
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necessary primers to run the entire RT-PCR reaction. Two-step real-time RT-PCR involves more
than one tube to run the separate reverse transcription and amplification reactions but offers
greater flexibility and higher sensitivity than the one-step procedure(Linda J. et al., 2020). The
preferred approach for detection of SARS-CoV-2 is the one-step procedure because it involves
limited sample handling and is quick to set up, reducing possibility for pipetting errors and cross-
contamination between the RT and real-time PCR steps (Chamola et al., 2020). These samples
are then assessed in laboratories to detect the presence of viral RNA using a real-time Reverse-
Transcription Polymerase Chain Reaction (rRT-PCR) test (Chen et al., 2020). A diagnosis of the
COVID-19 is only confirmed if the test identifies the presence of two discriminatory targets for
the SARS-CoV-2 genome, one of which is preferably explicit to the SARS-CoV-2 or the
presence of beta coronavirus followed by the identification of SARS-CoV-2 using partial or
complete sequencing of the virus genome (Chen et al., 2020).

Polymerase chain reaction (PCR) testing has the advantage that the primers needed for tests can
be produced with relative speed as soon as the viral sequence is known. The first RT-PCR tests
for detecting SARS-CoV2 were designed and distributed in January 2020 by the World Health
Organization (WHO), soon after the virus was identified. However, the test protocol is complex
and expensive and is mainly suited to large, centralized diagnostic laboratories. Another great
challenge arises from logistic requirements for transporting clinical samples which lengthens the
time patients can get test results. If the test result is positive, testing ought to repeated for
verification. In patients with confirmed COVID-19 diagnosis, the laboratory evaluation should
be repeated to evaluate forviral clearance prior to being released from observation. Their
performance depends on many factors such as the sample types, different stage of infection in
patients, the skill of sample collection, and the quality and consistency of the PCR assays being
used.

There is an urgent need for an accurate and rapid test method to quickly identify many infected
patients and asymptomatic carriers to prevent virus transmission and assure timely treatment of
patients. However, RT-PCR faces the limitations of a complicated sample preparation, low
detection efficiency, and high false-negative (Fong et al., 2020). Moreover, RT-PCR cannot be
used to monitor the progress of the disease stages and cannot be applied to broad identification of

past infection and immunity.
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Figure 2. 3 Reverse transcription-polymerase chain reaction (RT-PCR).

2.4.2 Medical imaging inspection

Medical imaging inspection is a clinical technigque used detection and diagnosis of COVID-19. It
is more accurate compared to RT-PCR tests but requires expensive equipment operated by
radiologists (Chen et al., 2020). COVID-19 medical image inspection mainly includes chest X-
ray and lung Computerized Tomography (CT) imaging (Fong et al., 2020). CT scans of the lung
reveals tissues of irregularity in patients infected with COVID-19. However, the anomalies are
hard to be distinguished between that of viral pneumonia. The characteristics of COVID-19 as
observed on CT scan include murky paving shades, air space contraction, traction bronchiectasis,

peripheral ground glass opacities, and bronchovesicular thickening (Lerner et al., 2020).
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Figure 2. 4 Examples of lung CT images of normal and COVID-19 cases(Chen et al., 2020)

2.4.3 Serology Testing

Serology testing measure the antibody response in an individual (Chamola et al., 2020).
Antibodies are a type of protein produced as an immune response to invading pathogens (Graves
et al., 2020). Unlike molecular tests, serology tests can be used to confirm suspected cases of
individuals who have been exposed to the virus, developed antibodies, and have recovered. They
could be used to estimate the timing of infection, dating when people were infected and
distinguish people recently in close contact with the virus from people infected early during the
outbreak (Amanat et al., 2020).

Serology tests can also help to identify asymptomatic carriers of the virus. They are crucial for
patient contact tracing and for epidemiological studies. Serological tests are also needed for
evaluation of the results of vaccine trials and development of therapeutic antibodies. Serological
tests are essential to study the immune response to SARS-CoV-2 in a qualitative and quantitative
manner (Linda J. et al., 2020). They help detect presence of immunoglobulin M (IgM) and
immunoglobulin G (IgG) antibodies. IgM first becomes detectable in serum after a few days and
lasts a couple of weeks upon infection and is followed by a switch to IgG(Linda J. et al., 2020).
Thus, IgM can be an indicator of early-stage infection, and IgG can be an indicator of current or
prior infection (Motley et al., 2020). 1gG responses are also important for long term immunity
and immunological memory (Erdem et al., 2021a). Several serological surveys in special

populations are underway. Enzyme-linked immunosorbent assay (ELISA), Rapid diagnostic test
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(RDT), Neutralization assay and Luminescent Immunoassay are some of the serology testing

techniques used to detect antibodies.
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Figure 2. 5 ELISA test detecting antibodies(A) or antigens(B) (Linda J. et al., 2020)

2.5 Technologies Applied in COVID-19 Diagnosis

25.110T

Wearable smart materials which are usually integrated with sensors collect huge amounts of data
on human physiology every day (Mishra et al., 2020). Activity tracking and health monitoring
via consumer wearable devices may be used for the large-scale, real-time detection of respiratory
infections, often pre-symptomatically (Erdem et al.,, 2021b) A study by researchers from
University College Cork has led to the development of a wearable device called COVID-19
Remote Early Warning System (CREW). This device detects the most common symptom in
COVID-19 patients (Jeong et al., 2020). It consists of a wearable thermometer sensor that
measures body temperature, a cloud system for the data collection and a mobile phone-based
platform for its operation. When tested, the device identified individuals whose body temperature
exceeded the critical value of the master data system and recommended necessary precautions to

be taken. Lastly, researchers at Northwestern University achieved to record the severity,
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duration, and frequency of people’s cough using a sensor to be placed in the suprasternal notch,
making it possible for them to diagnose COVID-19 (Sohail, 2020).

2.5.2 Computer Vision

X-rays and CT scans which fall under medical imaging are commonly used for diagnostic and
treatment purposes. They have played very important role in SARS-COV-2 virus detection
during the COVID-19 pandemic (Chamola et al., 2020). For this reason, emerging technologies
such as Al have been used to reinforce the imaging analysis by intelligent detection and
classification of these X-rays and CT scans. For instance, Al-enabled COVID-19 disease
screening can help toward automation of the screening process, to reduce human interaction
among the doctors and the patients. Thus, it helps to reduce the spread of the virus and protect
medical imaging professionals. Furthermore, the computer-assisted Al-enabled automated
classification and recommender systems support the radiologists to make better clinical

judgments with better accuracy, and efficiency.

2.5.3 Voice Detection

COVID-19 disease has led to the development of several voice-detection apps for COVID-19
screening. These applications analyze voice samples of their users’ voice and decide whether a
person has symptoms relating to COVID-19. One such Al application has been designed by a
team of researchers from Carnegie Mellon University to detect the presence of the COVID-19 in
an individual based on his/her voice (Chamola et al., 2020). When using the application, a user
keys in his height and weight, followed by a request to cough three times. Afterwards, they are
asked to recite any alphabet and a vowel loudly. This assists in measuring the lung capacity of
the user by comparing it with thousands of other users’ data, including those who are infected.
The users then obtain results by getting a score out of 10. A higher score indicates that a user’s
features are highly like the features exhibited by COVID-19 patients. The researchers, however,
have added a word of caution stating that this is not a diagnostic process and can never be
substituted for tests conducted in hospitals and laboratories (Chamola et al., 2020).

2.6 Machine Learning Algorithms for Disease Prediction

2.6.1 K-nearest Neighbors (kNN)
The K-nearest neighbor (KNN) algorithm is one of the earliest simplest and classification

algorithms. Unlike the Naive Bayes technique, the KNN algorithm does not require to consider
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probability values. The ‘K’ is the KNN algorithm is the number of nearest neighbors considered
to take ‘vote’ from. The selection of different values for ‘K’ can generate different classification
results for the same sample object (Uddin et al., 2019). The k nearest neighbors are determined
based on some distance metric measure. Two mostly used distance metrics include Manhattan
and Euclidean distance measure. Figure 2.6 illustrates a simplified K-nearest neighbour
algorithm. When K =3, the sample object (‘star’) is classified as ‘black’ and when K =5 the

same sample object is classified as ‘red’ since it now gets more ‘vote’ from the ‘red’ class
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Figure 2. 6 K-nearest neighbor

KNN has been implemented in several COVID-19 detection studies. It has been used to develop
a COVID-19 detection method using the complete genome sequences of human coronaviruses
(Arslan & Arslan, 2021), to classify lung CT scan images into COVID-19 and normal classes

(Kadry et al., n.d.), among other implementations.

2.6.2 Naive Bayes

Naive Bayes is a simple, yet effective and commonly used, machine learning classifier. It is a
classification technique based on the Bayes’ theorem which describe the probability of an event
based on the prior knowledge of conditions related to that event. This classifier assumes that a
particular feature in a class is not directly related to any other feature although features for that

class could have interdependence among themselves (Uddin et al., 2019). Naive Bayes has been
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applied several complex real-world applications such as medical diagnosis, real-time prediction,
spam filtering, and weather forecasting despite its oversimplified assumptions and its Naive
design. It has been used for detection of COVID-19 based on patient laboratory test collected in
hospitals, in a study conducted by (Mansour et al., 2021). Naive bayes has also been used to
develop a framework for COVID-19 pneumonia to help with rapid diagnosis of COVID-19 on
computed tomography scans (Akram et al., 2021).

2.6.3 Decision Trees

Decision tree (DT) is one of the earliest and prominent machine learning algorithms for the
representation of classification using categorical data (Uddin et al., 2019). A Decision tree is a
directed tree that obtains its structure by recursively separating the set of observations. It consists
of a root with no incoming edges, internal or test nodes with exactly one outgoing edge for each,
and leaves which represent the decision node and have no outgoing edges (Maimon and Rokach,
2010).

The decision tree development algorithm is a greedy algorithm which is a top-down recursive
divide-and-conquer in nature. The first and the node at the highest level of the tree is called the
root node where the data is partitioned first using some attribute selection measure. Then the
nodes at the lower levels are also partitioned recursively 11 using a test on an attribute. The last
level of the tree denotes the output class labels (Han & Kamber, 2010). DTs have been found
easy to interpret and quick to learn and are a common component to many medical diagnostic
protocols (Uddin et al., 2019). When traversing the tree for the classification of a sample, the
outcomes of all tests at each node along the path will provide sufficient information to conjecture

about its class. Figure 2.7 Shows a decision tree with its elements and rules.
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Figure 2. 7 Decision Trees

Each variable (C1, C2, and C3) is represented by a circle and the decision outcomes (Class A

and Class B) are shown by rectangles. Decision trees have been used in COVID-19 diagnosis in

classifying COVID-19 based on chest C-ray imaging (Yoo et al., 2020) and diagnosis of
COVID-19 from routine blood tests (Alves et al., 2021).

2.6.4 Strengths and Weaknesses

Table 2. 1 Strengths and weaknesses of machine learning algorithms (Uddin et al., 2019)

ML Strengths Weaknesses

Algorithm

Naive Bayes | - Simple and very useful for large datasets. - Classes must be mutually exclusive.
- Can be used for both binary and multi-class | - Presence of dependency between
classification problems. attributes negatively affects the
- It requires less amount of training data. classification performance.
- It can make probabilistic predictions and - It assumes the normal distribution of
can handle both continuous and discrete data. | numeric attributes.

Decision - Resultant classification tree is easier to - Require classes to be mutually

Trees interpret. exclusive.

- Data preparation is easier.
- Multiple data types such as numeric,

- Algorithm cannot branch if any attribute

or variable value for a non-leaf node is
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nominal, categorical are supported.
- Can generate robust classifiers and can be
validated using statistical tests.

missing.
- Algorithm depends on the order of the
attributes or variables.

k-NN

- Simple algorithm and can classify instances
quickly.

- Can handle noisy instances or instances
with missing attribute values.

- Can be used for classification and

regression.

- Computationally expensive as the
number of attributes increases.

- Attributes are given equal importance,
which can lead to poor classification
performance.

- Provide no information on which
attributes are most effective in making a
good classification.

2.7 Related Works

2.7.1 A Cost-Effective Pulse Oximeter Designed in Response to the COVID-19 Pandemic
(Metcalfe et al., 2021) designed as system to measure both heart rate and saturated oxygen

content using dual wavelength photoplethysmography. The optical sensors were from the

MAXIM range of integrated circuits such as MAX30100 and include all the required drive and

sense electronics. Data in the system was transferred from the optical sensor to an Arduino Nano,

which computes a time averaged heart rate and SpO> for display on an OLED screen.

9V Socket

SSD1306

Figure 2. 8 Architectural plan of the system (Metcalfe et al., 2021)
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2.7.2 Designing loT-Based Independent Pulse Oximetry Kit as an Early Detection Tool for
Covid-19 Symptoms

(Hidayat et al., 2020) focused on the development of pulse oximetry Kits by utilizing 10T tools to
perform remote monitoring of covid-19 patients through smartphones regarding physical and
social distancing protocols. The design and development of portable pulse oximetry kit products
that are equipped with GPS and its integration with loT technology that is mass production is the
focus on this research. The system works by relying on ESPDUINO-32 as a receiver or
Bluetooth Low energy receiver connected with Pulse Oximetry BLE. ESPDUINO-32 and NEO-
6M GPS relate to Node MCU serially to Server Databases to be monitored in real-time.

Fingerprints are used as identity of the patient using this tool.
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Figure 2. 9 System design (Hidayat et al., 2020)

2.7.3 10T Pulse Oximetry Status Monitoring for Home Quarantined COVID-19 Patients
(Andreswari et al., 2020) developed an affordable, wireless, and online monitoring pulse
oximetry device, for a Covid-19 infected patient that is quarantined at home. By using an

Arduino based 10T embedded platform and a free online APl (Application Programming
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Interface) live data stream server, a family physician can remotely monitor the patient’s pulse
and blood oxygen level, by using a mobile phone, a tablet or a computer, without any

contamination risk or contact, with the infected patient.
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Figure 2. 10 System Architecture (Miron-Alexe, 2020)

2.7.4 Gaps in related systems

The reviewed systems above have several gaps that this study aims to fill. First, they have been
developed to only monitor COVID-19 vital symptoms such as oxygen saturation level and heart
rate without any added functionality. Secondly, other key COVID-19 symptoms such as fever,
fatigue, dry cough, headache, shortness of breath, sore throat, not employed in these systems
need also to be monitored. Lastly, external datasets to develop machine learning models which
enhances prediction and monitoring of COVID-19 from these vital symptoms have not been
used. The research focuses on monitoring various symptoms for early detection of COVID-19

which the reviewed systems have not employed.

2.8 Conceptual Framework
Figure 2.11 shows the conceptual framework of the proposed system. The proposed system is a

low cost 10T system which will use a pulse oximeter sensor to measure oxygen saturation levels
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and heart rate in patients. These are tracked by the system for monitoring and early detection of
COVID-19 symptoms. The system will employ KNN algorithm to build a prediction model
based on various COVID-19 parameters which include readings from the pulse oximeter sensor.

Data from the oximeter sensor will go through the model to predict whether users are likely to be
COVID-19 positive or not.

COVID
Bymptoms(fever,

fatigue,...)
Cximeter
Sensor ML Model Prediction
—’
oxygen
saturation
= Data Preprocessin
oximeter readings | 9818 Yeart ? g -
storage rate nofification

l |

Training/testing

mobile device

Figure 2. 11 Conceptual Framework of Proposed system
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Chapter 3: Methodology

3.1 Introduction

Research methodology allows one to systematically solve a research problem. It is necessary for
to know not only the research methods but also the methodology (Kothari, 2004). This chapter
elaborates the development methodology that was used to develop the model, the research
strategy and approaches to data collection and data analysis.

3.2 System Development Methodology

The proposed solution was developed using Rapid Application development methodology
(RAD). RAD is a condensed software development process that produces a high-quality system
with low investment costs aimed at reducing the amount of construction needed to build a
product (Korkishko, 2017). RAD methodology was suitable for this research because it
incorporates special techniques and computer tools to speed up the analysis, design, and
implementation phases to get some portion of the system developed quickly (Metcalfe et al.,
2021) and into the hands of the users for evaluation and feedback. Figure 3.1 shows the stages of

RAD that was used in the implementation of the solution.

Analysis

A i . “‘-"’/ & -
Planning L/\I"\_/\ 3 Analysis '.\ -~
.I‘. -.‘\ -
\ S
- Design \ -
" T
. Eoos Implementation ]
Analysis ‘\ . = !
k Y '\‘ : .. .
) . Y .
Deasign Vo
L h : i
| Analysis —\ - ] Implementation \
A - .
N A)

NPTy

Implementation \

System

version 3

Figure 3 1 RAD Stages
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Requirement’s planning was the first phase in which the requirements for the system were
defined. Moreover, the systems scope and subject areas for data, which was key for the
development of the system, were also defined. This involved gathering of system requirements
where tools and techniques were used to collect and define both the functional and nonfunctional

requirements of the application.

System Design was the second stage in the study. Here, the system’s data and processes were
modelled and architecture to build a working prototype of critical system components designed.
It was guided by both the function and non-functional requirements of the application. Moreover,
inputs, processes and outputs were identified hence contributing to logical and physical design of
the application. Unified Modelling Language (UML) diagrams were designed to depict various
components and aspects of the system including use case diagrams, data flow diagrams and

sequence diagrams.

The third stage was the construction stage which completed the construction of the physical
design of the application system. After completion of the detailed design of the proposed system,

the application was built.

The final stage was the implementation stage. This stage included final user testing and training,
data conversion, and the implementation of the application system. According to IEEE standards,
system testing is the investigation conducted to evaluate whether a complete and integrated
software system complies with its specified requirements. The system was put in to testing to
establish whether the functionality and usability of the application were met. This stage also

assisted in identifying any possible errors in the application.

3.3 Research Design

Research design is the conceptual structure within which research is conducted and guides in the
collection, measurement, and analysis of data (Lewis, 2015). There are two fundamental research
approaches which are qualitative and quantitative approaches. This study employed both
quantitative and qualitative research design to improve research rigor to develop the system. It
involved the identification of research objectives, building of the prediction model and validation
of the system using several tests to ensure the best performance. Qualitative approach was used

to evaluate various parameters from the data used.
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3.4 Data Collection

This research employed publicly available data from the Khorshid COVID Cohort (KCC) study
containing 50 different COVID-19 epidemiological parameters (Sami et al., 2020). The study
contains data of patients admitted for COVID-19 from February 2020 until September 2020 in
the Khorshid Hospital in Isfahan. This was used to help analyze epidemiological outbreak
information of COVID-19 infected patients. It explored signs and symptoms findings in patients
with COVID-19 pneumonia for temporal changes and establish the incidence of psychological

disorders and related prevalent symptoms after discharge from the hospital.

These signs and symptoms comprised of, runny nose, fever, fatigue, dry cough, headache,
shortness of breath, diarrhea, nausea, sore throat, vomiting, abdominal pain, vital symptoms
including pulse rate, respiratory rate, SpO2, systolic blood pressure among others. The data was
pre-processed to remove missing data and key features were identified. The dataset was then
divided into training and testing data set after which the training dataset was labelled. Training
data set consisted of 80% data to train the algorithm effectively and for prediction accuracy and

the testing data consisted of 20% data to test the prediction accuracy of the algorithm.

Travel
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2 2 75 1 2 0 20 2 2 2 1 . 40 21
3 1 62 2 2 0 4 2 2 1 2 69 39
4 1 64 2 2 0 3 2 2 1 1 40 26

5 rows % 50 columns

Figure 3 2 Sample data in the dataset (Sami et al., 2020)

Pulse Oximetry data

The pulse oximeter is a device for non-invasive, continuous measurement of oxygen saturation
within arterial blood. Pulse oximeters use light-emitting diodes (LEDs) to emit two different
wavelengths of light, usually to compare the absorption spectra of oxyhaemoglobin (HbO2) and
deoxyhaemoglobin (HHb)(Shalannanda et al., 2020). The MAX30100 Pulse Oximeter is an
integrated heart-rate  monitor and pulse oximetry sensor solution includes internal optical

elements, such as light-emitting diodes, photodetectors (Shalannanda et al., 2020). It combines
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two LED’s, a photodetector, optimized optics, and low-noise analog signal processing to detect
pulse and heart-rate signals. The MAX30100 sensor was used to collect patient blood oxygen

level and heart rate.

3.5 Data Analysis

Building the model comprised of four phases. First, the preprocessing phase where the data was
cleaned, and missing data were removed. Secondly, feature extraction where the informative
features were extracted for training. Thirdly, the training phase where the supervised learning
algorithm, K-nearest neighbor, were used to train the model and finally, the testing phase where
the trained model was tested, and its performance evaluated. These processes have been

summarized in Figure 3.3.

Training and
test data set

Feature

Pre-processing Extracti Training
raction

Figure 3 3 Data Analysis for the prediction model

3.6 Research Quality

Research quality is a measure to which the results of a study exhibit correctness and the extent
which the researcher ensure that research quality is upheld. The research model was validated to
ensure objectivity, quality, and reliability of results. Validity of the data used in this research was
ensured by acquiring only data from credible sources to build the model. Reliability is the extent
to which a research instrument consistently has the same results if it is used in the same situation
on repeated occasions (Heale & Twycross, 2015). To ensure reliability of the model, adequate
data was used for training and testing the model. This data was preprocessed to ensure that they
are in the same format. The same methodology was used for the preprocessed data to increase

accuracy of the model. To ensure objectivity, the study was based on the data to be collected and
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analyzed and not based on personal biases. In addition, the tools used in data collection, were

developed with the objectives in mind.

3.7 Ethical Considerations

Systems must be built from the ground up to be ethical (Burton et al., 2017). This helps to
address risk and responsibilities of designing and deploying them. The study considered and
addressed ethical issues regarding privacy and security. The system to be developed ensured
anonymity of individuals from the data set used which had no personal data of patients.
Moreover, to address security concerns, the system did not provide any contact tracing

information.
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Chapter 4: System Design and Architecture

4.1 Introduction

This section presents the system architecture, key functional and non-functional requirements of
the systems. The system architecture and design illustrate the interconnection between the
system components and is guided by the functional requirements specified. Unified Modeling
Language diagrams are also presented in this section.

4.2 System Analysis

System analysis aids the research in decomposing the pulse oximetry loT system used in
detection of COVID-19 into its various components. It will also help in identifying problems
during the design of the system.

4.2.1 Requirements Gathering

Gathering requirements involves collection of the requirements of the system that will be used
for prediction. Any existing project requirements must be thought of thoroughly to be able to
capture all the needs of key stakeholders of the system. These requirements comprise of

functional and non-functional requirements.

4.2.2 Functional Requirements

Functional requirements are the desired functionality of the system to be built and describe the
interaction between the system and its environment. Functional requirements generally describe
what the system must do. These were obtained through document analysis by identifying in
existing literature determinants of COVID-19 diagnosis, key symptoms indicative of a COVID-
19 infection and existing techniques developed for diagnosis of the disease. The functional

requirements of the system include:

1. The system should make accurate prediction of whether a patient is likely COVID-19
positive or not based on patient symptoms data fed into the system.

2. The oximeter sensor should capture and record blood saturation level and heart rate from
patients.

3. The system should allow patients to monitor their blood saturation levels and heart rate.

4. The system should allow patients to login to their account and enter their health

information.
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5. The system should allow patients to view theirs results.

6.
7.

The system should allow administrators to add users to the system.

The system should allow administrators to monitor system health.

4.2.3 Non-functional Requirements

Non-functional requirements are nonfunctional characteristics that address operational and

technical requirements of the system. The non-functional requirement of the system includes:

1.

Responsiveness - the proposed system should have a maximum response time from

the time of the prediction by the model to the time the results are produced. The process
for capturing and analysis of blood saturation level should be reasonably fast for timely
detection.

Accuracy - the prediction results of whether a patient is COVID-19 positive or not
should meet certain levels of accuracy. With accuracy of results in the system, there will
be objective decision making about hospital staff recommending further diagnostic test to
the patience for timely treatment and quarantine.

Flexibility - the system should be flexible to allow for modifications. It should enable
easier finding and fixing of errors to enable the system to perform its functions as
required.

Usability - the system should allow users to easily operate and learn its functions. The
users should easily be able provide the system with input and interpret the output given
by the system.

Reliability - the system should perform its specified functions consistently and without

failure at any point in time.

4.3 System Architecture

System architecture provides an understanding of the proposed system’s design, structure and

user requirements that must be supported or achieved by the system. The components in the

proposed system architecture include users, a database, a mobile app frontend, and backend that

has the prediction model. The system will accept blood parameters oxygen level from patient

using the pulse oximeter sensor. Afterwards, these will be analyzed by the prediction model to

give a prediction on whether a patient is COVID-19 positive or negative. Patients can view their
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results from the system after every test. Figure 4.1 shows the visual representation of the system,

how its components will interact and tasks that can be carried out in the system.

Mobile App Backend
SPO2

»
>

Patient’s Information—»

Machine Learnin

<€¢—Resulls
(COVID-19
Negative/Positive)

SPO2

MAX30102 Database
Oximeter Sensor

Figure 4. 1 Architecture of proposed system

4.4 Use case diagram

Use Case Diagrams are abstract representations of the system prepared in the requirement
analysis phase while finalizing the functional scope of the system (Sahoo and Mohanty, 2017).
They are used to summarize the details of the systems actors through Unified modeling
Language. Figure 4.2 illustrates the use case diagram that is made up of various actors that
interact with the system. A patient is the primary actor of the system as they operate the system
to meet its goals. They register themselves to the system, use the sensor to get oximeter readings,
key in their health information for analysis by the prediction model and view the results. The
oximeter sensor gets readings which include heart rate and blood oxygen levels from the
patients.
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Cximeter Sensor
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Administrator

Figure-4. 2 Use Case Diagram of the system

Use Case Descriptions:

This section covers major use cases in the system summarized as system contracts in tabular

form.

Use Case Name Get oximeter data

Description The pulse oximeter sensor captures SPO2 and
heart rate from the patient.

Primary Actor Oximeter sensor

Trigger Patient finger placed on the sensor

Pre-condition The Sensors is connected to a powered Node
microcontroller unit.
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Code is uploaded to the Node MCU.

IoT module connected to the database

Post-condition

Data recording in the database

Table 4. 1 Get oximeter data use case description.

Use Case Name

Analyze results

Description

Patient data is analyzed by the prediction model

of the system

Primary Actor

Patient

Trigger

Patient clicks on analyze on the mobile
application

Pre-condition

All patient data keyed in

Sensor data obtained from database

Post-condition

Results from the analysis show on the mobile

application

Table 4. 2 Analyze results use case description.

Use Case Name

Enter patient information

Description

The patient uses the mobile application to

record their symptoms

Primary Actor

Patient

Trigger

Need for analysis of patient symptoms.

Pre-condition

Patient must register and login to the system

Post-condition

Patient data stored in the system database

Table 4. 3 Enter patient information use case description.

Use Case Name

View prediction

Description

The patient views prediction from analysis

Primary Actor

Patient

Trigger

Analysis on patient symptoms performed

Pre-condition

Patient data recorded are analyzed
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Post-condition

Patient results from analysis by the model is

show on the screen

Table 4. 4 View prediction use case description.

4.5 Sequence diagram

Sequence diagrams show the progression of events and related processes from one system unit

another. The patient first logs in to the system by keying in their login details and upon

successful login they are able to access the system. Keying in incorrect login information

prevents them from accessing the system. The patient then places their finger on the oximeter

sensor to get their blood oxygen level and heart rate. The patient can key in other details of the

symptoms they are experiencing in the app. This patient data is analyzed by the prediction

model. Finally, the system returns a detailed result with a prediction of whether a patient is

COVID-19 positive or not.

% systemScreen

Patient

login{name pass)

[incorrect details)

getSensorReadings()

I________ -

.database soximeterSensor predictionModel
i :
name, pass _LL :
- ]
i
|
login accepted 1
E—. gin accepled | i
]
i
login rejected !
D{ ——————— g— —--J- ----------- L i
i
]
]
]
]
]
i
i
i

—
'
'
'
'
'
i
i
'

gelSenéorReadings
T
blood cxygen level
enterPafientinfo() enterPatientinfo N

Ll i
7 i
] ]
] ]
] ]
|
performPrediction() A-‘ performPrediction() |
] |
]
i
!
patient resulis ez patient results prediction

Figure 4. 3 Sequence diagram for proposed system
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4.6 ERD

4.6.1 Database Schema

Figure 4.4 shows the Entity Relationship Diagram (ERD) for the system. The database for the
system will consist of four tables, oximeter sensor table to record sensor readings, patient table to

record patient details, health information table, and result table to record prediction results for a

patient.
] Patient
Oximeter sensor
. PK | patient_id int NOT NULL H—
PK | oxi_id
FK | patient_name
oxygen_level
patient_email
heart_rate
Prediction Results Health info
PK | prediction_id int NOT NULL = FEK | patient_id int NOT NULL p———————————
health_summary age
result . sore_throat
FE | h_id FE | oxi_id
fever
fatigue
FE | h_id

Figure 4. 4 Entity Relationship Diagram for proposed system

4.7 Class Diagram

Classes are the logical building units of Object-Oriented Systems. Class Diagrams are network of
identified classes and represent relationships between them(Sahoo & Mohanty, 2017). They
describe the structure of the system by showing its classes, attributes, and the relations among
the classes. The class diagram illustrated in Figure 4.5 below that shows the blueprints of the
COVID-19 detection system. Apart from modelling all the objects that make up the system, the
class diagram also displays the interactions between these objects and their functionalities.
During system design, a class diagram helps bring out a better understanding of the requirements

of the problem domain and in the identification of system’s components.
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Figure 4. 5 Class Diagram

4.8 Wireframes of the system

The proposed system is a web application. Patients will be required to create accounts and login
to their accounts thereafter. The application will enable them to enter their health information,
run the prediction model to detect COVID-19 and monitor their heartrate and blood oxygen

level. The wireframe of the system is illustrated Figure 4.6 below.
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Chapter 5: System Implementation and Testing

5.1 Introduction
This chapter presents the implementation and testing of the system that will be used for early
COVID-19 symptoms detection. System implementation and testing incorporate a series of steps

that determine the nature of the delivered system.

5.2 Components of the System

A MAX30100 pulse oximeter sensor connected to an ESP8266 Node Microcontroller Unit
(MCU) is used to get blood oxygen level and heart rate readings from the patient’s finger placed
on the sensor. At every instance, blood oxygen level and heart rate measurements are transmitted
to the database through the Node MCU module. The KNN algorithm based on COVID-19
symptoms interprets and analyzes the data to determine the likelihood of COVID-19 infection.
The prediction results of a particular patient are then automatically viewed on the mobile

application by the patient after analysis.

Esp82266 + w HTTP Post =( http://localhost/phpmyadmin/
MAX30100 + Local Server

SPO2 + Heartrate

Q-

/Connect.php

Publish sensor readings to
v table in database

@X(V pt Mg
COVID System(KNN 2
/trackoximeter.php

model+track symptoms)

Figure 5. 1 System Components
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5.2.1 10T System Components

The MAX30100 Pulse Oximeter Sensor is an integrated heart-rate monitor and pulse oximetry
biosensor solution. It combines two LEDs, a photo detector, optimized optics, and low-noise
analog signal processing to detect pulse oximetry and heart-rate signals (Hema et al., n.d.). The
MAX30100 operates from 1.8V and 3.3V power supplies. The MAX30100 provides a complete
system solution to ease the design-in process for mobile and wearable devices. Communication
is through a standard 12C-compatible interface. The module can be shut down through software

with zero standby current, allowing the power rails to always remain powered.

153 =
UIN SCL SDATNT IRD RD GND
© o000 0 0

Figure 5. 2 MAX30100 Sensor (Hema et al., n.d.)

ESP8266 Node MCU module has integrated WiFi which provides connection to the WiFi,
gathering the signals from the sensors (Skraba et al., 2017). The module is best suited for
Internet of Things (loT) at its low cost, low power consumption capability as it requires 3.3V
power, built in WiFi module, integrated TCP/IP protocol stack, easy to flash and erase firmware
and is usb powered (Skraba et al., 2017).
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Figure 5. 3 ESP8266 Development Board (Skraba et al., 2017)

The microcontroller used for interfacing the sensor is the Node MCU consisting of an ESP8266
Wi-Fi module (Hema et al., n.d.). This is the controller used for communicating the results to
online web server. An OLED Display, Breadboard and Jumper wires(male-female) are used to

interconnect different components that make up the system.

5.2.2 Software Requirements

The table describes the software components of the soiled linen detection prototype.

Software Description

MYSQL Open-source relational database management
system.

Arduino IDE Arduino IDE Version 1.8.13

Imported libraries (Arduino) MAX30100_PulseOximeter.h

ESP8266WiFi.h
FirebaseArduino.h
Adafruit_ GFX.h

Jupyter Notebook Interactive environment to build the model
Python Libraries Numpy, Matplotlib, sklearn, pandas, pickle, flask
Visual Studio Code Development environment for the web application

Table 5. 1 Software Requirements

37



5.2.3 Machine Learning Model

The dataset consists of the features listed in appendix A and on that dataset various machine
learning algorithms were applied to predict whether one has COVID-19 or not. The analysis of
decision trees, naive bayes and KNN performance on the dataset is shown in Table 5.2. The

KNN model produced the best results as compared to the other algorithms.

Table 5. 2 ML Algorithms on the dataset.

ML Algorithm Accuracy score
Naive Bayes 58.33%
KNN 66.67%
Decision Tree 66.67%

Scikit-learn library, used for implementation of the KNN model is a python library that focuses
on bringing machine learning to non-specialist using general-purpose high-level language. To
train the model, the excel data file containing the preprocessed and labelled COVID-19
symptoms was read into Pandas Data Frame. The dataset was split on 8:2 ratios for training and
testing respectively using the train_test _split method of the scikit-learn library.

In [12]: from sklearn.model selection import train_test split
X_train, X_test, y_train, y test = train_test_split(X, y, test_size = 8.28, random_state = @)

For KNN, Minkowski distance was used with 5 nearest neighbors set. The model was then saved

using the pickle library as a .sav file to be used for analysis by the mobile application.

In [14]: from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier({n_neighbors = 5, metric = 'minkowski', p = 2)
classifier.fit(X¥_train, y_train)
Out[14]: KNeighborsClassifier{algorithm="auto', leaf size=38, metric="minkowski",
metric_params=Hone, n_jobs=None, n_neighbors=5, p=2,
weights="uniform")

The Confusion Matrix is a means to visualize the per class prediction performance of the model.
The confusion matrix is of the form (true class, predicted class) where the rows represent true
class and columns represented predicted class. We can therefore infer that correctly classified

points are grouped corresponding to the classes in the diagonal entries of the confusion matrix.
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5.3 Implementation of the System

The web application for the system was created using flask, php, HTML and CSS. It is

connected to a MYSQL database which stores patient data and sensor readings. The sensor

readings from the MAX30100 sensor are viewed on the app as show in Figure 5.4.

Patient Information Track SPO2 + Heart Rate COVID Prediction

OXY APP

Results

Sensor Readings

HeartRate 73 BPM

sp02 95 %

Figure 5. 4 Web application

To begin integration of the system, the development environment was setup. The Arduino IDE

(Integrated Development Environment) development tool was used to write the code to be

uploaded to the ESP8266 node MCU. The IoT components were connected as show in Figure

5.5 below
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Figure 5. 5 Circuit connection of the system

As in the circuit diagram, ESP8266 Node MCU is USB powered. It picks data from the
MAX30100 pulse oximeter. The readings captured are as shown in Figure 5.6 below on the

serial monitor of Arduino ide.

@ comz - O *

Send

Beat Detected! ~
Beat Detected!

Heart rate:73.76 bpm / 5p02:95.00 %

Beat Detected!

Heart rate:94.85 bpm / S5p02:95.00 %

Beat Detected!

Heart rate:51.18 bpm / S5p02:96.00 %

Heart rate:51.18 bpm / 5p02:96.00 %

Beat Detected!

Heart rate:47.73 bpm / 5p02:0.00 %

Beat Detected!

Heart rate:45.29 bpm / 5p02:0.00 %

Beat Detected!

Beat Detected!

Heart rate:84.81 bpm / S5p02:93.00 %

Heart rate:84.81 bpm / S5p02:93.00 % W

Autoscroll [] Show timestamp Newline ~ | |115200baud - Clear output

Figure 5. 6 MAX30100 sensor readings
The data received from the ESP8266 Node MCU is sent to the MY SQL database using the WIFI

connection and obtained by the mobile application. The information is then displayed on the web
application. The app analyzes other COVID-19 symptoms together with the sensor readings to
predict likelihood of infection using the prediction model.
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5.4 Testing

Heartrate
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Monitor Heartrate

84.81
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Figure 5. 7 Heartrate Readings

10.13

After integrating all system components, the system was tested to verify it is working as

required. Functionality testing was carried iteratively during the development process against.

This was to ensure that requirements were met, and that the system executed perfectly. The

testing process also ensured that all bugs were fixed. The test cases conducted for testing are

show in the table below.

Test case Pre-condition | Test Data Expected Pass/Fail
Results

Check Mobile app Email: Login must be | Pass

response on must be lesleybonyo@gmail.com | successful

entering valid | installed Password:

email and 12345678

password

Confirm 10T module Heart rate Readings Pass

ESP2866 must be SPO2 uploaded on

sends sensor connected to a the firebase

readings to computer using database

database a USB cable

Confirm that MAX30100 Heart rate Readings Pass
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the mobile

uploaded to the

SPO2

displayed on

application database the mobile app
displays the

sensor data in

real time

Confirm Patient selects | Fever, heart rate, SPO2, | Prediction Pass
analysis of symptoms. headache, dry cough results by the
patient’s Heart rate and model

symptoms by | SPO2 captured

the prediction
model

Table 5. 3 Test Cases
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Chapter Six: Discussion

6.1 Introduction

This chapter reviews the objectives of the research specified in chapter one based on the results
obtained from the system developed. The aim of the study was to ensure early detection of
COVID-19 in individuals by developing an loT pulse oximetry system to monitor oxygen
saturation levels and heart rate. A model was developed using KNN algorithm to perform

predictions based on patient symptoms.

6.2 Determinants of COVID-19 diagnosis

The first objective of this research was to analyze the determinants of COVID-19 diagnosis. The
research study established that COVID-19 diagnosis is mainly based on nasal swabs tested using
RT-PCR. Other diagnosis techniques are based on antibodies, X-RAY's and CT scans reviewed
in chapter 2 of the research. Additionally, it was determined that COVID-19 symptoms
monitoring is as essential in the diagnosis process because a significant number of COVID-19

infected patients show no symptoms.

6.3 Techniques used to detect COVID-19 disease

The second objective was to analyze technologies that are used for COVID-19 detection. Several
techniques such as voice detection, using computer vision techniques for analysis of X-Rays and
CT-Scans and smart devices to monitor COVID-19 symptoms have been developed for the
detection of COVID-19. These approaches have significantly provided cost effective and
convenient means for testing. However, these innovations have not been approved by the WHO
and only molecular and serology tests are being used in hospitals for detection of COVID-19
disease. It is noted therefore that they should only complement the existing diagnosis techniques

to counter challenges mentioned in chapter 2 of the study.

6.4 10T pulse oximetry model for detecting COVID-19 symptoms
Based on the determinants for diagnosis of COVID-19 disease established from the research, the
inputs used for the prediction model were fever, fatigue, dry cough, headache, shortness of

breath, sore throat, pulse rate and SPO2. The system is made up of an oximeter sensor which

43



captures heart rate and blood oxygen levels. The sensor data is displayed on a mobile app and are
analyzed with other COVID-19 symptoms using the KNN model. The mobile application offers
a platform for monitoring of these symptoms which can help in early detection of COVID-19

disease.

6.5 System Testing
In this study, the model was developed based on COVID-19 symptoms using KNN. This model
was tested using various metrics to ascertain the performance. The results were presented in

chapter 5.
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Chapter 7: Conclusion and Recommendation

7.1 Conclusion

Several studies have indicated how a significant number of those infected by COVID-19 disease
show little to no symptoms. From the study we observe that without early diagnosis, individuals
face risks of serious deterioration. Parameters such as heart rate and oxygen saturation can not
only assist in early COVID-19 detection but also help to identify patients at risk from pulmonary
complications. A great number of COVID-19 patients have been found to be suffering from
pneumonia from analysis of their chest x-rays. This is coupled with low oxygen levels ranging
from 50% to 80% that is hard to detect because patients do not show any noticeable breathing
difficulties. When COVID-19 patients discover they are short of breath, their conditions have
already worsened from moderate-to-severe levels of pneumonia. Therefore, patients with
COVID-19 who do not need immediate hospital attention but are at high risk of developing
serious symptoms ought to be monitored to reduce risk. The research was able to employ a KNN
model based which was able predict COVID-19 infection based on these symptoms with an
accuracy of 66.67 percent. A key challenge encountered was inadequate data to improve
accuracy of the model. The system was able to classify individuals based on the SPO2 and heart
rate readings from the oximeter sensor. With the low cost IoT base oximeter system, patients can
be able to monitor these crucial COVID-19 symptoms.

7.2 Recommendation

From the study outcome, to guarantee proper use of the system users measure their SPO2 and
heart rate several times a day. This enables constant monitoring of the patient’s health status.
Moreover, rather than accepting the first number that appears on the screen, the individual should
observe the readings for a few seconds to identify the most measured value and should only

accept values associated with a strong pulse signal.

7.3 Future Works

The oximeter based COVID-19 detection system developed employs the use of a medical sensor
to remotely capture patient data. This can be integrated into a smart device that is portable such
as a smart watch to conveniently monitor COVID-19 symptoms. Moreover, MAX30100 pulse

oximeter sensor captures only two metrics, the oxygen saturation level and heart rate, for
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identifying COVID-19. Other sensors to capture symptoms such as body temperature can be

incorporated for more accurate detection of COVID-19 disease.
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Appendix

Appendix A: Dataset Features

In [3]: dataset.columns

Out[2]: Index([ 'Genderinl: male\n2: female', 'Age\nyears',
'Occupationinl: employedin2: unemployed”,
'Marital status\nl: singlen2: married’,
'Humber of family ‘nwho infected’, 'Symptom duraticni\ndays',
‘smoking status‘nl: Smoker\n2: Hon-smoker ',
'"Travel history to \nthe high-risk regionsinl: yes\n2: no ',
'"Quarantine before admission ‘nl: yeskn2: no',
'Hypertensioninl: yes\n2: no', 'Ischemic heart disease\nl: yes\n2: no',
‘Diabetesinl: yesin2: no', "Immunological problemsinl: yesin2: no',
‘Acute kidney disease'inl: yeshn2: no ', 'COPD\nl: yesin2: no',
'Cancerinl: yes\n2: no', 'Sneszelnl: yesin2: no',
'Runny nosei\nl: yes\n2: no', 'Feverinl: yes\n2: no',
"Fatigueinl: yes\n2: no', 'Dry coughinl: yes\n2: no',
'Headache\nl: yesin2: no', 'Shortness of Breath\nl: yes\n2: no’,
'‘Diarrhea’nl: yesin2: no', 'Hausea'nl: yes\nZ: no',
'Sore throatinl: yes\n2: no', '"Vomitinginl: yes\n2: no',
‘Abdominal paininl: yeswn2: no', "Pulse Rate\n /min’,
'Respiratory Rate\n /min’, ' Sp02in %',
'Systolic blood pressurenmm Hg', 'Diastolic blood pressurehynmmHg',
'"PCR resultsynl: positiveln2: negative',
'White blood cell counthn =189 /L', "Neutrophil countin =189 /L',
‘Lymphocyte counthn x1@9 /L', "Platelet countin =189 /L ',
'Hemoglobinn g/dL ', '"LDHA\nUSL ', "AST%nU/L', "ALT\nU/L"', "ALP\nUSL ",
'Matnmeq/L", "Ca\nmg/dL", ‘P\nmg/dL’', 'Mginmg/dL', 'BUN\nmg/dL’,
'Crinmg/dL ', 'Primary composite endpointsinl: positive\n@: negative'],

dtype="object")

Appendix B: Sample Database Table

+ Options

—[— ¥ id oxygenlevel heartrate time stamp

(] 47 Edit % Copy @ Delete 1 96 5118 2021-09-17 09:15:46
[] 7 Edit % Copy @ Delete 2 95 73 2021-09-22 11:08:47
[J &7 Edit % Copy @ Delete 3 93 6481 2021-09-24 10:37:39
[] g7 Edit % Copy @ Delete 4 0 4773 2021-09-24 10:37:44
(] &7 Edit % Copy @ Delete 18 244 1013 2021-09-27 12:50:29
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Appendix C: Naive Bayes Model Accuracy

In [35]: #Mgive Bayes
from sklearn.naive_bayes import GaussianNB
from sklearn.metrics import confusion matrix,accuracy score
from sklearn.preprocessing import StandardScaler
#sc = StandardScaler()

#X _train = sc.fit_transform(X_train)

#X _test = sc.transform(X_test)

classifier = GaussianMB()
classifier.fit(X_train, y_train)
y_prednaive = classifier.predict{X_test)
print('y_pred', y_prednaive)
print('y_test', y_test)

cm = confusion_matrix{y_test, y_prednaive)
ac = accuracy_score(y_test,y prednaive)

ac

ypred [111112211221]

ytest [121111221111]

Out[35]: ©.5833333333333334

Appendix D: Decision Tree Model Accuracy

In [37]: |#Decision Tree
from sklearn.tree import DecisionTreeClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.metrics import confusion_matrix,accuracy score, classification_report

dtree=DecisionTreeClassifier()

dtree.fit(X_train,y_train)

print(’Decision Tree Classifier Created')

dtree=DecisionTreeClassifier()

dtree.fit(X_train,y_train)

print( "Decision Tree Classifier Created')

from sklearn.metrics import classification_report, confusion_matrix#for visualizing tree
y_preddecision = dtree.predict(X test)

#print("Classification report - \n", classification_report(y test,y preddecision))

cm = confusion_matrix(y_test, y preddecision)
ac = accuracy score(y_test,y preddecision)
ac

Decision Tree Classifier Created
Decision Tree Classifier Created

Out[37]: B.5666666666665665

55



Appendix E: Ethics Review Certificate

RHInnO Ethics - SU-IERC0960/20 - 1 of1

Final Decision

This document certifies that the study:

\WAutomating COVID-19 Screening Protocols in
Buildings\\\"

Principal Investigator: Ms. Bonyo, Lesley Auma
Reference number: SU-IERC0960/20

Was reviewed and received the following status:

\W'approved\\\"
Additional Comments:

No Comments from the Reviewers.

Appendix F: Similarity Report
Curiginal

Document Information

Analyzed document 10T PULSE OXIMETRY MODEL FOR EARLY DETECTION OF COVID-19.pdf (D109940783)

Submitted 2021-06-30 11:21:00
Submitted by
Submitter email Lesley Bonyo@strathmore.edu
Similarity 13%

Analysis address library strath@analysis urkund com

56



