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Abstract

COVID-19 has led to a surge in the adoption of digital transformation in almost every sec-
tor. Digital health and well-being are no exception. For instance, now people get checkups
via apps or websites instead of visiting a physician. The pandemic has pushed the health-

care sector worldwide to advance the adoption of artificial intelligence (AI) capabilities.

Considering the demand for Al in supporting the well-being of an individual, we present
the real-life diagnosis as a digital twin(DT) diagnosis using machine learning. The Machine
Learning (ML) technology enables DT to offer a prediction. Although several attempts
exist for predicting disease using ML and a few attempts through ML of DT frameworks,
those do not deal with disease risk prediction. In addition, most of them deal with single
disease prediction after the occurrence and rely only on clinical test data like- ECG report,

MRI scan, etc.

To predict multiple disease/disease risks, we propose a dynamic machine learning algo-
rithm (MLA) selection framework and a dynamic testing method. The proposed framework
accepts heterogeneous electronic health records (EHRs) or digital health status as datasets
and selects suitable MLA upon the highest similarity. Then it trains specific classifiers for
predicting a specific disease/disease risk. The dynamic testing method for prediction is

used for predicting several diseases.

We described three use cases: non-communicable disease(NCD) risk prediction, mental
well-being prediction, and COVID-19 prediction. We selected diabetes, risk of diabetes,
liver disease, thyroid, risk of stroke as NCDs, mental stress as a mental health issue, and
COVID-19. We employed seven datasets, including public and private datasets, with a
diverse range of attributes, sizes, types, and formats to evaluate whether the proposed

framework is suitable to data heterogeneity. Our experiment found that the proposed
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methods of dynamic MLA selection could select MLA for each dataset at cosine similarity
scores ranging between 0.82-0.89. In addition, we predicted target disease/disease risks at

an accuracy ranging from 94.5% to 98%.

To verify the performance of the framework-selected predictor, we compared the accu-
racy measures individually for each of the three cases. We compared them with traditional
ML disease prediction work in the literature. We found that the framework-selected algo-

rithms performed with good accuracy compared to existing literature.
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Chapter 1

Introduction

This chapter presents the background, research problem, application scenario, research

objective and statement, thesis contribution, organization, and scholarly outputs.

1.1 Background

Digital Twin (DT) has gained success in the production industry, and it is now getting
attention for health and well-being. In the context of health and well being a digital twin

is defined as follows.

Digital Twins enable the monitoring, understanding, and optimization of all functioning

of humans, and provide constant health insight to improve quality of life and well-being [71].

The key benefit of the DT system is that DT utilizes Artificial Intelligence (AI) to
remove the barriers of interoperability between heterogeneous data [78]. In addition, the
Machine Learning(ML) part of the Al enables prediction or decision making from hetero-

geneous digital data [30]. Therefore, DT can be advantageous to preventive, cost-effective,
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and guided healthcare. Furthermore, it can benefit early identification of health issues

before they developed.

Recently, DT has been studied rapidly for predictive healthcare in the context of health
and well-being. Some notable of those are elderly health monitoring [54], hospital man-
agement [19], cardiovascular monitoring [21], heart condition classification [32], fitness
management [19], medicine prediction [21], etc. A few works are available for clinical de-
cision support system (CDSS) [69]. However, DT connecting heterogeneous data sources
and involving various machine learning algorithms (MLA) could support CDSS through

multiple disease prediction at an early stage.

There are four major types of DT frameworks including 3-Dimensional [56], Cloud CPS
based DT [12], Intelligent DT [30], and Industry 4.0 DT [l 1]. The Intelligent DT mainly
includes an Al inference module that particularly employs ML and Data Mining(DM)
technologies to act as the brain of the DT. As the intelligent frameworks focus more on

ML and DM, it can benefit a wide range of applications for health and well-being.

More details of Digital Twin and its evolution in health and well-being are elaborated

in Chapter 2. In the next section, we discuss the research problems identified in this thesis.

1.2 Research Problem

Digital Twin has been embraced to support digital well-being due to its capability of per-
forming prediction on a vast range of data [31]. The existing research has shown that Al
through ML can address several well-being problems like heart disease prediction, hospital
monitoring, elderly health monitoring, etc. However, most of these works have aimed at

predicting disease or health issues after the occurrence of the disease. They are mainly



designed to handle only a specific disease, such as heart problem prediction, cancer pre-
diction, diabetes prediction, etc. Also, these works depend on a single type of data source

for the prediction, for instance, ECG record for heart disease prediction.

The sign, symptom risk factors represent epidemiological factors of disease. Interest-
ingly, an individual’s behavioural, biological, clinical or environmental data can represent
signs, symptoms, risk factors of various disease risks and diseases [16]. Therefore, heteroge-
neous data representing epidemiological disease factors for an individual could be utilized
by the ML part of a digital twin. In that case, a DT of health could support early-stage
disease prediction virtually. More precisely, DT could aid digital diagnosis of disease, which
is beneficial to improve an individual’s well-being and reduce the economic burden of late

treatment.

In the next section, we discuss some application scenarios to understand the require-

ments of a well-being DT system.

1.3 Application Scenario

Let us consider a person who feels some health issues and wants to have a health checkup.
For this purpose, she tries to book an appointment with a doctor and finds no availability
before next month. If a disease like Type-1 diabetes develops during this time, the patient

may suffer from a long-term loss.

Another application scenario is that a person wants to maintain a healthy lifestyle
to prevent non-communicable diseases, e.g., diabetes, stroke, cardiovascular disease, etc.
Regular monitoring of the patient’s health may fulfill this objective. However, it becomes

expensive in terms of time and cost to have a regular specialist checkup.



The patients may find some health checkup apps and websites online. She would see
that there are different apps for each disease, for example, apps for heart disease prediction,
liver disease prediction, stress prediction, etc. It makes the patient confused and frustrated

again.

The above scenarios motivated us to work on the idea of a digital twin disease diagnosis
to predict multiple diseases from various digital data representing a patient’s health status.

The design of such a framework would have the following requirements:

e First, the framework shall predict multiple diseases by utilizing multiple data sources

and suitable machine learning algorithms.

e Second, the framework shall consider various health information sources such as

Electronic Health Record (EHR) data, sensor data, and clinical data.

1.4 Research Objective and Statement

The key objective of our thesis is to propose a dynamic framework that can transform
real-life diagnosis into virtual diagnosis. More specifically, the followings are our research

objectives.

e We aim to involve heterogeneous digital health data sources to gather comprehensive

well-being data.
e We plan to map and pre-process heterogeneous data.

e We focus on considering multiple classifiers for multiple disease/disease risk predic-

tion.



Our research statement in this thesis is: To what extent a well-being digital twin (WDT)
can support the early prediction of multiple diseases anytime and from anywhere for an

individual?

1.5 Thesis Contribution

The prime focus of this work is to design and evaluate a dynamic framework for multiple

disease risk prediction. During this work, we have made the following contribution.

e Design and evaluation of algorithms to select suitable ML algorithm dynamically for

disease dataset.
e Design and evaluation of a dynamic testing method for prediction.

e Evaluation of the performance of the proposed framework for three different use cases.

1.6 Thesis Organization

We have organized our thesis as follows:

e In Chapter 2, we present a brief overview of the digital twin for health and well-being.
This chapter helped us to understand the requirements for designing the proposed
framework. In addition, we discussed existing works to design a framework that can

address the requirements.

e In Chapter 3, we explain the proposed framework and method. Individual sections
of the chapter include the description of proposed methods, algorithms, and the

competitive advantage.



e In Chapter 4, we discuss the implementation. This chapter includes tools, technology

and implementation of proposed algorithms.

e In Chapter 5, we detail our evaluation, including experiments. Firstly, this chapter
includes three different use cases for the framework. Then it presents an overall
experiment to evaluate the performance of the disease classifier. Finally, it verifies

comparing the performance with existing works.

e In Chapter 6, we conclude and discuss scopes for future work. This chapter includes

issues we addressed, limitations and possible improvements to our research.

1.7 Scholarly Output

The scholarly outcomes from our thesis are given following.

e Ferdousi, Rahatara, M. Anwar Hossain, and Abdulmotaleb El Saddik. Early-Stage
Risk Prediction of Non-Communicable Disease Using Machine Learning in Health

CPS. IEEE Access 9 (2021): 96823-96837.

e Hossain, M. A., Ferdousi, R., Hossain, S. A., Alhamid, M. F., & El Saddik, A.
(2020). A Novel Framework for Recommending Data Mining Algorithm in Dynamic
[oT Environment. IEEE Access, 8, 157333-157345.

e Hossain, M. Anwar, Rahatara Ferdousi, and Mohammed F. Alhamid. Knowledge-
driven machine learning-based framework for early-stage disease risk prediction in
edge environment. Journal of Parallel and Distributed Computing 146 (2020): 25-
34.



Chapter 2

Literature Review

This chapter is organized into two parts. In the first part, we present the background study
of a digital twin for health and well-being to understand the requirements for designing a
disease diagnosis framework. In the second part, we present related works and it’s gaps to

address the requirements found in the first part.

2.1 Background

Digital Twin (DT) has gained success in the production industry, and it is now getting
attention in the healthcare industry in the form of well-being Digital Twin (WDT). In this
section, we present an overview of WDT to understand its potential scope, architecture and
impact. We discuss the evolution of DT architecture, the definition of WDT, the difference
between product DT (PDT) and WDT, the benefits, the challenges, and the considerations
for WDT, the different types of DT for health and well-being and the progress WDT is

having in development.



2.1.1 Definition of Well-being Digital Twin

This section presents definitions of DT in health and well-being. The goal of this section
is to pick the suitable definition from the literature for WDT model.

From 2019-2020 researchers have increasingly studied DT in the well-being industries.
The authors in these publications have described DT from diverse perspectives to fit well-
being. Based on these studies, we discuss four remarkable definitions of DT in the context

of well-being in Table 2.1.

Table 2.1: Definition of DT in the context of well-being

Reference | Definition Features

[31] Digital Twins enable the monitoring, under- | Data visualization
standing, and optimization of all function- | Prediction, Intel-
ing of humans, and provide constant health | ligence, Analysis,
insight to improve quality of life and well- | Decision making,
being. Feedback loop

[16] Personal Digital Twins are data-driven solu- | Data  visualization,
tion that depicts individuals’ health status | Data monitoring
based on regularly collected health parame-
ters.

[78] DT is a digital representation of a human in | Data monitoring,
a computer or a server on the cloud. Data visualization

[65] A digital twin is a simulation technology | Data visualization
that delivers digital health insights while | Prediction, Sim-
also allowing prediction and recommendation | ulation, Analysis,
within a feedback loop. Recommendation,

Feedback loop

It can be observed from the above table that Data visualization and monitoring are
common as well as innate features of DTs [30,31]. In addition, predictive well-being and
personalized well-being are the two fields of well-being that can be aided by DT. Inter-

estingly, both fields require intelligence to satisfy the goals of edge applications [36]. The
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authors in [31] addressed the importance of this fact and attributed DT with intelligence.

The integration of intelligence in DT has become crucial to support the needs of current
well-being applications. In our opinion, since Al acts as the brain of the DT, it is highly
required that health twins have proper intelligence to support the decision-making of its

application.

The prediction process in DT applications is often supported by data science and ma-
chine learning algorithms (MLA). However, the more specific explanation would make the
decision-making process of DT trustworthy and meaningful [34, 70]. For instance, if a
health twin is used to monitor diabetes risk factors from activity history (e.g., exercise,
steps, bpm, etc.), it should also be able to show the contribution of potential risk factors

for an individual. This could be an option to embed explainable intelligence health twin.

It can be observed form Table 2.1, that the definition by El Saddik [31] covers most of
the features so that WDT fits various applications of healthcare. We found that in this

definition DT is defined universally for health and well-being domain.

2.1.2 Benefits of WDT

In recent years, growing research is welcoming Digital Twin in the well-being sector. This
section presents the benefits behind the increasing demand for studying DT for health and
well-being.

1. WDT can support COVID-19 response applications for virtual health checkup [75].

2. WDT can save the cost and time to test treatments [10].

3. Hidden health insights could be understood [35].



4. Continuous data visualization [71] and test simulation is offered by DT technology.
5. Treatment plan can be evaluated without involving or harming real human [31].

6. “What if analysis” feature of DT could be beneficial for planning treatments [31].
7. Early and emergency prediction facility could be enjoyed anytime [35].

8. Personalized (patient centric), and preventive well-being digitalization could be sup-

ported broadly with WDT [31].

It can be observed from the above points that due to the outbreak of COVID-19, early
and emergency prediction has become a consideration for the well-being of individuals. Due
to the predicting capabilities of DT through ML, the digital twin has gained popularity to

design various frameworks for well-being.

2.1.3 Digital Twin Frameworks

In this section we discuss components and features of significant DT frameworks till 2021
to find out which framework suits more in the context of WDT. The goal of this section
to find the type DT framework of DT suits our research problem. More specifically, which

part of the DT framework require more focus for digital twin diagnosis.

Based on our review, the revolution of DT architecture has been illustrated in Fig-
ure 6.2. It can be observed that the DT architecture has been experiencing a rapid trans-
formation from 2014 to 2021 and onwards. The four types of DT frameworks are the

following.

1. 3-Dimensional DT [50]

10



2. Cloud CPS based DT [12]
3. Intelligent DT [30]

4. Industry 4.0 DT [11]

4 Significant Digital Twin Framework Evolution

3-Dimensional Cloud CPS Intelligent Industry 4.0

@
S e G O

Figure 2.1: Evolution of Digital Twin framework

Grieves first introduced the standard three-dimension DT architecture in his product
lifecycle management (PLM) course at the University of Michigan in 2003. This can be
regarded as the pioneer DT. The conceptual framework by Grieves proposed three basic

components [50].
1. Physical space- consists of aircraft, radar, related real infrastructures, and assisting
functionalities.

2. Connection — represents the physical data virtually and provides information for

controlling the physical space.
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3. Virtual space- presents the virtual counterpart of the original mission-related infras-

tructures.

The basic 3-layer DT frameworks are comprised of three major processes [12]- calibra-
tion, control, and augmentation. In detail, the AR/VR system in the frameworks collects
data from the virtual part and intelligently presents it to the user after the calibration
procedure. However, these three-dimensional frameworks could not handle open and user-
oriented broader applications such as agriculture, well-being, and medicine for real-time
decision-making [36]. The reason behind this is that Greive’s architecture did not consider
the application of the Software as a Service (SASS) category [ 1]. The SAAS applications
are cloud-based software systems that provide services over the Internet. In this era of
[oT, most of the applications have shifted to SAAS to deal with Big Data. Dropbox, G

suites, Amazon web services are some common examples of SAAS applications [92].

A Digital Twin is perhaps a subset of the Cyber-Physical System (CPS), and both lead
to the smart manufacturing idea. There is indeed a strong distinction between the two
technologies: the CPS is tied to science, while DTs are intricately linked to technological
advances. Both contribute to smart manufacturing [62]. The CPS-based DT framework

has been widely proposed by researchers.

CPS-based architectures have opened a door to establish a bridge between [oT and
DT [12]. Therefore, DT is no longer only tied to the manufacturing industry and has

gained potential to advance other industries including farming and well-being.

Nowadays, well-being applications have a diverse range of goals due to the increasing
number of connected things. This scenario has raised the demand for intelligent archi-
tectures. Because, the Al interference engine, data mining/analysis techniques to capture

qualitative and behavioral information, as well as analytics to provide real-time tracking,

12



forecasting, and collective decision making. Therefore, the intelligent DT architectures
are more suitable for WDT [31]. In addition, potential architectures are the industry 4.0

architecture. However, the core concept of Industry 4.0 focused can be explored through

hybrid Cloud CPS and AI DT architectures.

The authors in [31], proposed a ecosystem (Fig. 2.2) that includes a communication

model for the interaction between a real Twin and Digital Twin. This communication

model includes three major parts.

1. Sensing/Actuating,
2. Intelligence, and

3. Representation of the Twins connected through a Tactile Internet.

Al-Inference M\ Multimodal

Data Source Jﬁfﬁﬂk Engine ’1|"'.| I Interaction
M A \
BANA | e [B|M

* | Haptic ARVR

Deata Fusion | ‘ m | '

K Gesture Drenes
Data 1

s VB RF 0

Audio Wearable

Data Analytes | Speech ul

Recommendes l, | F Interaction Interface

=5
i
?{a
!iq

i
H o
= © mph )

<

Quality of Experience—based Feedback

Figure 2.2: Ecosystem of the Digital Twin for health and well-being. [31]
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The authors compared Digital twin sensors, for instance, IoT, haptics, etc. to human’s
five senses of real Twin. The human brain is compared with the machine intelligence of
the Digital Twin. An example of the Ml based DT framework can be a DT having the
capability of predicting the risk of diabetes from a person’s activity history and provide

recommendations (e.g., have a walk).

Therefore, we found that the intelligent DT are more suitable for our research problem-
disease diagnosis. In addition, the AI inference engine is the prime focus to design a

framework for digital twin diagnosis.

2.1.4 Technologies for WDT Framework

This section discusses the underlying technologies for a WDT framework. The purpose
of this discussion is to understand the required technologies and capabilities for a WDT

framework.

DT could be used to enjoy the full potential of Al-enabled healthcare. Although Al is
related to IoT and CPS, we have focused on the basic technologies to develop a full-fledged
WDT. Let us understand this by an example.

Suppose that we want to create a DT of mental well-being with a goal of personalized

stress prediction and monitoring. To implement this, we will need the following steps.

1. Initially, we will need smartwatch exercise data (daily activities), social media histo-

ries, phone logs, etc. [51] Here we will need IoT.

2. Then, to use these sources to get data we may need computation algorithms, which

can be done using CPS [91].
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. After that, we will need to prepare the heterogeneous data from diverse sources that
we have collected for predicting stress. Pre-processing is done to fit data to the

prediction algorithm. Data Mining is employed for this purpose [65].

. Then with the preprocessed data, classifiers will be built by training classification
algorithms (Support Vector Machine, Decision Tree, Random Forests, Bayesian Nets,

etc.). This is supported by ML technology [35].
. The DM and ML will be combined to build Artificial Intelligence in the WDT [31].

. Finally, the desired mental health twin will be prepared with the capabilities of stress

management.

From this example, we can observe how the emerging key technologies represent mental

well-being to predict a health issue (stress). The WDT from the above process will provide a

way to visualize numerous data views of stress and predict whether an individual is stressed.

However, to control the risk factors (e.g., physical activities, social activities, bio-sensor

readings), the WDT needs to support multiple diagnoses. Because the risk of disease varies

from person to person, the same individual can suffer from multiple problems. Therefore, a

DT framework for health and well-being needs to consider heterogeneous data and employ

multiple disease/disease risk prediction mechanisms using a dynamic ML process.

2.1.5 Special Considerations for WDT

We have compared the well-being Digital Twin (WDT) with Product Digital Twin (PDT)

and discovered the distinct subjects between these two types of DTs. The comparison was

conducted to understand special considerations for HDT.
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In an earlier period, the key research concern was how PDT can be constructed [92].

Health domain applications usually involve patient monitoring, health monitoring, disease

prediction, and other well-being applications. As soon as DT has been considered to aid

the health domain, the research focus was moved to address - “how the digital replica of

a human can be created?” [78].

tabulated in Table 2.2.

The key differences between product DT and WDT are

Table 2.2: Differences between Product Digital Twin and Health Digital Twin

Subject

Product Digital Twin (PDT)

Health Digital Twin (WDT)

Mental State

Product does not have mental
state correlated with all other fac-
tors.

Health risk factor can be governed
by human mental state.

Nature of
Rules

The rules of product physics are
almost similar and fixed for same
category.

Rules for human physics may vary
from person to person, even day to
day.

Social Media

Product life cycle cannot be af-
fected by social media.

DT has strong correlation with so-
cial media.

pre-processing.

Mapping Mapping product status digitally | Mapping health status digitally is
Complexity is less complex than health status. | more complex than product status.
Data Capturing product data needs less | Health data are more heteroge-

neous and unstructured.

Data Prepro-

Less rigorous than Health Twin

Rigorous data preprocessing is re-

cessing quired.
Ethical Con- | Product DT is free of complex eth- | Human life is precious and systems
sideration ical consideration. for human health require to con-

sider several ethical concerns.

Based on the differences presented in Table 2.2, there exists a couple of challenges, for

example, the Fitbit can collect and represent the beats per minute (bpm), step count, etc.

using the accelerator, gyroscope, and pressure sensor. However, various physical states are

extremely complex to capture. For instance, “Skin rubbing count” as irritation, and “Count

of food intake” as polyphagia are two important health insights to predict diabetes risk
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[15]. Specially designed biosensors are required to retrieve this status. Furthermore, some
biosensors may not be viable to implement or may require complex and time-consuming

development [(1].

Another notable difference between PDT and WDT is social media. in this digital era
of connectivity, human has an additional life affecting their mental as well as physical state-
the social media life. For instance, if a person is disturbed by Facebook posts, comments,

messages, only physical data will not be enough to predict his stress level [16].

Several researchers have suggested data mining as a vital technology to mitigate health
data mapping complexity [11]. In one of our works [12], we proposed a knowledge-driven
epidemiology libraries to identify and predict associated risk factors of disease as well as the
recommendations. Precisely, some missing data can be mapped using ML and AT [33]. The
key idea here is predicting the values of an attribute based on other correlated attributes.
However, here comes the new challenge- heterogeneity of data [05]. To avail the benefit of
ML or Al for mapping health insights, we need to handle heterogeneous data from diverse
sources. For instance, electronic health records (EHR), historical health data, continuous

health status, social media activity, raw sensor data are some notable sources of health

data [10].

Finally, human-related systems have to deal with several ethical facts, especially when
it is an autonomous system. Comparatively, the degree of ethical concern in WDT is more

complex than the PDT [23,26].
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2.1.6 Key Challenges

In this section, we present various challenges to design a WDT framework for diagnosis.

e Technical Issues. The seamless feature and capability of handling heterogeneous
data with interoperability standard proposed in [51], has made DT a four-in-one tech-
nology to represent digital health [16]. DT could be used to enjoy the full potential
of Al-enabled smart well-being. Although Al is connected to IoT and CPS, here we
have focused on the basic technologies to develop a full-fledged WDT. Let us take
the following scenario to explain the WDT.

e Data Bias. The prediction by WDT can suffer from racial or other biases and cause
inequalities in health care [37]. A model trained with computer-identified features one
wrong label is threatening to the well-being. For instance, if a classifier is trained with
available sensor data and ignores notable features of diabetes prediction because those

were not measurable by the sensor, the result of prediction will lose reliability [23].

e Level of Autonomy. To what extent patients can access autonomy is another eth-
ical concern. Autonomous Clinical Decision Support System (CDSS)is very risky in
some cases. If the classifier makes an irrational prediction and associated recommen-
dation and the patient starts to follow those recommendations it may harm health.
For example, if sleep 8-10 hours is identified as insomnia and the system recommends
increasing sleep hours as a precaution, it can put health at more risk. Which level of

autonomy can be offered to the patient is one of the key ethical concerns [37].

e Trust in Intelligence. Al is still in the process of establishing [87]. The context
of product and well-being is far different from each other [26]. If the accuracy of a

system is 76% [09] it refers to the fact that 24% is incorrect. In the case of well-being,
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it may be proven fatal. For example, the classifier may predict that a person has a
lower risk of diabetes, while he has a higher risk. How medical trust can be assured?,
is a big ethical question. In other words, transparency in machine learning-based

prediction is required [22,23].

Data Visualization Issue Rigorous data pre-processing may provide better accu-
racy, but this may bring another ethical issue which may hide visualization of real

health issues.

Consent of Human. In general, human is the key input source for WDT. As the
WDT system may need data sharing and collection using third-party applications
or labeling by human intervention. Taking patient’s consent and allowing them
to modify consent should be implemented. Despite ethical challenges, the existing
literature indicates some other challenges for WDT. In the next section, we will

discuss those challenges.

2.1.7 WDT in Industry

Digital Twins are utilized in a variety of certain other industries to monitor, maintain, and

simulate probable consequences if any problems emerge while the apparatus is in use. Since

well-being costs are rising globally, and the world’s population is growing, it is the right

time to adopt Digital twins to improve the system and provide a more efficient solution

for both well-being professionals and patients without causing no harm to either.

According to reports, Digital Twins might bring a 900% cost savings in hospitals and

a 61% reduction in blue code hospital incidents, which includes emergencies in adult well-

being [5]. Many prominent names are competing to be a part of the development of the
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Table 2.3: Industrial progress on DT well-being

Company Product/Service

Simens [J] 3D Digital Heart Twin, that facilitates doctors to simulate surgical pro-
cedure and to verify tests on patients causing severe injury. One of the
first full-fledged ward management twins.

GE well- | Simulation to assist in sensualizing data from multiple sources in order to

being [1] generate a Digital Twin of the hospital for testing alternatives. Plethora
of hypothetical scenarios to be examined, all at a low risk.

IBM [0] Efficient and personalized patient centered treatment using Digital Twin
of patient.

Dassault 3-D models of a live heart, on which artificial silico models can be run

Systemes [2] and cardio research can be conducted

NHS [7] A testbed for testing whether low-cost 5G connectivity aids technologi-
cally deprived people by offering consistent access to digital community
and personal solutions.

Digitwins [3] a comprehensive modelling system that would allow numerous treatment
simulations to be done without causing harm to the patient.

Phillips [¥] Al-enabled cardiac models that can, convert 2D ultrasound images into

data that doctors may use to identify issues or automatically analyze
scans to help surgeons plan procedures.
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first full-fledged Digital Twin. Some remarkable names Siemens, Phillips, and IBM are
all leading runners. These leading companies are utilizing their massive databases and
financial muscle. Other companies, on the other hand, are beginning to experiment and
push the boundaries further to the growth of Digital Twins. In Table 2.3, we have provided

information about the industrial progress of DT in well-being.

After reviewing the current industrial advances, we found that digital twinning of equip-
ment, wards, medical information, and patients is critical for the company engaged. Also,

the digital twin diagnosis for early risk prediction of disease is still less explored.

2.1.8 Digital Twins for Health and Well Being

This section present an overview of various types of DT's proposed in the well-being domain.

e Health Twins. A recent study [71], has investigated Digital Twin studies in the
health domain from the perspectives of patient monitoring, the pharmaceutical sec-
tor, hospitals, and wearable technologies. They anticipated that Al would play a
pivotal role to accelerate DT in the well-being industry. In this study, the authors
discussed various use cases of using DT such as clinical decision support system
(CDSS), surgery planning, and medicine prediction. The authors emphasized that
various remedial forecasts can be produced if the ML and AI approaches are em-
ployed in Digital Twins. The predictions can optimize processes and information

usage. However, they did not elaborate on how ML and Al could advance WDTs.

On the contrary, the authors in [31], narrated that the Al-interference engine has
treated data characterization, standardization, analysis, prediction, and recommen-
dation together as the enabler of ML and Al in WDT. Similarly, in [34], the authors

considered data mining as a powerful tool for enabling simulation in cloud WDT.
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In [16], the authors have considered the heterogeneous data collection issues and
proposed a standardized ISO/IEEE 11073 DT framework architecture for health
and well-being. This model provides the process of collecting data from personal
health devices, processing that data, and providing feedback to the user in a closed
feedback loop. The ISO/IEEE 11073 enabled Al well-being systems can subdue the
data interoperability issues in well-being. However, data mining not only supports
obtaining powerful input datasets to feed simulation models but also supports efficient
processing to understand simulation outputs. In general, the process is obtaining a

balanced dataset for decision support [65].

In [87], the authors recommended DTs as a breakthrough tool for care manage-
ment of persons with multiple sclerosis (pwMS) to cope with the complexities of this
chronic, multidimensional condition at the individual level. They highlighted that
Al-enabled analysis could be employed to develop DT of patient characteristics. More
specifically, the potentiality of Al on various disease parameters such as clinical and
para-clinical outcomes, multi-omics, biomarkers, and patient-related data was dis-
cussed for handling the heterogeneous and vast amount of patient-related data. The
authors in [10], also emphasized the fact that DT can handle a diverse set of health

parameters for decision making.

The authors in [54] proposed CloudDTH to address the issue of real-time supervision
and the accuracy of crisis warnings for the elderly in well-being services. Similar
to [36,55] the model in [541] adopted [30]. Although classifier interpretation like [15],
could contribute to this framework, the authors preferred the monitoring process as
a black-box prediction. The what-if analysis could not be supported fully with the

framework.
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e Healthcare Center Management Twin. In [20], the authors present the con-
cept of agent-based WDT by merging the DT notion with agents in a modeling and
simulation framework based on mirror worlds. The key idea of work was designed
for Trauma management. In simple words, their DT symbolizes the operative phase
of trauma rehabilitation, which begins when the trauma is classified as severe in
the preceding phase. It can be observed clearly that prediction and the use of in-
telligence are required to support this predictive software agent. To implement the
semantic reasoning capability of the software the author sought to employ semantic
web technology. However, one of the key challenges to implementing semantic web is
a heterogeneous representation of evolving ontologies, which is obvious in the health
domain. Furthermore, the ethical implication of WDT requires a trustworthy and

authorized source of knowledge ‘as it’s related to humans [22,23].

In [19], the authors proposed a HospiT’'Win framework that can forecast unfore-
seen events earlier to determine the impact on the hospital and feasible strategies
to mitigate the harm. Furthermore, they proposed a method to connect the Hos-
piT’"Win with a real hospital to enable the tracking, monitoring, and validating that
the hospital functionality is going in the proper direction and at the correct time.
The authors realized that IoT AI, BAN will be the core technologies to implement
their idea. Precisely, they employed artificial intelligence interventions to decide the
suitable scenario to practice in a real hospital, incorporating numerous parameters
regarding risks, finances, and so on. This part of the study was proposed to activate

validation.

e Organ Condition Twin. In [55], the authors presented the Cardio Twin archi-
tecture for detecting ischemic heart disease (IHD) on the edge. They used a CCN

to classify non-myocardial and myocardial diseases. The authors classified features
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from electrocardiograms and completed the assignment with 85.77% accuracy. In
Cardio-Twin, the authors employed CNN-based classification to apply intelligence

for meaningful Data visualization.

Similar to [55], machine learning was considered as the key enabler of DT coaching
in [30]. Likewise, [55] authors designed a DT coach system based on the DTwins
ecosystem in [30]. These two works evaluated the universal DT well-being ecosystem
in a specific application context. Inevitably, the authors in [30,55] obtained better

accuracy to prove the implementation of DT on the edge.

The goal of [18] is resembling [30], that aimed at indulging DT as an alternate of
“human in the loop” in data noise reduction. Likewise, [30], the authors also worked
on a smart fitness management system to monitor athletes and recommend preventive
measures for better fitness. The authors preferred KNN for data noise reduction and
classifier interpretation to analyze individual health parameters. Precisely, based
on the user’s activity history the fitness management system can recommend which

behavior needs to be changed.

For instance, increase carbohydrate in 3 units. To retrieve the suggestions using ML,
the authors employed a Counterfactual classifier explanation algorithm [88,89]. The
key idea of this algorithm is to provide values of different attributes for a particular

class prediction.

The authors used greedy algorithms to optimize the top 5 attributes contributing
to the classifier’s outcome. The works presented in this paper showed a remarkably
interesting way to embed intelligence in DT predictive system. However, the coun-
terfactual algorithm cannot show any range or threshold to understand how different

parameters are contributing to a decision. Moreover, the suggestions need to be
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defined by involving the rule provider (human). In addition, the counterfactual algo-
rithm suffers from the Rashomon effect [38,89] that causes multiple explanations for
each instance. This poses another level of complexity to analyze which explanation

to pick.

By contrast, in [09] the authors recommended explainable Al (XAI) based DT as a
solution to retrieve classifier prediction for the clinical decision support system. They
conducted an empirical analysis on a Liver disease prediction using an SVM classifier.
They utilized the Lime XAT algorithm [39,89] to interpret classifier prediction. The
benefits of using Local Interpretable Model-Agnostic Explanations (LIME) [10, 28]
are that it is easy to implement, supports heterogeneous types of datasets (e.g.,
clinical data, local health records) in diverse format image, mixed, nominal, binary,
etc. In addition, multiple classification algorithms like decision trees, random forest,
Bayesian networks are supported by lime. Another notable feature of Lime is that
it can be handled dynamically or in default mode. Therefore, if any CDSS demands
using all features it can be supported. Furthermore, if the system requires selective
or optimal features it can be supported. In the context of well-being, it’s one of the
key requirements, that data diversity is handled best. The key difference between
the counterfactual algorithm and the XAI algorithm is the way of interpreting the

classifier.

The counterfactual algorithm directly shows a value of attributes while the XAI
algorithm shows association and comparative relations with a threshold. For example,
if the risk class is 1 then how many attributes are contributing at the side of 1 and
how many are contributing to 0 is demonstrated. The XAl opens a prospective door
for WDT to mitigate the lack of accountability of prediction issues. There exists

another algorithm Shapely [28] for implementing XAI, which has modified LIME.
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However, the output of Lime is more convenient to visualize. Unlike counterfactual

algorithms, it requires less rigorous development for selecting explanations [39].

e Cardiovascular Twin. In another work, the authors used neural networks to pre-
dict abdominal aortic aneurysm (AAA) and its severity employing the inverse analysis
methodology of the DT in [24]. This study also achieved an acceptable level of ac-
curacy of 97.79%. A deep neural model was employed to capture the bi-directional
context links between dangerous code phrases in [91]. The authors aimed at confirm-
ing cyber resilience on well-being big data on Lung cancer. Their Bi-LTSM model

performed with better accuracy than other ML-based DTs.

The IoT context-aware DT in [32], predicted cardiovascular conditions from ECG
data with various machine learning algorithms above 90% accuracy for each. The
proposed ECG heart rhythm classification also performs with the highest accuracy
[55]. However, how this proposed ML-based prediction is different from regular ML
prediction is not clear from the study. Furthermore, how trust can be added to the

prediction was not addressed.

The studies discussed above are mainly of two categories. Some of the studies have
been conducted to present the state-of-the-art of DT, other have been conducted to ad-
dress several health issues as well as to satisfy diverse range of goals. In Table 2.4, first,
summarize the application-specific literature in terms of the type of well-being domain,
application goal key features, fundamental technologies addressed by the contemporary
WDT researchers. In addition, we tabulate the proposed twins and associated threats in

the studies.
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Table 2.4: Summary of work related to WDT

101

Reference Published well-being | Application | Key Fea- | Enabling | Threats
in Domain tures Technolo-
gies
[54] 2019 Personalized, | Elderly Health | Regular [oT, Al Integration
Preventive Monitoring monitoring of Al
[71] 2019 Participatory, | Smart  well- | CDSS, Drug | DM, ML, | Data Hetero-
Personalized, | being Discovery Al geneity, Inte-
Predictive, gration of Al
Preventive
[69] 2019 Participatory, | detection  of | CDSS ML, XAI | Lower accu-
Personalized, | Liver disease Lime racy in pre-
Predictive, diction
Preventive
[55] 2019 Preventive, Ischemic CDSS, Reg- | ML: CNN | Recommendat
Predictive, Heart Disease | ular Moni- extraction
Participatory | Detection toring
[49] 2019 Preventive, Hospital’s Abnormal ML Handling
Predictive Anomaly event  Pre- data hetero-
Prediction diction geneity
[51] 2020 Personalized, | Smart  well- | Regular DM, Big Data
Participatory | being Monitoring | ISO/IEEE | handling
11073
Standard,
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2020 Participatory, | Fitness Man- | Regular ML: KNN, | Recommend
Personalized, | agement Monitoring, | SVM extraction
Predictive, Recommen- | Counter-
Preventive dation factual
algorithm
2020 Participatory, | Personalized Drug dis- | ML AI Integration
Personalized, | Medicine covery of AI Han-
Predictive dling  mul-
tiple health
parameters
2020 Participatory, | Coaching Ath- | Regular ML: CNN | Prediction
Personalized, | letes Monitoring result is not
Predictive explainable
2020 Participatory, | Trauma Man- | Monitoring | Al Integration
Personalized, | agement Trauma Robotics of AI Han-
Predictive Center dling  mul-
tiple health
parameters
2021 Participatory, | Health Moni- | CDSS ML DM Handling
Personalized, | toring of Mul- multiple
Predictive, tiple sclerosis health  pa-
Preventive rameters
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] 2021 Participatory, | Heart Condi- | CDSS, Reg- | ML DM Handling
Personalized, | tion Classifi- | ular Moni- multiple
Predictive, cation toring health  pa-
Preventive rameters

] 2021 Participatory, | Blood circula- | Regular LTSM, Prediction is
Personalized, | tion Analysis | Monitoring | ML: MLP | not explain-
Predictive able

In summary, we highlight the following points presented in Table 2.4:

. The WDT has been widely proposed for P4-medicine Personalized, Predictive, Pre-
ventive, and Participatory. The real-time monitoring, prediction, intelligence and
simulation feature of WDT made it possible to support multiple domains of well-

being.

. Either health twin or Organ Twin has been proposed in literature. Some authors

have proposed treatment organization management [20,19].

. CDSS, precision medicine and regulatory monitoring are common application goal of
the WDTs. Since DT can offer the best of four trendy technologies IoT, CPS, DM,
ML, it has been warmly accepted for the decision-making and data visualization in

well-being.

. IoT and different ML algorithms have been utilized to construct several types of

WDTs.
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5. Handling multiple sources and black-box prediction are two common threats in the
current studies. The nature of the applications often requires explanation for the

prediction.

6. Counterfactual algorithm and XAI algorithm are two solutions that have been pro-

posed in the literature for retrieving explanation of prediction.

7. Some recent studies have taken the ethical challenges of DT into account [76]. In the

next section we have discussed the ethical consideration or DT.

2.2 Related Work

We studied specific works for designing a dynamic MLA selection and for proposing a
dynamic testing method for prediction. We present the works in Section 2.2.1, and Sec-

tion 2.2.2 respectively.

2.2.1 Dynamic MLA Selection

This section comments on existing work that are relevant to machine learning algorithm

selection. The goal of this section is to understand the gaps in the relevant works.

The huge volume of data from diverse domains has made ML an emerging field of digital
twin applications. The practical WDT applications are dependent on numerous MLA to

enable decision making. [67].

The selection of MLA based on the criteria or knowledge of goals has been proposed
by some researchers [13]. In [13], authors found that defining an unambiguous goal can

effectively solve the selection problem of machine learning algorithms. They offered an
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expert group-based criteria selection method, called optimum performance ranking, which
is based on evaluation metrics like fitness function, statistical measures, and constraints
during analysis. This work mainly focused on the supervised machine learning methods
to conduct the empirical study with numerous experimental prove. However, as IoT is
also trending toward closed-loop systems, such as cyber physical systems (CPS), the MLA
should also use unsupervised learning to ensure the robustness of the systems, where the

processing is independent of a large training dataset [35].

Again in [13], authors found that a meta-learning based framework can resolve the
problem of finding a best-fit MLA to classify a particular dataset. They also mentioned a
selection of mapping algorithm using meta-feature of problem, performance, feature, and

algorithm space.

The authors in [64] emphasized that data characteristics have a significant impact
on the performance of different classification methods. Thus, they conducted a study by
considering both accuracy and time complexity to demonstrate how different characteristics
of the dataset as an independent variable impact their results with decision tree algorithms.
Instance spaces [09] and feature selection [21] have also been addressed as a criterion of
selecting appropriate MLAs [35]. The works discussed above mainly focused either on
mining traditional datasets for classification or on different supervised machine learning
approaches that require increased human intervention. on the contrary, the work in [60]
considered minimal human intervention and supervision into account in the context of big
data analytics. This work described the potential research methodologies and activities
comparing and describing the implementation process and tools for the development of a
big data system. The selection of MLA based on the criteria or knowledge of goals has

been proposed by some researchers [21,59)].

In a nutshell, least attention has been given on dynamic MLA selection for predictive
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system. The manual approach of selecting MLA for AI inference generally provides sub-
optimal performance [27]. Those methods are not only inefficient but also require significant

human intervention as the selected algorithm works for any particular dataset [60].

Moreover, to satisfy our research objective- multiple disease/disease risk prediction,
such an approach is not a good fit. Because this trial and error based MLA selection
approach to find which one gives the best accuracy result in redundant efforts, complexity,

and costs [14,53]. The proposed Dynamic MLA Selection method aims to fill this gap.

2.2.2 Dynamic Testing for Prediction

This section comments on existing work that are relevant to Al-based approach such as
deep learning (DL), ML-based approach in predicting health issues. The goal of this section

is to understand the gaps in the existing work for healthcare prediction.

The survey in [79] reveals that the emerging health applications increasing need to
include machine learning to provide innovative and smart services. The authors further
describe the conversion of raw physiological inputs into functions and how those are used
in ML, analyze the suitable ML algorithms, and describe how decisions are made and

propagated to the user.

In [10], the authors introduce a detail taxonomy for CPS in healthcare based on a
comparative review of components and procedures. The taxonomy includes information
about HCPS application, architecture, sensing approaches, data handling, computation,
communication, security, and control, which can be consulted when developing HCPS

applications.

The Quality of Service(QoS) issues have been studied in the context of remote health-

care in [92]. The work discusses the resolution of QoS challenges in urban healthcare big
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data system [25]. While it addresses the problems of healthcare and physical CPS systems,
information about how IoT-sensor data can be analyzed intelligently for NCD predictions

has not been made available.

The author in [44] proposes a CPS that incorporate localization information on the
sensing, analyzing and sharing of patient data for continuous health monitoring, however,

there is no indication of risk prediction of any particular disease in the work.

In the area of general healthcare monitoring, the work in [58] shows a CPS implemen-
tation to monitor blood pressure (BP), blood glucose (BG), body temperature (BT), and
heart beat rate (HR) based on embedded and cloud-based technology. This approach in-
terconnects the communication, computation, and control aspect of CPS for continuous

monitoring of patients and actuate remote treatment method when necessary.

The authors in [52] propose a CPS architecture for timely detection of stroke, a common
NCD in patients, to minimize the risk in people. The system analyzes electroencephalogra-
phy (EEG) data and connects to physician when it identifies stroke occurrence, and sends
alerting message to the concerned personnel. However, it does not focus on early prediction

of stroke.

The work in [32] proposes a model to predict, monitor, and control the risk of coronary
heart disease in CPS context. They authors use ANFIS fuzzy inference system to identify
the different levels of risk assessment. They define 800 plus rules to determine the risk level
and the consideration of additional attributes will require them to add even more rules,
thereby increasing the overhead. Contrary to this work, our proposed method introduces
verified training dataset against which ML classifier is built to predict the early risk level

of diabetes from wearable sensor data.
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2.3 Summary of Requirements

We conclude that the existing work are designed for specific problems and mostly limited to
predicting single problem. Therefore, we propose a dynamic testing method for prediction
for supporting multiple disease prediction. We summarize the requirements for digital twin

diagnosis that we find important to tackle and implement in this thesis.

1. Heterogeneous Data Source: A WDT framework connecting multiple health data
sources, including EHR, Social media, Wearable sensors, etc., will be able to support
multiple diagnoses. For example, various non-communicable diseases (NCDs) like

diabetes, stroke, a heart attack can be diagnosed from the same model.

2. Dynamic Algorithm Selection: Different algorithms are good at handling datasets
with different properties [13]. Therefore the framework will require selecting suitable

machine learning algorithms dynamically.

3. Prediction from EHR: Creating a vast knowledge base is complex, costly, and
time-consuming. Using EHRs to train the classifiers and extract rules and ground
truth can reduce the cost and time for manual data pre-processing and data la-
belling. Because EHRs like- prescriptions, diagnosis records, etc., includes medical
practitioner’s identification by default. In addition, it includes the status of the

patient’s signs, symptoms, risk factors, and numerous patterns.
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Chapter 3

Digital Twin for Disease Diagnosis

This chapter first provides a high-level overview in order to put the thesis objective in con-
text. Then we elaborate the framework for dynamic machine learning algorithm selection.

This is followed by our proposed method of dynamic testing for prediction.

3.1 High-level View of The Model

Figure 3.1, demonstrates a high-level view of a WDT model. The proposed WDT model
is mainly an ML-powered framework that selects Machine Learning Algorithm (MLA)
dynamically for the prediction purpose. The WDT follows an ecosystem similar to the one
described in [31]. In [31], the AI Interference Engine is generic. In contrast, the proposed
AT Inference focuses on dynamic selection of MLA for multiple disease prediction which

we detail in further section.

Overall, the WDT model selects suitable ML algorithms (MLA) for each disease dataset.
Multiple classifiers are then trained with these selected MLA. These classifiers predict
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Figure 3.1: High-level view of a WDT model.

multiple disease from sign or symptom of a real-twin employing a dynamic testing process.

The input-process-output view of the WDT model is described below:
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e Source of input: Fig. 3.1 shows that the Real-Twin and its connected environment
is the key source of input of the model. For example, A person connected to his
social media accounts, phone, electronic health records, wearable devices, sensors,

and navigators are the source of input of the proposed model.
e Process: The WDT model operates on three processes:

1. Data Acquisition: This process collects various health data including, clinical
data (e.g., ultrasonography), behavioral data (e.g., mood), physiological data
(e.g., bpm), lifestyle data (e.g., step count), environmental data (e.g., location)

from the IoT connected environment.

2. AI Inference: Al Inference is the core process of the model. It works as the

brain of a WDT model.

(a) Dynamic MLA Selection process receives a set of dataset, goal, and MLA
and outputs matching pairs of Disease dataset and MLA, suitable to the
ML prediction.

(b) Dynamic Testing process predicts the risks of different diseases, using the

dynamically selected MLA for those diseases.

3. Multimodal Interaction: This process enables the communication between the
Real-Twin and its Digital Twin through Wearable User Interface (e.g., smart-
phone). For example, a Digital-Twin notifies his Real-Twin that he needs to
walk for one hour by displaying text or playing audio from the smartwatch. The
rel twin touches his smartwatch screen and visualizes the data summary of his
activities and health risks. Here, touch, sight, audio is enabling multi-modal

Iinteraction.
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e Output: The output of the WDT model is a Digital Twin providing that provides

health data summary, prediction and recommendation.

In this research our main contribution is to design the frameworks for Dynamic MLA
selection. Another contribution is to propose a method for Dynamic Testing for
disease/disease risk Prediction. In the following sections we detail the contributions

one by one.

3.2 Dynamic MLA Selection

This section presents the core contribution of our thesis. The proposed framework and
algorithms in this section are published in our work [13]. The purpose of the framework is

to select suitable MLA to build classifiers for multiple disease/disease risk prediction.

3.2.1 Proposed Framework

The Dynamic MLA Selection framework is a part of the Al inference block of the Fig. 3.1.
The key underlying idea of the proposed method is to integrate and match the knowledge
of Datasets (D), Algorithms (A), and Goals (G) dynamically to select a proper MLA to
process a particular dataset for a specific goal. Fig. 3.2 illustrates the proposed frame-
work for Dynamic MLA Selection. The framework incorporates several functional units:
extractDataKnowledge, extactGoalKnowledge, extractAlgoKnowledge, and matchKnowl-
edge. The methodology followed by the proposed approach is discussed below.
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Figure 3.2: Proposed dynamic MLA selection framework for WDT.

3.2.2 Data Pre-processing

Our framework is designed to accept heterogeneous disease datasets and aims to pick
any MLA suitable for predicting the disease. In case of multiple diagnosis, data become
heterogeneous and contains a empty fields. Therefore, the data-prepossessing is designed
with common steps for pre-processing each dataset. Fig. 3.3, illustrates a flow of multi-

stage data pre-processing phase to clean raw data.

1. Attribute dropping: Usually, raw data contains multiple unnecessary attributes that
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Figure 3.3: Flowchart of data pre-processing steps.

can be ignored during classification. At the initial stage of data pre-processing, these
attributes are dropped. It cleans the data and reduces the used memory. For real-
time processing memory-efficient approach makes the system suitable for deploying

in the cloud environment.
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For example, three attributes- city, country, and postal code-represent a patient’s
address in the Telemedicine healthcare record. Based on the application need, only

the postal code can be kept, and the remaining two can be dropped.

. Missing value handling: We propose missing value handling in two stages. The first

stage is missing attribute value handling, and the second one is missing class handling.

First we check if the missing data is replaceable or not. For example, if the field of
disease type is empty, we can replace the value with unknown. If the data is not

replaceable we drop the tuple.

Next, we check the missing class. If the class labelling is missing for a tuple, we

follow the ignore the tuple approach of data mining and drop the value.

. Data normalization: We propose a two-stage data normalization process.

In the first stage, the data value is transformed into a suitable format. For example,
if the dataset contains ages between 1-100 years old, these data are categorized into
different age groups. Again, gender attributes can be represented using boolean

values.

The second stage applies the Standard Scaler normalization or default classifier fit
method to fit the dataset for the classification algorithm. This stage converts string
and other data types into a numeric value. For example, seven cities are represented
using seven different numbers. Such normalization fits the dataset to a muti-range

ML classifier.
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3.2.3 Extraction of Dataset Knowledge

The knowledge properties of any dataset are represented as Kp. The process of knowledge

extraction from a dataset is given in Algorithm 3.1.

Algorithm 3.1 extract DataKonwledge (D;)
Input: A realtime dataset D;
Output: A list Kp, containing knowledge of a dataset
Initialize an empty list Kp,
/* getDataType, ....., get DataKnowledge, are s number of abstract knowledge
retrieval functions. x/
K= getDataType(D);
Ks3= get Linearity(D;);
Ky= get DataContext(D;);
K4= getLocation(D;);
K= getDataKnowledge,(D;);
KDz‘ = add(Kl, KQ, Kg, K4, KS),
/* add() intregrates the knwoledge attibutes */
return (Kp,);

The specific knowledge properties considered are as followings.

e Data Type: This property refers to the type of data of a dataset. For instances,
binary, nominal, numerical, ordinal and mixed .

e Linearity: Linearity represents whether a dataset is linear or non-linear.

e Context: This refers to the context of the dataset. For example, diabetes, thyroid,
parking, activity.

e Dataset Location: This property carries information about the source of the dataset.

For example, Ottawa, Montreal or any other cities.
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3.2.4 Extraction of Goal Knowledge

In this work a goal is defined as a class having multiple attributes, which are collectively
considered as goal knowledge K. The process of goal knowledge extraction is given in

Algorithm 3.2.

Algorithm 3.2 extractGoal Konwledge (Gy)

Input: A particular goal G,

/* (G, is defined as a class, attributes of which will be defined by the
system developers, while the values of those attributes are given from
the application interface. */

Output: A list K, containing knowledge of the goal

Initialize an empty list K¢,

/* getGoal Process, ..., getGoal Knowledge, are u number of abstract
knowledge retrieval functions. */

K= getGoal Process(Gy.goal Name);

Ky= getGoal DataType(Gy.goal DomainType);
K3= getGoal M odelType(Gy.goal OutputType);
K, = getGoalTarget(Gy.goalContext);

K5= getGoal Location(G;.goalCoverage);

K, = getGoal Knowledge,(G;.newKnowledge);

KGt = Cldd(Kl, KQ, vy Ku),
return (K¢, );

Specific goal knowledge are in the following.

e goalName: The title of the goal (e.g. discovery or verification) represents knowledge

about the objective of the Ml process (e.g. prediction or hypothesis).

e goalDomainType: It provides knowledge about data type of target dataset (nominal,

ordinal, binary, mixed) to be mined in response to the goal.
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e goalOutputType: The output type of the ML process (e.g. class, group, number,
pattern) as expected by the goal that represents knowledge about model (e.g. clas-

sification, regression, clustering, hypothesis testing).

e goalContext: The context of the goal (diabetes, thyroid, parking, activity) that

represents knowledge about target data domain of a dataset.

3.2.5 Extraction of Algorithm Knowledge

The knowledge of MLA is considered as K 4. It is extracted using Algorithm 3.3.

Algorithm 3.3 extractAlgoKonwledge (A;)
Input: A DM algorithm A,
Output: A list K4, to contain DM algorithm knowledge
Initialize an empty list K4,
/* getSensitivity, ....., get AlgoKnowledge, are v number of abstract knowledge
retrieval functions. */
K= getSensitivity(A;);
Ks3= getExpectedDataType(A;);
K = getExpectedOutputType(A;);
Ky= getExpectedProcess(A;);

K,= getAlgoKnowledge,(A;);

KAj = Cldd(Kl, Kg, Kg, K4, Kv);
return (KAJ.);

Specific algorithm knowledge attributes are:

e Sensitivity: Represents the limitation information of a MLA. In particular, whether

the algorithm can accept null value, non-linear data, etc. or not.
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e Expected data type: Information of data types that a ML A can handle. For example,

binary, nominal.

e Expected output type: This property refers to output type of a MLA. For example,

class, group, and pattern.

e Expected process: Refers to the category of the MLA based on data mining task.

For instances, clustering, classification, and regression.

Here, we highlight that the required knowledge properties are changeable in the WDT
scenario due to the heterogeneity of devices and applications. Thus, Algorithm 3.1-
Algorithm 3.3 include abstract functions to extract new knowledge, which in turn utilize

several implemented functions in various machine learning libraries such NumPy [66].

3.2.6 Matching Knowledge

Matching among the data knowledge, goal knowledge and MLA knowledge are performed
using Algorithm 3.4 to find similarity of knowledge based on the concept of similarity

checking approach introduced in [65].

The Fig. 3.4 explains the walkthrough of the matching knowledge block in Fig. 3.2

approach as the following.

e Let there are several datasets like, D; = Diabetes Dataset Dy = Mantal Stress
Dataset, D3 = COVID-19 Dataset available in the Diagnosis database connected to
a WDT framework.The proposed model uses Algorithm 3.1 to obtain the knowledge
of D1, D, and D3 as follows.
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Algorithm 3.4 matchKnowledge (Kp, Ka, Kg, D, A, G)

Input: Knowledge of: Datasets(Kp), Goals(K ), DM Algorithms(K 4); list: goals(G), datasets(D), DM algorithms(A)

Output: Return a set T, q¢cn With matched set of tuples.

for each G in G do

for each D; in D do

If(Sg,.p; imaxSimD)

mazxSimD =Sg, . p,;

Else If(Sg,.p,==maxzSimD)
{ setD.add(D;); }

for each Aj in A do

If(Sg,.a;imazSimA)
maxSimA :SG#AJ.;

Else If (Sg,.a; ==mazSimA)
{ setA.add(A;); }

for each D¢, in setD do

for each Ae, in setA do
/* find similarity score betw.
SDey,Ae, = SiM(Kp,, s Ka,,);
If(SDEl Ay imazSimMerge)

mazxzSimMerge :SDe1 Ay

}
Tmatch: Tmatch U {Gt X setD,A};

return Ty,atch;

maxSimD, mazSimA = —Infinity;/* initialize mazSimD with a least value
setD, setA ={};/* initialize empty set to hold matched datasets

Sa,.p; = Sim(Kg,,Kp,); /* similarity betw. knowledge of Goal/Dataset

{ setD.clear(); /* clear all previous elements from setD
setD.add(D;); /* store datasets with highest similarity score

Sa,.a; = Sim(Kg,, Ka;) /* similarity betw. knowledge of Goal/DM Algorithm

{ setA.clear();/* clear all previous elements from setD
setA.add(Aj); /* store DM algorithms with highest similarity score

/* Now, a loop will run till ej;=|setD|, which is the cardinality of setD

mazxSimMerge =—Infinity;/* initialize maxSimMerge with a least value
setD_A={};/* initialize empty set to hold matched dataset and DM algorithm
/* Now, a loop will run till egp=|setAl|, which is the cardinality of setA

knowledge of items in setD and setA.

{ setD_A.clear();/* clear all previous elements from setD_A
setD_A.add({De, , Ac, }); /* store datasets/DM algorithms pair with highest similarity score

/* Tpaten contains selected tuples of Datasets, DM Algorithms and Goal Giy.

*/
*/

*/

*/
*/

*/

*/
*/

*/
*/

*/
*/

*/
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Figure 3.4: Workflow of matching knowledge block.

— Kp, = {K;=mixed, Ky= classification, K3=diabetes risk, K,= ottawa,...}

— Kp, = {K;=mixed, K,= classification, K3= mental stress, K;= montreal,...}

— Kp, = {K;=nominal, Ky= classification, K3= covid risk, K4= toronto,...}
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e Set of Goals G, where each goal is defined as a class. In particular, a goal refer to
general tasks performed by MLA. For this example, we consider three goals: G| =
diabetes risk prediction and G = mental stress prediction and G3 = COVID-19 risk
prediction. Algorithm 3.2 is used to extract knowledge sets K¢q,, Kg,, and Kg, for
G1, G5, G3,and respectively as follows.

— K¢, ={Kj=prediction, Ky=mixed, K3=classification, K; = diabetes risk,...}

— K¢, ={Kj=prediction, Ky=nominal, K3=classification, K, = covid risk,...}

— Kg, ={K;=prediction, Ky=mixed, Kz=classification, Ky = mental stress,...}

e Set of MLA A, where an element of A can be any MLA. Let us consider several of such
algorithms as, A= NB, A;=RF, A3 = HC, A,=FC in list A. Now, Algorithm 3.3 is
used to extract knowledge sets Ka,, Ka,, Ka,, K4, of each of these MLA as in the

following.

— K4, = {K =classification, Ky=mixed, K3=class,...}

— K4, = {K;=classification, Ky=nominal, K3=class,...}

— K4, = {K =clustering, Ky=mixed, K3=group,...}

— Ky, = {K =clustering, Ky=mixed, K3=pattern,...}
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e Algorithm 3.5 is used to accumulate knowledge sets Kp, K and K 4. It can be ob-
served that there are semantic matches among the values represented by Kp, Kg and
K 4, which are accomplished by Algorithm 3.4. First for each goal, a set of potentially
matching datasets (setD) and MLA (setA) are selected. Then a final matching is
conducted among these two sets to pick the matching MLA for each selected dataset.
Let, Sim(Kg,, Kp,), Sim(Keg,, Kp,), Sim(Kq,, Kp,) provides highest similarity,
then setD = {Dy, Do, D3} for Gy, G3, G respectively. In the same manner, assume

Ay is selected for Dy, Dy and , A, is selected for Ds.

So finally, for diabetes risk prediction and mental stress prediction, RF will be se-

lected, and for covid risk prediction, NB will be selected.

3.2.7 Proposed DMLA Algorithm

This section presents the main Algorithm designed to implement the Dynamic MLA Selec-
tion process in the WDT model. The Algorithm 3.6, takes three inputs- a) set of disease
datasets like- dataset for diabetes prediction, stroke risk prediction, COVID-19 prediction,
mental stress prediction, b) Set of Goals like- classification/regression/clustering, and c)
set of machine learning algorithms like- Random Forest(RF'), Naive Bayes(NB), Decision
Tree(DT), Neural Network (NN), etc. Then the Algorithm 3.1, Algorithm 3.3, and Algo-
rithm 3.2, extracts knowledge of D, A and G respectively. After that, the Algorithm 3.4
finds the matching pair of MLA and Training Dataset based on the highest similarity be-
tween the extracted knowledge for the training prediction model of the WDT framework.
The train function in Algorithm 3.6, trains the prediction model for each disease available

in the Diagnosis Database.
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Algorithm 3.5 DMLA (D, G, A)

Input: Set of Datasets D, Set of Goals G and Set of MLLA A (supervised or unsupervised.)
Output: For each element in G for any element of D a potential element from A will be
selected to obtain data mining result.
/* D, G and A will be updated at each execution time. */
for each D; in list D do
Kp, = extract DataKnowledge(D;);
Kp=Kp U Kp;

for each G; in list G do
K¢, = extractGoal Knowledge(G);
KG = KG U KG’t;
for each A; in list A do
Ky, = extract AlgoKnowledge(A;);
Ka=KiUKa;

Tpairs= matchKnowledge(Kp, Ko, Ka, D, A, G);

/* where, T,.,s stores the output of matchKnowledge */
return train(Tpurs);

/* train is general ML training process with the selected tuple Tpms

*/
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3.2.8 Complexity Analysis

The worst-case computational cost of the proposed framework has been detailed here. The
cost approximation is divided into two phases: knowledge retrieval phase and knowledge
matching phase. In the Knowledge retrieval phase, extract DataKnowledge(),

extractGoal Knowledge(), and extractAlgoKnowledge() in Algorithm 3.5 are evaluated,

whereas for the Knowledge matching phase, match Knowledge() algorithm is evaluated.

Complexity in Knowledge Retrieval

Taking a closer look at Algorithm 3.5 it can be observed that the upper bound of first for
loop is n. For each call the extract DataKnowledge() algorithm is executed to extract s
knowledge items for each dataset. In the dataset, different data types may exist and so the
algorithm needs to perform row-wise and column-wise search. Hence, in brute-Force case,
the complexity of obtaining knowledge of n number of datasets, Kp, can be approximated

as O(s.n.1) = O(n?) when considering s = n.

Again, for second loop in Algorithm 3.5, u number of goal knowledge items for each
goal is extracted using the extractGoal Knowledge() algorithm. So for a total m number
of goals, the complexity of obtaining overall goal knowledge, K, can be approximated as
O(u.m.1) when each of K, Ks,...,KK, takes 1 CPU cycle. Now, considering v = m, the

worst case complexity of goal knowledge extraction becomes O(m?).

Similarly, the complexity to extract the knowledge of data mining algorithms, K4, is
O(v.0.1) = O(0?) when v = 0. Now, if n, m, and o are close proximity values, the overall

complexity of knowledge retrieval phase approximates to O(n?) + O(m?) + O(0?) = O(n?).
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Complexity in Knowledge Matching

After the knowledge retrieval process, the knowledge matching process starts in Algo-
rithm 3.5 by executing the matchKnowledge() function, where the outer loop runs for
m times. Then two matching operations are performed: matching between goal knowl-
edge and dataset knowledge to get setD; matching between goal knowledge and algorithm
knowledge to get setA. If we use a better search algorithm for matching, then the com-
plexity to obtain setD is O(nlog n) for n number of datasets. Likewise, the complexity to
obtain setA is O(olog o) for o number of algorithms. Together, for m number of goals, the

complexity to obtain setD and setA becomes O(mnlog n) + O(molog o).

Now, the remaining loops in Algorithm 3.5 are carried out to obtain setD_A by matching
the knowledge between each of the e; number of selected datasets in setD and e, number
of selected algorithms in setA for m goals; the complexity of which is approximated to

O(m.ej.eslog es).

Thus, the overall complexity of knowledge matching phase can be approximated to
O(mnlog n) + O(molog o) + O(m.ej.exlog e3). As e; and ey are very small value, the por-
tion O(m.ej.eslog es) would be negligible. Now assuming, m, n, and o are close proximity

values, the overall knowledge matching complexity results in O(n2log n).

3.2.9 Competitive Advantage

e The existing Al inference still needs manual analysis to select the proper MLA,
which is costly and time-consuming. Whereas the proposed Al inference can do this

dynamically using Algorithm 3.4.

e The current work is often limited to using a single type of prediction for weel-being. In
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contrast the proposed dynamic framework is designed for numerous disease prediction

fro health and well-being.

3.3 Dynamic Testing for Prediction

This section presents another contribution of our research for predicting several disease

from a single WDT model. The contribution is published in [33].

3.3.1 Proposed Methods

In this section, we present the proposed Dynamic Testing process for prediction detailing

the algorithms and method.

To design this method, we considered that the test data for disease prediction come from
both the sensor data (from wearable network), and non-sensory data(from user’s input).
This method builds various disease classifiers using the training dataset and classifiers
selected by the dynamically selected machine learning algorithm, discussed in the previous
section. To map the sensory data as disease symptom status, the proposed testing method
follows several steps as demonstrated in figure 3.5. The data flow is marked with numbers
to demonstrate a closed-loop Machine Learning model. The detail of system processes

appears in the following sections.

3.3.2 Detection of Health Monitoring Sensors

The wearable network includes sensors of diverse genres targeting different goals, such

as health monitoring, disorder prediction, safety monitoring, home rehabilitation, activity
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monitoring, treatment assessment, etc. Information about these sensors includes sensor
type, id, record type, manufacturer, and service information. This information can be ex-
tracted using Python command lines or dedicated tools. To detect whether the sensor is a
health monitoring sensor or not, information about each wearable sensor in a specific net-
work will be checked. If the model includes n wearable sensors then W = wq, ws, ws, ..., w,
is a list of sensors in an environment. For each wearable sensor w, and information list is
extracted as info_list = iy,1s,..,1,. An instantiation of info_list can be seen in Figure

3.6.

{"sensor_name”"HeartRate" "timestamp™"Sat Mar 12
00:15:51 PST 2020","sensor_data"-{"bpm".65}}

Msensor_name” "light”, timestamp”.14.87545," Thu
Mar 10 17:28:46 EST 20207 "sensor_data™ "{less
bright, 17:00}}"

Msensor_name”"baftery” “timestamp”"Sat Mar 12
00:15:51 PST 2020","sensor_data"-{"charging"-true}}

{"sensor_name™"step” “timestamp™"Sun May 13
00:15:51 PST 2020","sensor_data"-{"charging"-true}}

Figure 3.6: Example of information list of sensors.

3.3.3 Selection of Biomedical Correlated Data

The reading of the sensors will be used for selecting correlated biomedical variables. In
particular, the correlation between sensor readings and the biomedical variable is assessed.
Possible examples of correlated biomedical variables are- beat per minute (BPM), sweat,
step count, etc. To conduct this step, a pre-defined list containing the biomedical variables
is checked. For example, if the list contains {bpm, step count, sweat, sleeping time} and
the reading from a wearable sensor w is {bpm:60} then the variable bpm will be selected

as a correlated biomedical variable.
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3.3.4 Healthcare Knowledge Base

A Healthcare knowledge Base is includes medical practitioners approved EHRs such as
prescriptions, clinical test reports etc. It contains health information to lable data. For
example, risk, symptom and disease name, medical rules to determine attribute value, and
other information. The use of an healthcare knowledge base can accelerate the perfor-
mance of the classification system. The proposed system uses the knowledge base in both
the training and the testing phase. In the training phase, the verified dataset from the
knowledge base has been used to train the classifier with several ML classification algo-
rithms. In contrast, in the testing phase, the knowledge base has been used to assign rules

and data labels and to extract features for predicting diseases from sensor data.

3.3.5 Data Labeling

The data labelling is performed by applying rules from the healthcare knowledge base
on the sensor data variables. The knowledge base includes the features of diseases and
data from public healthcare records (marked as 3 and 4 on Figure 3.5). These records
provide the selection of epidemiological factors by the users through the user interface
in real-time. For example, the knowledge base will include epidemiological factors (e.g.
age, sudden weight-loss, and palpitation) with rules. These epidemiological factors are
the filtered features. The feature selection contains healthcare practitioner’s identification.
The Dynamic Testing has been described before. So, now we will move to the evaluation

process of the ML process.
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3.3.6 Training Classifiers

The labelled test data and user test data both will be received by the Trained disease

classifiers.

The data source of training is the EHRs. Those EHR contains patient data collected
from a direct pre-screening questionnaire or via other means, as well as approved and
overseen by the healthcare practitioners. Those refined data are stored in the Database of
Disease, serving as the knowledge base. The practitioners-approved data have the poten-
tial to increase the level of acceptance for risk prediction of diseases. Multiple electronic
healthcare records (EHRs) train the model to predict multiple diseases through a single
system. The suitable MLAs for the selected EHRs are provided by the MLA selection
method described in the previous section 3.2. The WDT framework builds a classifier for

each disease with these pairs of MLA and EHR.

The prediction from the classifiers are passed to the user again through an user inter-
face. The user and user application will communicate with each other using multimodal

interactions as we have seen in the high level view of the WDT model.

3.3.7 Dynamic Testing Algorithm

Algorithm 3.6 present an algorithm for dynamic testing. The defined class TESTING
has two attributes, feature_name to contain a feature name of the training dataset and
feature_value to contain the value of a particular feature. The other defined class RULE
has five attributes, which represent a rule in the knowledge base. An example of instan-
tiation of an object of this class is: r=RULE(match_param_name= bpm, operator = >,

match_param_value = 80, deciston_param_name = Irritability, decision_param_value =
1).
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The algorithm takes the health sensor information list as an input and initializes list
T for output. In Python programming, a list is used as an array. Therefore, we have used
the term list and T as the list of TESTING instances. The contents of the information
of sensors are presented in Figure 3.6. The sensor data of each sensor is then split into
two parts with a delimiter. For example, sensor data = ’bpm:60’ is split as bpm as the

correlated biomedical variable, and 60 is its value.

Then the correlated biomedical variable is checked with the match_param_name in the
list of type RULE by the Compare function. If the rule is satisfied then decision_param_name
is stored as the feature name of a TESTING instance and decision_param_value is stored
as the feature value. Finally, the list T is returned as the dynamically created training

data record.
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Algorithm 3.6 Algorithm for Dynamic Testing.

class TESTING
feature_name
feature_value
end class

class Rule
match_param_name
operator
match_param_value
dectsion_param_name
decision_param_value
end class

Initialize TESTING list T,
Input list health_sensor_info, RULFE list rule;

for i=0 to health_sensor_info.length() do
\ * Split sensor data which is in ”data name: value” format.
ind() is a Python function-returns index of a character in string.
* find() is a Python functi t index of a character in stri
\ * 7.7 is the delimiter, splitting value before and after *:" .

sensor_data = health_sensor_in foli].sensor_data;
bio_cor_var = sensor_datal: sensor_data.find("')];
bio_cor_val = Int(sensor_data[sensor_data.find(""") + 1 :]);

for j=0 to rule.length() do
if rulelj].match_param_name == bio_cor_var then
\ *Check the sensor data with knowledge base rule.

Compare(bio_cor_val, rule[j|.operator, rulelj|.match_param_value)
if TRUE then

Ti]. feature name = rule[j|.decision_param_name;
Ti]. feature_value = rule[j].decision_param_val;

R;:turn T
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3.3.8 Competitive Advantage

e The existing WDT framework applies several MLA, checks the performance and
finds the one with the best accuracy manually. In contrast, our proposed framework

conducts each step for an ML prediction dynamically.

e The use of a medical practitioner’s verified training dataset in the framework has

reduced the massive pre-processing stage of ML.

e The multistage conversion of heterogeneous IoT sensor data into a meaningful dataset

opens a new door to predict disease risks from the low-level sensor data in WDT.
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Chapter 4

Dynamic MLA Selection Functions

We implemented a dynamic pre-processing function and a dynamic MLA selection function
that fits multiple classifiers and detests. The following sections present the required Tools

and Technology, Data Collection and function description.

4.1 Tools and Technology

In this work, we used several tools & technologies like libraries, simulators, platforms. This
section describes the data analysis tool, Programming language, cloud environment, and

essential libraries used to implement.

1. Data Analysis Tool For analyzing the characteristics of the various dataset and to
extract the MLA knowledge, we used the Waikato Environment for Knowledge(WEKA)
Analysis [37].
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Figure 4.1: Attribute distribution in the diabetes risk prediction dataset using WEKA.

2. Programming Language The underlying programming language of the imple-
mentation is Python [17].The reason behind choosing Python was the plethora of
advantages that make it particularly ideal for machine learning and deep learning

applications.

3. Cloud Environment We implemented the functions on Cloud Jupyter Notebook en-
vironment Colab [63].The reason behind this selection is that Google Colab supports
Python to working with several libraries, including PyTorch, Keras, TensorFlow, and

OpenCV.

4. Important Libraries We employed several libraries for machine learning, and data

visualization. Some notable of those are numpy, pandas, sklearn, seaborn, matplotlib

[66].

5. Simulator The testing and verification of the framework on sensor-only data were

complex and tedious without a simulator. Therefore we employed Cooja for creating
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a simulation network of wearable sensors [17]. The reason behind selecting Cooja
as the simulator is that. It can simulate heterogeneous nodes in the same network.

Moreover, it gives a lot of details of the node’s hardware.

4.2 Data Collection

In this section, we describe the data collection procedure for the implementation. We have
categorized the data collection into two categories- a) Public Dataset Collection, b) Private

Data Collection. The details are provided following.

4.2.1 Public Data

We collected publicly available data for Diabetes risk prediction, Liver disease prediction,
Diabetes Prediction, and Stroke prediction. Some of these data were available on UCI
Machine Learning Repository, and some on Kaggle. To collect data from UCI Machine
Learning Repository, we used the open-source API known as UCI-ML-API. We cloned the
git repository, executed the main python file to collect our desired data, and stored the
data into Comma Separated Value (CSV) format. To collect other data from GitHub or
Kaggle website, we used Python Request Module with REST API.

4.2.2 Private Data

We collected the data for Mental Stress Prediction, COVID risk prediction, and Thyroid
Prediction in private mode from the hospital’s medical record and from the individuals.

Those data were solely accessed by us for the evaluation purpose of this research. All data
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are collected with institution’s consent and ethical approval. The Mental stress data were
collected from a controlled setup, whereas the other two datasets were collected from a

Telehealth service and hospitals in Bangladesh.

The data for Mental stress detection were collected from 27 volunteer subjects between
18-50 years old, who were monitored over one week from 20th June, 2020 to 30th June,
2020. Multimodal data were sensed using the sensor, app, and IoT technologies available
on Redmi 8 Pro Android smartphone, Xiaomi Mi band 5 Pro version. These devices
produced the data to model the digital twin of a stress survivor. The collected data
include behavioural and psychological senses like heart rate, sleep time, activity time, step
count; social senses like outgoing calls, incoming calls, messages, call duration, chatting
time, online activity time; self-reported senses like age, appetite, preferences on social

media activity, reaction to COVID-19 news and reports.

An original dataset from the Telemedicine Service of Bangladesh was collected. This
dataset contains the record of one-month data from 1,/04/2020 to 30/04/2020, while corona-
virus started to spread in Bangladesh significantly. The record of the patient’s call, system’s
input, and doctor’s evaluation has been collected in the CSV data format through a secure
API of the Telehealth service provider. Employee credential was created and used to
access the patient’s call record. The data collection for thyroid prediction from a clinic in

Bangladesh follows the same approach.

4.3 Implementation of Function

We implemented several functions to implement the disease classifiers. The decription of

the functions are followings.
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4.3.1 MLA Selection Function

We implemented the Dynamic MLA selection function using python programming lan-
guage. We checked the file extension of the input file using string matching function. For
example whether file.itension == €SV or .jpg or .png, or .txt or unknown was checked to

accept data stored in multiple format.

In the next stage, we implemented functions to retrieve the knowledge properties of the
dataset, goal and ML Algorithm. The sub-function to extract data knowledge the function
is for finding the type of data. Initially, we worked with numerical and nominal data like
WEKA. However, the same function can be used for the binary, ordinal, continuous and

discrete data.

We implemented more functions similar to this to retrieve context, location, feature_size
and other knowledge properties. The data knowledge was possible to retrieve directly from
the raw dataset. However, in Algorithm knowledge extraction, we are required to employ
a list of MLA knowledge explicitly. For ease of implementation, we used the CSV format
of the merged database.

For algorithm knowledge extraction, the CSV file is providing the knowledge properties
of the machine learning algorithms. Unlike dataset, the knowledge properties is predefined.
The algorithm knowledge was retrieved from the WEKA open-source tool. From Fig. 77, it
can be seen that the associated information about the Naive Bayes Algorithm is provided by
the WEKA tool. Particularly, under the tag Capabilities the supported classes, attributes,
and a Minimum number of instances are provided, which present the goal, data type and

size supported by the specific MLA.

To implement the similarity function, we calculated the cosine-distance between two

knowledge sets according to the Algorithm 3.4 proposed in Chapter 3. We implemented
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the similarity function by calculating the similarity between two sets of knowledge. The
knowledge were stored using string lists. We used the built-in python Counter() function
to find the modalities of the knowledge. This function returned similarity in float format

ranging from 0.0 to 100.0.

The goal of our target dataset is classifications. Therefore we implemented the knowl-
edge matching by calculating the similarity between the knowledge of EHRs from and
MLAs. The details of these datasets and algorithms are discussed in the next chapter.
The matching function returns the matching pair of dataset and algorithm with the simi-
larity score. It can be seen from the main output that pairs are selected at the maximum

similarity.

> ehrl RandomForestClassifier(n_estimators=160)
9.86
ehr2 RandomForestClassifier(n_estimators=108)
0.85
ehr3 DecisionTreeClassifier()
8.83
ehr4 RandomForestClassifier(n_estimators=108)
0.82
ehr5 RandomForestClassifier(n_estimators=100)
8.89
ehré RandomForestClassifier(n_estimators=108)
0.86
ehr7 RandomForestClassifier(n_estimators=100)
8.89

Figure 4.2: Output from DMLA function. The ehrl, ehr2, etc. are datasets, Decision-
TreeClassifier(), RandomForestClassifier(n_estimator=100) are selected classifiers for spe-
cific datasets.The numeric values represent the similarity score.
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4.3.2 Dynamic Pre-processing Function

As the training dataset are EHRs are heterogeneous. We implemented a pre-processing
function that fits any training dataset and transforms each column value of a data frame
into a standard format. Multiple machine learning classifiers can be trained with our
pre-processing function. We used the SKlearn LableEncoder() function to transform each
column value of the data frame to fit the algorithms. Also, this pre-processing function

replaces the null value with a dummy value.

4.3.3 Dynamic Training Function

We implemented a dynamic training function. The function receives the matching pair
of datasets and algorithms from the matching knowledge function described above. The
training function then stores the datasets in a list named as selectedEHR list and algorithms
in another list named as selectedML list. Then it uses the dynamic pre-processing function

to each selected EHR and trains the classifier with that EHR, and its specific MLA.

4.3.4 Dynamic Testing Function

The non-sensory test data, like data from EHR was collected from the 80:20 percentage
split. However,the IoT device data for mental stress were mapped to require feature values.
These required features are the attributes from the training set used to build mental stress
classifiers. In the following, we have described the outcomes of the testing data generation

algorithm for the diabetes dataset.

— The heart rate sensor provides bpm record.
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— The eating sensor provides information about the number of food intake time.
— The first light sensor is ON if the battery is charged and OFF otherwise.

— The Bluetooth sensors provide information about whether it is connected to the

network or not. Another light sensor is on when the Bluetooth is connected.

— The step count sensor provides information about the number of steps completed by

a person.
— Drink water sensors count the number of times water drunk by a person.

— The skin rub sensor provides information about the number of times a person rubs

the skin.

— The blood pressure (bp) sensor provides information about systolic and diastolic
pressure (systolic, diastolic) in mm (Hg). For detecting the mental stress, we collected

smartphone, smartwatch data using REST API.

— In practice, the smartwatch and fitness band has embedded sensors to provide more
meaningful information. The sensors are often made of basic sensors, which collect
regular sensing data like pressure, temperature, movement, location, etc., and trans-
form these data into more meaningful information like drink water time, food intake,

sleep time, etc.

The payloads update the information of the sensor. There are multiple wearable sensors
in the network for different purposes. Unlike basic sensors like gyroscopes or accelerometers,
the modified sensors can provide more meaningful information. Table 4.1 provides detailed

information of the wearable sensors simulated for this work. The sensor_name represents
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the title of the sensors, which reflects the purpose of the sensors. The timestamps represent
the time of capturing the sensor records. The sensor_data provides information about the
reading of the sensors. Further elaboration of the sensors in Table 4.1 can be given as the

following.

The sensor_name is matched with a pre-defined list of health sensors, and when a match
is found, the flag is set to 1 in the program to represent it as a health sensor. Based on the
information in Table 4.1, it can be seen that there are six sensors found as health sensors

in the wearable sensor network as shown in Table 4.2.

4.3.5 Evaluation Function

To implement the evaluation function, first we retrieved the false positive (fp), true posi-
tive(tP) and threshold(th) from the scikit-learn python function. Then we computed the
training accuracy, testing accuracy, precision and recall. We used the scikit-learn auc()
function to get the ROC area value that takes the fp and tp value as input. We calculated
all the parameters in percentage. This block of the loop runs for each ML prediction pro-

vided by the WDT model. The results from the evaluation are described in Section 5.2.4.
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Table 4.1: Information list of sensors in the wearable sensor network.

Sensor ID Information List

aaaa::212:7403:3:303 {”sensor_name”:” Heartrate” ,”timestamp”:”Fri Mar 11 06:18:24 EST
2020”,”sensor_data”:{"bpm”:105} }

aaaa::212:740a:a:a0a {”sensor name”:”Eating”,” timestamp”:"Fri Mar 11 06:18:24 EST
20207 ,”sensor_data”:{”eat_count”:10}}

aaaa::212:7402:2:202 {”sensor_name”:” Light” ,”timestamp”:”Fri Mar 11 06:18:24 EST
20207 ,”sensor_data”:{”light_status”:1}}

aaaa::212:7404:4:404 {”sensor_name”:” Bluetooth”,”timestamp”:”Fri Mar 11 06:18:24 EST
2020”,”sensor_data”:{” btconnection” :connected } }

aaaa::212:7405:5:505 {”sensor_name”:” Stepcount” ,”timestamp”:”Fri Mar 11 06:18:24 EST
2020”,”sensor_data”:{”step_count”:2500} }

aaaa::212:7406:6:606 {”sensor_name”:”Battery”,”timestamp”:"Fri Mar 11 06:18:24 EST
2020”7 sensor_data”:{” charging”:70%} }

aaaa::212:7407:7:707 {”sensor_name”:” Drinkwater”,”timestamp”:” Fri Mar 11 06:18:24 EST
2020”,”sensor_data” :{”drink_count”:16} }

aaaa::212:7408:8:808 {”sensor_name”:”Light”,”timestamp”:”Fri Mar 11 06:18:24 EST
2020”,”sensor_data”:{"light_status”:1}}

aaaa::212:7409:9:909 {”sensor_name”:” Skinrub”,” timestamp”:”Fri Mar 11 06:18:24 EST
20207 ,”sensor_data”:{”skin_rub_count”:35} }

aaaa::212:740b:b:b0b {”sensor name”:”BP”,”timestamp”:"Fri  Mar 11 06:18:24 EST
2020”,”sensor_data”:{”bp”:90,50} }

Table 4.2: Detected health sensors.

Sensor ID Sensor Name Health Sensor? (yes=1, no=0)
aaaa::212:7403:3:303  {"sensor_name”:” Heartrate” } 1
aaaa::212:740a:a:ala  {”sensor_name”:” Eating” } 1
aaaa::212:7402:2:202  {”sensor_name”:”Light” } 0
aaaa::212:7404:4:404  {"sensor_name”:” Bluetooth} 0
aaaa::212:7405:5:505  {"sensor_name”:” Stepcount” } 1
aaaa::212:7406:6:606  {”sensor_name”:” Battery” } 0
aaaa::212:7407:7:707  {"sensor_name”:” Drinkwater” } 1
aaaa::212:7408:8:808  {”sensor_name”:”Light” } 0
aaaa::212:7409:9:909  {"sensor_name”:” Skinrub” } 1
aaaa::212:740b:b:b0b  {”sensor_name”:”BP”} 1
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Table 4.3: Biomedical correlated variable and sample rules from the epidemiological knowl-
edge base to map sensor readings.

Biomedical correlated

Sample sensor reading variables Rules Decision
bpm:105 bpm >100 Irritability=1
eat_count:10 eat_count >5 Polyphagia=1
step_count:2500 step_count <2000 Obesity=1
drink_count:16 drink_count >15 Polydipsia=1
skin_rub_count:35 skin_rub_count >30 Itching=1
bp:90,50 bp <90,<60 Weakness=1
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Chapter 5

Evaluation

This chapter presents three use cases, experiments, and findings of the proposed framework.
We evaluated the performance of our framework from two different perspectives given

following.

1. In the first evaluation, we obtained the performance of automatically selected MLAs

and compared them with the performance of existing work.

2. In the second one, we verified the performance of the selected MLA and compared it

with other existing works.

5.1 Use Cases

This section describes three possible use-cases for our proposed framework. We provide a

brief description of the use cases describing the goal to be achieved by the framework.
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5.1.1 WDT for Non-Communicable Disease

The NCDs are not transferable and non-contagious [90], although more life-threatening
than contagious diseases. According to the World Health Organization (WHO), NCDs
are responsible for 71% of all deaths globally. However, the risk factors and determinants
of these diseases, which are commonly known as epidemiological factors, are adjustable
and controllable [57]. For example, obesity is an epidemiological factor that can cause
NCDs like diabetes, stroke, hypertension, and kidney disease [30]. Therefore, the incidence
of NCDs can be minimized by controlling these factors. Epidemiological factors of NCDs
generally stem from physical inactivity, alcoholic habit, diets, and other conditions. Hence,
pre-screening and preventive measures are the keys to respond to NCDs [13]. The value
of health transformation, the empowerment of wearable sensors, and ML must be broadly
acknowledged in the fight against losses due to NCDs [15]. We considered the following
NCDs for this research.

1. Diabetes Risk Prediction (at an early stage)
2. Diabetes Prediction (If it’s a disease)

3. Liver Disease Prediction (If it’s a disease)
4. Thyroid Risk Prediction (at an early stage)

5. Stroke Risk Prediction (at an early stage)
The flow of NCD prediction by our proposed WDT framework is following.

1. The proposed framework collects the epidemiology of NCDs from datasets. These
datasets include information from various sources like- EHRs, smartphones, smart-

watches,even from wearable sensors.
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2. The datasets are then pre-processed to remove unnecessary attributes, and noisy

instances following the multi-stage preprocessing steps in Fig. 3.3

3. Then proper MLA are selected automatically by the framework for each training

dataset set.

4. Classifiers are built for each NCD with the algorithm selected by the framework.

Finally, the classifiers predicts the listed disease or risk of disease through the proposed

dynamic testing method,as discussed in Section 5.3.

5.1.2 WDT for Mental Well-being

We consider Mental Stress as a case of Mental health issues. In general, stress is a natural
response of the human body to stress-inducing factors (stressors) that lead to significant
physiological and behavioural changes citeref70. The stressors are dynamic factors that
can produce stress in one individual while sparing others [71]. For example, social media
affecting one person’s mental health can be proved relaxing for another person, Stress can

be predicted from the real-life and social activity of a human.

The flow of mental stress prediction by our proposed framework is following.

1. The proposed framework collects the stressor from dataset containing the smart-
watch exercise data (daily activities), social media stories, phone logs, etc. A dataset
for training stress prediction model is the response to the questionnaire of stress

assessment.

2. The datasets are then pre-processed to remove unnecessary attributes, and noisy

instances following the multi-stage pre-processing steps in Fig. 3.3
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3. Then proper MLA are selected automatically by the framework for the training set.
4. Classifier is built for stress prediction with the MLA selected by our framework.

5. Finally, the classifiers classify whether a person is stressed or not and report precau-

tions and conditions to the real twin through a wearable interface like a smartwatch.

In this way, a mental well-being twin can be prepared with the capabilities of stress

prediction, as discussed in Section 5.4.

5.1.3 WDT for COVID-19 Risk Prediction

The Coronavirus disease 2019 (COVID-19) pandemic has become a burden to the health-
care system around the world. Most of the countries around the world have been trans-
formed their health sector from manual to digital version through telehealthcare service
during the pandemic. Integration of Telehealthcare services with dynamic processing and

ML to predict COVID risk is an urgent requirement for the current situation.

The flow of mental stress prediction by our proposed framework is following.

1. The proposed framework collects datasets containing daily public health status from
public Telehealth services. The data from the telehealthcare service records the
healthcare queries from patients. For instance, patient demographic information,

health conditions, patient’s profile through one service.

2. The datasets are then pre-processed to remove unnecessary attributes, and noisy

instances following the multi-stage pre-processing steps in Fig. 3.3

3. Then proper MLA are selected automatically by the framework for the training sets.
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4. Classifier is built for COVID-19 risk prediction with the MLA selected by our frame-

work.

5. Finally, the classifier predicts COVID-19 risk from problems reported by patient’s

In this way, the framework transforms manual identification of COVID-19 risk from

the spreadsheet to a virtual process as discussed in Section 5.5.

5.2 Overall Experiment

This experiment evaluates the proposed framework to demonstrate whether it can select
the suitable MLA among the many available MLAs algorithms without human intervention
or not. For this purpose, some existing work has been considered, which applied different
MLA for predicting various diseases. In our case, we considered ones either selected a

similar target disease or same dataset. The goal of this experiment is listed in the following.
e To evaluate if the framework can select suitable algorithms automatically (in terms
of similarity score)

e To evaluate if the model can handle heterogeneous data accurately (in terms of

prediction accuracy)

5.2.1 Dataset

In order to experiment, we considered 7 different datasets (Table 5.1). The datasets are
collected from different sources like Medical records and Prescriptions to satisfy the het-

erogeneity of data sources. It can be seen from the Table 5.1 is that we considered hetero-

76



geneous data source, type and disease goals. The reasons behind selecting these datasets

are followings.

e These datasets contain the patient’s symptoms and signs related to disease diagnosis.
As our research focused on disease diagnosis, we found these datasets available and

usable for disease diagnosis.

e These datasets are various EHRs containing healthcare practitioner’s approved data

labels. As the framework needs to deal with disease diagnosis, we relied on these

datasets.
Table 5.1: Overview of Datasets

Disease | Diabetes | Diabetes | Liver Thyroid Stroke Mental COVID
Case Risk Disease | Risk Risk Stress Risk
Training | Digital Clinical Digital Digital Pre- | Digital Diagnosis | Telemedi-
Data Prescrip- | Report Prescrip- | scription Health Record cine
Source tion tion Record Record
Source Public Collected | Public Collected Public Collected | Public
Type
Data Binary Mixed Neumeric | Mixed Mixed Binary Mixed

5.2.2 Machine Learning Algorithms

There are many MLA as well as several distinct ways for implementing supervised algo-
rithms [13]. As this research focuses explicitly on evaluating the MLA selection mechanism
proposed in the framework itself, the existing available implementations of MLA from the

Python Libraries [66] are considered here.

In Table 5.2, we demonstrate the settings and model type of the available algorithms in

our proposed framework. It can be observed that we selected seven different model types,
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including- Support Vector Network, Regression, Ensemble, Probabilistic, Tree, Neural Net-
work, and Non-Parametric Model. The settings column shows different parameter value
defined for the MLAs. The datasets have been pre-processed to eliminate the null and
missing values by assigning mode values and ignoring missing tuples, respectively. The

reasons behind selecting these ML As and settings are followings.

e These algorithms have been proposed several times for disease classification in the

literature.

e Various model types support datasets with various characteristics. Therefore we

selected widely used classification model types.

e The proposed framework was intended to avoid rigorous modification of algorithm
parameters. Therefore we used standard parameter values provided by sci-kit learn
libraries. However, experiment with tuned parameters could be another option to

analyze the results.
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Table 5.2: Machine Learning Algorithms Available in Proposed WDT Framework

MLA Name

Model Type

Setting

Support Vector Machine
(SVM)

Support Vector Network

SVC(C=1.0, break_ties=False, cache_size=200, class_weight=None, coef0=0.0,
decision_function shape="ovr’, degree=3, gamma="scale’, kernel="rbf’,
max_iter=-1, probability=False, random_state=None, shrinking=True,
t01=0.001, verbose=False)

Logistic Regression
(LR)

Regression

LogisticRegression(C=1.0, class_weight=None, dual=False, fit_intercept=True,
intercept_scaling=1, 11_ratio=None, max_iter=100,

multi_class="auto’, n_jobs=None, penalty="12",

random_state=None, solver="Ibfgs’, tol=0.0001, verbose=0,
warm_start=False)

Random Forest
(RF)

Ensemble

RandomForestClassifier(bootstrap=True, ccp_alpha=0.0, class_weight=None,
criterion="gini’, max_depth=None, max_features='auto’,

max_leaf nodes=None, max_samples=None,

min_impurity_decrease=0.0, min_impurity_split=None,

min_samples_leaf=1, min_samples_split=2,

min_weight_fraction_leaf=0.0, n_estimators=100,

n_jobs=None, oob_score=False, random_state=None,

verbose=0, warm_start=False)

Naive Bayes (NB)

Probabilistic

GaussianNB(priors=None, var_smoothing=1e-09)

Decision Tree(DT)

Tree

DecisionTreeClassifier(cep_alpha=0.0, class_weight=None, criterion="gini’,
max_depth=None, max_features=None, max_leaf nodes=None,
min_impurity_decrease=0.0, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,

min_weight_fraction leaf=0.0, presort="deprecated’,

random_state=None, splitter="suitable’)

Multilayer Perceptron
(MLP)

Neural Network

Perceptron(alpha=0.0001, class_weight=None, early_stopping=False, eta0=1.0,
fit_intercept=True, max_iter=1000, n_iter_no_change=>5, n_jobs=None,
penalty=None, random _state=0, shuffle=True, tol=0.001,
validation_fraction=0.1, verbose=0, warm_start=False)

K-th Nearest Neighbour

KNN

KNeighborsClassifier(algorithm="auto’, leaf_size=30, metric="minkowski’,
metric_params=None, n_jobs=None, n_neighbors=3, p=2,
weights="uniform’)
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5.2.3 Performance Metrics

To evaluate the performance of the classifiers, we considered the widely accepted ML eval-
uation measures against the disease datasets. The following are the Performance metrics

considered for this experiment.

e Prediction Accuracy Most of the existing work has used accuracy with respective
to the True Positive, False Positive, True Negative, False Negative value. Therefore
we considered Accuracy one of the performance metrics. However, other MLA accu-
racy measures are detailed in the Individual Experiment section. Accuracy=(TP

+ TN)/(TP + TN + FP + FN), where,

— True Positive (TP) = Risk identified correctly for those who are at risk.

False Positive (FP) = Risk-free people identified incorrectly at risk.

True Negative (TN) = Risk-free people identified correctly as risk-free.

— False Negative (FN) = Risk people are identified incorrectly as risk free.

Correctly Classified = Percentage of instances classified correctly.

— Incorrectly Classified= Percentage of instances classified incorrectly.

In percentage, the value ranges between 0% to 100%. The more the value closer to

100%, the better the accuracy.

e Cosine Similarity Another performance metric is the Cosine similarity value. The

. . . . . . . . . Z": KD.X\/ZTL: Ka,
cosine similarity is calculated as: Similarity(Kp, K4) = HKKﬁ)x[\T}A( 1= = e
b A \/Zi:lKDiX\/Zi:IKAi

Where Kp, K4 represents the knowledge of Dataset and MLA, respectively. The
value ranges between -1 and 1, where -1 represents perfectly dissimilar, and 1 repre-

sents perfectly similar.
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For the individual experiments some more performance metrics were considered in-

cluding the followings.

e Kappa statistic (or kappa coefficient) A kappa of 1 indicates perfect agreement,
whereas a kappa of 0 indicates agreement equivalent to chance. The more the value

close to 1 , the more better the performance.

e Root Mean Square Error (RMSE) Standard deviation of the prediction errors.

It measures how concentrated the data is around the line of best fit.
e TP Rate The TP rate is calculated as TP/(TP + FN).
e FP Rate The FP rate is calculated as FP/(FP + TN).

e Precision The Precision represents the fraction of relevant instances among the

retrieved instances. It is calculated as TP/(TP + FP).

e Recall represents the fraction of relevant instances that were retrieved. This is

calculated as TP /(TP + FN).

e F-measure provides the harmonic mean of precision and recall. 2*(Precision*Recall)/(Precision

+ Recall)

e ROC (Receiver Operating Characteristic) area ROC curve is a plot of True
positive rate‘and false positive rate. The closer the ROC area to 1.0, more accurate

the classifier is.

5.2.4 Result & Findings

In Table 5.3, the second column shows the different existing works that considered different

goals, such as diabetes prediction [15], as well as the MLA that they have used to process
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the data for the target goal. The third column of the table lists the MLAs that are
recommended by the proposed method. The fourth column shows the cosine similarity
between the selected MLA, and its target dataset. It can be observed from Table 5.3 that
the similarity score is higher in most cases and above 0.80. The highest similarity was
found for the Liver Disease and Thyroid Risk Dataset at a score of 0.89. This indicates
that the knowledge properties of that dataset and selected algorithms were more alike. By
contrast, the COVID Risk Dataset and RF algorithm pair show the lowest similarity score
at 0.82. However, this score is also above 0.80 as well as closer to 1.

m Existing mProposed

100

0 I I I ‘ I I ‘

Diabetes Stress Diabetes COVID Risk Liver  StrokeRisk Thyroid
Rk Diseass Rk

MNAME OF DISEASE CASE

ACCURACY (%)
g o] ]
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[
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Figure 5.1: Comparative analysis between existing work and proposed framework. Existing
Work for Diabetes Risk in [15], Stress in [50] , Diabetes in [77], Liver Disease in [69], Stroke
Risk in [72]. Suitable existing work to compare COVID Risk prediction and Thyroid
prediction was not available.

In most of the occasions except diabetes risk, the selection of MLA algorithm by the
proposed approach is different from the existing one. Therefore in the next stage, we
obtained the accuracy of the machine-selected algorithms, and the literature reported the

suitable algorithms. The accuracy of the ML algorithms in both approaches for the target
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tasks is reported in Fig. A.1. It shows that the accuracy obtained in both existing and

proposed cases is comparable.

The existing work proposes NB as the suitable classifier with 75% accuracy for thyroid
prediction, whereas the proposed framework achieves 94.5% accuracy with RF (ensemble
technique) algorithm. Again, for the Liver Disease prediction, the existing work proposes
SVM as the suitable MLA with an accuracy of 76.5%, while the proposed framework rec-
ommends an RF algorithm that achieves 98% accuracy. The accuracy of other framework
selected alogorithms are also above 94.5%. Stroke risk prediction is also improved by the
framework selected algorithm RF from 94% to 97%. The diabetes risk prediction accuracy
are at the same level of existing works at 98%. This experiment indicates that the proposed

framework can select proper MLA dynamically for a WDT model.
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Table 5.3: Comparative result of existing and the proposed work

Goals Proposed Selected MLA Similarity
algorithm in by the proposed Score
existing work  framework

Diabetes RF RF 0.86
Risk

Mental RT RF 0.85
Stress

Diabetes KNN, RF DT 0.83
COVID Risk - RF 0.82
Liver Disease SVM RF 0.89
Stroke Risk DT RF 0.86
Thyroid Risk NB RF 0.89

In the next sections, we present three thorough evaluations for the three use cases. From
the non-communicable diseases, we select the Diabetes risk, and the other two selections

remain the same. The goals of this experiment are to find the following.

e The comparison of various MLA performance with existing work.

e Comparison of performance of multiple MLAs to verify that the automatically se-

lected MLA by our framework performs with the suitable accuracy.

5.3 Individual Experiment: NCD Risk Prediction

From the seven NCDs used in the above experiment, we picked the diabetes risk prediction
to evaluate the use case of NCD risk prediction. Following the method of this research,
the experimental procedure is divided into two phases. In the first phase, the training

procedure is performed using a verified dataset of diabetes [1]. This dataset has been
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collected with ethical approval and informed consent from actual patients from a diabetic
hospital. All data are collected from the patient’s prescription, where a medical officer
identified a patient as diabetes potential. More specifically, patients who are recommended
for the clinical test are classified as positive. This dataset is used to predict the likelihood
of diabetes at early-stage from common signs and symptoms such that potential loss of

valuable life from diabetes can be minimized.

In the second phase, the test data has been produced from simulation and prototype to
evaluate the performance of different classification algorithms. For the simulation network
of wearable sensors, a sensor network was constructed by updating examples of cooja
simulator using Contiki Operating System [17]. The sensors have been modified using
the Python programming language. Finally, the results have been compared with other

existing works focusing on diabetes risk prediction using ML.

5.3.1 Experiment Procedure

At this stage, a verified training dataset [1] is used as ground truth for the training purpose.
There are total 17 attributes, including one class attribute. The distribution of positive
(clinical diabetes test prescribed) and negative (clinical diabetes test not prescribed) classes
in the training dataset is depicted in Figure 4.1. It can be observed that the dataset

includes a class variation for all 16 attributes.

Following the attribute distribution, the classifier was trained with training datasets
applying 11 classification algorithms: RF, DT, NB, BN, MLP, SVM-Polykernel and SVM-
RBFKernel, LR, RT, AdaBoost, Bagging, and KNN. The time to build model for each

classification algorithm has been shown in Figure 5.2.

It can be observed from Figure 5.2 that the minimum time taken to build a classifier is
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Figure 5.2: Time taken to build classifier with different algorithms during training.

0.01s for NB, SVM (PolyKernel), LR, RT, AdaBoost, and Bagging. The KNN algorithm

required the maximum time at 1.82s. Time to build model was recorded by using the whole
training dataset. The

The tree from the DT classification is depicted in Figure 5.4. The tree’s root is poly-

dipsia, which then branches to polyuria and afterwards reach the class attribute.
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Figure 5.3: Neural network of MLP classification.
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Table 5.4: Confusion matrix for the classification algorithms.

(a) Confusion matrix of RF

(b) Confusion matrix of DT

Positive | Negative | Actual Class Positive | Negative | Actual Class
69 12 Positive 64 17 Positive
0 134 Negative 3 131 Negative

(c) Confusion matrix of NB

(d) Confusion matrix of BN

Positive | Negative | Actual Class Positive | Negative | Actual Class
o8 23 Positive o4 27 Positive
17 117 Negative 13 121 Negative

(e) Confusion matrix of MLP

(f) Confusion matrix of SVM

Positive | Negative | Actual Class Positive | Negative | Actual Class
65 16 Positive 63 20 Positive
3 131 Negative 13 21 Negative

(g) Confusion matrix of LR

(h) Confusion matrix of RT

Positive | Negative | Actual Class Positive | Negative | Actual Class
62 19 Positive 66 15 Positive
15 119 Negative 0 134 Negative

(i) Confusion matrix of AdaBoost

(j) Confusion matrix of Bagging

Positive | Negative | Actual Class Positive | Negative | Actual Class
60 21 Positive 63 18 Positive
17 117 Negative 4 130 Negative

(k) Confusion matrix of KNN

Positive | Negative | Actual Class
66 15 Positive
0 134 Negative
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Figure 5.4: The tree from decision tree classification.

The Kappa statistics and RMSE comparison is provided in Figure 5.5. These two
statistical measures are considered widely for ML performance evaluation. The kappa
statistics value of RF, RT, AdaBoost, and KNN is mostly closer to 1, indicating these
classification algorithms’ efficiency for this problem. On the other hand, the RMSE value
of KNN, RT, MLP, and RF is the least, which proves the efficiency of those algorithms for
the target prediction task.

To get a more detailed view of the classifier performance, other accuracy measures like
TP rate, FP rate, Precision, Recall, ROC area, and F-measure are illustrated in Figure 5.6.
The highest value of these measures is approximately 0.93, 0.12, 0.94, 0.93, 0.93 and 0.93,
respectively, for multiple algorithms like RF and RT. The SVM performs worst among
these algorithms. The SVM (RBFkernel) accounts for the highest FP rate at 0.23 and the

subsequent ones are for NB and BN at 0.22, and so on.

Based on all the analysis above, it is evident that RF performed suitable in terms of

model build time during training and accuracy measures during testing.
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5.3.2 Comparison with Existing Work

Existing work mainly considers clinical datasets for diabetic prediction, not for early-stage
risk prediction of diabetes. Different works consider different datasets with a diverse set of
attributes. However, we took the context of diabetes and ML to compare our work that
considers dataset and corresponding attributes for early-stage diabetes risk prediction. A

comparison of the proposed work with the existing work has been outlined in Table 5.5.

The suitable accuracy for each algorithm is highlighted in Table 5.5. It is evident from
the table that our proposed work provides the suitable accuracy in most cases. However,
the work in [83] comes next, providing the suitable accuracy for three algorithms DT,
NB, and SVM (Polykernal) and then in [29] for LR algorithm. Also, the - sign in the
table cell represents that the cited work does not use the corresponding algorithm. It
can be observed from the table that each of the existing works individually has used 3-4

classification techniques. In contrast, we analyzed our data with 11 classification techniques

that have been used for diabetes prediction in the literature.

Table 5.5: Comparison of accuracy of our work with existing work.

SVM

SVM

Algorithms RF DT NB BN MLP (Polykernel) (RBFKernel) LR RT AdaBoost Bagging KNN
This work 94.02 91.02 81.03 81.02 92.3 85.14 82.28 84.67 94 83 89 93
- - 73.82 N/A 71 - - 69 - - - 83
76.3 73.82 - - N/A N/A 65.1 - -
N/A 70 - 75 77 74 - 98
N/A 93 92 N/A 91 91 82 N/A

5.3.3 Result & Findings

Overall, it is evident from the experimental results that although multiple algorithms built
the model in minimum time within 0.01s, their accuracy varied significantly. For instance,

the model is built in 0.01s by applying Bagging, AdaBoost, RT, LR, SVM(PolyKernel),
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and NB.
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Figure 5.5: Statistical measures of classification algorithm.

However, the accuracy obtained by RF and RT is nearly 10% higher at 94% than SVM
at 85.14%. Again, the RF provides the highest accuracy at 94.02% and ROC area at 0.97,

Though both RF and RT obtain the same value for TP rate, FP rate, Precision, Recall,
F-measure, and ROC accuracy measures, the better accuracy supports RF as the suitable
algorithm for this experiment. This diversity of results provides interesting insights, such
as a) Although several algorithms provide almost similar accuracy, the classification algo-
rithms may require variable training time and b) For the prediction of NCDs, performance

should be evaluated in both training and testing phase.

Form this experiment we found that the framework selected algorithm RF is suitable

for diabetes risk prediction in terms of accuracy. However, RT
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Figure 5.6: Accuracy measures of classification algorithm.

5.4 Individual Experiment: Mental Stress Prediction

This study involves 27 volunteer subjects between 18-50 years old, monitored over one week
from 20th June 2020 to 30th June 2020. The details of the source features are provided in
Table B.1.

5.4.1 Experimental Procedure

The average number of outgoing calls, incoming calls, missed calls, and call duration are
combined to a derived attribute communication pattern, walking duration, exercise du-
ration, inactive duration are combined to the activity pattern. The sleep duration was
transformed into the sleep pattern, and social media active time and chat time were com-
bined with the social media activity pattern. Due to the unavailability of the required

knowledgebase, we acquired the threshold based on generic rules approved by a medical
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practitioner. For an example, the sleeping hour less than 8 hours was labelled as Disturbed

sleep pattern.

For ML classification, the following steps are followed.

e In this work, we employed ML classification algorithms that have been used for
stress detection in the contemporary literature. The selection includes SVM, KNN|

RF, NB, MLP, and DT. The classifiers were built using the default settings of the
python scikit-learn library.

e Different senses of a person have been recorded at 0.5-second intervals using a smart-
watch, smartphone, and smart band sensors. Then these samples were summarized
at 1-week interval to construct the training dataset. The training dataset consists of

features DTF and labels L1=(stress), 0=(non-stress).

e The ground truth for labeling the training data was obtained from the domain ex-
perts. The classifiers were trained with this training dataset where supervised ML

algorithms have been used for achieving better precision.

e We eliminated the null value and implemented a dynamic pre-processing function
to standardize attributes so that the dataset fits multiple classifiers using python

sklearn pre-processing functions.

e We conducted 80:20 percentage split to obtain the performance metrics.

5.4.2 Comparison with Existing Work

The comparison of the proposed work with existing work is provided in Table 5.6. The

proposed work considers heterogeneous data to get the digital status of stressors. Table 5.6,
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Table 5.6: Comparison of accuracy with existing mental stress prediction

Work Selected Obtained Number of | Number of | Sensing
Algorithm Accuracy Subjects Feature
Proposed RF 98% 27 20 Wearable,
Social,
Software
[75] SVM 80.9% 10 5 Wearable
[50] RT 97% 17 8 Wearable
[73] KNN 87.5% 46 112 External
[84] DT 80.9% 20 6 Wearable

shows the comparison in terms of selected algorithms, accuracy, number of subjects involved

in the experiment, number of feature, and type of sensing.

Overall, the SVM mental stress classifier in [75] obtained 80.9% accuracy on wearable

sensed data with five features. The DT classifier in [3] obtained the same level of accuracy
using six features of a wearable sensed dataset. The KNN model in [73], obtained a better
accuracy than [75] and [34]. The authors in this work involved the highest number of
subjects and features. However, they utilized 112 features providing various information
on keyboard typing. In contrast, the RF classifier in our proposed work obtained 98%
accuracy, with 27 subjects and 20 features, including information about daily life activity,
social media activity of an individual. We used physiological, behavioural, environmental
data about the subjects for mental stress prediction. The number of subjects and the
features in our experiment were moderate compared to the other existing work. In addition,

we employed heterogeneous data and obtained comparatively good accuracy.
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5.4.3 Results & Findings

It is evident from the accuracy results in Fig.5.7a that RF classified mental stress at 98%
accuracy, whereas SVM and KNN classified it with lower accuracy at 83.33%. The lower

accuracy of SVM and KNN is because of a higher rate of true negative value in the dataset.

Both the test accuracy and the ROC equation use the TN value. Another reason is
that SVM and KNN are not suitable for small datasets like NB or DT.

Particularly, this experiment was conducted on a very small dataset. Although in the
case of accuracy, we obtained 83.33% for SVM and KNN. However, the ROC area value
(5.7b) of those classifiers was only at 0.5. In contrast, the ROC of the RF algorithm was

almost at 1.0.

We agree that RF is a good fit for the mental stress prediction dataset. Because the
precision and Recall value of RF was also at 0.98 and higher than the other algorithms.
Even though the values of results are fluctuating, the lower performance of other MLAs

shows that the selection by our proposed framework is suitable for the mental stress dataset.

5.5 Individual Experiment: COVID-19 Risk Predic-

tion

To experiment, an original dataset from the Telemedicine Service of Bangladesh was col-
lected. This dataset contains the record of one-month data from 1,/04,/2020 to 30/04/2020,
while corona-virus started to spread in Bangladesh significantly. The record of the patient’s
call, system’s input, and doctor’s evaluation have been collected in the CSV data format.

The attribute details of the dataset are provided in Table B.2. The MLA and it’s setup
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discussed in Table 5.2.

Gender Division Diseses Category Symptom ageGroup class
0 female Rajshahi NaN NaN Tonsillitis 20-30  unknowr
1 male Dhaka MNalN MNaM Dry cough 31-50  unknowr
2 male Dhaka Medicine Respiratory Common cold 0 high rnisk
3 female Dhaka  Surgery ENT Sore throat 20-30  low risk
4 male Dhaka MNalN MNaM Viral fever 20-30  unknowr

Figure 5.8: Clean data after pre-processing.

5.5.1 Experimental procedure

The Data Mapping and Pre-Processing was done in followings ways. After selecting the
training data, the datasets undergo multiple-stage as described in the system architecture.
For assigning class first, the attribute symptom was checked with the condition that indi-
cates dry cough, sore throat, viral fever, breathlessness, or direct corona symptom to be
labelled as high risk. Then, the attribute category was checked to see whether it is respi-
ratory, respiratory system, or cardiovascular for assigning high-risk class. If the symptoms
were unknown, the class was null, but if the category was unknown, the class was labeled
as unknown. Finally, the data were categorized into i) high risk - COVID high risk, ii)low
risk- COVID low risk.The age attribute was transformed to categorical from numerical.
The data tuples with null class value had been dropped. After following these stages the

data was cleaned and the data frame looked as illustrated in Fig. 5.8.

From Table 5.7, it is evident that after the pre-processing stage, the memory usage by
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Table 5.7: Memory used by training and test dataset before and after cleaning.

Dataset | Memory used before pre-processing | Memory used after pre-processing

Training 1228.84-KB 079.5+KB

Test 92.94+KB 73.7+KB

both the training and test dataset dropped significantly. For the training set, the memory
used was reduced to almost half. This indicates that proposed data pre-possessing can

save memory while the classification from a large dataset.

After this stage, the datasets were fit to the classifiers with library functions. The class
was transformed to binary 0 and 1 after final null value elimination. LogisticRegression
classifier imported as a linear regression model for classification. SVC was imported to im-
plement SVM. For neural network model implementation Perceptron model was imported.
To implement a tree-type model, DecisionTreeClassifier was imported, and for ensemble
model implementation, RandomForestClassifier was used. All these classifiers were im-
ported from Sklearn libraries. The models had been implemented and compared using the

same python notebook.

Suitable existing work to compare with this result was not available for this experiment.

Therefore, the comparison section is excluded from this section.
subsectionResults & Findings

It can be observed from Fig. 5.9 that RF provided highest accuracy at 98%. The KNN
provides 69.95%, Support Vector Machines provided 95.03% accuracy, Logistic Regression
obtained 95.02% accuracy, Perceptron showed 89.44% and, Naive Bayes provided 83.92%
accuracy. However, except for the KNN the other algorithms provided decent accuracy

above 80%.

We observed that comparatively, the RF performed suitable in terms of the mentioned
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Figure 5.9: Accuracy measures of classification algorithm.

evaluation metrics. Our framework also selected DT for the COVID risk prediction. It
indicates that the framework selected algorithm for this use case is suitable for the target

disease prediction.

We implemented a visualization function to visualize statistics of different attributes
from the test dataset in a meaningful representation. The predicted class was transformed

into high risk = 1 and low risk = 0 and plotted into a bar diagram.

From Fig.5.10, it can be observed that males mainly were at risk. Fig.5.10a, it can be
observed that males mainly were at risk. Fig.5.10b, shows that the Dhaka division is at
more risk and the age group of 20-30 is vulnerable to risk than other age groups. This
visualization provides essential insights that can be used to improve medical preparedness
where risk is high. The type of special arrangements can also be prepared for risky age

groups and gender. After comparing this to the original data, we obtained that statistically,
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the same majority was depicted for the test data tuples.

5.6 Summary of Findings
The following are the Summary of the Experiments found to form the above Experiments.

e The first experiment shows that the proposed framework can handle heterogeneous
disease data and classify multiple Diseases at or above 94.5% accuracy. This satisfies

our first objective- to provide a multi-disease prediction model.

e In addition, the first experiment shows that the framework selects MLA at a high
similarity score ranging from 0.82-0.89. This confirms the reliability of the framework

as well as the compatibility of the framework with precision healthcare

e From the second experiment, we found that the framework’s selected algorithm are
originally provides better accuracy than other classification algorithms. This verifies
the selected models by our framework can be utilized for health and well-being related

prediction.

e The selection of datasets contributed in improving prediction accuracy. Most of
the datsets for the experiment are EHR, which includes healthcare practitioner’s

labelling.

e All the prediction problem was converted as binary classification problem. Therefore,
ensemble technique RF was selected six times and Decision Tree was selected once.

However, his framework will also work for other types of classification or clustering

problem (Fig. A.1).
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(c) Visualization of age group at high and low risk.

Figure 5.10: Covid risk group visualization

100



Chapter 6

Conclusion and Future Work

In this research, we proposed a framework for multiple disease diagnoses. This work aims
at predicting multiple diseases or risk of disease of individuals dynamically. Therefore, we
designed a dynamic framework to selects dataset and machine learning classifiers for each
type of disease prediction. This data is then prepared for the disease prediction classifier
through a dynamic testing method. The benefits of research extend to multiple disease

diagnosis through a single system.

We designed algorithms and implemented associated functions to evaluate the frame-
work. We considered various use cases and evaluated the performance of the framework in
terms of numerous performance metrics. These experiments helped to explore potentiali-
ties where digital twin can support the disease diagnosis at early stage. In the following

sections, we detail issues, limitations, and possible improvements of this thesis.
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6.1 Addressed Issues

Digital Twin in healthcare is still at its incubation period. We faced several issues while
conducting this research. Precisely, during the implementation and evaluation of the thesis,
we found a significant scarcity of datasets, existing implementation, etc. Some notable

issues are the followings.

6.1.1 Restriction to Access Data

One of the biggest issues of this thesis was data collection for verifying the framework.
The whole research has been conducted during the COVID-19 pandemic situation and
remotely. Therefore, it was complex to get approval to access a vast amount of hospital

data.

To resolve this challenge, we utilized existing public datasets. In addition, we attempted
to evaluate the performance of the framework we employed samll to vast datasets from

available data sources.

We believe stakeholders like Government and Healthcare Authorities can play a vital
role by approving access to healthcare data. This will be helpful to ensure each healthcare

at the right time.

6.1.2 Scarcity of Appropriate Dataset

There exist some publicly medical dataset can provide data presenting sign symptom and
risk factors. However, the ground truth are not usually from the medical practitioner. We

found it very challenging to get such dataset while conducting this research.
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We used the four EHRs and Telehealth records to resolve this challenge of the healthcare
practitioner’s approval. Those are limited in size but consists real class label from the

medical practitioners.

The collaboration of hospitals, clinics and diagnostic systems can accelerate digital
healthcare and transform it to automated healthcare by sharing huge EHRs. This will be

beneficial to understand patterns of various causes of a particular disease.

6.1.3 MLA Knowledge Extraction

The knowledge of goal for this research is same for the seven datasets. Also, the python
libraries were helpful to extract data type, dataset size, etc. information. However, we

struggled to extarct MLA knowledge.

We utilized the capabilities information of the selected algorithms from the WEKA
classifiers (see Fig. A.2). However, as we designed our similarity function for matching
string similarity all these knowledge required to modify into the same format of the dataset

and goal knowledge.

A dataset of MLA knowledge can be beneficial to reduce the overhead of MLA knowl-
edge extraction. Similar to the dataset knowledge, built-in libraries to extract MLA knowl-

edge, can be another candidate solution.
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6.2 Limitations

The limitations of this research are listed followings.

e The data collection and experiments for two predictions were conducted on a very
small dataset. However, all the data are original and collected with the consent of

the real users.

e The data for ML selection are predefined due to the unavailability of specific knowl-
edge database. However, the data were collected from the algorithm capabilities

information available int the Weka tool.

e The comparison of two disease cases- thyroid and covid risk were not possible. Be-
cause the DT in healthcare is at its primary stage of adoption. The existing works

for these two use cases were not a good fit for the comparison.

6.3 Possible Improvements

As stated above, the main goal of our proposed WDT framework is to support multiple
healthcare; future work may focus on extending or expanding the proposed framework in

one or more of the following ways.

6.3.1 Improving Data Acquisition

Collect real-time data like image, video, hepatic, some of which we are already collecting
but not making full use of yet. The more data we collect will add more detail of human

health. In addition, more complex health issues will be predicted by the system. Fig. 6.2
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Figure 6.1: Mental stress detection from webcam data.

depicts an example of using real-time webcam data for stress prediction from an on-progress

extension of this research.

6.3.2 Improving Prediction Mechanism

Explain the prediction. The prediction explanation will be revolutionary for individual
healthcare prediction by providing the right recommendation for the right risk factors.
More specifically, which risk factors affect an individual will provide insights to determine
appropriate recommendations for the patient. Thanks to Explainable AT (XAI), which
has made it possible to retrieve explanations for individual predictions. In Fig. 6.2 We

demonstrate what difference the integration of XAl to healthcare can bring.
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Figure 6.2: Difference between prediction with and without Explainable AT.

6.3.3 Improving Implementation

Implement an application feature for the smartwatch fitness apps to monitor an individual’s
health, predict disease risks and recommend specific measures. Nowadays, the apps related
to fitness bands like Fitbit, Mi band or smartwatch like Apple watch are offering activity
monitoring services to their users. The implementation of our proposed WDT framework

may add a new feature for multiple disease prediction features in the future.
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Appendix A

Figures

A.1 Experiment Result from Published Contribution
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Figure A.1: Comparative analysis between existing work and proposed framework [13].
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A.2 MLA Capabilities

© Weka Explorer
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Class for a Naive Bayes classifier using estimator classes

Numeric estimator precision values are chosen based on analysis of the training data. For this reason, the classifier is not an UpdateableClassifier (which in typical usage are
initialized with zero training instances) — if you need the UpdateableClassifier use the N; Updateable classifier. The NaiveBayesUpdateable classifier will
use a defautt precision of 0.1 for numeric attributes when buildClassfier is called with zero training instances:

For more information on Naive Bayes classifiers, see

George H. John, Pat Langley: Estimating Continuous Distributions in Bayesian Classifiers. In: Eleventh Conference on Uncertainty in Artificial Inteligence, San Mateo, 338-345,
1995,
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Class — Binary class, Missing class values, Nominal class
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Minimum number of instances: 0

Figure A.2: Screenshot from WEKA.
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Appendix B

Tables

B.1 Mental Stress Dataset Information

Table B.1: Collected Feature Details of the Mental Stress Dataset

No. | Feature Name Data Type Source

1 Time-stamps Date-time System Clock
2 Age Categorical | Self-reported
3 Address Categorical | GPS

4 Appetite Categorical | Self-reported
5 Panic neumeric Smartwatch
6 Daily Phone usage numeric Phone

7 Incoming Calls numeric Phone

8 Outgoing Calls numeric Phone

9 Missed Calls numeric Phone

10 Longest Call duration numeric Phone

11 Social Media Active Time Time Social Media
12 Social Media Chat time Time Social Media
13 Favorite Social Media String Social Media
14 Favorite activity on social Media | String Social Media
15 Heart rate numeric Smartwatch
16 Walking Time numeric Smartwatch
17 Exercise Time numeric Smartwatch
18 Inactive Time numeric Smartwatch
19 Sleeping Hour numeric Smartwatch
20 Stress Binary Mental healthcare provider
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B.2 COVID Dataset information

Table B.2: Variable details of the whole dataset.

Variable Short De- | Distinct Type Continuous|/Sategerical

Name scription

Date Calling date 30 Date Continuous | System

District District in ad- | 64 Nominal Categorical | Details on
dress of a pa- Patient
tient

Division Division in ad- | 8 Nominal Categorical | Details on
dress of a pa- Patient
tient

Upazilla Upazilla in the | 406 Nominal Categorical | Details on
address of a Patient
patient

Disease Specialized 5 Nominal Categorical | Determined
sector for a by Doctors
disease in
medical.

Category Specialized 20 Nominal Categorical | Determined
sub-sector of a by Doctors
disease.

Symptom Diagnosis from | 773 Nominal Continuous | Determined
the symptoms by Doctors
described by a
patient.

Gender Gender of a |2 Nominal Categorical | Details on
patient Patient

Age Age of a pa- | 100 Neumerical Continuous | Details on
tient Patient

B.3 Relationship between epidemiology factors of men-

tal stress and IoT Technology
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Table B.3: Summary of COVID-19 stressors and associated information

COVID-19 | epidemiologicdl'ype of | Digital data | IoT Tech- | IoT sens-
Stressor fcators health to be col- | nology ing type
data lected
Fear of infec- | Panic, sleep | Behavioral, | Sleep  dura- | Smartwatch| Wearable

tion disturbance, psychologi- | tion, heart
anxiety cal rate variabil-
ity (HRV)
Lockdown/ | Frustration, Social, be- | Communication Smartphone| External,
quarantine boredom havioral, pattern, activ- | accelerom- | Social,
psychologi- | ity, HRV eter, and | wearable
cal gyroscope
on smart-
phone
Overloaded | Confusion, Social, psy- | News, online | API, soft- | External,
Information | anxiety chological content, HRV | ware, HRV | Wearable,
and  Misin- social  and
formation software.
Stigma Unbalanced Behavioral | News, online | News, Social, wear-
lifestyle content, activ- | accelerom- | able
ity eter, and
gyroscope
smart-
phone
Unavailability] Anxiety Psychological HRV Smartwatch| Wearable
of supply
Loss of work | Sleep distur- | Behavioral, | Sleep  dura- | Smartwatch| Wearable
or being job- | bance, anxi- | psychologi- | tion, sleep
less ety, irritabil- | cal pattern, HRV
ity
Duration of | Anxiety Psychological HRV Smartwatch| Wearable
quarantine
Location of | Location Behavioral | Location Smartwatch| External
quarantine or Smart-
phone
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B.4 Relationship between epidemiology factors of di-

abetes and IoT Technology

Table B.4: Example of collecting epidemiological factors for early stage diabetes risk pre-

diction

epidemiological factors

IoT Technology

epidemiological factors

IoT Technology

1. | Age Apps 9. | Visual blurring Apps
2. | Gender Apps 10. | Itching Sensor
3. | Polyuria Apps 11. | Irritability Sensor
4. | Polydipsia Sensor 12. | Delayed healing Apps
5. | Sudden weight loss Sensor 13. | Partial paresis Apps
6. | Weakness Sensor 14. | Muscle stiffness Apps
7. | Polyphagia Sensor 15. | Alopecia Apps
8. | Genital thrush Apps 16. | Obesity Sensor

B.5 Description

of Knowledge Variables

Table B.5: List of variables

Definition of variable

Set of datasets, D = J D;, where i = 1,2,3,....n is an integer

Set of goals, G = |J Gy, where t = 1,2,3,...,m is an integer
and a goal GG; is an object of class Goal

Set of MLA, A =|JA;, where j = 1,2,3,...,0 is an integer

Set of knowledge attributes of a particular dataset, Kp,

Set of knowledge attributes of a particular goal, Kg,

Set of knowledge attributes of a particular MLA, K4,

Collection of data knowledge, Kp = |J Kp,

Collection of goal knowledge, K¢ = | Kg,

Collection of MLA knowledge, K4 = |J Ky,
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