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Abstract

Information and technology-based e-Health systems play a vital role in healthcare.

From remote consultancy systems to teaching and learning systems, all these have

been widely deployed to serve different sectors of the medical domain along with

associated remote patients. As a result, e-Health systems are increasingly being

used as both a passive and active strategy to eliminate the challenges facing the

healthcare industry (such as a lack of resources, staff, and awareness) and reported

significant improvement in communal health of different countries. As a result,

different kinds of e-Health systems have been developed and utilized to accomplish

various tasks in various areas of the medical domain, such as remote consultancy,

electronic health record management, hospital management, health awareness,

resource tracking, teaching, and learning; mother and child care is one of them,

which is emerging as an upcoming area in e-Health, where a lot of research projects

including check-up reminder system, prenatal nursing, Antenatal Care (ANC), Ex-

panded Programme on Immunization (EPI), knowledge updates regarding mother

and newborn care and insulin calculation are under the spotlight; but research

has rarely been found in predicting possible chances of affecting offspring from

genetic or inherited haematological or bleeding disorder such as Haemophilia and

Thalassemia at the prenatal stage. Haemophilia is a severe condition where a

person with Haemophilia bleeds for a very long time, even from small wounds or

injuries, as their blood does not coagulate. In contrast, thalassemia is a disorder in

which red blood cells cannot synthesise haemoglobin (oxygen-carrying molecules

in the blood). Due to this, the body makes fewer healthy red blood cells and less

or insufficient haemoglobin (an iron-rich protein in red blood cells) compared to

normal levels. Hence, the oxygen does not reach all body parts properly because

of the insufficiency of haemoglobin in the blood, which causes starvation of oxy-

gen in various organs, increasing the inability to function correctly. Thalassemia

often leads to anaemia and causes symptoms like fatigue or tiredness, an enlarged

spleen, slow growth in children, bone pain, a tendency to break bones, shortness

of breath, pale skin, lack of appetite, dark urine, and jaundice. Therefore, it is a
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crucial area of concern in the global medical system because Haemophilia and tha-

lassemia have been steadily increasing over time, quickly overtaking other diseases

in terms of mortality rates, and placing a financial burden on patients’ families

as well as the governments of India and other countries around the world. This

indicates that an early diagnosis and prediction of the probability of offspring

inheriting Haemophilia or thalassemia from parents at the prenatal stage is an

essential requirement so that, in time, informed decisions or actions can be taken

under the supervision of an expert doctor (s). Analysis of various medical records,

such as pathological records, family history records, and genetic analysis records,

may cause clinicians to take longer to make decisions or result in incorrect evalu-

ations due to a lack of patient data or information. To overcome these difficulties

and ultimately aid medical practitioners in diagnosing, a variety of e-Health sys-

tems have been developed using computational models constructed using machine

learning techniques. In light of this, the thesis suggests an e-Health system that

utilises a computer model created using machine learning techniques to provide

an early diagnosis of Haemophilia and thalassemia at the embryonic stage.

The purpose of this work is to provide remote patients with e-services to assess

the possibility of having a child with Haemophilia or thalassemia at the prena-

tal stage, to assist medical professionals in the evaluation process for inherited

bleeding disorders like Haemophilia and thalassemia, to effectively analyse com-

plex and ambiguous patient health examination data, to overcome the staffing

and resource shortage, and to reduce the cost, time, and effort needed. This is

accomplished with the development of a proposed system that predicts the prob-

ability that offspring will inherit Haemophilia or thalassemia based on medical

history, family history, physiological symptoms history, and obstetric history of

the couple planning a family and also provides a list of expert doctors for further

consultation. To design the suggested system, hybrid and rule-based prediction

models have been developed employing a variety of machine learning methods,

including Bayesian Networks, Decision Trees, and Gaussian Naive Bayes. Later, a

mobile application-based e-Health system was created using a rule-based predic-

tion model to assist patients and doctors in anticipating the possibility of having

a child with Haemophilia and thalassemia at an early stage. The effectiveness of
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the models was then evaluated using a confusion matrix and statistical techniques

such as the Receiver Operating Characteristic (ROC) Curve, which establishes the

validity of the suggested system in making an early diagnosis of inherited prenatal

disorders like Haemophilia and thalassemia. As a result, the current study can

be used to predict the chance of acquiring other inherited blood illnesses, such as

sickle cell anaemia, and it can serve as the basis for premarital analytic models or

programmes that evaluate a couple’s medical compatibility.
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Chapter 1

Introduction

Electronic Health (e-Health) is a fantastical idea that has arisen as a result of the

use of Information and Communication Technologies (ICT) in healthcare, includ-

ing networks, the internet, computers, and wireless[1] [2] [3] [4]. The successful

implementation of e-Health has transformed the way that healthcare is delivered

by enabling the storage of health records, retrieval of medical records and infor-

mation, and transmission of medical services in digital form [5]. Additionally,

consistent e-Health use in the healthcare industry has been linked to notable im-

provements in the general health of several nations [5]. Besides this, e-Health

systems are increasingly being used as a passive and active solution to lessen nu-

merous healthcare industry barriers (such as a lack of employees, funding, and

awareness) [4]. Due to all of these factors, e-Health solutions are replacing tradi-

tional methods of delivering health services in areas including medical consulting

(such as patient treatment, appointment scheduling, and patient record adminis-

tration), medical learning, and health management [6] [7].

While e-Health is becoming more and more popular as a relatively new method of

delivering medical services through the use of communications technology, it has

been in utilise in some form or type for over thirty years. The National Aeronautics

and Space Administration (NASA) introduced the idea of e-Health under the term

1
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telemedicine in the early 1960s[8] [9] [10] [11] [12] [13] [14] [15]. After that, in 1989,

the National Aeronautics and Space Administration (NASA) carried out the first

global telemedicine programme; ”Space Bridge to Armenia/Ufa,” for carrying out

telemedicine consultations [8] [9] [10] [11] [12] [13] [14] [15]. The term ”e-Health” is

now used to refer to the global digitization of the health sector. Additionally, the

increased desire to create new e-Health systems to influence all facets of health-

care and society is being driven by e-Health’s improved performance, efficiency,

and cost-effectiveness [16].

Different kinds of e-Health systems have been identified in the literature for pro-

viding services regarding remote consultancy [17] [18] [19] [20] [21] [22] [23] [24]

[25] [26] [27] [28] [29] [30]electronic health record management [31] [32] [33] [34]

[35] [36] [37] [38] [39] [40] [41] [42], hospital management [43] [44] [45] [46], health

awareness [47][48] [49] [50] [51] [52] [53], resource tracking[54], teaching and learn-

ing [55]. Similar to how mother and child care [5] is developing as an upcoming

field in e-Health, many types of research are currently in the spotlight (such as

check-up reminders [56], prenatal nursing [56], Antenatal Care (ANC) [56], ex-

panded programme on immunization (EPI), knowledge updates regarding mother

and newborn care [54][57][58][59], and insulin calculation [60] ); but research is

rare has found in predicting possible chances of effecting expecting offspring from

different problems such as genetic or inherited bleeding disorder at early or pre-

natal stage [56][60].

This identified gap becomes the motivation to conduct current research work and

to propose an e-Health system for the early diagnosis of inherited disorders; which

will predict the probability of inheritance of inherited bleeding disorders such as

Haemophilia and Thalassemia from parents to offspring at the prenatal stage or

even at pre-conception stage based on medical, physiological and family or an-

cestral history of couple planning to extend their family and served as the scope

of study [60]. So that they may make the required decisions (such as whether to

continue the pregnancy or not) with the guidance and advice of qualified medical
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professionals (such as a haematologist, gynaecologist, paediatric haematologist, or

medical oncologist haematologist). In this way, the proposed system will help to

provide services like self-awareness, diagnosis, and prediction of inherited disorders

services to the remote public (especially to target couples on the way to extend

their family), electronically.

The leftover part of this chapter is structured as follows: Section 1.1 discusses the

brief background of the medical domain. Section 1.2 briefly discusses the basic

concepts of Machine Learning (ML). Section 1.3 provides fundamental knowledge

regarding the Bayesian Network. Section 1.4 discusses the concept of K-Nearest

Neighbours (KNN). Section 1.5 introduces the concept of Decision Tree and Gaus-

sian Naive Bayes. Section 1.6 discusses the Hybrid Approach. Section 1.7 high-

lighted to research challenge. Section 1.8 provides details of research motivation.

The objectives of the current research work have been presented in section 1.9.

Section 1.10 depicted the research methodology, briefly. The contribution of the

thesis has been discussed in section 1.11. The scope and limitations of the study

have been discussed in section 1.12. The outline of the thesis is presented in

Section 1.13.

1.1 Medical Background

1.1.1 Inherited Disorder

The term ”inherited disorder” refers to a disease that is carried from parents to

their children through mutations in genes or chromosomes [53] [61] [59]. All these

disorders cause birth defects (like abnormalities in physical and mental structure

or function) and other kinds of complexities in prenatal [53] [61] [59]. These de-

fects may be inherited or hereditary in origin (like Haemophilia, Thalassemia,

Sickle Cell Anaemia, Cystic fibrosis, Diabetes, and Maternally Inherited Diabetes



Chapter:1 Introduction 4

and Deafness (MIDD)) or maybe the outcome of infections (such as rubella); dis-

closure to deadly chemicals and radiation (affect the development of the foetus),

mother’s diet, drinking and drug intake habits (such as foetal alcohol syndrome)

as well as maternal illnesses [53]. The disorders that occur due to inheritance

are divided into several types such as single gene disorders, chromosomal or mi-

tochondrial disorders, multifactorial gene disorders, and hereditary disorders [59].

A change in a single gene contained in the Deoxyribonucleic Acid (DNA) results

in a single gene condition or disorder. Contrarily, chromosomal disorders also

called mitochondrial genetic disorders occur when a chromosome or a portion of

a gene’s chromosomes are removed or replaced in the DNA structure. Similar to

this, complicated illnesses or disorders develop when several genes (presented in

DNA) are altered [59]. Although lots of work has been reported for the prevention

of these inherited disorders as well as for improving mother and child health; the

efforts in the direction of empowering parents for the early detection, prevention,

and management of inherited disorders (especially in the context of Haemophilia

and Thalassemia) are limited and required more efforts in the context [53]. Hence,

the development and deployment of an electronic healthcare system are required

for educating and empowering parents (especially mothers) for the early detection

of inherited disorders such as Haemophilia and Thalassemia causing birth defects

(like abnormalities in physical and mental structure or function) in prenatal. So

that, parents can make early informed decisions regarding their pregnancy with

the consultation of expert medical professionals.

1.1.2 Haemophilia

Haemophilia is an X-linked recessive genetic trait or disorder that occurs due to

an altered gene on the X chromosome and can be inherited by the child from

parents [59]. As a result, males with an XY genotype are affected by Haemophilia

and are referred to as patients, but females with a XX genotype are carriers of
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the condition since they have one Haemophilia gene that is functional and one

that is not. But, sometimes females may also be affected if alteration on both

X chromosomes has happened which causes bleeding symptoms and is called the

symptomatic carrier or affected Patient of Haemophilia. Hence, it can be said

that an alteration in the copy of a gene on a single X chromosome causes the

disorder in males as they have only one X chromosome, whereas females require

mutations on both X chromosomes to be affected by the disorder. In contrast,

if only one X chromosome has mutated in females then they will be Carriers of

Haemophilia otherwise Patients of Haemophilia [62][63]. It is additionally broken

down into three subtypes [64]. One of these is Haemophilia A (HA), Haemophilia

B (HB), and Haemophilia C (HC), which is caused by a deficiency or absence of

clotting factors VIII, IX, and XI (together with Platelet-Rich Plasma, or PRP) in

the blood, respectively [65] [63] [64]. In terms of the prevalence of Haemophilia,

it has been found that Haemophilia A (HA) affects one in 5,000 male live births,

compared to Haemophilia B (HB), which affects one in 30,000 male live births

[65] [63]. Based on the level of clotting activity found in a subject’s blood, the

severity of different types of Haemophilia is occasionally further categorised into

Mild, Moderate, and Severe categories. According to the classification system used

for adults, Mild Haemophilia is defined as having a factor activity level between

6% and 49%, moderate Haemophilia as having a factor activity level between 1%

and 5%, and severe Haemophilia as having a factor activity level of less than 1%

[65] [42]. Severe Haemophiliacs frequently experience aberrant bleeding (such as

prolonged bleeding) and frequent spontaneous bleeding in response to even mi-

nor wounds. Internal bleeding in the kidneys, brain, and gastrointestinal system

is not unusual, although spontaneous bleeding happens most frequently in the

joints. Joints can become irreversibly damaged by chronic joint bleeding, which

can also irritate the joint and harm the cartilage. Muscle hematomas and inter-

nal bleeding from minor injuries can develop days after the initial trauma and

may manifest as symptoms. Although Haemophilia is an inherited illness, a small
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number of new cases are also seen in this environment, with about one-third of

infants receiving a diagnosis of Haemophilia without any known family history.

Despite all this, Haemophilia is not considered a common disorder as the report

by the Centers for Disease Control and Prevention of the United States (published

in August 2022) depicted that only 33,000 Americans are haemophilic [66]. Addi-

tionally, the report further depicted that approximately 10 in 100,000 people have

Haemophilia A, 3 in 100,000 have Haemophilia B and 1 in 100,00 has Haemophilia

C [66] [67][68]. There are several methods (including screening and clotting factor

testing) that can be used to diagnose Haemophilia. Blood tests that determine

whether or not the blood is clotting properly include screening tests. Complete

Blood Count (CBC), Prothrombin Time (PT), Activated Partial Thromboplastin

Time (APTT), and Fibrinogen Test are among the screening tests on the list. The

diagnosis of Haemophilia depends heavily on the results of the tests outlined [66]

[68] [67]. A Complete Blood Count (CBC) test measures haemoglobin levels; red

blood cell size and quantity, type of white blood cell, and platelet count in the

blood [66] [68] [67]. In cases of Haemophilia, this test reveals low haemoglobin and

red blood cell counts, particularly when the Haemophiliac bleeds frequently or for

an extended period [66] [68] [67]. The Activated Partial Thromboplastin Time

(APTT) Test measures the ability of factors VIII, IX, and XI to clot blood as well

as how long it takes for blood to clot [82-85]. The probability of Haemophilia can

be anticipated if a person’s factors have a very low clotting ability and it takes

longer for blood to clot [66] [68] [67]. Similarly, the Prothrombin Time (PT) Test

also represents to clotting ability of factors I, II, V, VII, and X. In contrast, the

Fibrinogen Test has been done when the test results of PT or APTT have been

found abnormal. Besides this, Clotting Factor Tests are another test that tells the

type of Haemophilia and the severity [66] [68] [67]. Haemophilia diagnosis is also

influenced by family history (whether the condition runs in the family or not);

A diagnosis can be made early in the pregnancy, during labour and delivery, or

after delivery if there is a family history of the illness [63] [66]. There are several
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ways to determine whether a child or an expected child has a chance of acquiring

Haemophilia from their parents. Genetic counselling and testing are one of the

methods which have been utilized to know the likelihood of inheritance of disorder

by offspring in early pregnancy or even before conception [78] [66] [68] [67] [69][63]

In genetic testing, a tissue or blood sample may be analyzed for the indications

of genetic alteration that results in Haemophilia. In contrast, genetic counselling

is a way that can be followed at the preconception or prenatal stage to know the

occurrence of Haemophilia in offspring [70] [71]. In this process, the detailed med-

ical and family history of the client has been taken by the genetic counsellor to

discuss and predict the hereditary condition of Haemophilia [68] [70]. Besides this,

genetic counselling also provides information about testing options, resources, and

management of the disorder. Risk assessment and psychological support are some

other services that are provided by genetic counsellors [70]. For this process, pedi-

gree (which is one kind of diagram) has been utilized for the investigation of a

genetic condition like Haemophilia and the inheritance of the condition through-

out the family. It also shows different family members and their relation with each

other, their medical condition, and their risk of having or developing disorders in

a later stage [70][71]. In addition to this, several other ways (such as Chorionic

Villus Sampling (CVS) and Amniocentesis) are there that can be opted during

pregnancy for the diagnosis of inherited disorders [70]. CVS is a method that uses

a tiny sample of the placenta extracted from the womb and tested to know the al-

teration gene or inheritance of Haemophilia genes from parents to offspring. This

prenatal diagnosis is usually conducted between the first trimesters of pregnancy

[70]. In contrast, Amniocentesis uses amniotic fluid for testing of Haemophilia

between 15 to 20 weeks of pregnancy. All these prenatal diagnosis have been done

under the supervision of a doctor as there is a chance of complications such as

miscarriage or early labour [82]. Furthermore, if the inheritance of Haemophilia

is suspected in newborns due to family history then further blood testing such as

umbilical cord blood testing has been done immediately after the birth of a child
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to know the level of the clotting factors [70]. In cases when the family history is

unknown, the diagnosis of Haemophilia will differ. In this instance, the disease is

typically noticed as a youngster begins to crawl because they may have bruising

on their joints or joint bleeding. These early symptoms can therefore aid in the

diagnosis of a condition. However, in severe cases, this is possible as mild cases

did not exhibit many symptoms in the beginning and can be recognised in the

later stages by some of the worst symptoms, such as prolonged bleeding during an

accident or surgery [70]. The absence of a long-term cure for this bleeding disease

is its main drawback. The only solution is to stop bleeding episodes and replace

any missing blood clotting factors [63]. Therefore, underdiagnosis and improper

treatment of the illness result in lifelong significant arthropathy, which places a

financial, social, psychological, and physical burden on society as a whole as well

as on the parents. Early detection and effective care can reduce the risk of this

permanent impairment [72] [73]. This calls for prenatal diagnosis, but it must first

be followed by appropriate genetic counselling, risk assessment of the potential

carrier, and support during the diagnostic process [65].

1.1.3 Thalassemia

Thalassemia is one kind of inherited haemoglobin or bleeding disorder [74]. It

occurs when hemoglobin (oxygen-carrying molecules in the blood) cannot be syn-

thesized by red blood cells [74]. Due to this, the body makes fewer healthy red

blood cells and less or insufficient hemoglobin (it is an iron-rich protein in red

blood cells) as compared to normal levels. Hence, the oxygen does not reach all

the parts of the body properly because of insufficiency of haemoglobin in the blood

and causes starvation of oxygen in various organs which increases the inability to

function properly [75]. Thalassemia often leads to anemia and causes symptoms

like fatigue or tiredness, an enlarged spleen, slow growth in children, bone pain,

a tendency to break bones, shortness of breath, pale skin, and lack of appetite,
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dark urine, and jaundice [75] [74]. People with Thalassemia can have mild or se-

vere anemia [76]. Thalassemia is a severe yet preventable inherited haematological

disorder [74]. Thalassemia also runs in the family as it is an inherited disorder

[75]. Inherited disorder means at least one parent is a carrier of this disorder.

Patients with Thalassemia Minor, which has relatively moderate symptoms such

as modest anaemia or no symptoms at all, occur if just one parent is a carrier [75].

In contrast, in cases where both parents have the characteristic (almost 25% of

cases), the patient develops a substantial type of condition known as Thalassemia

Major [75]. Despite being an inherited condition, it can also be caused by genetic

deletion or mutation [75]. As a result, Thalassemia affects between 45 and 70 mil-

lion people in South Asian countries, or 1% and 5% of the world’s population [74].

Similarly, 90% of the births of infants with severe haemoglobin abnormalities occur

in developing countries, which account for roughly 500,000 annual cases [74], and

it is likely that during the coming few years, the prevalence of Thalassemia will rise

in most developing countries. Due to the rise in occurrence, Thalassemia is now

considered to be a global public health concern [74]. A Complete Blood Count

(CBC) and a haemoglobin electrophoresis test are the initial steps in the diagnosis

of Thalassemia. These tests are mostly used to measure the fractions and other

types of haemoglobin, including haemoglobin A, A2, F, H, and E [76]. In addition

to this, in-depth analysis of hemoglobin has been conducted through hemoglobin

electrophoresis test and sometimes high-performance liquid chromatography can

also be used [93]. But, sometimes these screening tests show the overlapping of

mutations and result in an incorrect diagnosis or a false negative [76]. Genetic tests

for Thalassemia or gene mutations are required in this illness. For this, parents

and siblings are tested [76], which reveals the presence of the Thalassemia trait,

which is brought on by an autosomal dominant inheritance pattern, in which a

child only needs one copy of the altered gene from either or both parents to develop

the genetic condition or trait. These screening tests are only advised if the patient

or a family member exhibits any type of Thalassemia-related sign or symptom,
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including anaemia, fatigue, tiredness, an enlarged spleen, slow growth in children,

bone pain, a tendency for broken bones, shortness of breath, pale skin, lack of

appetite, dark urine, and jaundice [74] [75]. Thus, each one of these screening

tests are essential in the diagnosis of Thalassemia or also in ruling out the causes

of some common symptoms such as anemia; which occurs due to some kind of

nutritional deficiency, illness, or infection, and medications [76]. To evaluate if low

haemoglobin is a temporary condition or an indication of Thalassemia, a doctor

should review all of this information with a patient during a consultation and ask

about their medical history, specifically about low haemoglobin [77]. As a result,

all of these tests have been applied in this way when patients display particular

signs and symptoms [78]. Based on the type and severity of Thalassemia, patients

have received the necessary treatment after receiving a diagnosis [94-96]. For in-

stance, routine blood transfusions have been used as a type of treatment for those

with severe or substantial Thalassemia [79]. Additionally, they have received iron

chelation therapy and folic acid medication [79]. Chelation therapy is primarily

used to prevent the body’s organs from accumulating too much iron as a result of

repeated blood transfusions, which can lead to heart or liver disease, infections, and

osteoporosis. Deferoxamine, deferiprone, and deferasirox are three different types

of iron chelators that are used for chelation therapy [79]. In addition to this, Bone

Marrow Transplantation or Haematopoietic Stem Cell Transplantation is another

curative option for treatment of Thalassemia [79]. It involves the management of

healthy hematopoietic stem cells in patients with dysfunctional or depleted bone

marrow [96-97]. However, the issue with this choice is that it is pricey and comes

with a high risk of death and morbidity [74] [76] [80] [78] [81]. Furthermore, most

patients were unable to locate a donor who was a good match [74] Additionally,

the majority of developing countries lack the medical expertise and resources nec-

essary to perform hematopoietic stem cell transplantation [74]. As a result, the

cost of normal Thalassemia treatment and therapy is high for an ordinary house-

hold with low income, laying a heavy financial and psychological strain [74]. As a
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result, some countries have introduced different Thalassemia prevention strategies,

such as mandatory Pre-Marital Screening and Genetic Counselling (MPSGC) and

Prenatal Diagnosis (PND), which gives women the option of ending a pregnancy if

they are affected[74]. In nations like Cyprus, Italy, Greece, Turkey, and Iran, PND

with therapeutic abortion is the method that is used as one of the preventive meth-

ods, and has attained an impressive success rate in stopping the births of offspring

with Thalassemia [74]. However, due to restrictions imposed by culture and reli-

gion, this option is typically not offered in several other nations [74]. Pre-marital

screening, which analyses a couple’s medical history and family history through

genetic counselling before marriage and determines the likelihood that the couple

will give birth to a child with Thalassemia and is also used in case of Haemophilia

diagnosis, is another preventive measure. Through this procedure, the couple is

also allowed to learn more about their options for conception and to make informed

decisions regarding their marriage [74]. Genetic counselling is a helpful tool for

individuals and families who have been diagnosed with or are at risk of developing

an inherited or hereditary disorder. It deals with reproductive issues at various

stages of pregnancy and also offers vital services to patients who are struggling

with issues related to Thalassemia and its various forms, such as disease and trait

[76]. As a result, genetic counselling must be done by a licenced genetic coun-

sellor who gives genetic counselling based on medical or pedigree (For example,

a three-generation family history) of genetic illnesses and also offers preliminary

education on the natural history, signs, and symptoms of disorders that should

be addressed immediately [93]. In addition to this, genetic counsellors have been

providing continuing information about services that are accessible in the context

of emotional and social support, available resources (such as research projects,

support groups, and advocacy organisations), and patient-to-patient or parent-

to-parent linkages [76]. Even after getting genetic counselling, high-risk couples

still choose to get married because they do not have enough information about

the consequences of having thalassemic kids [74]. The prevalence of thalassemia
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is increasing, mostly because so few individuals are aware of it [74]. The rising

prevalence of Thalassemia is largely attributed to a lack of genetic counselling

resources and professionals [81] [77]. As a result, it can be inferred that heredi-

tary bleeding diseases like Haemophilia and Thalassemia are important fields of

research in the worldwide system of healthcare given that their frequency is rising

over time and necessitates greater focus on their prevention with early diagnosis .

Although there are numerous pathological and blood testing options available for

the diagnosis of Haemophilia and thalassemia, these options are not helpful in the

early diagnosis (such as pre-conception or pre-marital stage); as these are chosen

to either diagnose a pregnant woman or a person who was exhibiting symptoms

and do not offer a straightforward method for the general public to independently

identify potential hereditary bleeding problems. While genetic counselling is a

technique that may be used to assess a person’s risk for Haemophilia and Tha-

lassemia based on their whole medical and family history [69] [70]. However, some

limitations in the field of genetic counselling were discovered. First of all, it works

best when the client is well aware of their medical history and family history of

bleeding disorders (reaching at least three generations). This means that a person

who doesn’t have all of the required information won’t be able to take advantage

of the predictions made by genetic counselling [71]. Second, genetic counselling

is not widely known and is now not readily available to the general public due

to the small proportion of genetic counsellors in the population [71]. The same

may be seen in MaryAnn Abacan’s research, which states that by 2018, at least

7000 genetic counsellors were employed by no less than 28 countries [71]. Last but

not least, there are times when one partner in a pair chooses not to reveal their

medical and obstetric history (such as past miscarriages, abortions, or adoptions)

in front of the other, which results in inaccurate prediction. The resulting gap

led to the development of an e-Health system with the specific goal of predicting

the likelihood of inherited disorders (namely Haemophilia and thalassemia) at the

prenatal stage. This system will take into account both cases where the client
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already has a medical history of the disorders and cases where the client does not.

Additionally, by making e-services available to the remote public in this context,

it also gets beyond the limitation of genetic counsellors.

1.2 Machine Learning

Machine learning is a branch of artificial intelligence that works on creating models

and methods that let computers learn from data on their own. It applies statis-

tical methods to analyse data, draw conclusions, and forecast outcomes [82][83]

[84] [85]. Thus, the focus of machine learning is on the models and techniques

that let computers learn from data or historical experiences to maximise perfor-

mance criteria [83]. Scalability and efficiency are enhanced by the combination

of new computer technology with machine learning techniques. Natural language

processing, recommender systems, image and audio recognition, and many more

fields employ machine learning [85]. Modern machine learning models can now

be used to anticipate anything from disease outbreaks to stock price fluctuations.

As a result, machine learning innovations have the power to transform several in-

dustries, including the health industry, which makes substantial contributions to

public health with the implementation of e-Health [85].

1.2.1 Role of Machine Learning in e-Heath

The discipline of e-Health is being revolutionised by machine learning, which has

opened up several options and breakthroughs for bettering healthcare results [86].

One significant use of machine learning in e-Health is diagnostics [104]. These

models can learn to recognise patterns and predict diagnoses with high accuracy

by being trained on vast datasets of medical records, symptoms, and test results

[86]. This helps doctors diagnose patients more quickly and accurately, and it
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also enables early disease diagnosis, which could potentially save lives [85]. Per-

sonalised medicine is another area of e-Health where machine learning excels [87].

Machine learning algorithms can find trends and prescribe specific treatments by

studying vast volumes of patient data, including genetic data, lifestyle factors, and

treatment outcomes. This can aid medical professionals in selecting the best drugs,

doses, and treatment plans for each patient based on their unique requirements,

enhancing outcomes and reducing side effects . To track and forecast patient

health, machine learning is essential [86]. Machine learning algorithms may recog-

nise minor changes in a patient’s vital signs and forecast the risk of adverse events

like heart attacks or strokes by using data from wearable devices, electronic health

records, and real-time sensor data [104]. This enables medical professionals to

take preventive action and offer early interventions, enhancing patient safety and

lowering hospital readmission rates. The management of resources and healthcare

operations are both improved by machine learning. Machine learning algorithms

can effectively schedule appointments, forecast patient demand, and distribute

resources by examining past patient data, appointment histories, and resource us-

age trends [85]. Reduced wait times, greater staffing levels, and better resource

allocation ultimately result in higher patient satisfaction and lower costs [85]. By

improving diagnoses, enabling the personalised treatment, easing patient moni-

toring, and optimising healthcare operations, machine learning is revolutionising

e-Health [85]. e-Health is positioned to make great leaps in providing effective,

individualised, and high-quality healthcare services to people all over the world

thanks to ongoing improvements in data collection and machine learning algo-

rithms. As a result, machine learning greatly advances the field of e-Health by

making it easier to conduct complex data analysis, forecast, and make decisions

for a variety of healthcare applications, as shown below [88].

� Drug Discovery and Development:Machine learning algorithms can an-

alyze vast amounts of molecular and genetic data to identify potential drug

candidates, predict their efficacy, and optimize drug discovery processes.



Chapter:1 Introduction 15

This can significantly accelerate the development of new drugs and ther-

apies, potentially leading to breakthrough treatments for various diseases

[88].

� Disease Prognosis and Risk Assessment: Machine learning models can

analyze patient data and clinical parameters to predict the progression of

diseases, assess the risk of complications, and estimate patient outcomes.

This information helps healthcare providers make informed decisions about

treatment plans and interventions, improving patient care and management

[89].

� Medical Imaging Analysis: Machine learning algorithms excel in analyz-

ing medical images such as X-rays, MRI scans, and histopathological slides.

By training on large datasets of annotated images, these models can de-

tect abnormalities, assist in diagnosing diseases, and provide quantitative

measurements for better treatment planning [89].

� Natural Language Processing (NLP): NLP techniques combined with

machine learning enable the extraction and analysis of valuable information

from unstructured medical text, such as electronic health records, clinical

notes, and research articles. This helps in improving information retrieval,

clinical decision support systems, and research insights [89].

� Health Behaviour Analysis: Machine learning algorithms can analyze

patient behaviour patterns and data from wearable devices to assess lifestyle

factors, monitor adherence to treatment plans, and provide personalized rec-

ommendations for healthier habits. This promotes patient engagement, self-

management, and preventive care [87].

� Fraud Detection and Cyber Security: Machine learning models can

detect anomalies and patterns in healthcare claims data, identifying potential

fraudulent activities and enhancing cyber security measures. This helps
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in preventing insurance fraud, protecting patient data, and ensuring the

integrity of e-Health systems [87].

� Telemedicine and Remote Monitoring: Machine learning algorithms

facilitate remote patient monitoring by analyzing real-time data streams

from wearable devices and sensors. They can detect abnormal patterns, alert

healthcare providers, and enable timely interventions, making telemedicine

more effective and scalable [87].

� Classification and Prediction: Machine learning algorithms can be used

for classification tasks, where they learn to categorize patients into different

classes based on their characteristics or symptoms. For example, machine

learning models can predict the likelihood of a patient developing a particular

disease or assess the risk of readmission to the hospital. These predictions

can help healthcare providers make proactive interventions and personalize

treatment plans [87].

� Personalized Medicine: Machine learning enables the development of pre-

dictive models that consider individual patient characteristics, genetic data,

and treatment history to personalize medical interventions. By analyzing

large-scale patient data and identifying patterns, machine learning can help

in recommending the most effective treatments for specific patient popu-

lations. This approach supports precision medicine, where treatments are

tailored to individual patients based on their unique characteristics [87].

� Health Monitoring and Wearable Devices: Wearable devices equipped

with sensors, such as smartwatches and fitness trackers; generate vast amounts

of data about an individual’s health and activities. Machine learning algo-

rithms can analyze this data to monitor vital signs, detect anomalies, track

sleep patterns, and identify trends in physical activity. This information can

aid in the early detection of health problems, remote patient monitoring,

and preventive care [87].
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� Disease Outbreak Prediction: Machine learning models can be trained

to analyze large-scale epidemiological data, social media feeds, and other rel-

evant sources to predict disease outbreaks and identify potential hotspots.

By analyzing patterns and correlations, these models can help public health

authorities and healthcare providers allocate resources and implement tar-

geted interventions to control the spread of infectious diseases [87].

All of the aforementioned e-Health applications have used a sequential approach,

which includes data collection, data pre-processing, feature extraction and selec-

tion, model training, model evaluation, prediction and decision-making, and con-

tinuous learning and improvement, to perform complex data analysis, forecasting,

and decision-making. This approach is explained below:

� Data Collection: Machine learning in e-Health begins with the collection

of relevant data [88]. Electronic health records (EHRs), medical imaging,

wearable technology, patient-generated data, and patient-provided data are

some of the sources of this information [88].

� Data Pre-Processing: Before applying machine learning algorithms, the

collected data needs to be pre-processed [89]. This involves cleaning the data,

handling missing values, normalizing or scaling features, and addressing any

other data quality issues [88].

� Feature Extraction and Selection: The obtained data frequently in-

cludes several traits or variables [88]. To find the most pertinent and instruc-

tive features for the particular healthcare job at hand, feature extraction and

selection procedures are applied. This process aids in reducing dimensional-

ity and boosts the effectiveness and precision of machine learning models.

� Model Training: Once the data is prepared, machine learning models are

trained using algorithms such as supervised learning unsupervised learning,

or reinforcement learning. While unsupervised learning algorithms discover
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patterns in unlabeled data, supervised learning algorithms discover patterns

from labeled data. Reinforcement learning algorithms learn through inter-

actions with an environment to optimize actions [88].

� Model Evaluation: After training, the efficiency of the machine learning

models is evaluated using appropriate evaluation metrics. This step ensures

that the models generalize well to unseen data and perform effectively for

the intended purpose [88].

� Prediction and Decision-Making: Once the models are trained and

evaluated, they can be deployed to make predictions and support decision-

making in various e-Health applications. For example, machine learning

can assist in diagnosing diseases, predicting patient outcomes, suggesting

treatment plans, identifying patterns in medical images, and personalizing

healthcare interventions [88].

� Continuous Learning and Improvement: Machine learning models can

be continuously updated and refined based on new data and feedback from

healthcare professionals. This iterative process helps improve the accuracy

and effectiveness of the models over time [88].

1.3 Bayesian Network

The Bayesian Network technique is an efficient strategy for detecting illnesses in

machine learning [90]. A Directed Acyclic Graph (DAG) is used in this probabilis-

tic graphical model to show how parameters or variables are related to one another

[109]. The variables in the context of disease prediction indicate various aspects

of the disease or its symptoms [90]. The Bayesian Network is built first by the

algorithm, which entails specifying the variables and their connections based on

data or domain expertise [90]. Every variable in the network stands for a distinct
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characteristic or symptom that may be related to the illness [109]. The graph’s

directed edges, which show conditional dependencies, describe the relationships

between variables [109]. Once the Bayesian Network is constructed, the algorithm

can be used for disease prediction [90]. Given a set of observed symptoms or

evidence, the algorithm calculates the probability distribution over the possible

states of the disease variable [90]. This is done by utilizing Bayes’ theorem and

the conditional probabilities defined in the network [90]. The algorithm begins by

setting the observed evidence in the network, which corresponds to the symptoms

present in the patient [90]. It then propagates this evidence through the network,

updating the probabilities of all other variables based on their conditional depen-

dencies. This process is known as probabilistic inference [90]. The output of the

algorithm is the probability distribution over the possible states of the disease vari-

able [90]. This distribution represents the likelihood of each possible disease given

the observed symptoms [90]. The algorithm can provide the most likely disease as

the prediction, based on the highest probability in the distribution [109]. One ad-

vantage of the Bayesian Network algorithm is its ability to handle uncertainty and

incomplete information [91]. It can make predictions even when some symptoms

are missing or uncertain [90]. The algorithm uses the probabilistic framework to

incorporate all available information and provide a robust prediction [109].

1.4 K-Nearest Neighbors

The k-nearest neighbours algorithm, sometimes referred to as KNN or k-NN, is

a non-parametric supervised learning classifier that groups individual data points

based on closeness to classify or predict them. Many applications, most notably

in classification, have made use of the k-NN algorithm. Finance, healthcare, and

pattern detection are a few of these use cases.
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1.4.1 Role of K-Nearest Neighbors Algorithm in e-Health

In the area of e-Health, the K-Nearest Neighbours (KNN) algorithm is essential

for illness prediction [91]. Electronic health records, telemedicine, wearable tech-

nology, and health monitoring systems are all examples of e-Health, which utilizes

information and communication technologies [91]. Here’s how the KNN algorithm

contributes to disease prediction in the e-Health domain:

� Patient Similarity: e-Health systems gather a wealth of data about pa-

tients, including their medical history, symptoms, vital signs, and genetic

information. This information is used by the KNN algorithm to compare

the attributes of different patients to determine how similar they are. By

comparing a patient’s characteristics with those of previously diagnosed pa-

tients, the algorithm can identify similar cases and predict the likelihood of

specific diseases [91].

� Personalized Medicine: e-Health platforms often aim to provide person-

alized healthcare solutions. The KNN algorithm can be used to recommend

appropriate treatment plans and interventions based on the similarity of pa-

tients’ features and the outcomes of past treatments. By considering the ex-

periences of similar patients, the algorithm helps healthcare providers tailor

their approach to individual patients, leading to more effective and person-

alized disease management [91].

� Early Diagnosis: Early detection of diseases is crucial for successful treat-

ment and improved patient outcomes. e-Health systems equipped with the

KNN algorithm can analyze patients’ symptoms and medical records to iden-

tify patterns associated with specific diseases. By recognizing the symptoms

and risk factors shared by previously diagnosed patients, the algorithm can

alert healthcare professionals to potential diseases at an early stage, enabling

timely intervention and treatment [91].
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� Decision Support: The KNN algorithm in e-Health systems acts as a

decision support tool for healthcare providers. By presenting predictions

and recommendations based on patient similarity, the algorithm assists in

clinical decision-making. For instance, when faced with a complex case or

ambiguous symptoms, healthcare professionals can rely on the algorithm’s

insights to aid in disease diagnosis and treatment planning [91].

� Continuous Learning: e-Health systems generate vast amounts of data

over time, providing an opportunity for continuous learning. The KNN al-

gorithm can adapt to new data by dynamically updating its model without

requiring a complete retraining process. This enables the algorithm to incor-

porate the latest information and improve its predictive accuracy over time

[91].

1.5 Decision Tree and Gaussian Naive Bayes

Supervised learning techniques such as decision trees are used for regression mod-

elling and classification. Given that regression is a subset of predictive modelling,

these trees are employed for both data classification and future prediction. De-

cision trees, like flowcharts, start with a root node that has a particular data

question and branch out to include potential answers. The branches then lead to

decision (internal) nodes, which generate more responses and ask more questions.

This keeps going until the data ends at a terminal node, also called a ”leaf” node.

Decision trees are a helpful tool for decision-making in machine learning since they

provide the problem and its possible solutions. Developers can evaluate the pos-

sible outcomes of a decision by using algorithms that can predict results for data

in the future when they get access to more data.

A Gaussian distribution and a probabilistic approach provide the foundation of the

machine learning classification technique known as Gaussian Naive Bayes (GNB).
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Any parameter, sometimes called a feature or predictor, can independently pre-

dict the output variable, according to Gaussian Naive Bayes. The probability of a

dependent variable falling into each group can be predicted by it. The total of all

the forecasts for each parameter is the final prediction that increases the likelihood

that the dependent variable will be placed in each group. The final classification

is made according to the group with a greater probability.

1.6 Hybrid Approach

The hybrid approach is often required to predict diseases in e-Health due to the

complex and multifaceted nature of healthcare data. To assist the delivery of

healthcare, e-Health refers to the use of electronic tools including electronic health

records (EHRs), medical imaging, wearable technology, and genetic data [92]. Here

are some reasons why a hybrid approach is beneficial in disease prediction:

� Data Variety: Healthcare data is diverse and comes from various sources,

including structured data (such as demographics and lab results) and un-

structured data (such as clinical notes and medical images). To obtain a

more complete picture of the patient’s health and boost prediction accuracy,

a hybrid approach incorporates several data kinds and sources, utilising both

structured and unstructured data [92].

� Feature Extraction: Extracting meaningful features from raw data is cru-

cial for accurate disease prediction. Different machine learning techniques

are suited for different data types. For example, structured data can be

analyzed using traditional statistical methods, while unstructured data may

require NLP techniques. A hybrid approach combines these techniques to

extract relevant features from various data types effectively [92].
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� Prediction Models: Different machine learning algorithms have different

strengths and limitations. A hybrid approach combines multiple models,

such as decision trees, support vector machines, neural networks, or ensemble

methods, to exploit the unique characteristics of each model and improve the

overall predictive performance. Hybrid models can leverage the strengths of

each component model and mitigate their weaknesses [92].

� Interpretability: In healthcare, interpretability and explainability are es-

sential for gaining trust and acceptance from healthcare professionals. Hy-

brid models can provide a balance between accuracy and interpretability. For

example, using a combination of machine learning models and rule-based sys-

tems allows for both accurate predictions and transparent decision-making

[92].

� Scalability and Generalization: Healthcare datasets are often limited in

size and can suffer from class imbalance or data sparsity. Hybrid approaches

can leverage transfer learning, where knowledge gained from one task or

dataset is transferred to another related task or dataset, to improve the

prediction performance on small or imbalanced datasets. This enables the

models to generalize better and perform well on unseen data [92].

1.7 Research Challenges

� During a literature review, various e-Health systems were found to offer vari-

ous healthcare services, including remote consulting [17] [18] [19] [20] [21] [22]

[23] [24] [25] [26] [27] [28] [29] [30]electronic health record management [31]

[32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42], hospital management [43] [44]

[45] [46], health awareness [47][48] [49] [50] [51] [52] [53], resource tracking[54],
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teaching and learning [55]. Similar to how mother and child care [5] is de-

veloping as an upcoming field in e-Health, many types of research are cur-

rently in the spotlight (such as check-up reminders [56], prenatal nursing [56],

Antenatal Care (ANC) [56], expanded programme on immunization (EPI),

knowledge updates regarding mother and newborn care [54][57][58][59], and

insulin calculation [60] ); but research is rare has found in predicting possible

chances of effecting expecting offspring . It is extremely important to get

an early diagnosis of hereditary bleeding disorders since they can arise not

only genetically but also as a result of related gene deletion or mutation.

Therefore, it is advantageous if the process of diagnosis and prediction is au-

tomated. It decreases the mental strain, time, and human effort required to

recognise and categorise illnesses (namely Haemophilia and Thalassemia), as

well as the likelihood that kids of the parents would inherit those disorders

during the prenatal or preconception stage. The current study focuses on

this, which proved to be a difficult one.

� There was no secondary dataset on the internet for Haemophilia and Tha-

lassemia. Therefore, original datasets were gathered from a variety of places,

including hospitals, medical schools, and non-governmental organisations

(NGOs). So, the biggest obstacle to the current research is the lack of a

secondary dataset. Hence, the difficulty motivates the researchers to gather

more data sets. So, more sophisticated e-Health systems must be created to

stop or control the rising prevalence of Haemophilia and Thalassemia.

� For the diagnosis of Haemophilia and Thalassemia, there are several patho-

logical or blood test alternatives (such as Complete Blood Count, Haemoglobin

Electrophoresis Test, Chorionic Villus Sampling, and Fibrinogen Test, etc.),

genetic testing, and counselling are available [66]. Genetic counselling, among

other things, is better suited for the early diagnosis of inherited bleeding dis-

orders because it forecasts the likelihood of having a child with Thalassemia

or Haemophilia based on medical and family history of the disorder [69].
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Despite this, the current study only found a small number of limitations to

genetic counselling. The first situation where it works effectively is when the

client has detailed information about his or her medical history and family

history (spanning at least three generations) about bleeding disorders. It

implies that a person who does not have all of the requested information

will not be able to benefit from the genetic counselling’s prediction services.

Second, due to the limited number of genetic counsellors in the existing

population, genetic counselling is not well recognised [70] and has not been

made readily available to the general public up to this point. The same is

seen in MaryAnn Abacan’s research, which claims that by 2018, no fewer

than 28 nations had at least 7000 genetic counsellors on staff [70]. Last but

not least, there are times when one partner in a pair chooses not to reveal

their medical and obstetric history (such as past miscarriages, abortions, or

adoptions) in front of the other, which results in inaccurate prediction. The

challenge has thus been accepted to conduct the present research task.

1.8 Research Motivation

Globally, the term ”e-Health” has been used to refer to the digitalization of the

healthcare industry. Additionally, the increased desire to create new e-Health sys-

tems to influence all facets of healthcare and society is being driven by e-Health’s

improved performance, efficiency, and cost-effectiveness. Although, lots of work

has been reported for the prevention of these disorders namely Haemophilia and

Thalassemia as well as for improving mother and child health; the efforts in the

direction of empowering parents for the early detection, prevention, and manage-

ment of inherited disorders (especially in the context of Haemophilia and Tha-

lassemia) are limited and required more efforts in this context. Haemophilia and

Thalassemia also known as haematological disorders are generally caused by the in-

heritance and mutation of genes [55]. The presence of inherited prenatal disorders
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such as Haemophilia and Thalassemia is progressively growing over the duration.

The World Health Organisation (WHO) states that both of these conditions are

widespread and that greater attention is needed to prevent them [93]. Each year,

more than 300,000 infants are born with significant haemoglobin anomalies [93].

Although up to 50,000 cases of Haemophilia A may exist, only 11,586 cases have

been recorded [93]. Statistics also show that between 3,000 and 5,000 children are

born each year with this issue [93]. This makes it an important issue of concern

in the field of medicine worldwide. Therefore, to address this at its most basic

level, novel methods or tools are needed. There are a variety of diagnosis alterna-

tives accessible in medical science, including screening tests, blood tests, prenatal

diagnoses, premarital counselling, and genetic counselling. Despite this, the preva-

lence of disorders is still rising because of a lack of knowledge about the disorders

and their effects, as well as a lack of access to crucial services like premarital and

genetic counselling [70] [71], as only 7000 genetic counsellors were reported in no

less than 28 countries by 2018 [71]. Furthermore, the general population is not

well-informed about genetic counselling [71] [70]. These reasons led to the current

study project’s motivation.

1.9 Objectives

The broad outline of the proposed objectives is as follows:

1. To collect a dataset of identified ancestral patterns, and physiological and

pathological symptoms.

2. To integrate Bayesian network and machine learning techniques for the pre-

diction of prenatal disorders.

3. To evaluate and validate results using intelligent statistical techniques.

4. To develop an application for the diagnosis of prenatal disorders.
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1.10 Research Methodology

Research methodology is a way to solve the research problem systematically [94]. It

is a step-by-step procedure used by researchers to describe the research work [94].

The actual execution of the research methodology utilises the mixed methodology

research approach (which refers to the integration of qualitative and quantitative

approaches) to attain the predefined objective of the current research work [94].

Additionally, different kinds of research methods have been utilised for the execu-

tion of current research work. These methods are divided into two main categories

[94]. One of the methods is concerned with data collection and the other one is

concerned with data processing and analysis [94]. The primary data set connected

to the suggested diseases, namely Haemophilia, and Thalassemia, are collected

as part of the present study activity using methods such as field surveys, inter-

views, discussion, and literature surveys since secondary data related to disorders

are not yet accessible. After that, data pre-processing and analysis have since

been carried out [113]. Data has been pre-processed by deleting duplicate records

and null values. After that, classification techniques such as bayesian networks

and machine learning techniques were used to construct individual or integrated

models for the identification of hereditary illnesses at the prenatal stage [95] [96].

Here, the term ”classification method” refers to the procedure of categorising an

object or item based on its resemblance to precedent instances of other things or

items [95] [96]. Then, a rule-based prediction model using a Bayesian network and

Python was created to predict the likelihood of having a child with Haemophilia

and thassaemia.

This model makes use of the rule set developed during the current research work

and will serve as the basis for the creation of the proposed e-Health system (in

the form of a mobile application) for the early diagnosis of inherited or hered-

itary disorders. So, using the Android platform, the design and development

of the suggested application have begun. Last but not least, testing has been
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carried out using the Receiver Operating Characteristic (ROC) Curve and other

clever statistical approaches to assess and validate results. The suggested research

methodology’s top-down sequential approach is depicted in Figure 1.1 beginning

with the use of the Android platform.

The proposed work, as shown in Figure 1.1, follows the mentioned methodology

as below.

1. The very first step started with the literature survey focusing on e-Health

systems

2. In the second step, the problem has been identified and objectives have been

defined.

3. This step focused on the data collection task as the data set has been utilized

for the accomplishment of the proposed study and the very first objective of

the current study. To achieve the first objective, the primary data set has

been collected from medical colleges and hospitals and Non-Governmental

Organisations (NGOs) through field surveys.

4. To attain the second objective, different algorithms such as Bayesian Net-

work, K-Nearest Neighbour (KNN), Decision Tree, and Gaussian Naive Bayes

were implemented individually and interestedly for the development of a

model for the prediction of inheritance of Haemophilia and Thalassemia;

which was not achieved with this model and as a result a rule-based predic-

tion model has been developed with the utilization of bayesian network and

rule set developed during current study and proved successful in the predic-

tion of the probability of having a child with Haemophilia and Thalassemia.

5. To achieve the third objective, intelligent statistical techniques such as the

Receiver Operating Characteristic (ROC) Curve have been utilized.
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6. Finally, to achieve the fourth objective, a mobile application has been de-

veloped as a utility of current research work. For this, the Android studio

platform has been utilized along with the Kotlin programming language.

Figure 1.1: Research Methodologies
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1.11 Contribution of Thesis

The main contributions of this thesis are:

1. The review of the literature carried out during the current research work

will assist researchers in understanding the current state-of-the-art existing

systems and for the development of a proposed e-Health system, especially

for inherited or hereditary disorders such as Haemophilia and Thalassemia.

To achieve this, many electronic or telemedicine system types related to

various domains and disorders have been covered and examined to determine

the benefits, drawbacks, and limits of existing systems related to e-Health.

2. Even though the frequency of Thalassemia and Haemophilia is continually

rising. Although this is the case, both of these conditions are uncommon

since patients with these two bleeding disorders are seldom [72]. The Centre

for Disease Control and Prevention (CDC) study from the United States

provides strong evidence for this, showing that 33,000 Americans out of the

country’s whole population have Haemophilia. Among them, 10 per 100,000

persons have Haemophilia A and 3 have Haemophilia B [72]. Hence, it can be

said that inherited bleeding disorder such as Haemophilia and Thalassemia

is rare bleeding disorders that cause a less number of patients. The data

needed for the current scientific endeavor especially that Thalassemia and

Haemophilia, was not discovered as a result. Online data repository sites

(like the University of California Irvine machine learning repository) have

searched for the required data but have not been successful in finding it.

Because the data is not publicly available and most institutions are unable

to offer it owing to legal issues and patient shortages, the dataset-gathering

procedure has taken a lengthy time (about 3 years); which utilizes field

survey along with interview and discussion methods. As a result, the dataset

gathered during the current research study is a significant contribution to
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the thesis since it will serve as a foundational resource for further study in

this area.

3. For the diagnosis of bleeding diseases including Haemophilia and thalassemia,

decision trees and the Gaussian Naive Bayes (GNB) technique have been

combined to create a hybrid diagnosis model that may capitalise on the

advantages of both approaches while attenuating their shortcomings. It is

crucial to correctly diagnose both Thalassemia and Haemophilia, two bleed-

ing disorders. Combining these two techniques allows us to divide the data

into smaller subgroups according to the most useful attributes using the deci-

sion tree, and then use GNB for each subgroup to get the class probabilities.

By dividing the data into smaller, more homogenous subgroups, this method

can manage correlated characteristics while lowering the danger of overfit-

ting. Additionally, because GNB is less impacted by unimportant variables,

a greater variety of features may be included in the decision tree without

degrading performance. The Decision Tree can be simple and understand-

able but may not be able to capture complicated connections, whereas the

Bayesian network can describe complex dependencies between features but

may suffer from computational complexity. We may make use of the advan-

tages of both approaches and outperform them individually by combining

the Decision Tree and GNB. As a consequence, the model developed for the

current inquiry is the thesis’ main contribution.

4. A rule set-based inherited prenatal disorder prediction model has been de-

veloped with the utilisation of the bayesian network and existing inheritance

patterns; which were further extended by including physiological symptoms

and obstetric history along with medical history to deal with the cases where

medical and family history is not known clearly. This is a component that

was absent from the previous inheritance pattern, As a result, this model

was used to further build the recommended e-Health System for the early
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identification of genetic bleeding disorders such as Haemophilia and Tha-

lassemia.

5. A mobile-based application was developed that calculates the risk that a

child would inherit a bleeding issue from one or both parents using a rule-

based inherited prenatal condition predictor model. Genetic counsellors or

medical experts will benefit from this mobile application-based e-Health sys-

tem for result prediction based on necessary parameters such as the patient’s

medical and family history. It also saves the time and energy of genetic

counsellors by automating rules required for prediction while providing coun-

selling. It is also helpful when patients are unclear of their medical history

or family history of proposed disorders. As a result, the suggested models

make a significant contribution to the delivery of health care by assisting

the gynaecologists, haematologists, and paediatricians as well as the general

public in determining the level of risk of having a child with Haemophilia or

Thalassemia.

6. The proposed effort makes a substantial contribution to educating the public

and offering online premarital and genetic counselling services to the remote

public.

7. The proposed study will provide great help in preventing the birth of inher-

ited disorders by providing preventive measures at the prenatal or premar-

ital stage to the general public of underserved areas; so that they can take

informed decisions regarding the continuation of their pregnancy with the

further consultation of medical experts.

1.12 Scope and Limitation of the Study

The development of a mobile-based e-Health system for predicting the likelihood

that genetic illnesses, namely Thalassemia, and Haemophilia, would be inherited
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by offspring during the prenatal stage from their parents comes under the scope

of the current study and is limited to looking at the variables that affect the

prediction results, such as medical history, family history, obstetric history, and

history of symptoms related to Haemophilia and thalassemia in couples planning a

child, as well as the couples’ desire to align medically before getting married. This

allows informed decisions to be made under the guidance of a medical professional

after receiving the prediction results through the proposed system.

1.13 Outline of the thesis

This thesis is structured into seven chapters which are presented briefly below:

� Chapter 1 introduces e-Health systems, the medical history of inherited

disorders, such as Haemophilia and Thalassemia, as well as the basic con-

cepts of machine learning. It also discusses the role, working, and contri-

bution of machine learning in e-Health, the fundamentals of the Bayesian

network algorithm, the function of the KNN algorithm, and the hybrid ap-

proach. Additionally, this chapter performed and offered a brief explanation

of the research challenges, motivation, objectives, methodology, contribution

of thesis, scope and limitation of the study and thesis outline.

� Chapter 2 discusses the necessity for literature reviews and delivers a study

on e-Health systems that includes a system that offers e-services to various

sectors of the healthcare industry. This chapter includes a problem state-

ment, a research gap that was discovered during a review of the literature,

and findings at the end of the chapter. The following lists the papers’ pub-

lications that are related to this chapter.

Sharma, P., Shivaram, T. R., & Sharma, A. (2016), “A methodical review

of e-Health systems developed for Indian Healthcare Sector,” Indian Journal

of Science and Technology, 9(44), 1-6.
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Sharma, P.& Sharma, A. (2022), “e-Health Systems for Mother and Child

Care Domain: A Systematic Review,” Recent Innovations in Computing:

Proceedings of ICRIC 2021, Volume 1, 439-447.

� Chapter 3 discusses the proposed research methodology in detail; which

comprises of research approach, research strategy, time horizon, sampling

strategy, data collection methods, data analysis methods, research process,

and limitation of proposed research methodology. The publications of the

articles that are connected to this chapter are listed below.

Sharma, P., & Sharma, A. (2019), “Collection and Analysis of Patients

Dataset to Develop an e-Health System for the Prediction of Inherited Pre-

natal Disorders,” Journal of Computational and Theoretical Nanoscience,

16(12), 5118-5121.

� Chapter 4 discusses the brief introduction of proposed disorders and e-

Health system. After this, a description of the dataset and feature selection

criteria has also been discussed in this chapter. Besides this, the develop-

ment and implementation of two individual models (implemented through

classification algorithms such as the Bayesian network algorithm and KNN

algorithm for the diagnosis of Haemophilia and Thalassemia) and a hybrid

model (with the utilization of decision trees and the Gaussian Naive Bayes)

has been discussed in this chapter. Furthermore, an evaluation of the per-

formance of classification models has been depicted in the chapter. For this,

the Confusion matrix has been used to assess the effectiveness of models

developed during the current research work. Besides this, the chapter also

depicted the comparison of the accuracy of individual models and hybrid

models. Statistical analysis with the utilization of the ROC (Receiver Op-

erating Characteristic) curve has also been presented in this chapter. The

efficiency of models has been assessed through the cross-validation method

and discussed under the heading of hypothesis testing of this chapter. After
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this, the execution and outcome of the newly developed hybrid diagnosis

model have been presented.

� Chapter 5 discusses the rules based prediction model in detail along with

the implementation and outcome of all the rules developed during the current

research. The publications of the articles that are connected to this chapter

are listed below.

Sharma, P., Sharma, A., & Kakkar,S. (2024), “A multi-layered framework

for analysis and prediction of Haemophilia using machine learning techniques

based e-health system.”, Tuijin Jishu/Journal of Propulsion Technology, 45

(3), 2295-2307.

� Chapter 6 also discusses the design and implementation details of the pro-

posed mobile application developed during current research work along with

screen shots of prediction results generated after taking input from users.

The chapter also discuss the evaluation of innovative mobile phone based e-

Health system and the process of including this system in real life treatment

protocol.

� Chapter 7 discusses the conclusion and findings of the current thesis. There

are also some new directions for investigation which are depicted in this

chapter briefly.



Chapter 2

Review Of Literature

This chapter is organised as follows: In Section 2.1, the need for a literature

analysis is discussed, and in Section 2.2, an overview of e-Health systems is given.

These systems include those that use information and communication technology

to provide remote consultations, electronic health record management, hospital

administration, health awareness, resource tracking, teaching and learning, and

mother and child care. Section 2.3 addresses a problem statement as well as the

research gap that was found throughout the literature review. Ultimately, the

findings are presented in Section 2.4.

2.1 Introduction

e-Health, according to the World Health Organisation, is the use of information

and communication technology (ICT) in the healthcare industry for patient care,

research, student education, illness tracking, and public health monitoring [97]

[56]. In other words, it may be claimed that e-Health systems manage various

healthcare-related tasks despite inadequate resources (such as personnel, funding,

and infrastructure) [56]. Additionally, it offers necessary medical treatments via

36
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electronic media to the patients [56]. But in reality, there are many different inter-

pretations of the term ”e-Health” that may be found in earlier literature. In this

context, Mary A. Curran and Kent E. Curran stated that the e-Health has created

new opportunities for the patient [97]. Similar to this, Everett J. and Kerr D. char-

acterised e-Health in 2010 as a digital instrument that sends the data necessary

for patient treatment, health education, and healthcare sector administration [30].

In 2010 Jon Avalon, Professor Victor Lane, Dr. Peter Hayward, and Jim Snaith

described an e-Health system as a tool for helping healthcare professionals by or-

ganising and communicating expert information throughout the organisation [51].

In addition, Sharma Kalpa in 2012 characterised e-Health as a useful instrument

for enhancing lives. This is how many researchers have described e-Health in a

variety of ways based on their observations.

Numerous environmental problems in the healthcare sector (such as a lack of per-

sonnel, resources, and infrastructure), as well as how they affect social health,

have been uncovered by the thorough assessment of the literature on e-Health.

To address all these problems in the healthcare industry, researchers from across

the world are working nonstop. As a result of their continuous efforts e-Health

has appeared as a digital tool for reducing diverse healthcare problems and also

for improving the level of healthcare. Even though the review of the literature

confirms that e-Health systems are a recognized area of study, it focuses on the

various e-Health systems that have been developed in any format (such as mobile

applications, websites, portals, models, frameworks, methods, frameworks, and

tools) to serve the various healthcare sectors and to offer e-Health services to un-

derserved populations in remote areas. to identify potential service areas within

the healthcare domain for which e-Health systems have not yet been established or

identified. As a result, the chapter discusses the numerous systems found through-

out the literature review as well as potential issue areas for which creative systems

could be created.
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2.2 e-Health Systems

Information and communication technologies have conducted several innovations

and developments in various fields . From this perspective, e-Health has been a

front-line development in the healthcare sector. It refers to electronic systems de-

veloped for the management and organisation of medical resources. The deploy-

ment of e-Health systems has made healthcare delivery fast, approachable, and

affordable for remote patients. This has increased the significance of e-Health sys-

tems in terms of decision-making processes about individuals’ health, digitization

of medical records, and management of healthcare resources across the globe [14].

In addition to this, consistent utilization of e-Health systems is reducing medical

errors; increasing administrative efficiencies; decreasing paperwork, and expanding

the accessibility of healthcare services at a reasonable cost [14]. Thus, the infor-

mation provided led to the decision to focus on e-Health systems as a major field

of current study, and a thorough literature analysis was carried out to pinpoint

a particular area to establish a particular research need for the construction of a

problem statement. In this case, a systematic research approach was employed

[14]. It started with the exploration of reliable academic databases (IEEE, Google

Scholar Research Gate, and Willey) using a variety of e-Health-related keywords,

such as “e-Health,” “Telemedicine,” “e-Health Systems,” “e-Health Services,” and

“e-Health Challenges” [14]. Afterward, 153 papers were selected using the title

and abstract basis exclusion technique; these were then analysed. A total of 59

systems have been seen to provide a variety of services (such as remote consult-

ing, hospital management, teaching and learning, resource tracking, and health

monitoring) across multiple healthcare domains. These observations have been

recorded for additional analysis. After the assessment of a few systems, the final

phase involves documenting the findings to determine a potential research field

and formulating a problem statement. This process is addressed in the sections

that follow in this chapter. According to the preliminary findings of the literature
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research, the term “e-Health” was first proposed by the National Aeronautics and

Space Administration (NASA) in the early 1960s under the name telemedicine.

Subsequently, a multitude of telemedicine or e-Health systems have been devel-

oped and utilised for the digitization of the healthcare sector due to its advantages

(such as improved efficacy, cost-effectiveness, and performance), which have been

extensively documented in scholarly literature [16] and some of them also presented

in Table 2.1.

Table 2.1: Telemedicine or Remote Consultancy Systems

S.

No

Systems Years Services Ref.

1 Tele-surgery 2005 Gives remote medical person-

nel access to expert informa-

tion so they can quickly com-

plete the surgical task.

[15]

2 Tele-dermatology 2005 Gives distant dermatologists a

way to receive clinical and lab-

oratory data for use in fur-

ther diagnosing and treating

patients.

[98]

[13]

3 Tele-cardiology 2006 Delivers accurate and quick

reports to a distant cardiolo-

gist so that they can treat pa-

tients from underserved areas.

[13]

4 Tele-Psychiatric 2008,2014 Offer tele-psychiatric services

to those with neurological ail-

ments or mental illnesses.

[6],

[17]

5 Tele-homecare 2009, 2012 The study introduces the con-

cept of geriatric healthcare to

old patients for monitoring

their health at home.

[12],

[13]

6 Tele-Health 2010, 2012 Provides effective healthcare

services to the children of abo-

riginal communities.

[6],

[18],

[25]
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7 Tele-radiology 2013 Electronically transmits radio

graphic images and text from

one location to another for

healthcare consultancy.

[99]

8 Tele-pathology 2013 Allows access to highly spe-

cialised pathology knowledge

through communication chan-

nels with nearby medical cen-

ters.

[99]

9 e-Sanjeevani 2013 Provides the facility of med-

ical consultancy to patients

from a distant site, using a

telecommunication interface.

[99]

10 Tele-Ophthalmology 2013 Provides online ophthalmol-

ogy services through ISDN

and Broadband connectivity.

[99]

11 Teleconsultancy 2013 Provides remote facility of

medical consultancy through

using electronic media.

[99]

12 Transitional care 2014 Provides post-

hospital/transitional care

for old patients.

[6]

13 eMedical Help 2015 Provides services for diagnosis

of stress.

[52]

All of the systems included in Table 2.1 electronically provide expert knowledge

or health services to patients who are in remote locations as well as to medical

professionals in an emergency. In this way, the public’s time and complexity were

reduced by all these systems. Furthermore, it has been found that e-Health sys-

tems and telemedicine that provide remote consultations are more advantageous

in areas where there is a recognised shortage of medical resources (e.g., financing,

infrastructure, manpower). The notion behind an e-Health system offers more

services than merely remote or teleconsultation, which led to the necessity for a
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more thorough assessment of the literature. For example, it offers post-hospital

care for elderly patients [100] and stress diagnosis [87]. It also allows for the on-

line scheduling of doctor consultation appointments. This is made possible by the

development of web-based e-Health systems like the Online Registration System

(ORS)[101], Health You Card [102], and Practo [103], which all seek to reduce

patients’ waiting times. Because they save time, apps like Practo [137] are becom-

ing more and more popular with the general public and raising the need for these

systems. This fact therefore served as motivation for identifying the unidentified

region for which a cutting-edge e-Health system can be constructed; as a result,

more analysis was carried out to accomplish the goal. As the review of literature

progresses, it has become clear that e-Health systems, through a variety of system

types, provide a great deal more services to the general public in underprivileged

areas, including hospital administration, digital health record keeping, health ed-

ucation, resource monitoring and online training [13] [15] [17]. Some of them have

already been discussed in this section; they are grouped or clustered based on

the services they provide and are tabulated to make it easier to understand the

hierarchy for selecting a specific area for planned improvement.

The Electronic Health Record (EHR) and Hospital Management systems , which

include all the systems that provide services like patient record maintenance and

effective management of all the activities involved in running the hospital, are the

first cluster to be identified during the literature review and covered in this section

[104]. Thus, it can be said that Hospital Management Systems (HMS) and Elec-

tronic Health Records (EHR) systems [104] have a significant impact on hospital

operations and resource management [105]. This has been noted in a number of

the systems displayed in Table 2.2; which provides the facility of recording and

saving of medical data of patients for further analysis and treatment.
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Table 2.2: Electronic Health Record and Hospital Management Systems

S.

No

Systems Years Services Ref.

1 Electronic Health

Record System

(EHR).

2005 Helpful in collecting and sav-

ing patients’ health records

for future use.

[106]

[35]

2 Health NET 2008 The system made it possible

for hospital staff to store and

route patient histories, lab re-

sults, and prescriptions within

a hospital.

[105]

3 Health Vault 2015 The system gives patients the

ability to collect, save, use,

and share health information.

[107]

4 Health Memo 2015 Users can upload and main-

tain their health records elec-

tronically.

[108]

5 Health PIE 2015 Allows users to make re-

minders and upload personal

health records.

[109]

Furthermore, several systems like Health Net-permit hospital departments to ex-

change medical information, including test results, patient prescriptions, and med-

ical histories [105]. Table 2.2 also shows how systems like Health PIE, Health

Vault, and Health Memo allow for the electronic uploading of individual health

records; as a result, significant development has been observed in the context of

such kinds of systems. Comparably, another class or cluster of systems that were

seen during the literature review was resource tracking systems. These systems

are beneficial in locating or monitoring vital medical resources (like hospitals, am-

bulances, medications, blood banks, etc.) that are needed for medical emergencies

or treatments. These systems not only track the resources but also tell about the
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availability of resources and much other information which are mentioned briefly

in Table 2.3 along with the name of concerned systems.

Table 2.3: List of Resource Tracking Systems

S.

No

Systems Years Services Ref.

1 e-Grama 2008 Provide details on how far

the target hospital is from the

source community.

[21]

2 Kolkata Medical

Emergency System

(KMES)

2014 Details the availability of

critical care, specialty-specific

beds in surrounding large pri-

vate hospitals, and ambu-

lances with equipment details.

[110]

3 Malaria Early Epi-

demic Detection Sys-

tem

2014 Offers services for mapping

malaria cases and cases by ge-

ographic area.

[111]

4 1mg 2015 The system provides informa-

tion about the availability of

medicine with their cost as

well as provides the facility of

online purchase of medicines.

[112]

5 WebMD 2015 Offers the ability to track

symptoms, details on medica-

tions and treatments, infor-

mation on first aid, and a di-

rectory of nearby medical fa-

cilities.

[109]

[113]

6 5 Minute Consult 2015 Provides the fastest informa-

tion about the resources re-

quired by healthcare profes-

sionals to obtain the most

likely diagnosis, treatment,

and management for different

diseases and conditions.

[114]
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7 NHP-Health Direc-

tory Services.

2015 Provides information about

the availability of blood banks

in India.

[115]

The examination of Table 2.3 thus demonstrated that Resource Tracking e-Health

Systems have improved healthcare outcomes [66, 130] and also provide timely and

significant information about needed health resources without any delay [131].

This has increased public acceptance of e-Health systems and culminated in the

discovery of a new type of cluster, known as Health Awaring e-Health Systems.

This cluster consists of all the systems that inform the general people about various

diseases, their symptoms, available treatments, and disease patterns intending to

enable individuals to take charge of their health. The brief descriptions of these

systems have been depicted in Table 2.4.

Table 2.4: List of Health Awaring e-Health Systems

S.

No

Systems Years Services Ref.

1 Genetic Home Refer-

ence (GHR)

2010 Provides information re-

sources on genetics.

[50]

2 Cardio Pulmonary

Resuscitation (CPR)

2012 It is a mobile application that

provides services for prevent-

ing /recovering from cardiac

arrest.

[111]

3 Mswasthya 2014 Provides different Services like

diabetes monitoring, vacci-

nation alerts, and hospital

search.

[99]

4 Health Central.Com 2015 Empowers patients and care

givers with the information

to permit better health out-

comes.

[116]

5 Medscape 2015 Provides the latest news and

information related to the

healthcare field to users.

[113]
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6 Isabel Symptom

Checker

2015 Provide a list of diseases and

their symptoms.

[117]

7 Veegilo 2015 Provides the facility to see

trends and patterns of dis-

eases at a glance.

[118]

8 e-medicine 2016 Provides information related

to medicine associated with

disease.

[119]

The analysis of every system shown in Table 2.6 showed that the systems signifi-

cantly contribute to raising the general public’s level of knowledge [118] by giving

users detailed information about various diseases so they can make educated deci-

sions. This is accomplished because the public has been using the systems regularly

over the last few years, particularly between 2010 and 2016. In addition, e-Health

systems offer an online platform for health workers to receive critical knowledge

and information in conjunction with the development of new systems.

These systems collectively referred to as Teaching and Learning e-Health Systems,

offer electronic teaching and learning features. As the name suggests, this cluster

consists of all the systems that enable distant workers, medical students, or per-

sonnel to get online instruction, either in full or in part, so they may complete

their tasks more quickly. Many systems were found in this context throughout the

literature study, and Table 2.5 provides a brief discussion of them.

Table 2.5: List of e-Health Systems Related to Teaching and Learning Domain

S.

No

Systems Years Services Ref.

1 Geochat 2011 Provides the facility of chat-

ting to community health

workers in rural areas.

[120]
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2 Tele- mentoring 2005 Define the concept of tele-

mentoring for providing

real-time and live interac-

tive teaching techniques/

procedures to a student.

[98]

3 Tele-proctoring 2006 Provides the facility for evalu-

ation of surgical trainees from

distance to proctor.

[98]

4 Free Open-Access

Medical Education

(FOAM)

2014 Provides the latest informa-

tion to care providers regard-

ing medicine.

[48]

5 Mobile Alliance for

Maternal Action

(MAMA)

2015 Essential health information

on maternal behaviour is pro-

vided.

[121]

[56]

Despite the constraints of medical experts in underserved areas, the systems listed

under the teaching and learning cluster do a remarkable job of teaching tech-

niques and procedures to remote medical students or interns through communi-

cation technology. In addition, the cluster highlighted programmes like Geochat

and the Mobile Alliance for Maternal Action (MAMA), which offers mother care

and pregnancy-related services to lower the maternity rate and the health prob-

lems that accompany pregnancy and childbirth. Even though these systems are

linked to the process of teaching and learning, their focus is particularly on issues

about pregnancy, childbirth, and newborn care under the Mother and Child Care

domain. This is a significant area of concern because a review of the literature

revealed a higher-than-expected rate of maternal or foetal death during delivery,

necessitating further investigation and development. This is what led to the deci-

sion to conduct research in this field. To identify the research deficit in this area,

more review work has been done. Numerous distinct types of e-Health systems

that support both prenatal and postpartum patients have been uncovered during

the literature research and also presented in Table 2.6. These systems have been
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grouped under the umbrella of mother and child care, which is further subdivided

into two subclasses: e-Health systems for prenatal or mother care and e-Health

systems for newborn care.

Table 2.6: e-Health Systems Related to Mother and Child Care Domain

S.

No

Systems Years Services Ref. Focused

1 Neonatology 2013 Gives a healthcare practi-

tioner time-sensitive informa-

tion about neonatal care.

[57] Newborn

Care

2 Standard Treat-

ment Protocol

(STP)

2014 Instructions for managing an

ill infant at a small hospital

with few resources are given

to doctors, nurses, and mid-

wives.

[122] Newborn

Care

3 Essential New-

born Care

2014 Improve the knowledge and

abilities of medical profes-

sionals in areas with limited

resources about vital infant

care.

[122] Newborn

Care

4 AIIMS-WHO

CC ENBC

2014 Provides essential education

in newborn nursing for small

hospitals with limited re-

sources.

[123] Newborn

Care

5 Essential New-

born Nursing

2014 Improve the knowledge and

abilities of medical profes-

sionals in areas with limited

resources about vital infant

care.

[55] Newborn

Care

6 The Kanga-

roo Mother

Care Initiative

(KMC)

2014 Disseminate knowledge skills

among healthcare providers

and parents of low birth

weight babies.

[124] Newborn

Care

7 New Born Care 2015 Provides information regard-

ing newborn care to nurses.

[57] Newborn

Care
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8 Sick New born 2015 Provides standard treatment

protocols to nurses and doc-

tors for managing sick neona-

tal.

[56] Newborn

Care

9 Essential Care

for Every baby

(ECEB)

2015 Improve the knowledge and

abilities of healthcare profes-

sionals on vital infant care in

areas with limited resources.

[56] Newborn

Care

10 A mother - and-

child care mod-

ule

2010 Provides prenatal care and an

extended immunization cam-

paign for the underserved

population in the border re-

gion.

[125] Mother/

Prenantal

Care

11 OB Insulin 2014 Depending on user input such

as maternal weight; determine

the initial dose for a pregnant

lady needing insulin.

[60] Mother/

Prenantal

Care

12 Mobile Alliance

for Maternal Ac-

tion (MAMA)

2015 Essential health information

on maternal behaviour is pro-

vided.

[56]

[121]

Mother/

Prenantal

Care

13 Verboise 2011 It offers recommendations

for infant care, checkup

reminders, and monthly up-

dates on what to anticipate

during pregnancy.

[126] Mother/

Prenantal

Care

Hence, the field of mother and child care refers to the establishments that pro-

vide essential healthcare services to expecting mothers, new mothers who have

given birth, and their young offspring. In this way, this domain is divided into

sub-part prenatal care and post-natal care each of which has e-Health systems

linked to it. Prenatal care systems, for instance, deal with the treatment given to

expectant mothers and their unborn children during pregnancy. Conversely, post-

natal care systems deal with the postpartum care given to a woman and her child.
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Prenatal and postnatal care are therefore crucial areas of concern because these

stages account for the bulk of maternal and newborn deaths [56]. Furthermore,

due to the lack of prenatal care in rural or underdeveloped areas, about 250,000

babies are born each year with genetic abnormalities such as sickle cell anaemia,

Haemophilia, and Thalassemia [56]. Hence, the fact motivated the selection of the

area of prenatal care which comes under the mother care for the current study

so an innovative system intended to be developed that will electronically provide

prenatal services to the underserved public (especially to pregnant women) in the

context of inherited disorders. However, the examination of Table 2.6 revealed im-

portant advancements in e-Health Systems about neonatal care. However, there

aren’t many systems available for prenatal care, which is insufficient because these

systems give pregnant women the necessary care and attention so that they can

give birth to their kids safely and successfully. Despite having been selected as the

study’s topic, the exact location of the problem formulation has not yet been deter-

mined. Hence, an in-depth analysis of the e-Health systems concerning mother and

child care has been conducted based on specific variables covered by the systems.

This has allowed for the identification of the precise area for problem formulation,

especially in the context of prenatal care, and the purposeful development of an

innovative system in this context.

2.3 Research Gap and Problem Statement

A factor-based review of the e-Health system (acquired from Table 2.6) connected

to the mother and child care domain has been undertaken and is briefly shown

in Table 2.7; which discusses the various e-Health system types pertinent to ma-

ternal or prenatal care, as well as child or newborn care, and which may offer

a range of services necessary for the care of a mother, a pregnant woman, and

her kid (expected or newborn) [56]. In addition, Table 2.7 shows which system

covers how many different factors (factors here refer to the services that e-Health
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systems provide) such as information updates on mother/newborn care, check-up

reminder services (which fall under the category of prenatal care services offered to

expectant mothers during the prenatal stage), newborn nursing resources (which

contain all necessary information and treatment for the care of a newborn), train-

ing tool for neonatal (which includes all necessary services provided for the care

of a newborn), expanded programme on immunization (EPI) (prenatal care of-

fered during pregnancy) Insulin calculator (which determines the insulin dosages

given to expectant mothers receiving prenatal care); inherited disorders (which

comprises systems that determine the likelihood of a disorder being inherited by

an offspring at the prenatal stage); neonatal care guidelines and low birth rates

(which include systems that provide the services needed for neonatal care) [66];

Among of these factors, which factor does the majority of systems use less or

not at all? Thus, factors that are underutilised or not used at all have been

identified as research gaps and are the focus of the current study. The parameters

considered are Mother/New-born (M/N) care, Checkup Reminders(CRs),Newborn

Nursing Resources(NNRs), Training Tool for neonatal(TTn), Antenatal Care/ Ex-

panded Programme on Immunization(Ac/EPI), Insulin Calculator(IC), Inherited

Disorders(IDs),Guidelines for Neonatal Care (GNC), and Low Birth Weight Ba-

bies(LWB).

Table 2.7: Factor-Based Review of e-Health Systems Related to Mother and
Child Care Domain

Factors/

Solution

M/N

care

CRs NNRs TTn AC/

EPI

IC IDs GNC LWB

Modul for

Mother

and Child

care(2010)

[56]

✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗

Verboise

(2011)

[118]

✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗
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Newborn

Care (2013)

[57]

✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

Neonatology

(2013) [57]

✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

Essential

Newborn

Nursing

(2014) [55]

✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

OB Insulin

Applica-

tion (2014)

[60]

✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Sick New-

born (2014)

[56]

✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

Essential

Care for

Every Baby

(2014) [56]

✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

Kangaroo

Mother

Care

(KMC)

(2014)

[124]

✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓

Standard

Treatment

Protocol

(STP)

(2014)

[122]

✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗
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Mobile

Alliance for

Maternal

Action

(2015)

[121]

✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗

Essential

New-

born Care

(ENBC)

(2015) [55]

✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

To achieve this, an evaluation of the systems listed in Table 2.7 was conducted

and it was discovered that all the factors—apart from the inherited disorder—had

been covered by one or more e-Health systems related to the mother and child care

domain [56]. Nevertheless, there isn’t currently a system in place that provides pre-

natal diagnosis services for inherited disorders like Haemophilia and Thalassemia,

which are becoming more and more common. Each year, almost 300,000 neonates

are affected by severe haemoglobin abnormalities and require more focus on pre-

vention [56] [97]. In this way, the outcomes of the examination of Table 2.7 clearly

show the flaws in the field of early pregnancy identification and avoidance of po-

tentially inherited disorders (specifically, Thalassemia and Haemophilia) and serve

as the basis for the research problem that is suggested and stated as in Figure 2.1.

Figure 2.1: The Basis for Research Problem
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Hence, the suggested study will be useful in addressing a variety of medical con-

ditions, such as prenatal disorders caused by the inheritance of genetic abnormal-

ities. Additionally, it will provide parents with more control by simplifying the

identification of inherited prenatal disorders in foetuses, such as Thalassemia and

Haemophilia [56]. This will enable informed decisions regarding pregnancy to be

made or not if there is a chance of inherited disorders being found, under the

guidance of a qualified medical professional. Thus, the data prompted the devel-

opment of an intended system that will use the medical, family, physiological, and

obstetric history of a couple planning for a baby; to identify and predict the prob-

ability of inheritance of inherited disorders (like Haemophilia and Thalassemia)

from parents to offspring at the prenatal stage. These hereditary bleeding disor-

ders (Haemophilia and Thalassemia) were chosen for the planned study because

their frequency has been steadily rising. Both of these, according to the World

Health Organisation (WHO), occur often and require more focus on prevention

[56] [97]. Each year, more than 300,000 infants are born with serious haemoglobin

abnormalities [56] [97].

2.4 Conclusion

This chapter has contributed to the medical field by providing a study on e-Health

systems used by the healthcare industry and general public; so that various issues,

such as staff shortages, resource shortages, and the rapid and effective diagnosis,

management, and treatment of inherited prenatal disorders like Haemophilia and

Thalassemia, can be resolved. Besides this, the chapter also provides fundamen-

tal knowledge about inherited disorders, Haemophilia, and Thalassemia; which

would be beneficial for researchers in creating more effective e-Health systems for

the diagnosis, management, and treatment of hereditary bleeding disorders. To

create related e-Health Systems, one must be well-versed in the use of informa-

tion and communication technology as well as a medical background in inherited
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bleeding disorders. Thus, the chapter offers other scholars a foundation upon

which to build their future research endeavors in this domain. The initiation of

this chapter started with a search of different articles. For this, different keyword

indices such as “e-Health”, “Telemedicine”, “Haemophila”, “Thalassemia”, “AI

or Machine Learning Based tool for Haemophilia” and “AI based Framework for

Thalassemia” has been utilized. After that, findings acquired from these articles

have been organized in tabular form for further analysis. Consequently, patterns

and trends have emerged from the literature review, illustrating the development

of various e-Health systems for various healthcare domains. The study also re-

vealed the advantages of current e-Health solutions that are intended to help the

general population as well as the medical community. Additionally, it is noted that

e-Health systems created with the use of information and communication technol-

ogy resourcefully manage imprecise, incomplete, and dynamic patient data. These

platforms also benefited the general public, patients, and physicians by acting as

wise resources for making choices. Hopefully, this study has succeeded in meeting

the goal of a literature review in the following ways: It gives specifics on the re-

search papers that were published about e-Health, telemedicine, mother and child

care, Haemophilia and Thalassemia; it details the articles published with their

benefits and services; it also identifies research gaps based on key findings, ser-

vices offered by existing e-Health systems; and what kind of parameters has been

taken for development. It also plays a fundamental role in formulating the research

problem, preparing the research design, collecting, and analysing the data. It is

believed that the work put forward in this study would help other researchers in

the creation of future e-Health systems that will properly and precisely detect and

treat various diseases. The publications of the articles that are connected to this

chapter are listed below.

Sharma, P., Shivaram, T. R., & Sharma, A. (2016). A methodical

review of e-Health systems developed for Indian Healthcare Sector. In-

dian Journal of Science and Technology, 9(44), 1-6.
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Sharma, P., & Sharma, A. (2022). e-Health Systems for Mother and

Child Care Domain: A Systematic Review. Recent Innovations in Com-

puting: Proceedings of ICRIC 2021, Volume 1, 439-447.



Chapter 3

Research Methodology

The goal of the current study is to create an electronic healthcare system that

can predict prenatally if a child will have haemophilia or Thalassemia. For this,

four distinct objectives have been established to achieve the primary aim of the

proposed research activity. The following is a general description of the suggested

objectives:

1. To collect a dataset of identified ancestral patterns, and physiological and

pathological symptoms.

2. To integrate bayesian network and machine learning technique for the pre-

diction of prenatal disorders.

3. To evaluate and validate results using intelligent statistical techniques.

4. To develop an application for the diagnosis of prenatal disorders.

Thus, to achieve the suggested objectives of the current study, a systematic re-

search approach has been applied. In this way, this chapter discusses the research

methodology of the proposed work in detail, including the research approach, the

research type, the research strategy, the time horizon, the sampling strategy, the

data collection methods, the data analysis methods, and the proposed work. This

56
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chapter is arranged as follows: The research process, as well as the research ap-

proach, strategy, time horizon, sample plan, data collection methods, and data

analysis techniques, are covered in Section 3.1, which also presents the research

methodology. The strategy intended for the use of proposed work is covered in

Section 3.2. In Section 3.3, the final findings are made.

3.1 Introduction

According to J. Creswell (2002), research methodology is a plan or strategy to

conduct research work in a scientific way and link methods to outcomes [94]. In

other words, it can be said that research methodology is a way to systematically

solve the research problem [94]. Hence, the current research work also utilises

the research methodology, which includes the research approach, research type,

research strategy, time horizon, sampling strategy, data collection methods, and

data analysis methods. The detailed description of each step associated with

research methodology has been specified in the following sections:

3.1.1 Research Approach

The research approach refers to the collection of procedures that decides the over-

all process of research, which includes various methods and techniques associated

with data collection, analysis, interpretation, and utilisation. Research approaches

are commonly divided into two main categories: qualitative and quantitative [94].

But, sometimes combination of two can be used as a mixed approach. Hence,

the selection of a research approach entirely depends on the research problem,

audience, and expected goal of the purposeful research work. Consequently, the

suggested study employed a mixed methodological approach to achieve the estab-

lished goals of the ongoing research [56]. Mixed methodology refers to the use of a

qualitative as well as quantitative approach for the conduction and completion of
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proposed research work [94] [83]. The use of a qualitative as well as quantitative

approach helped in understanding the real situation and the demands and expecta-

tions of users of e-Health [94]. A brief introduction of qualitative and quantitative

approaches and justification for using them in the proposed work is defined below:

3.1.1.1 Qualitative Approach

A Qualitative approach provides insight into the problem as well as helpful instru-

ment (questionnaire) design for the succeeding stages [94]. It is concerned with the

subjective assessment of attitudes, opinions, and behaviour [94]. The techniques

of interview, literature review, and discussion are utilised by this approach [94].

Hence, the proposed study utilized the literature review, informal discussion, and

interview methods of this approach.

Why is this approach useful for the proposed problem?

Various factors support the use of a qualitative approach at the initial stage, which

are listed below:

� To gain rich insight into inherited disorders and preventive measures.

� To take input from patients and doctors related to haemophilia, Thalassemia,

and inheritance patterns.

� To know the various types of parameters and which are more suitable for

the early diagnosis of inherited disorders.
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Figure 3.1: Mixed Research Approach

3.1.1.2 Quantitative Approach

This approach involves the generation of data in quantitative form which can be

subjected to rigorous quantitative analysis formally and rigidly [94]. A quantita-

tive approach is further sub divided into inferential, experiment, and simulation

approaches. This approach has used survey and case study methods for the con-

duction of research work [94]. The characteristics of the quantitative approach

provide great motivation for selecting the survey and case study method as an

important tool for proposed research work [94]. Hence, a separate survey of the

target audience will be administered to collect requirements and responses from

the general public as well as professionals. Based on the survey outcome suitable

suggestions can be made to design a proposed system and application.

Why is this approach useful for the proposed work?

� To study a sample of the population for quantifying the demands of target

users (Doctors, patients, and medical students) for designing user-specific

systems and an application for caring for mothers and children in the context

of inherited prenatal disorders.



Chapter:3 Research Methodology 60

3.1.2 Research Strategy

The research approach establishes the methodology for the study [127]. Vari-

ous research strategies are available, including action, grounded, ethnographic,

case, and experimental research. Any individual’s decision is dependent upon the

study’s objectives [151]. The current study combines the case study and the ethno-

graphic research technique. A case study is a comprehensive analysis of a single

subject or person [127]. By applying case studies of different patients about the

context of sickness symptoms and supporting the development of a system with

a defined objective, case studies will be very helpful in gathering the necessary

data. Similarly, the ethnographic research approach is the process of watching

and recording participants’ experiences and views in their natural environments

to enhance research outcomes [127]. Therefore, the choice to employ case stud-

ies and ethnographic research strategies to finish the current study project was

motivated by their inherent qualities.

3.1.3 Time Horizon

The term ”time horizon” describes the amount of time needed to gather data for

a specific project. In this case, there are two different types of options: cross-

sectional, or short-term, and longitudinal, or long-term. In cross-sectional data

collection, a brief interval is designated for data collection. On the other hand,

longitudinal time horizon refers to data that is continuously collected over an

extended period after a certain interval. Since haemophilia and Thalassemia are

rare conditions, there aren’t many persons with them; therefore, the current study

collected data longitudinally. As a result, to obtain enough data, researchers must

wait and then resume the procedure [127].
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3.1.4 Sampling Strategy

Sampling strategy refers to methods used for the selection of participants and col-

lection of data for proposed research work which is further divided into two cate-

gories such as probability and non-probability sampling. In probability sampling,

participants are selected randomly from a population. In contrast, non-sampling

supports the method of selecting participants based on ease of access or non-

randomly [127]. To obtain the necessary data for the current research project,

a non-probability sampling strategy was chosen. The sample participants were

chosen based on their knowledge, connections, and experience related to specific

diseases, such as Thalassemia and haemophilia [128]. The sample participants in

this study, which includes patients and affiliated physicians, are chosen based on

their level of active participation, past medical history, and sufficient and perti-

nent experience about the symptoms, diagnosis, treatment, and management of

thalassemia and haemophilia. Furthermore, experts in medicine from renowned

hospitals in Jalandhar and Ludhiana, as well as the head of a nongovernmental

organisation dedicated to haemophilia located in Dehradoon, were chosen as study

participants based on their research background and comprehension of raw data

regarding regions [128]. The details of these experts are provided in Table 3.1:

Table 3.1: List of Specialists Involved in the Present Research Study

S.
No

Name Address Domain Location

1 Dr. Shruti Kakkar
MD Fellowship in
Hematology/On-
cology Associate
Professor

Department of Pae-
diatrics, Paediatric
Haematology/Oncol-
ogy Unit Dayanand
Medical College and
Hospital Ludhiana,
Punjab India.

Thalassemia Ludhiana
Punjab India

2 Dr. Anubha
Bharthuar, Medi-
cal Oncologist, MD
ABIM Fellow (US)
Head Medical Oncol-
ogy Haematology

Patel Cancer and Su-
per Speciality Hospi-
tal, Jalandhar, Pun-
jab, India.

Haemophilia Jalandhar
Punjab India
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3 Dr. Bhavneet Kaur
MBBS, MD (Obs and
Gyne)

Tagore Hospital and
Heart Care Centre,
Jalandhar, Punjab,
India.

Gynecologists Jalandhar
Punjab India

4 Mr. Deepak Sin-
gal Chief Functionary
Officer and Secretary,

Haemophilia Society
Dehradoon Chapter,
Dehradoon, Uttarak-
hand, India.

Haemophilia Dehradoon,
Uttarak-
hand, India.

5 Ms. Somya Coordi-
nator

Haemophilia Day
Care Christian Med-
ical College and
Hospital, Ludhiana,
Punjab, India.

Haemophilia Ludhiana
Punjab India

All of the aforementioned experts helped comprehend the basic information about

intentional bleeding disorders such as haemophilia and thalassemia, as well as other

facts and numbers related to the current study. They also provided patient data

to start more interviews and discussions. To obtain a data set about physiological,

family, symptom, and obstetric history. For this, open-ended questions were used

in both in-person and telephone interviews with patients and their families. The

participants’ prior consent was obtained before the interview began. As a result,

those who were prepared were interviewed to collect data; 501 patients’ records

were made for specific purposes. In this way, patients and their families actively

participated in data sampling in addition to doctors and subject experts.

3.1.5 Data Collection Methods

Data collection is an important task and is associated with the collection of re-

quired data for the successful completion of research work [94]. A variety of data

collection methods, including discussions, case studies, questionnaires, interviews,

and observation, can be used to gather the data. To do the assignment with mini-

mal complexity, the right kind of data and procedures must be used [94]. For this

reason, the in-depth interview and discussion method was used to collect data for

the current study. As the secondary data related to the suggested study was not

available publically. Thus, to collect the primary data, the in-depth interview and
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discussion method was employed [94].

Interviews with concerned, knowledgeable doctors from hospitals and medical

schools, as well as patients and their families, were done to obtain information

related to the data set. To gather data, an outline of the proposed work was given

to target participants, such as patients, along with their families and medical pro-

fessionals, and their comments were noted to create a data set. Consequently, com-

ments from patients (with their previous consent) regarding physiological, medical,

family, and obstetric factors have been documented as part of the planned work’s

data set. Alongside this, open discussions were held to get their feedback regard-

ing the intended system to design a more focused system for the current study.

This makes it possible to conclude that the in-depth talks and interviews were

very important in assembling the data set for the intended study.

The rationale behind choosing these two is that because they are both inherently

informal and personal, a direct and intimate relationship has been formed be-

tween the interviewer and the interviewee [128]. However, to lower participant

non-response rates, the in-depth interview and discussion strategy requires the

requisite abilities to conduct a good interview [128]. That has been addressed by

using a semi-structured questionnaire to start the interview and discussion, which

serves as the researcher’s interview guide [128]. To achieve the predetermined goal

of data collection, a set of basic questions was prepared with input from domain-

specific experts in medicine. Additional questions could be asked based on the

specifics of the discussion and interview, though these were the suggested starters

[128]; some of them are depicted in Table 3.2.

Table 3.2: List of Questions for Patients

Q.
No

Questions

1 What is your name?
2 What is your Age?
3 When did you find out you have thalassemia or haemophilia?
4 What are the initial symptoms?
5 Currently, what kind of symptoms do you have?
6 Do you have a family history of the disorder? If, yes then please mention the relation

and what kind of symptoms they have.
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7 Are you married?
8 Does your partner also have haemophilia or thalassemia?
9 Do you have any kids? What is the child’s thalassemia or haemophilia status (if

either)?
10 What kind of treatment is going on?

Table 3.3: List of Questions for Doctors

Q.
No

Questions

1 What are the major symptoms of haemophilia or Thalassemia?
2 What are the early symptoms that are used for the diagnosis of haemophilia or

Thalassemia?
3 What kind of pattern or parameters (such as pathological, physiological or medical

Family history and obstetric history) should be utilized for the accomplishment of
proposed work?

All of the aforementioned queries are posed to the patient or members of their fam-

ily. Though there have been extra questions added based on each person’s unique

situation, they were constantly monitored. Before recording the response, the pa-

tient requested permission by briefly outlining the goal of the work. Following that,

every response was entered into a tabular format, with columns containing the fol-

lowing information: name, age, disorder status (Thalassemia or Haemophilia), age,

gender, parents’ and partners’ details, family history related to the condition, ob-

stetric history (about a child with Haemophilia and Thalassemia), and symptoms

related to the condition. Now, under the direction of knowledgeable physicians, the

complete column head will be chosen, with a focus on symptoms. Expert medical

advice was sought before deciding to prioritise physiological characteristics above

pathological ones. For this, a telephone conversation or in-person interview will be

conducted based on a few questions, which are presented in Table 3.3. All of the

aforementioned inquiries will help gather data, create a table for data collection,

choose parameters for specific tasks, and create an e-Health system with specific

goals.
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3.1.6 Data Analysis Methods

Data assessment is a technique used to examine dataset gathered through in-person

or telephone interviews and conversations [128]. After the completion of the data

collection task, pre-processing will be carried out. Data Pre-processing is a very

significant step followed during the development of any machine learning model.

In this process, data will be normalized by reducing unwanted data and classified

for further analysis and comparison [128]. In which, the data get transformed

and brought into a state that can be efficiently understood and interpreted by the

machine learning algorithm. So that further results can be produced; which can

be evaluated using statistical techniques? Therefore, the next action taken after

gathering the data is pre-processing and analysis. Appropriate methods, such as

the correlation coefficient approach, were applied for this. Subsequently, the data

set was divided into training and testing sets and features were selected to facil-

itate the ensuing analysis. Subsequently, advanced statistical and computational

techniques such as the ROC curve have been utilised to evaluate the results of

concentrated labour.

3.1.7 Research Process

Research technique is the methodical planning of steps and their sequential execu-

tion to achieve the predetermined goal and goals of the study [94]. As a result, the

section outlines the different procedural stages that the current research project

uses. The following lists the many procedures that were taken to carry out the

suggested work:

1. The research process started with a literature review of e-Health Systems.

2. In the next step, a research gap was identified and a problem statement was

formulated. Besides this, objectives have been defined.
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3. In this step, data collection and pre-processing tasks have been conducted.

4. A hybrid model, which combines Gaussian naive Bayes and Decision Tree,

has been developed for the categorization of inherited prenatal bleeding dis-

orders, specifically Thalassemia and Haemophilia.

5. A new set of rules has been developed for assessing the chances of inheri-

tance of Haemophilia or Thalassemia from parents to their offspring; this is

particularly useful in situations where one spouse is unsure of their medical

history, physiological makeup, or family history of illnesses. The foundation

for this has been the inheritance pattern’s current rules.

6. Based on the existing pattern of inheritance, a novel set of rules has been

developed to determine the likelihood that a child will inherit either Tha-

lassemia or Haemophilia from their parents. This new rule set is particularly

useful in situations where one partner is unsure of their own medical history

or physiological or family history of disorders.

7. This step is associated with the testing phase that was carried out using

sophisticated statistical methods like the ROC curve.

8. An e-Health system that runs on a smartphone has been created to fore-

cast the likelihood that an expecting child would inherit Thalassemia and

Haemophilia from their parents.

9. In the end, a conclusion has been drawn, and then thesis writing has been

accomplished.

3.2 Proposed Work

A systematic research process, as illustrated in section 3.1.7 above, has been em-

ployed to construct an e-Health system for the prediction of hereditary prenatal
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illnesses, such as Haemophilia and Thalassemia [56]. Specifically, the current pro-

posed e-Health system development includes feature selection, data collection,

hybrid model development, creation of a new rule set to determine the likelihood

of inheriting inherited disorders like Thalassemia and Haemophilia, creation of a

rule-based prediction model that uses the newly created rule set in conjunction

with pre-existing inheritance patterns, model performance testing, and creation of

a mobile-based e-Health system.

3.2.1 Data Collection

Primary data collection was the first step in the research procedure because there

was no secondary data set accessible about inherited bleeding disorders, such as

Thalassemia and Haemophilia. For this reason, numerous laboratories were first

contacted for data collection. As a result, a pathological data set was gathered and

subsequently analysed; however, it was later determined that the pathological data

set was irrelevant to the system’s intended use [53] because the system will be used

for the general population, and such data is difficult to comprehend. Furthermore,

this data set was not determined to be pertinent for the early identification of a

hereditary prenatal disease. As a result, additional datasets have been acquired,

encompassing physiological history, obstetric history, family history, and history

of symptoms linked to thalassemia and Haemophilia [53].

To gather inputs for the required data set, a variety of medical facilities, hospi-

tals, and nongovernmental organisations (NGOs) were visited. Planned questions

from a semi-structured questionnaire—which is illustrated in section 3.1.7 of this

chapter—were used to conduct in-depth interviews and facilitate discussions. For

this, Patients, patient families, concerned professionals, and knowledgeable doc-

tors from hospitals and medical institutes have all been questioned. In addition,

open discussions with patients and experts have taken place. Hence, to generate a

data set, the target participants—patients, family members, and medical profes-

sionals—were given an outline of the proposed study.
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These people’s responses were then noted to create a data set. Consequently, 501

patients’ responses have been recorded (with their prior authorization) as part of

the proposed work, regarding physiological, medicinal, family, and obstetric as-

pects. However, due to a lack of patients, most medical institutions did not have

enough data, and those that did have the data were not eager to assist in this

way, making the process of acquiring data sets very difficult. Thus, after much

work, information on 501 patients with thalassemia and Haemophilia has been

collected from the Haemophilia Society Dehradun Chapter in India, Dayanand

Medical College, and CMC (Christian Medical College & Hospital), all located in

Ludhiana, Punjab, India.

These details consist of the patient’s physiological history, obstetric history, family

history, and medical history. As a result, the thesis’s primary contribution is the

compilation of a dataset of 501 individuals with thalassemia and Haemophilia, as

secondary material about these conditions is not easily found on internet portals.

With the compilation of a data set comprising 501 patients with Haemophilia and

Thalassemia, the initial stage of the purposeful research work process, as shown

in Figure 3.2, has thus been accomplished.

3.2.2 Data Pre-processing

Following the conclusion of the data-gathering task, pre-processing—the second

most crucial stage of the intended research work, as shown in figure 3.2 has been

carried out. Data pre-processing is a crucial step in creating any machine learning

model. It involves transforming the data into a format that the machine learning

algorithm can properly read and comprehend.

A dataset is a collection of data objects, including entities, vectors, samples, obser-

vations, points, and records. Features may also be referred to as fields, variables,

dimensions, traits, and characteristics. A feature collection is called a data object.

Any quantifiable trait or attribute of an object under observation can be referred

to as a feature. Dimension, colour, and form are a few examples of table features.
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Figure 3.2: Research Process for Proposed Work
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These characteristics can be further divided into Nominal, Ordinal, Interval, and

Ratio categories within the larger Categorical and Numerical categories.

The fixed collection of values serves as the source of values for the category fea-

tures. Boolean set: False, True, for example, is a categorical variable since the

values must come from the set. The features with integer values are known as

numerical features. These are mostly defined by numbers and have numerical

characteristics. Therefore, the study’s intended application will make use of pre-

processing’s categorical feature.

The current scenario’s data pre-processing includes normalising, scaling, eliminat-

ing missing values, and balancing the dataset. These steps enable us to adjust the

dataset’s numeric column values to conform to a common scale. Numerical values,

like 0 and 1, have been generated from the gathered responses. Following this, the

feature selection work will be completed using the suitable methodology. So that

the most significant features can be selected for the development of the intended

system.

3.2.3 Splitting of Dataset

The data set has been divided into training and testing sets at this point. The

term “training set” refers to the data set that was used to train the intended

model. This data set was further separated into two categories: the symptom-

based dataset related to thalassemia and Haemophilia and the relational dataset

for both, as is evident in Figure 3.2. On the other hand, the term “testing data

set” describes the set of data used to test the planned model and ensure that the

results are accurate.

3.2.4 Development and Prediction of Models
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Figure 3.3: Research Process for Proposed Work
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Table 3.4: Inheritance Pattern of Haemophilia

Case
No

Father’s
/Husband’s
Status of
Haemophilia

Mother’s
/ Wife’s
Status of
Haemophilia

Probability of Inheritance Ref.

1 Yes No # All sons will be normal.
# All daughters will be carriers
of Haemophilia.

[66] [66]
[69] [74]

2 No Yes(carrier) # 25% risk of having a daugh-
ter with Haemophilia-related
genes.
# 25% chance of having son
with Haemophilia.
# 50% likelihood that an off-
spring (boy or female) will not
carry the Haemophilia gene

[66] [66]
[69] [74]

3 Yes Yes(carrier) # 25% chance of having a son
with Haemophilia.
# 25% chance of having a nor-
mal son.
# 25% chance of having a
daughter who is a carrier of
Haemophilia.
# 25% chance of having a
daughter who has Haemophilia.

[66] [66]
[69] [74]

4 No No # All sons will be normal.
# None of the children (daugh-
ter/son) have Haemophilia or
carry the gene

[66] [66]
[69] [74]

During this phase, a classification model was developed using the set of symptoms

obtained from a dataset containing patients with thalassemia and Haemophilia.

Various machine learning algorithms, including Bayesian networks, KNNs (K-

Nearest Neighbour), and decision trees, were also implemented individually for

the development of a diagnosis or classification model, to select the most appro-

priate combination of algorithms for the development of a hybrid model. As a

result, a hybrid model has been developed with the integration of gaussian naive

bayes and a decision tree for the diagnosis of Haemophilia and Thalassemia based

on the parameters classified according to their symptoms. Despite effectively clas-

sifying the patients into Haemophilia and Thalassemia based on their symptoms,

the model was unable to predict the likelihood that their offspring will acquire
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inherited illnesses like Haemophilia and Thalassemia from their parents. To ad-

dress this issue, a prediction model has been created using a Bayesian network,

current inheritance patterns that have been obtained from literature, and a newly

developed rule set in the next level, which is also shown in Figure 3.3. This model

predicts the likelihood that a child will be born with Haemophilia or Thalassemia

based on the medical, family, physiological, and obstetric history of the parents.

The rule set that was used to develop this model has been very important because

it predicts the likelihood of inheriting Haemophilia and Thalassemia by analysing

user-provided values in the context of predefined parameters like medical history,

family history, symptom history, and obstetric history in a hierarchical manner.

This allows the intended system to make predictions in situations where one or

both partners are unsure of the history of Haemophilia and Thalassemia, which is

not possible in the case of the existing inheritance pattern because these patterns

are limited to situations in which the couple is aware of the medical history of

inherited disorders like Haemophilia and Thalassemia. Tables 3.4 to 3.9 provide

a brief explanation of these rules that were produced during the current research

investigation as well as information on the previous inheritance patterns.

Table 3.4 makes it very clear that the cases of Haemophilia’s inheritance pattern

that have been documented in the literature are few and only apply to individuals

or couples who are already aware of their Haemophilia status (whether they suffer

from the disorder or not) [83-85] [90][99] [66] [66] [69] [74] [67] [73] [77] and does

not cover the cases where the individuals or couples are not sure about the medical

history of Haemophilia. Therefore, to solve this issue, a new set of rules was cre-

ated during the current research work and is shown in table 3.5. This represents

the main contribution of the current study. It makes use of the medical history,

family history, physiological history, or history of symptoms in the family, and

the obstetric history of the couple. These patterns give guidelines for estimating

the likelihood that children may inherit Thalassemia and Haemophilia from their

parents.
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Table 3.5: New Rules and Predictions Results of Haemophilia (when a wife
is unsure of her medical history)

S.
No

Husband Wife Do you
have a
family
his-
tory of
haemop-
hilia
?

Your /
Family
Mem-
ber/
Rela-
tives
having
the
symp-
toms
of
haemo-
philia

Obstetric
History
(Any
Child
with
Haemo-
philia)

Prediction Results

1 Yes Not
Sure

Yes — — The husband has
Haemophilia and the
wife is not sure about the
disorder. But, she has a
family history. So, this
has raised the chances of
inheritance from parents to
offspring. Hence, further
testing and diagnosis of a
wife are required for the
confirmation as she is not
sure about the disorder,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be:
# 25% (1/4) chances of hav-
ing a carrier daughter.
# 25% (1/4) chances of hav-
ing a daughter, who has
Haemophilia.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 25% (1/4) chances of hav-
ing a normal boy.
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2 Yes Not
Sure

No — — Husband has the
Haemophilia and no family
history/obstetric history
of Haemophilia has been
observed in the case of
the wife. Hence, it is as-
sumed that she will not
have Haemophilia. But,
for the confirmation fur-
ther testing and diagnosis
of her is required, and
if she is found negative
for Haemophilia then the
chances of inheritance will
be:
# All sons of a couple will
be normal.
# All daughters will carry
Haemophilia.

3 Yes Not
Sure

Not
Sure

Yes — The husband has
Haemophilia and the
wife is not sure about the
disorder. But, she has a
family history. So, this
has raised the chances of
inheritance from parents to
offspring. Hence, further
testing and diagnosis of a
wife are required for the
confirmation as she is not
sure about the disorder,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be:
# 25% (1/4) chances of hav-
ing a carrier daughter.
# 25% (1/4) chances of hav-
ing a daughter, who has
Haemophilia.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 25% (1/4) chances of hav-
ing a normal boy.
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4 Yes Not
Sure

Not
Sure

Not
Sure

Yes The husband has
Haemophilia and the
wife is not sure about the
disorder. However, she has
an obstetric history in the
context of disorder. So, this
has raised the chances of
inheritance from parents to
offspring. Hence, further
testing and diagnosis of a
wife are required for the
confirmation as she is not
sure about the disorder,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be: # 25% (1/4) chances of
having a carrier daughter.
# 25% (1/4) chances of hav-
ing a daughter, who has
Haemophilia.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 25% (1/4) chances of hav-
ing a normal boy.

5 Yes Not
Sure

Not
Sure

Not
Sure

No The husband has
Haemophilia and the
wife is not sure about the
disorder. Besides this, No
family and obstetric history
related to Haemophilia has
been found in the case of
the wife. Hence, further
testing and diagnosis of a
wife are required for the
confirmation as she is not
sure about the disorder
and if she is found negative
for Haemophilia then the
chances of inheritance will
be:
# All sons of a couple will
be normal
# All daughters will carry
Haemophilia.
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6 No Not
Sure

Yes — — No medical history of
Haemophilia has been ob-
served in the context of
the husband and wife not
sure about the disorder.
However, she has a family
history of disorder. Hence,
further testing and diagno-
sis of a wife are required for
the confirmation as she is
not sure about the disorder,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be:
# 25% (1/4) chances of hav-
ing a carrier daughter.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 50% chance of having a
normal child.

7 No Not
Sure

No — — The husband did not have
Haemophilia. No family
history of Haemophilia has
been observed in the case of
the wife. Hence, it is as-
sumed that she will not have
Haemophilia. But, for the
confirmation further testing
and diagnosis of her is re-
quired, and if she is found
negative for Haemophilia
then the chances of inheri-
tance will be:
# None of the children
(Daughter/Son) will have
Haemophilia or carry the
gene.
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8 No Not
Sure

Not
Sure

Yes — The husband did not
have a medical history of
Haemophilia and the wife
did not sure about the
disorder, but she confirmed
the existence of symptoms
of the disorder in the family.
Hence, further diagnosis
and testing are required,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be:
# 25% (1/4) chances of hav-
ing a carrier daughter.
# 25%(1/4) chances of hav-
ing a son with Haemophilia.
# 50% chance of having a
normal child.

9 No Not
Sure

Not
Sure

Not
Sure

Yes The husband did not
have a medical history of
Haemophilia. His wife is not
sure about the disorder. But
she has an obstetric history.
Hence, further diagnosis and
testing of her are required,
and if she is found positive
for Haemophilia then the
chances of inheritance will
be:
# 25% (1/4) chances of hav-
ing a carrier daughter.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 50% chance of having a
normal child.

10 No Not
Sure

Not
Sure

No — The husband has no
Haemophilia. No family
history of Haemophilia has
been observed in the case
of the wife. Hence, it is as-
sumed that she will not have
Haemophilia. But, for the
confirmation further testing
and diagnosis of her is
required, and if she is found
negative for Haemophilia
then the chances are that:
# None of the children
(Daughter/Son) will have
Haemophilia or carry the
gene.
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11 No Not
Sure

Not
Sure

Not
Sure

No The husband is normal as
he has no Haemophilia.
No family history of
Haemophilia has been ob-
served in the case of the
wife. Hence, it is assumed
that she will not have
Haemophilia. But, for the
confirmation further testing
and diagnosis of her is
required, and if she is found
negative for Haemophilia
then the chances are that:
# None of the children
(Daughter/Son) will have
Haemophilia or carry the
gene.

12 No Not
Sure

Not
Sure

Not
Sure

Yes The husband is normal as
he has no Haemophilia. But
the wife has an obstetric his-
tory of disorder. Hence, it is
assumed that she will have
Haemophilia. But, for the
confirmation further testing
and diagnosis of her is re-
quired, and if she is found
positive of Haemophilia then
the chances is that:
# 25%(1/4) chances of hav-
ing a carrier daughter.
# 25% (1/4) chances of hav-
ing a son with Haemophilia.
# 50% chance of having a
normal child.

The recently created rule set was further split into two groups: the rule set for

Haemophilia and the rule set for Thalassemia. They have been further separated

into two subcategories. The first category of rules refers to the scenario where

the wife is unsure of her medical history and the husband is aware of his. In

this instance, the wife is asked about her family history; if she is aware of it, the

result will be predicted; if not, the wife is asked about her history of symptoms

or physiological symptoms; if she is unsure, then obstetric history has been asked

and prediction will be made based on inputs provided by her. A similar procedure

is shown in Table 3.5, which lists all 12 rules for determining the likelihood of a
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child being born with Haemophilia in situations where the woman is unsure about

her and her family’s history of the condition. Moreover, unlike the previous rules,

the recently formed set of rules makes use of more than two participants, such as

spouses and family members.

Similarly, the second group pertains to the rules that determine the likelihood

of inheritance when the wife is aware of her medical history and the husband is

unsure of his. In this instance, the husband’s family history is enquired about; if he

is aware of it, the result will be predicted; if not, the physiological symptoms have

been asked; if he is not sure about it then obstetric history will be questioned, and

ultimately the result about inheritance will be predicted. The same can be seen

in following table 3.6. Hence, the study proved helpful in circumstances when the

spouse is unsure of his medical history, table 3.6 shows the total of 23 rules that will

be put into practice for the creation of the intended prediction model. This model

will predict the likelihood that the foetus would acquire Haemophilia from the

parents during the prenatal stage.Table 3.6 represents the rules and predictions in

case of Haemophilia. The considered parameters are Wife Status (WS), Husband

Status (HS), “Do you have family history of Haemophilia?”(HFH), “Your / Family

Member/ Relatives having the symptoms of haemophiliaand” (HSYM),“Obsteric

History(Any child with Haemophilia)”(HOBS) etc.

Table 3.6: New Rules and Predictions Results of Haemophilia (when husband
is unsure of her medical history)

S.
No

WS HS
HFH?

HSYMHOBSPrediction Results

1 No Not
Sure

Yes — — No medical history of Haemophilia has
been observed in the context of the wife
and the husband did not sure about the
disorder. But, he has a family history of
disorder. Hence, further testing and di-
agnosis are required for the confirmation
as he is not sure about the disorder, and
if he is found positive for Haemophilia
then the chances of inheritance will be:
# All sons of a couple will be normal.
# All daughters will carry the
Haemophilia genes.
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2 No Not
Sure

No — — The wife did not have Haemophilia and
the husband did not sure about the med-
ical history of the disorder. However, he
did not have a family history of the dis-
order. Hence, it is assumed that he will
not have Haemophilia. But, for the con-
firmation further testing and diagnosis
is required, and if he is found negative
for Haemophilia then the chances of in-
heritance will be:
# None of the children (Daughter/Son)
will have Haemophilia or carry the gene.

3 Yes
(car-

rier)

Not
Sure

Yes — — The wife is a carrier of Haemophilia and
the husband is not sure about the dis-
order. But, he has a family history. So,
this has raised the chances of inheritance
from parents to offspring. Hence, fur-
ther testing and diagnosis of the hus-
band are required for the confirmation
as he is not sure about the disorder, and
if he is found positive for Haemophilia
then the chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a daugh-
ter, who has Haemophilia.
# 25% (1/4) chances of having a son
with Haemophilia.
# 25% (1/4) chances of having a normal
boy.

4 (car-

rier)

Not
Sure

No — — The wife is the carrier of Haemophilia
and her husband is not sure about the
Haemophilia, he has no family history
of the disorder. Hence, it is assumed
that he will not have Haemophilia. But,
for the confirmation further testing and
diagnosis of him is required, and if he
is found negative for Haemophilia then
the chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child
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5 Yes
(car-

rier)

Not
Sure

Not
Sure

Yes — The wife is the carrier of Haemophilia
and the husband is not sure about the
disorder. But, he has a family history
of physiological symptoms. So, this has
raised the chances of inheritance from
parents to offspring. Hence, further
testing and diagnosis are required for
the confirmation as he is not sure about
the disorder, and if he is found positive
for Haemophilia then the chances of in-
heritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a daugh-
ter, who has Haemophilia.
# 25% (1/4) chances of having a son
with Haemophilia.
# 25% (1/4) chances of having a normal
boy.

6 Yes Not
Sure

Not
Sure

Not
One

No The wife is the carrier of Haemophilia
and the husband is not sure about the
disorder. Besides this, he did not have
a family and obstetric history of dis-
order. So, this has raised the chances
of inheritance from parents to offspring.
Hence, further testing and diagnosis are
required for the confirmation as he is
not sure about the disorder, and if he
is found negative for Haemophilia then
the chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child

7 Yes
(car-
rier)

Not
Sure

Not
Sure

Not
Sure

No The wife is the carrier of Haemophilia
and the husband is not sure about the
medical and family history of the dis-
order. But, his wife did not have any
obstetric history of disorder. Hence,
further testing and diagnosis are re-
quired for the confirmation as he is not
sure about the disorder, and if he is
found negative for Haemophilia then the
chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child
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8 No Not
Sure

Not
Sure

Yes — The wife did not have a medical history
of Haemophilia and the husband did not
sure about the disorder, but he con-
firmed the existence of symptoms of the
disorder in the family. Hence, further
diagnosis and testing are required, and
if he is found positive for Haemophilia
then the chances of inheritance will be:
# All sons of the couple will be normal.
# All daughters will carry the
Haemophilia genes.

9 No Not
Sure

Not
Sure

Not
Sure

Yes The wife did not have a medical history
of Haemophilia. The husband is not sure
about the disorder. But, his wife has an
obstetric history. Hence, further diag-
nosis and testing are required, and if he
is found positive for Haemophilia then
the chances of inheritance will be:
# All sons of the couple will be normal.
# All daughters will carry the
Haemophilia genes.

10 No Not
Sure

Not
Sure

No — Wife did not have Haemophilia. No
family history of Haemophilia has been
observed in the case of the husband.
Hence, it is assumed that he will not
have Haemophilia. But, for the confir-
mation further testing and diagnosis is
required, and if he is found negative for
Haemophilia then the chances are that:
# None of the children (Daughter/Son)
will have Haemophilia or carry the gene.

11 No Not
Sure

Not
Sure

Not
Sure

No The wife is normal as she did not
have Haemophilia. No family his-
tory of Haemophilia has been observed
in the case of the husband. Hence,
it is assumed that he will not have
Haemophilia. But, for the confirma-
tion further testing and diagnosis is re-
quired, and if he is found negative for
Haemophilia then the chances are that:
# None of the children (Daughter/Son)
will have Haemophilia or carry the gene.
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12 No Not
Sure

Not
Sure

Not
Sure

Yes The wife is normal as she did not have
Haemophilia and the husband is not
sure about his and his family history
of the disorder. But, his wife has an
obstetric history of disorder. Hence, it
is assumed that he has Haemophilia.
But, for the confirmation further test-
ing and diagnosis is required, and if he
is found positive for Haemophilia then
the chances are that:
# All sons of the couple will be normal.
# All daughters will carry the
Haemophilia genes.

13 Yes
(car-
rier)

Not
Sure

Not
Sure

Not
Sure

No Wife is the carrier of Haemophilia. The
husband was not sure about the disor-
der and he has no family history, either.
Hence, further diagnosis and testing of
him are required and if he is found neg-
ative for Haemophilia then the chances
of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child

14 Yes
(car-
rier)

Not
Sure

Yes — — Wife is the carrier of Haemophilia. The
husband was not sure about the dis-
order. But, he has a family history.
Hence, further diagnosis and testing of
him are required, and if he is found pos-
itive for Haemophilia then the chances
of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a daugh-
ter, who has Haemophilia.
# 25% (1/4) chances of having a son
with Haemophilia.
# 25% (1/4) chances of having a normal
boy.
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15 Yes
(car-
rier)

Not
Sure

Not
Sure

Yes — The wife is the carrier of Haemophilia
But, no medical/family history of
Haemophilia has been observed in the
case of the husband. Hence, further test-
ing and diagnosis of the husband are re-
quired for the confirmation of the disor-
der as he is not sure about the status
of Haemophilia and if he is found neg-
ative for Haemophilia then the chances
of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child.

16 Yes
(car-

rier)

Not
Sure

Not
Sure

Yes — Wife is the carrier of Haemophilia. But,
a family history of physiological symp-
toms of Haemophilia has been observed
in the case of the husband. Hence, fur-
ther testing and diagnosis of the hus-
band are required for the confirmation
of the disorder as he is not sure about
the status of Haemophilia, and if he is
found positive for Haemophilia then the
chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a daugh-
ter, who has Haemophilia.
# 25% (1/4) chances of having a son
with Haemophilia.
# 25% (1/4) chances of having a normal
boy.
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17 Yes
(car-
rier)

Not
Sure

Not
Sure

Not
Sure

Yes The wife is the carrier of Haemophilia
and the husband is not sure about the
disorder. However, the obstetrics his-
tory of his wife was found positive in the
context of Haemophilia. Hence, further
testing and diagnosis of the husband are
required for the confirmation of the dis-
order as he is not sure about the status
of Haemophilia, and if he is found pos-
itive for Haemophilia then the chances
of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a daugh-
ter, who has Haemophilia.
# 25% (1/4) chances of having a son
with Haemophilia.
# 25% (1/4) chances of having a normal
boy.

18 Yes
(car-
rier)

Not
Sure

Not
Sure

Not
Sure

No The wife has a medical history of
Haemophilia and the husband has not
family history of Haemophilia. Hence,
further testing and diagnosis of a hus-
band are required for the confirmation
of the disorder as he is not sure about
the status of Haemophilia and if he is
found negative for Haemophilia then the
chances of inheritance will be:
# 25% (1/4) chances of having a carrier
daughter.
# 25% (1/4) chances of having a son
with Haemophilia.
# 50% chance of having a normal child.

19 No Not
Sure

Not
Sure

Yes — Wife did not have Haemophilia. But,
the husband has a family history of
the disorder. Hence, further testing
and diagnosis of the husband are re-
quired for the confirmation of the dis-
order as he is not sure about the status
of Haemophilia and if he is found posi-
tive for Haemophilia then the chances of
inheritance will be:
# All sons of the couple will be normal
# All daughters will carry Haemophilia.
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20 No Not
Sure

No — — The wife did not have a medical history
of Haemophilia and the husband is not
sure about the disorder. Besides this, he
did not have a family history of disorder.
Hence, further testing and diagnosis of
the husband are required for the confir-
mation of the disorder as he is not sure
about the status of Haemophilia and
if he is found negative for Haemophilia
then the chances of inheritance will be:
# None of the children (Son/Daughter)
will have Haemophilia or carry the gene.

21 No Not
Sure

Not
Sure

No Yes The wife did not have Haemophilia and
the husband did not sure about the dis-
order. However, the obstetric history of
his wife found positive. Hence, further
testing and diagnosis of the husband are
required for the confirmation of the dis-
order as he is not sure about the status
of Haemophilia, and if he is found pos-
itive for Haemophilia then the chances
of inheritance will be:
# All sons of the couple will be normal
# All daughters will carry Haemophilia.

22 No Not
Sure

Not
Sure

Not
Sure

Yes The wife did not have Haemophilia and
the husband did not sure about the dis-
order. However, the obstetric history of
his wife found positive. Hence, further
testing and diagnosis of the husband are
required for the confirmation of the dis-
order as he is not sure about the status
of Haemophilia, and if he is found pos-
itive for Haemophilia then the chances
of inheritance will be:
# All sons of the couple will be normal
# All daughters will carry Haemophilia.
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23 No Not
Sure

Not
Sure

No No Chances of inheritance of Haemophilia
are rare as the wife did not have
Haemophilia and the husband did not
sure about his medical status and family
history of Haemophilia. However, ob-
stetric history of his wife found negative.
Hence, further testing and diagnosis of
the husband are required for the confir-
mation of the disorder as he is not sure
about the status of Haemophilia and
if he is found negative for Haemophilia
then the chances of inheritance will be:
# None of the children (Son/Daughter)
will have Haemophilia or carry the gene.

Similar to this, the inheritance pattern of Thalassemia acquired from literature,

which is shown in table 3.7, restricts its prediction to a small number of in-

stances (i.e., only four). Only two participants—father and mother or husband

and wife—were used in this study and had a known history of the disorder, espe-

cially a medical history; which is further extended for multiple participants such

as couple, their family member, and their kids and for the cases where any one of

the couples does not sure about his or her medical history with the development

of a rule set associate to Thalassemia which is depicted in Table 3.8 and Table 3.9.

When determining the likelihood of producing a child with Thalassemia, these

Thalassemia inheritance patterns are quite helpful, especially in situations where

the couple has a known history of the disease. These patterns have therefore been

used to develop intended predictions. However, these patterns are not applica-

ble in situations where one partner is unsure of the other’s medical background.

Hence, a new set of rules has been developed for this, which is briefly shown in

tables 3.8 and 3.9. As with Haemophilia, newly developed rules associated with

Thalassemia have also been further separated into two sub categories. The first

category of rules refers to the scenario where the wife is unsure of her medical his-

tory and the husband is aware of his. In this instance, the wife is asked about her

family history; if she is aware of it, the result will be predicted; if not, the wife is
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asked about her history of symptoms or physiological symptoms; if she is unsure,

then obstetric history has been asked and prediction will be made based on inputs

provided by her. The process of assessing the prediction regarding the inheritance

of Thalassemia can be understood by observing the rules and prediction results

depicted in Table 3.8, which lists all 20 rules for determining the likelihood of a

child being born with Thalassemia in situations where the woman is unsure about

her and her family’s history of the condition. Moreover, unlike the previous rules,

the recently formed set of rules makes use of more than two participants, such as

spouses and family members. Thus, to achieve the intended prediction model and

mobile-based e-Health system, a total of 73 rules for evaluating the inheritance of

haemophilia and Thalassemia have been developed. These rules will predict the

likelihood of having a child with Thalassemia and will be implemented in con-

junction with existing rules obtained from the literature. Therefore, it can be

concluded that the recently established set of rules will be very helpful when one

partner is unsure about their medical history of haemophilia and thalassemia and

wants to know their odds of having a child with one of the targeted disorders at a

prenatal stage.

Table 3.7: Inheritance Pattern of Thalassemia

Case
No

Husband’s
Status of
Thalassemia

Wife’s Sta-
tus of Tha-
lassemia

Probability of Inheritance Ref.

1 Carrier Normal # The likelihood of having a
disordered child is 0%.
# 50% likelihood of having a
carrier kid.
# 50% likelihood of having a
normal kid.

[99]

2 Normal Carrier # 0% probability of having a
disordered child.
# 50% likelihood of having a
carrier kid.
# 50% likelihood of having a
normal kid.

[99]
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3 Carrier Carrier # 25% chance of having a child
with a disorder.
# 50% chances that child is car-
rier.
# 25% chance of having normal
child.

[99]

4 Patient Patient 100% chance of having a child
with a disorder.

[99]

5 Patient Carrier # 50% chance of having a child
with disorders.
# 50% chance that the child is
a carrier.

[99]

6 Carrier Patient # 50% chance of having a child
with disorders.
# 50% chance that the child is
a carrier.

[99]

7 Normal Normal # None of the children will have
Thalassemia or carry the gene.

[99]

8 Patient Normal # 100% chance of having a child
with Thalassemia trait or child
will carry the genes of Tha-
lassemia.

[99]

9 Normal Patient # 100% chance of having child
with Thalassemia trait or child
will carry the genes of Tha-
lassemia.

[99]

The considered parameters are Husband Status, Wife Status, Do you have a Family

history of Thalassemia in case of Wife(Wife’s FHT), Your / Family Member/

Relatives having the symptoms of Thalassemia in the case of wife (Wife’s TSH),

and Any Child with Thalassemia has Obstetric History(OBST).

Table 3.8: New Rules and Predictions Results of Thalassemia (when the wife
is unsure of her medical history)

S.
No

Husband
Status

Wife
Sta-
tus

Wife’s
FHT

Wife’s
SHT

OBST Prediction Results
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1 Carrier Not
Sure

No — — The husband is the carrier of
Thalassemia and no family his-
tory and obstetric history of Tha-
lassemia have been observed in
the case of a wife. Hence, further
testing and diagnosis of her are
required as she is not sure about
the disorder and if she is found
negative for Thalassemia then the
chances of inheritance will be:
# 0% chance of having a child
with a disorder
# 50% chance is that the child
carries the gene.

2 Carrier Not
Sure

Yes — — The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. But,
she has a family history of Tha-
lassemia. Hence, further testing
and diagnosis of her are required
for the confirmation of the dis-
ease, and if she is found carrier
of Thalassemia then the chances
of inheritance will be:
# 25% (1/4) chance of having a
child with disorder.
# 25% (1/4) chance of having a
normal child.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 50% chance of having a child
with the disorder.
# 50% chance is that the child is
a carrier
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3 Carrier Not
Sure

Not
Sure

Yes — The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. But,
she has a family history of Tha-
lassemia. Hence, further testing
and diagnosis of her are required
for the confirmation of the dis-
ease, and if she is found carrier
of Thalassemia then the chances
of inheritance will be:
# 25% (1/4) chance of having a
child with disorder.
# 25% (1/4) chance of having a
normal child.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 50% chance of having a child
with the disorder.
# 50% chance is that the child is
a carrier

4 Carrier Not
Sure

Not
Sure

No
One

Yes The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. No Fam-
ily history of Thalassemia has
been found in the case of the
wife. But, she has an obstetric
history of Thalassemia. Hence,
further testing and diagnosis of
her are required for the confirma-
tion of the disease, and if she is
found carrier of Thalassemia then
the chances of inheritance will be:
# 25% (1/4) chance of having a
child with disorder.
# 25% (1/4) chance of having a
normal child.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 50% chance of having a child
with the disorder.
# 50% chance is that the child is
a carrier
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5 Carrier Not
Sure

Not
Sure

Not
Sure

Yes The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. No Fam-
ily history of Thalassemia has
been found in the case of the
wife. But, she has an obstetric
history of Thalassemia. Hence,
further testing and diagnosis of
her are required for the confirma-
tion of the disease, and if she is
found carrier of Thalassemia then
the chances of inheritance will be:
# 25% (1/4) chance of having a
child with disorder.
# 25% (1/4) chance of having a
normal child.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 50% chance of having a child
with the disorder.
# 50% chance is that the child is
a carrier.

6 Carrier Not
Sure

Not
Sure

Not
Sure

No The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. She did
not have a family or obstetric his-
tory of Thalassemia. Hence, it
is assumed that she did not have
Thalassemia. Despite this, fur-
ther testing and diagnosis of her
is required. So that, the status of
disorder in her can be confirmed
if she finds a negative disorder
then the chances of inheritance
will be:
# 0% chance of having a child
with the disorder
# 50% chance is that the child
carries the gene.
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7 Carrier Not
Sure

Not
Sure

No
One

No The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. She did
not have a family or obstetric his-
tory of Thalassemia. Hence, it
is assumed that she did not have
Thalassemia. Despite this, fur-
ther testing and diagnosis of her
is required. So that, the status of
disorder in her can be confirmed
if she found a negative disorder
then the chances of inheritance
will be:
# 0% chance of having a child
with a disorder
# 50% chance is that the child
carries the gene.

8 Patient
of Tha-
lassemia

Not
Sure

No — — The husband is a patient of Tha-
lassemia and the wife is not sure
about the disorder. However, she
did not have a family history of
the disorder. Hence, it can be as-
sumed that she is normal. But,
for the confirmation of the disor-
der further testing and diagnosis
are required and if she is found
normal then the chances of in-
heriting the genes of Thalassemia
will be:
# 100% chance of having a child
with Thalassemia trait or a child
will carry the genes of Tha-
lassemia.

9 Patient
of Tha-
lassemia

Not
Sure

Yes — — The husband is a patient of Tha-
lassemia and the wife is not sure
about the status of the disorder.
But, she has a family history of
Thalassemia. Hence, further test-
ing and diagnosis of her are re-
quired for the confirmation of the
disease, and if she is found carrier
of Thalassemia then the chances
of inheritance will be:
# 50% chance of having a child
with the disorder.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 100% chance of having a child
with a disorder.
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10 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

Yes — Husband is the patient of Tha-
lassemia and wife did not sure
about the disorder. But, she has
a family history of Thalassemia.
Hence, further testing and diag-
nosis of her are required for the
confirmation of the disease, and
if she is found carrier of Tha-
lassemia then the chances of in-
heritance will be:
# 50% chance of having a child
with the disorder.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 100% chance of having a child
with the disorder

11 Normal Not
Sure

Not
Sure

Not
Sure

No The husband is normal and the
wife is not sure about her med-
ical history, family history, and
physiological symptoms of Tha-
lassemia. Her obstetric history
is also negative and it can be as-
sumed that she will not have Tha-
lassemia. Hence, further testing
and diagnosis of a wife are re-
quired for the confirmation of the
disorder as he is not sure about
the status of Thalassemia and if
she is found negative for Tha-
lassemia, then the chances of in-
heritance will be:
# None of the children will have
Thalassemia or carry the gene.
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12 Carrier Not
Sure

Not
Sure

Not
Sure

Yes The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. No Fam-
ily history of Thalassemia has
been found in the case of the wife.
But, she has an obstetric history
of Thalassemia. Hence, further
testing and diagnosis of her are
required for the confirmation of
the disease, and if she is found
carrier of Thalassemia then the
chances of inheritance will be:
# 25% (1/4) chance of having a
child with a disorder.
# 25% (1/4) chance of having a
normal child.
# 50% chance that the child is a
carrier
But, if she found a patient with
Thalassemia then the chances of
inheritance would be:
# 50% chance of having a child
with the disorder.
# 50% chance is that the child is
a carrier

13 Carrier Not
Sure

Not
Sure

Not
Sure

No The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. She did
not have a family or obstetric his-
tory of Thalassemia. Hence, it
is assumed that she did not have
Thalassemia. Despite this, fur-
ther testing and diagnosis of her
is required. So that, the status of
disorder in her can be confirmed
if she finds a negative disorder
then the chances of inheritance
will be:
# 0% chance of having a child
with the disorder
# 50% chance is that the child
carries the gene.
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14 Carrier Not
Sure

Not
Sure

No
One

No The husband is the carrier of
Thalassemia and the wife is not
sure about the disorder. She did
not have a family or obstetric his-
tory of Thalassemia. Hence, it
is assumed that she did not have
Thalassemia. Despite this, fur-
ther testing and diagnosis of her
is required. So that, the status of
disorder in her can be confirmed
if she found a negative disorder
then the chances of inheritance
will be:
# 0% chance of having a child
with a disorder
# 50% chance is that the child
carries the gene.

15 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

No
One

No The husband is a patient of Tha-
lassemia and the wife is not sure
about the disorder. She did not
have a family or obstetric history
of Thalassemia, also. Hence, it
is assumed that she did not have
Thalassemia. Despite this, fur-
ther testing and diagnosis of her
is required. So that, the status
of the disorder in her can be con-
firmed and if she finds a negative
disorder then the chances of in-
heriting the genes of Thalassemia
by offspring will be:
# 100% chance of having a child
with Thalassemia trait or a child
will carry the genes of Tha-
lassemia.
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16 Normal Not
Sure

No — — The husband is normal and the
wife is not sure about Tha-
lassemia. Her family history of
disorder is also negative and it
can be assumed that she will not
have Thalassemia, also. Hence,
further testing and diagnosis of
a wife are required for the con-
firmation of the disorder as he is
not sure about the status of Tha-
lassemia and if she is found neg-
ative for Thalassemia, then the
chances of inheritance will be:
# None of the children will have
Thalassemia or carry the gene. of
thchildren will have Thalassemia
or carry the gene.

17 Normal Not
Sure

Not
Sure

Yes — The husband is normal and the
wife is not sure about her med-
ical and family history of Tha-
lassemia. But, the physiological
symptoms of the disorder have
been observed in her family and
it can be assumed that she could
have Thalassemia as she has a
family of disorders. Hence, fur-
ther testing and diagnosis are re-
quired for the confirmation of the
disorder and if she found a carrier
of Thalassemia, then the chances
of inheritance will be:
# 0% chance of having a child
with the disorder
# 50% chance is that the child
carries the gene.
But, if she found a patient with
Thalassemia then the chances of
inheriting the Thalassemia by off-
spring would be:
# 100% chance of having a child
with Thalassemia trait or a child
will carry the genes of Tha-
lassemia.
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18 Normal Not
Sure

Not
Sure

Not
Sure

Yes The husband is normal and the
wife is not sure about her medical
history, family history, and phys-
iological symptoms of the disor-
der. But, she has a positive ob-
stetric history of the disorder and
it can be assumed that she could
have Thalassemia. Hence, fur-
ther testing and diagnosis are re-
quired for the confirmation of the
disorder and if she found a carrier
of Thalassemia, then the chances
of inheritance will be:
# 0% chance of having a child
with a disorder
# 50% chance is that the child
carries the gene.
But, if she found a patient with
Thalassemia then the chances of
inheriting the Thalassemia by off-
spring would be:
# 100% chance of having a child
with Thalassemia trait or a child
will carry the genes of Tha-
lassemia.

19 Normal Not
Sure

Yes — — The husband is normal and the
wife is not sure about Tha-
lassemia. But, her family his-
tory of the disorder is positive
and it can be assumed that she
may have Thalassemia as she has
a family history of the disorder.
Hence, further testing and diag-
nosis of her are required for the
confirmation of the disorder and
if she is found carrier of Tha-
lassemia, then the chances of in-
heritance will be:
# 0% chance of having a child
with a disorder
# 50% chance is that the child
carries the gene.
But, if she found a patient with
Thalassemia then the chances of
inheriting the Thalassemia by off-
spring would be:
# 100% chance of having a child
with Thalassemia trait or a child
will carry the genes of Tha-
lassemia.
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20 Normal Not
Sure

Not
Sure

No — The husband is normal and the
wife is not sure about her med-
ical and family history of Tha-
lassemia. Thus, it can be as-
sumed that she will not have Tha-
lassemia. Hence, further testing
and diagnosis of a wife are re-
quired for the confirmation of the
disorder as he is not sure about
the status of Thalassemia and if
she is found negative for Tha-
lassemia, then the chances of in-
heritance will be:
# None of the children will have
Thalassemia or carry the gene.

Similarly, the second group pertains to the rules that determine the likelihood of

inheritance when the wife is aware of her medical history and the husband is un-

sure of his. In this instance, the husband’s family history is enquired about; if he

is aware of it, the result will be predicted; if not, the physiological symptoms have

been asked; if he is not sure about it then obstetric history will be questioned, and

ultimately the result about inheritance will be predicted. The same can be seen in

Table 3.9. Hence, the study proved helpful in circumstances when the spouse is un-

sure of his medical history by providing 18 distinct rules associated with this. The

considered parameters are “Do you have a family history of Thala- ssemia in the

case of husband” (HFHT),“Your / Family Member/ Relatives having the symp-

toms of Thalassemia (In the case of husband)”(HSYMT), and “Obstetric History

(Any Child with Thala- ssemia)”(OHT). Thus, to achieve the intended prediction

model and mobile-based e-Health system, a total of 73 rules for evaluating the in-

heritance of haemophilia and Thalassemia have been developed. These rules will

predict the likelihood of having a child with Thalassemia and will be implemented

in conjunction with existing rules obtained from the literature. Therefore, it can

be concluded that the recently established set of rules will be very helpful when

one partner is unsure about their medical history of haemophilia and thalassemia

and wants to know their odds of having a child with one of the targeted disorders
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at a prenatal stage.

Table 3.9: New Rules and Predictions Results of Thalassemia (when the hus-
band is unsure of her medical history)

S.
No

Wife Hus-
band

HFHT HSYMTOHT Prediction Results

1 Carrier Not
Sure

No — — The wife is the carrier of Tha-
lassemia and the Husband is not sure
about the disorder. But, the family
history of Thalassemia is negative in
the case of the husband. Thus, it
can be assumed that he is not posi-
tive for Thalassemia. Hence, further
testing and diagnosis of him are re-
quired as he is not sure about the
disorder and if he is found negative
for Thalassemia then the chances of
inheritance will be:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.

2 Carrier Not
Sure

Not
Sure

No
One

— The wife is the carrier of Tha-
lassemia and Husband is not sure
about his medical history and fam-
ily history of the disorder. But, the
physiological symptoms of the disor-
der have not been observed in the
family. Thus, it can be assumed that
he is not positive for Thalassemia.
Hence, further testing and diagno-
sis are required as he is not sure
about the disorder and if he is found
negative for Thalassemia then the
chances of inheritance will be:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.
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3 Carrier Not
Sure

Not
Sure

Not
Sure

No The wife is the carrier of Tha-
lassemia and the Husband is not sure
about his medical history, family his-
tory, and physiological symptoms of
the disorder. But, the obstetric his-
tory of his wife in the context of Tha-
lassemia is negative. Thus, it can
be assumed that he is not positive
of Thalassemia. Hence, further test-
ing and diagnosis are required as he
is not sure about the disorder and if
he is found negative for Thalassemia
then the chances of inheritance will
be:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.

4 Carrier Not
Sure

Yes — — The wife is the carrier of Tha-
lassemia and the husband is not sure
about his medical history of the dis-
order. But, he has a family history of
Thalassemia. Hence, further testing
and diagnosis of him are required for
the confirmation of the disease, and
if he is found carrier of Thalassemia
then the chances of inheritance will
be: # 25% (1/4) chance of having a
child with disorder.
# 25% (1/4) chance of having a nor-
mal child.
# 50% chance that the child is a car-
rier.
But, if he found a patient with Tha-
lassemia then the chances of inheri-
tance would be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier
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5 Patient
of Tha-
lassemia

Not
Sure

No — — The wife is a patient of Thalassemia
and the Husband is not sure about
the disorder. A family history of
Thalassemia is also negative in the
case of the husband. Thus, it can
be assumed that he has not Tha-
lassemia. Hence, further testing and
diagnosis are required as he is not
sure about the disorder, and if he is
found negative for Thalassemia then:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.

6 Carrier Not
Sure

Not
Sure

Yes — The wife is the carrier of Tha-
lassemia and the husband is not sure
about his medical history and fam-
ily history of the disorder. But, the
physiological symptoms of the disor-
der have been observed in his family
members. Hence, further testing and
diagnosis are required for the con-
firmation of the disease, and if he
is found carrier of Thalassemia then
the chances of inheritance will be:
# 25% (1/4) chance of having a child
with disorder.
# 25% (1/4) chance of having a nor-
mal child.
# 50% chance that the child is a car-
rier.
But, if he found a patient with Tha-
lassemia then the chances of inheri-
tance would be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier
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7 Carrier Not
Sure

Not
Sure

Not
Sure

Yes The wife is the carrier of Tha-
lassemia and the husband did not
sure about his medical history, fam-
ily history, and physiological symp-
toms of the disorder. But, his wife
has an obstetric history of disorder.
Hence, further testing and diagnosis
are required for the confirmation of
the disease, and if he is found carrier
of Thalassemia then the chances of
inheritance will be:
# 25% (1/4) chance of having a child
with a disorder.
# 25% (1/4) chance of having a nor-
mal child.
# 50% chance that the child is a car-
rier.
But, if he found a patient with Tha-
lassemia then the chances of inheri-
tance would be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier

8 Normal Not
Sure

Not
Sure

Not
Sure

Yes The wife is normal and the husband
is not sure about his medical his-
tory, family history, and physiolog-
ical symptoms of the disorder. But,
the obstetric history (they have al-
ready a child with a disorder) of
his wife has been found positive in
the context of Thalassemia. Hence,
further testing and diagnosis are re-
quired for the confirmation, and if he
found a carrier of Thalassemia then
the chances of inheritance will be:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.
But, if he found a patient with Tha-
lassemia then the chances are that:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.
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9 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

No
One

— The wife is a patient of Thalassemia
and the Husband is not sure about
his medical and family history of
the disorder. But, the physiological
symptoms of the disorder have not
been observed in the family. Thus,
it can be assumed that he has not
Thalassemia. Hence, further testing
and diagnosis are required as he is
not sure about the disorder and if
he is found negative for Thalassemia
then:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.

10 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

Not
Sure

No The wife is a patient of Thalassemia
and the husband is not sure about
his medical history, family history,
and physiological symptoms of the
disorder in the family. But, the ob-
stetric history of his wife is nega-
tive. Thus, it can be assumed that
he did not have Thalassemia. Hence,
further testing and diagnosis are re-
quired as he is not sure about the
disorder and if he is found negative
for Thalassemia then:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.

11 Patient
of Tha-
lassemia

Not
Sure

Yes — — The wife is a patient of Thalassemia
and the husband is not sure about
the disorder. But, he has a Family
history of Thalassemia. Thus, it can
be assumed that he has Thalassemia.
Hence, further testing and diagnosis
are required as he is not sure about
the disorder, and if he finds a carrier
of Thalassemia then the Chances will
be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier
But, if he found a patient with Tha-
lassemia then the chances would be:
# 100% chance of having a child with
Thalassemia disorder.
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12 Normal Not
Sure

No — — The wife is normal and the husband
is not sure about the disorder. More-
over, the husband has not family his-
tory of Thalassemia. Thus, it can be
assumed that he did not have Tha-
lassemia. Hence, further testing and
diagnosis are required for the confir-
mation and if he is found negative
for Thalassemia then the chances are
that:
# None of the children will have
Thalassemia or carry the gene.

13 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

Yes — The wife is a patient of Thalassemia
and the husband is not sure about
his medical history and family his-
tory of the disorder. However, the
physiological symptoms of the disor-
der have been observed in his family.
Thus, it can be assumed that he has
Thalassemia. Hence, further testing
and diagnosis are required as he is
not sure about the disorder, and if
he finds a carrier of Thalassemia then
the Chances will be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier
But, if he found a patient with Tha-
lassemia then the chances would be:
# 100% chance of having a child with
a disorder.

14 Normal Not
Sure

Not
Sure

no one — The wife is normal and the husband
is not sure about his medical and
family history of the disorder. But,
the physiological symptoms of the
disorder have not been observed in
the family. Thus, it can be assumed
that he did not have Thalassemia.
Hence, further testing and diagnosis
is required for the confirmation and
if
he found negative Thalassemia then
the Chances are that:
# None of the children will have
Thalassemia or carry the gene.
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15 Patient
of Tha-
lassemia

Not
Sure

Not
Sure

Not
Sure

Yes The wife is a patient of Thalassemia
and the husband is not sure about
his medical history, family history,
and physiological symptoms of the
disorder. But, he confirmed the ob-
stetric history of his wife in the con-
text of Thalassemia. Thus, it can
be assumed that he has Thalassemia.
Hence, further testing and diagnosis
are required as he is not sure about
the disorder, and if he finds a carrier
of Thalassemia then the chances will
be:
# 50% chance of having a child with
the disorder.
# 50% chance is that the child is a
carrier
But, if he found a patient with Tha-
lassemia then the chances would be:
# 100% chance of having a child with
a disorder.

16 Normal Not
Sure

Not
Sure

Not
Sure

No The wife is normal and the husband
is not sure about his medical his-
tory, family history, and physiolog-
ical symptoms of the disorder. How-
ever, the obstetric history of his wife
in the context of the disorder has
been found negative. Thus, it can be
assumed that he did not have Tha-
lassemia. Hence, further testing and
diagnosis are required for the confir-
mation and if he is found negative
for Thalassemia then the chances are
that:
# None of the children will have
Thalassemia or carry the gene.
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17 Normal Not
Sure

Yes — — The wife is normal and the hus-
band is not sure about the disor-
der. However, he has a family his-
tory of Thalassemia. Thus, it can
be assumed that he could have Tha-
lassemia. Hence, further testing and
diagnosis are required for the con-
firmation, and if he found a carrier
of Thalassemia then the chances are
that:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.
But, if he found a patient with Tha-
lassemia then the chances are that:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.

18 Normal Not
Sure

Not
Sure

Yes — The wife is normal and the hus-
band is not sure about his medical
and Family history of disorder. But,
the symptoms of Thalassemia have
been observed in his family mem-
bers Thus, it can be assumed that
he could have Thalassemia. Hence,
further testing and diagnosis are re-
quired for the confirmation, and if he
found a carrier of Thalassemia then
the chances are that:
# 0% chance of having a child with
a disorder.
# 50% chance is that the child car-
ries the gene.
But, if he found a patient with Tha-
lassemia then the chances are that:
# 100% chance of having a child
with Thalassemia trait or a child will
carry the genes of Thalassemia.

3.2.5 Performance Evaluation and Testing

A model’s performance can be measured via performance evaluation to see how

well it operates given the inputs. It is used to assess if a model needs additional

training or retraining, is prepared to proceed to the next testing phase, or can

be more widely deployed. The effectiveness of machine learning models can be
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evaluated using a variety of techniques, including confusion matrix, hypothesis

testing, ROC (Receiver Operating Curve), accuracy, precision, recall, specificity,

and F1 score. Confusion matrix, recall, precision, F1 score, hypothesis testing,

and Receiver Operating Curve (ROC) are scheduled to be used in this part of the

study to statistically analyse the intended model.

3.2.6 Development and Execution of Mobile-Based Appli-
cation

This phase covers the development of a mobile application that will use a smart-

phone to provide electronic healthcare services to the underprivileged and remote

public in areas where access to medical professionals (such as genetic counsellors

and haematologists) who specialise in Haemophilia and Thalassemia is limited and

awareness of these disorders is inadequate. For this, the Android Studio platform’s

Kotlin programming language and the rule-based prediction model created during

the current study have been used. Every development process adhered to the de-

sign, which is represented in Figure 3.4 as a flow chart of the anticipated mobile

application.

The intended system’s operation is depicted in the flow chart shown in Figure 3.4.

The program’s login/signup screen, dashboard, and general information section

on haematological or bleeding disorders (such thalassemia and haemophilia) are

clearly visible in Figure 3.4. The dashboard of the application consists of connect-

ing to the doctor, haemophilia, Thalassemia, report, and logout. All modules will

perform various operations like providing general information about haemophilia

and Thalassemia. In addition, the login and signup options will offer the ability

to log in and register the application. To use this app, users must first register

by providing personal and medical information, and then they must log in.In ad-

dition to this, the application also predicts the probability of inheriting bleeding

disorders (such as haemophilia and Thalassemia) by offspring of users (expected

couple planning for family) with the help of haemophilia and Thalassemia module.
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Figure 3.4: Flow Chart of Inherited Prenatal Disorder Predictor (IPDP)
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Following creation, the programme will be tested by running it on an Android-

based smartphone. This device will collect user input and produce results that

will be compared to the rule set and prediction results, which were created and

introduced in the chapter’s prior section 3.2.4.

3.3 Conclusion

This chapter offers comprehensive details on the research methodology that was

employed to carry out the intended study. This chapter also covers the significance

of the research process, instruments, and methods for collecting data, time hori-

zon, sample strategy, and research approach. Additionally, a methodical approach

to study has been offered to achieve predetermined goals. In addition, several

processes have been thoroughly covered with data collection, including data pre-

processing, data splitting, model development and prediction, newly created rule

sets, performance evaluation, model testing, and design and development of mo-

bile applications. Therefore, the effort made in this chapter is meant to assist

other researchers in gathering data and to offer a freshly formed set of guidelines

for future research. The paper associated with this chapter and its publication

information is shown below.

Sharma, P., & Sharma, A. (2019), “Collection and Analysis of Patients

Dataset to Develop an E Health System for the Prediction of Inher-

ited Prenatal Disorders,” Journal of Computational and Theoretical

Nanoscience, 16(12), 5118-5121.



Chapter 4

Symptoms based Classification
Models

The structure of this chapter is as follows: The chapter is introduced in Section 4.1.

The approach used to categorise hereditary bleeding diseases (such as Haemophilia

and thalassemia), feature selection criteria and development of hybrid model is

described in Section 4.2. Performance evaluation of models has been presented in

section 4.3. Section 4.4 depicted the comparisons of accuracy of different machine

learning algorithms utilized for the development of diagnosis models. Section 4.5

represents the statistical analysis of the diagnosis model. Section 4.6 presented the

hypothesis testing of models developed during this current research work. Section

4.7 depicts the execution and outcome of the newly developed hybrid diagnosis

model in this chapter. Section 4.8 concluded the findings.

4.1 Introduction

A condition that is passed down from parents to offspring due to changes in genes

or chromosomes is referred to as an ”inherited disorder,” such as Haemophilia and

Thalassemia [53] [59]. Haemophilia is an X-linked recessive genetic trait or dis-

order that results from a changed gene on the X chromosome and can be passed

down to a child from parents [129] [62]. It is brought on by a lack or absence

112
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of clotting foractors, which are substances in the blood that work with platelets

to form clots. It is additionally broken down into three subtypes [130]. One of

them is Haemophilia A (HA), Haemophilia B (HB), and Haemophilia C (HC),

which is caused by a deficiency or absence of clotting factors (together with blood

cells called platelets) VIII, IX, and XI, respectively, in the blood [63] [130] [64].

Haemophilia types are often further classified as mild, moderate, or severe accord-

ing to the degree of clotting activity. Severe Haemophiliacs frequently experience

spontaneous bleeding as well as aberrant bleeding (such as prolonged bleeding)

in response to even minor wounds [65] [130]. Although internal bleeding in the

kidneys, brain, and gastrointestinal tract is not unusual, spontaneous bleeding

most often occurs in the joints. Recurrent joint bleeding may lead to cartilage

loss, inflammation, and irreversible joint injury [63] [130] [64]. Minor injuries may

cause internal bleeding or muscle hematomas, which may manifest days after the

initial injury. There are several options (such as screening and clotting factor test-

ing) available for the diagnosis of Haemophilia. The complete blood count (CBC),

Activated Partial Thromboplastin Time (APTT) Test, Prothrombin Time (PT)

Test, and Fibrinogen Test are among the screening tests on the list [68].

Thalassemia, on the other hand, is one type of genetic haemoglobin blood or

bleeding condition [74]. It happens when red blood cells are unable to synthesise

haemoglobin, which carries oxygen throughout the blood [74]. As a result, the

body produces less or insufficient amounts of haemoglobin (a protein rich in iron

that is present in red blood cells) compared to normal levels. Due to insufficient

haemoglobin in the blood, oxygen cannot properly reach all of the body’s parts

and starves various organs, making them less able to function as they should [74].

Thalassemia frequently results in anaemia and manifests as fatigue or exhaustion,

an enlarged spleen, sluggish growth in children, bone discomfort, a propensity for

fractured bones, and other signs and symptoms [74]. Anaemia in people with

Thalassemia can range from mild to severe [74]. The patient was diagnosed using

a complete blood count (CBC) and haemoglobin electrophoresis testing. However,
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occasionally, these screening tests show the overlap of mutations, resulting in an

incorrect diagnosis or a false-negative result [76].

It is necessary to conduct a genetic analysis of the Thalassemia gene mutations

in this condition. Testing of parents and siblings for this purpose [76] indicates

the presence of the Thalassemia trait, which is caused by the autosomal dominant

inheritance pattern, in which only one changed gene from either or just one par-

ent is enough to pass on a genetic trait to the child. These screening tests are

only recommended if patients display any type of Thalassemia-related signs and

symptoms, such as anaemia, weariness, exhaustion, an enlarged spleen, or delayed

growth in children. Even though all of these pathological or blood tests are fre-

quently used to diagnose Haemophilia and thalassemia, they are complicated for

the general public to use in aiding in the early diagnosis of an inherited bleeding

problem (especially in the prenatal stage or even before that such age, premari-

tal time). Numerous initiatives are put into place in various nations to prevent

bleeding issues, such as pre-marital testing laws, genetic counselling, and prenatal

assessments with the option of pregnancy termination if necessary [74]. With the

help of genetic counselling, pre-marital testing assesses a couple’s health and fam-

ily history before they get married and predicts whether or not they will have a

kid with Thalassemia [74]. This strategy also helps the couple to understand their

numerous reproductive possibilities and make informed decisions regarding their

marriage [74].

Similarly, Haemophilia also employed genetic counselling to provide advice and

assistance to people and families who had been diagnosed with or were at risk

of developing an inherited condition. Consequently, it can be said that genetic

counselling is a technique that can be used at any point throughout pregnancy

or even earlier, like before conception or marriage. A certified genetic counsellor

is necessary for all of these. But sadly, there is a paucity of genetic counselling

resources and counsellors, which raises the prevalence of bleeding disorders includ-

ing Haemophilia and Thalassemia [81] [77]. Additionally, genetic counselling is
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effective when the client already knows their health and their family’s history of

diseases (particularly those spanning three generations), which is not always the

case [98]. Lastly, sometimes either of the couples doesn’t want to disclose his or her

medical history (such as previous miscarriages, abortions, adoption, or history of

the disorder) in front of the other which leads to wrong predictions. Thus, these

reasons drove the development of a focused e-Health system that will close the

aforementioned gap by delivering necessary services electronically, including the

diagnosis of the disorder at or even before that (such as at the preconception or

premarital stage), as well as the ability to foretell the likelihood that the disorder

will be inherited by offspring from them. Additionally, it will get around the lack

of genetic counsellors [98] and the accessibility of online services like genetic coun-

selling. Most importantly, because it is an electronic system, it will also function

well in situations when patients or a couple are unsure of the history of a disorder

in advance and will also offer a private setting for those who do not want to reveal

their personal information in front of others.

Moreover, this kind of system saves medical professionals time by providing an au-

tomated method for diagnosis and prediction and reducing the likelihood of error

due to the extensive testing done on the patient dataset using machine learning

algorithms, which can be quickly retrieved at any time with the help of computer

processing systems. As a result, a hybrid model that combines Decision Tree

and Gaussian Naive Bayes has been developed to classify :haematological disor-

ders into five categories Normal, Haemophilia Carrier, Haemophilia Diseases or

Patient, Thalassaemia Major, and Thalassaemia Minor class. Before that, indi-

vidual machine learning algorithms like Bayesian Network and KNN were used

to construct individual classification models for the diagnosis of Haemophilia and

thalassemia. However, these models were eventually abandoned in favour of the

hybrid model due to their poor accuracy rates.

The experiment’s findings demonstrated that the hybrid model had more success-

ful prediction outcomes than individual models. Additionally, the model not only
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produced exceptional precision and true positive rates but also boosted accuracy

rates. This method employs a classification system to identify the illness using the

symptoms as input; however, it is unable to predict the likelihood of inheriting

a bleeding issue during the prenatal stage. To do this, a Bayesian network, a

rule set, and an existing inheritance pattern have been combined to build a new

rule-based prediction model called IPDP (Inherited Prenatal Disorder Predictor),

which addresses the issue of people’s lack of knowledge of their families’ medical

histories, which were not taken into account when determining their risk for cer-

tain diseases [67] [68] [73]. Then, a mobile-based application has been developed

for the intended e-Health system that will estimate the possibility that bleeding

disorders like Haemophilia and Thalassemia will be inherited from parents to their

offspring at the prenatal stage. The details of rule based prediction model and

a mobile based application developed during the current research work for the

intended e-Health system has been presented in chapter 5 and 6 of this thesis.

The remaining sections of this chapter provide a detailed explanation of dataset,

feature selection criteria, different models developed during current research work

(including individual and integrated models) with the utilization of Bayesian Net-

work, K-Nearest Neighbours, Decision Trees and Gaussian Naive Bayes approach.

4.2 Development and Evaluation of Models

This section looked at the clinical and genetic characteristics of the two hereditary

haematological disorders, Haemophilia and Thalassaemia, which affect millions

of individuals worldwide. This section includes details about the dataset, the

development of various models (individual and integrated models) throughout the

current research project using the Gaussian Naive Bayes approach, K-Nearest

Neighbours, Decision Trees, and Bayesian Network techniques and an analysis

of the model’s output. It also discusses the investigation’s findings and their

implications for diagnosis. Each of these is described in following sections.
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4.2.1 Description of Dataset

The current study collected the required data set of Haemophilia and Thalassemia

from DMC(Dayanand Medical College) and CMC (Christian Medical College &

Hospital), Ludhiana, Punjab, India, and Haemophilia Society Dehradun Chap-

ter respectively to perform further experimentation. This data set consists of

501 patient records with 34 columns that are likely to include details about pro-

posed disorders (Haemophilia and Thalassemia) including patient characteristics,

medical history, family history, obstetric history, symptoms history, and 5 target

classes including normal, major Thalassemia, minor Thalassemia, Haemophilia

carrier and Haemophilia disease or Haemophilia.

Each patient record in the data collection contains details about a person’s med-

ical history, including any family histories of disorders. This dataset’s analysis

can provide important new information about the incidence, severity, and out-

comes of Haemophilia and Thalassemia in the patient community. Additionally,

the construction of a hybrid diagnostic model that uses classification to identify

Haemophilia and Thalassemia is greatly aided by this data set. For this, 33 dif-

ferent symptoms (such as spontaneous nose bleeding, joint bleeds/pain/ muscle

bleeding, etc) have been utilized as a column head.

Figure 4.2 depicts the list of a total of 33 different symptoms associated with

Haemophilia and Thalassemia which include spontaneous nose bleeding, joint

bleeds/pain/swelling, muscle bleeding, bleeding after tooth removal, gastrointesti-

nal bleeding, bleeding from knee and ankle, knee deformations, eye bleeding,

swelling any one of the knees, bleeding gums, blood does not clot, tongue bite,

bruises, slow growth in children, wide brittle bones, enlarged spleen, fatigue, weak-

ness, yellow skin, heart problem, jaundice, frequent infection, low haemoglobin

(HB), increased heart beat, shortness of breath, poor appetite, back/legs/joint

pains, irritability, vomit after a feed or eating, bloated stomach or swelling in the

stomach, lazy /lethargic, spleen extraction or removal of spleen and bone deformi-

ties. Additionally, the family history and obstetric history of patients have been
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Figure 4.1: Description of Dataset

compiled to construct a prediction model for determining the likelihood of hav-

ing children with Haemophilia and thalassemia. Initial tabular records of all the

information about the intended work have been made.

Pre-processing is followed by a random division of the dataset into training and

testing sets, each of which contains 80% and 20% of the data, respectively, for

further analysis and development. This division validates the proposed diagnostic

model and reduces the biases associated with records. In this way, it can be said

that the dataset has the potential to shed light on the epidemiology and path

physiology of Haemophilia and Thalassemia, as well as to guide clinical judgment

and public health initiatives about these disorders.
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4.2.2 Feature Selection Criteria

The next stage in realising the suggested system is feature selection, which refers to

selecting a small subset of the most essential characteristics by eliminating unnec-

essary, redundant, or noisy features from the initial feature set [153]. Thus, feature

selection can result in improved learning outcomes, such as increased learning ac-

curacy, reduced processing expenses, and improved model interpretability [153].

There are several different methods available in machine learning for feature se-

lection such as filter methods, information gain, chi-square test, fisher’s scores,

correlation coefficient, variance threshold, mean absolute difference, and wrapper

methods. The correlation function was used to analyse a dataset of 34 columns

and 501 patient records, identifying 13 features associated with Haemophilia (such

as joint bleeds/pain/swelling, bleeding after tooth removal, swelling in any one of

the knees, blood clotting, tongue bite, bruises) and Thalassemia (such as fatigue,

weakness, yellow skin E1, low HB, increased heart beat, shortness of breath, and

back/leg pain). The factors that have the best chance of accurately predicting

the course of the disorder may be identified using the correlation function, which

evaluates the direction and strength of a linear connection between two variables.

Thus, using the correlation approach, a total of 13 features were chosen from the

gathered dataset for Haemophilia Thalassemia, as shown in Figure 4.2.

Although, age, gender, marital status, medical history, family history, obstetric

history, symptoms details associated with the proposed disorder, and partner’s

details (including age, gender, medical, family, obstetric, and symptom history)

have been recorded as overall feature set which is acquired from the dataset of

Haemophilia and Thalassemia. Later on, only the symptoms set of disorders has

been decided to be utilised for the development of a diagnosis model for the iden-

tification of the status of an individual for Haemophilia or Thalassemia through

classification. For this, the required 13 sub-sets of features have been selected

from the symptom set of the proposed study which can also be seen in Figure
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Figure 4.2: Feature Selection from Dataset

4.2. In this way, the current study can be streamlined and a better knowledge

of how these variables relate to disorder and outcomes can be obtained by con-

centrating on these 13 aspects. Additionally, it might be possible to increase the

precision and readability of results by reducing the number of features in the anal-

ysis. This is so that the model can be generalised to new data without becoming

too complex due to over fitting, which can result from having too many variables.

Overall, the study on the factors that is most likely to be predictive of illness out-

comes improves our understanding of the underlying parameters of Haemophilia

and Thalassemia by utilising the correlation function to choose the most pertinent

characteristics or features from the dataset. The efficiency and accuracy of anal-

ysis can be enhanced by using the correlation function to pinpoint the dataset’s

most important features. This improved understanding will aid in the develop-

ment of new treatment approaches for these inherited haematological as well as

clinical decision-making.
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4.2.3 Bayesian Network Based Classification Model

After feature selection, the development of a diagnosis or classification model is

the next step of the current study. Hence, the Bayesian Network was initially

chosen for the construction of the diagnosis model with the utilization of python;

because it is also concerned with the probabilistic idea and seems to be relevant to

the proposed study which aims to forecast the chance of inheritance of inherited

prenatal disorders. Bayesian Network is a probabilistic graphical model used for

probabilistic decision-making. It is a directed acyclic graph in which the vari-

ables are represented by the nodes, and the probabilistic relationships between

the variables are represented by the edges. The characteristics or features (such

as age, gender, marital status, medical history, family history, obstetric history,

symptoms details associated with the proposed disorder, and partner’s details (in-

cluding age, gender, medical, family, obstetric, and symptom history)) that are

pertinent for the diagnosis of these disorders must first be defined before using a

bayesian network to identify patients with Haemophilia and Thalassemia from a

dataset. Once relevant variables or characteristics have been defined, need to con-

struct a bayesian network that represents the probabilistic relationships between

these variables. The dataset is used to estimate the conditional probabilities that

are required to specify the network. This has been done using techniques such

as maximum likelihood estimation or bayesian inference. After constructing the

network, it has been performed probabilistic inference on new patient records

to determine the probability that each patient has Haemophilia or Thalassemia,

based on their given symptoms. This would involve computing the posterior dis-

tribution over the relevant variables given the evidence provided by the patient

record. A Bayesian network can be used to model the probabilistic relationships

between variables relevant to the diagnosis of Haemophilia and Thalassemia, and

to perform probabilistic inference on new patient records to identify patients with

these conditions. The specific details of how to construct and use the network

would depend on the particular dataset.
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Figure 4.3: Accuracy of Bayesian Network Algorithm-Based Classification
Model

A Bayesian network was applied to a dataset consisting of 501 records and 13

columns extracted as the most prominent features during the process of feature

selection and achieved an accuracy of 80% as shown in Figure 4.3. The accuracy of

a model is a measure of how well it predicts outcomes compared to the true values

in the dataset. This is a relatively good accuracy, but it is important to consider

the specific context and goals of the analysis. Overall, achieving an accuracy

of 80% with a bayesian network on a dataset of 501 records and 13 columns or

features suggests that the model has some predictive power and may be useful for

certain applications.
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Figure 4.4: Accuracy of KNN Algorithm-Based Classification Model

4.2.4 K-Nearest Neighbours Algorithm-Based Classifica-
tion Model

The k-nearest neighbours’ algorithm, often known as KNN or k-NN, is a classifier

made up of supervised learning that makes predictions or classifications about

the clustering of an individual point of data using closeness. It may be used to

solve classification or regression issues, but because it is based on the notion that

comparable points can be discovered adjacent to one another, it is most frequently

used to solve classification problems. The KNN model will utilise the features to

recursively split the data into smaller subsets depending on their values, with a

maximum depth or a minimum number of samples in each leaf node. Several

measures, including accuracy, precision, recall, and F1 score, have been used to

assess the performance of the KNN model. Figure 4.4 shows that, compared to

the Bayesian Network, the KNN Algorithm delivered an accuracy of 81%. As a

result of using KNN for the suggested diagnostic model, an increase of 1% has
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been noted; yet requires more improvements. To further enhance, it has been

determined to construct an integrated or hybrid model, which is covered in depth

in section 4.2.5.

4.2.5 Hybrid Model

The proposed study initially implemented bayesian network for the development of

the diagnosis of Haemophilia and Thalassemia which diagnosed the disorders with

an accuracy of 80%. Because of this, another individual model has been created

using the KNN method (as shown in section 4.2.4) to enhance this one. This model

correctly diagnosed the disorder with an accuracy rate of 81%, however, this was

insufficient. Hence, the development of a hybrid model has been decided to attain

more improved results. The diagnosis of the illnesses, specifically Haemophilia,

and thalassemia, has been incorporated using Decision Trees with the Gaussian

Naive Bayes approach. To maximise the benefits of both approaches while min-

imising their drawbacks, the hybrid strategy that combines decision trees with

Gaussian naive Bayes can be a potent tool for illness identification. For classifica-

tion problems, decision trees are a common technique that is particularly helpful

when there are complicated or nonlinear interactions between the variables. They

work by recursively splitting the data into smaller and smaller groups based on

the most informative feature at each step, resulting in a tree-like structure where

each leaf node corresponds to a classification decision. However, decision trees can

suffer from over fitting, which occurs when the model is too complex and fits the

noise in the data rather than the underlying patterns.

As opposed to this, the Gaussian Naive Bayes (GNB) technique assumes that the

characteristics are independent and regularly distributed. It operates by figuring

out the likelihood of each class given the feature values and selecting the class

with the highest likelihood as the forecast. GNB is simple, fast, and robust to
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Figure 4.5: Accuracy of Hybrid Model

irrelevant features, but it can struggle with correlated features and non-normal

distributions. Combining these two approaches allows us to divide the data into

smaller subgroups based on the most useful characteristics using the Decision

Tree, and then use GNB for each subgroup to calculate the class probabilities.

This approach can reduce the risk of over fitting and handle correlated features

by splitting the data into smaller, more homogeneous subgroups. Moreover, since

GNB is less affected by irrelevant features, the decision tree can include a wider

range of features without negatively impacting the performance.

As a result, the hybrid model (developed with the integration of the Decision Tree

and GNB) outperformed individual models created using the Bayesian network and

KNN, respectively, by achieving a greater accuracy of 85% (as shown in Figure

4.5). The Bayesian Network can model complex dependencies between features

but can suffer from computational complexity, while the decision tree can be simple

and interpretable but may not capture complex dependencies. By combining the

decision tree and GNB, we can leverage the strengths of both methods and achieve

better performance than each one separately. The 85% accuracy is a good result,

but it should be noted that the performance may vary depending on the specific
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Figure 4.6: Confusion Matrix of All Classes

dataset and problem at hand.

4.3 Performance Evaluation of Classification Model

The current study utilized the confusion matrix for the evaluation of the newly

developed classification model. A confusion matrix is a table that compares the

predicted labels of a classification model against the actual labels of a set of data

to assess the performance of the model. For each class, the matrix displays the

number of true positives (TP), false positives (FP), true negatives (TN), and false

negatives (FN). Figure 4.6 shows that the confusion matrix contains five classes,

which correspond to Normal, Carrier, Haemophilia, Minor Thalassemia, and Ma-

jor Thalassemia on both the y-axis and the x-axis. The diagonal values of the

confusion matrix represent the number of correct predictions made by the model

for each class. In this case, the values on the diagonal are (3, 11, 5, 45, 18), which

means that the model correctly predicted 3 instances of Normal, 11 instances of
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Figure 4.7: Confusion Matrix of All Classes

Carrier, 5 instances of Haemophilia, 45 instances of Minor Thalassemia, and 18

instances of Major Thalassemia. The off-diagonal values in the confusion matrix

represent the number of incorrect predictions made by the model for each class.

Hence, the total number of predictions made by the model is 101, and the num-

ber of correct predictions is 82. This means that the model achieved an overall

accuracy of 82/101 = 81.2%.

4.4 Comparison of Accuracy

This section shows a comparison of the accuracy rates achieved by various individ-

ual models (such as a classification model created using a Bayesian Network and

KNN, respectively), as well as a hybrid model created during the current study.

The analysis of Figure 4.7 depicted that the hybrid model has the highest accuracy

among these three when comparing their respective levels of precision. In light of



Chapter:4 Symptoms based Classification Models 128

Figure 4.8: Comparison of Precision, Recall and F1-Score

this, it seems likely that the suggested hybrid model would be the most effective

option for forecasting outcomes in the issue domain for which these models were

trained. Although several measures may be utilised, accuracy is only one of them

when evaluating a model’s performance. Precision, recall, and F1 score are depen-

dent on the particular problem domain and application, as shown in figure 4.8.

The proposed hybrid model seems to beat both the bayesian network and KNN

models based on the accuracy numbers you have supplied.

4.5 Statistical Analysis

The diagnostic model created during the current study effort has been statistically

analysed using the Receiver Operating Characteristic (ROC) Curve; which is an

analytical method used to assess the effectiveness of a diagnostic model in graphical
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Figure 4.9: Comparison of Precision, Recall and F1-Score

form. Hence, the ROC (Receiver Operating Characteristic) curve visually depicts

a binary classifier’s performance at various discriminating levels. On the ROC

curve, the True Positive Rate (TPR) and False Positive Rate (FPR) are shown for

various threshold values. The area under the ROC curve (AUC) is typically used

to describe the classifier’s overall performance. The ROC curve and AUC may

be used to evaluate the trade-off between TPR and FPR. While reducing false

positives could be more important in some applications than it might be in others,

the ROC curve and AUC offer a method to assess how well various classifiers

perform in terms of these choices. Hence, understanding the trade-off between

true positive rate and false positive rate at various discriminating thresholds may

be done with the use of the ROC curve and AUC, which are useful tools for

assessing the effectiveness of binary classifiers.

Figure 4.9 displays the ROC curves for five various binary classifiers. These clas-

sifiers each make a distinction between a specific class (0, 1, 2, 3, or 4) and the



Chapter:4 Symptoms based Classification Models 130

other classes. The AUC (Area under the Curve) measures the classifier’s overall

efficacy. As the AUC goes up, the classifier’s performance gets better.

� For class 0, the AUC is 0.98. This means that the classifier performs rea-

sonably well in distinguishing class 0 from the rest, but there is room for

improvement.

� For class 1, the AUC is 0.96. This indicates that the classifier performs very

well in distinguishing class 1 from the rest.

� For class 2, the AUC is 0.95. This indicates that the classifier performs

perfectly in distinguishing class 2 from the rest.

� For class 3, the AUC is 0.97. This indicates that the classifier performs well in

distinguishing class 3 from the rest, but there is some room for improvement.

� For the class 4, the AUC is 0.96. This indicates that the classifier performs

very well in distinguishing class 4 from the rest.

Hence, it can be seen that the classifiers perform differently in separating their

respective classes, according to the ROC curves and AUC values. Some classifiers

perform better than others, and some classifiers still have room for development.

4.6 Hypothesis Testing

To calculate the effectiveness of machine learning models, hypothesis testing offers

statistical support for conclusions to be drawn from datasets that are executed with

the use of cross-validation. Thus, the hybrid model and KNN diagnosis model

have been evaluated using repeated stratified k-fold cross-validation, a popular

technique for determining the effectiveness of classification models. The hybrid

model is an integration of two or more techniques to improve the accuracy of

the model. Hence, the hybrid model developed during the current study is being



Chapter:4 Symptoms based Classification Models 131

Figure 4.10: Mean Accuracy of Hybrid Approach vs KNN

compared to the KNN diagnosis model based on k-mean accuracy. A higher k-

mean accuracy indicates better performance because it indicates how accurately

the model identified the data.

According to the results of the repeated stratified k-fold cross-validation method,

the k-mean accuracy of the hybrid approach was 81.2 %, which is higher than the

k-mean accuracy of the KNN model, which was 79.1%, as shown in Figure 4.10.

This shows that a better model for this dataset would be the hybrid technique,

which has a higher degree of data classification accuracy.
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4.7 Execution and Outcome of Newly Developed

Hybrid Diagnosis Model

This section depicts the working of a newly developed hybrid diagnosis model

which diagnoses the disorders (namely Haemophilia and Thalassemia) by taking

the symptoms as input from an individual or patient. As we can see in Figure

4.11 the model asks for details of patients in the form of symptoms such as joint

bleeds/pain/swelling, gastrointestinal bleeding, swelling in any one of the knees,

blood clotting, tongue bite, bruises, fatigue, weakness, yellow skin˙E1, low HB,

increased heartbeat, shortness of breath and back legs joint pain and then patient

or user will enter the responses against these symptoms by entering numerical value

such as 1 or 0; where 1 represents to the presence of symptoms and 0 represents

to the absence of symptom. After entering the details of symptoms, the result will

be generated by the model and presented as below in figure 4.11 and 4.12.

The same thing is depicted in Figure 4.11, where the patient has chosen joint

bleeds/pain/swelling, gastrointestinal bleeding, swelling in any one of the knees,

blood that does not clot, tounge bite, bruises, and shortness of breath as input

options for a newly developed hybrid diagnosis model. This model will take the

inputs and predict the outcome that will inform the patient that he or she has

Haemophilia. Similarly, in Figure 4.12 newly developed hybrid diagnosis model

predicts the result of having major Thalassemia in a patient based on the selection

of symptoms. In this way, it can be said that the newly developed hybrid model

takes the input (in the form of symptoms) as input from a new patient to fore-

cast Haemophilia or Thalassemia which blends machine learning techniques and

Haematology specialist expertise. Although, this model diagnoses the presence or

absence of bleeding disorders such as Haemophilia and Thalassemia; but does not

predict the probability of inheriting the genetic bleeding disorder by offspring at

the prenatal stage. To accomplish the primary objective of the current study, it

has been chosen to proceed with the construction of the prediction model (which
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Figure 4.11: Prediction of Haemophilia based on Symptoms

will forecast the chance of having a kid with Haemophilia and Thalassemia at the

prenatal stage).

For this, further analysis has been conducted over the dataset and as a result, a

rule based prediction model has been developed. The model utilizes the symptom

base of the above hybrid diagnosis model along with the medical, family, and

obstetric history of individuals or patients to predict the possibility of inheriting

Haemophilia and Thalassemia by offspring. Besides this, the newly developed

rule set discussed in previous chapter 3 has been utilised for the development of
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Figure 4.12: Prediction of Hybrid Model based on Symptoms

this model. The detail development process of this model has been described in

Chapter 5.

4.8 Conclusion

One of the most challenging tasks a medical specialist has ever undertaken is

illness diagnosis and prediction since even a minor error could compromise a pa-

tient’s life. Utilisation of computer-aided or an electronic healthcare technique
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has brought major transformation in the prediction of diseases or disorders. As

a result, ideas like e-Health are becoming more and more popular in the medical

field, which is a wonderful encouragement for the creation of more e-Health sys-

tems that will revolutionise the healthcare industry. Hence, the chapter presented

the details about the dataset, the development of various models (individual and

integrated/hybrid models) throughout the current research project using the Gaus-

sian Naive Bayes approach, K-Nearest Neighbours, Decision Trees, and Bayesian

Network techniques and an analysis of the model’s output. It also discusses the

investigation’s findings and their implications for diagnosis. Implementation out-

comes proved that the hybrid model developed for diagnosis was preferable to

other individual diagnostic models implemented in the chapter. Hence, the hybrid

model that combines Decision Tree and Gaussian Naive Bayes has been devel-

oped to classify bleeding disorders into five categories: Normal, Haemophilia Car-

rier, Haemophilia Diseases or Patient, Thalassemia Major, and Thalassemia Minor

class. Before that, individual machine learning algorithms like Bayesian Network

and KNN were used to construct individual classification models for the diagnosis

of Haemophilia and Thalassemia. However, these models were eventually aban-

doned in favour of the hybrid model due to their poor accuracy rates. According

to the experiment’s results, the hybrid model outperformed individual models in

terms of prediction accuracy. Not only did the model yield remarkable accuracy

and true positive rates, but it also increased accuracy rates with a percentage of

85%. This method employs a classification system to identify the illness using the

symptoms as input; however, it is unable to predict the likelihood of inheriting a

bleeding issue during the prenatal stage. To do this, a Bayesian network, a rule set,

and an existing inheritance pattern have been combined to build a new rule based

prediction model, which addresses the issue of people’s lack of knowledge of their

families’ medical histories, which were not taken into account when determining

their risk for certain diseases [67] [68] [73]. Then, a mobile-based application with

the name of IPDP (inherited prenatal disorder predictor) has been developed for
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the intended e-Health system that will estimate the possibility that haematologi-

cal disorders like Haemophilia and Thalassemia will be inherited from parents to

their offspring at the prenatal stage. The detail presentation of these two models

has given in chapter 5 and 6 of this thesis.



Chapter 5

A Rules-Based Prediction Model

The structure of this chapter is as follows: The chapter is introduced in Section

5.1. Section 5.2 describes the rules based prediction model, its workings, and its

outcome in detail. Section 5.3 concluded the findings.

5.1 Introduction

To achieve the set goal of the proposed study, this section discusses in detail the

rules based prediction model for inherited prenatal disorders that were created

during the conduct of the proposed study. This rules based prediction model pre-

dicts the probability of having a child with Haemophilia and Thalassemia at a

prenatal stage which helps individuals or couples in making informed decisions

in the context of family planning. For this, a relational dataset that contains an

individual’s and his or her partner’s medical history, family history, physiological

history, and obstetric history has been used. This dataset is further divided into

two categories, such as the Haemophilia relation and the Thalassemia relation as

depicted in figure 3.2 and 3.3. In short, the development of the model utilizes the

methodology depicted in Figures 3.2 and 3.3 of chapter 3. Following that, a newly

developed rule set which was created based on an existing inheritance pattern that

was acquired from the literature and discussed in chapter 3 has been utilized for

137
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the development of this model. The implementation of this model has been done

systematically with the utilisation of a relational dataset (which includes medical

history, family history, physiological symptoms, and obstetric history of the cou-

ple), the newly developed rule set along with existing inheritance patterns, and a

Bayesian Network. For then implementation python platform has been utilized. In

this way, the current model covers not only known cases of disorder but also cases

where couples are not sure about the status of disorders. Additionally, the model

includes family members as participants in addition to potential partners, taking

into account their medical and symptom histories for the prediction. The next

part includes a visual representation of all the rule sets that were created after the

implementation and put into use throughout the current research, together with

the existing inheritance pattern. The graphical representation of inheritance rules

is shown in the following sections and includes participants (such as husband or

wife), medical status about Haemophilia and Thalassemia (such as normal, car-

rier, Haemophilia, not sure, Thalassemia major and Thalassemia minor), family

history, obstetric history, physical examination results, and genetic testing results.

Python is used to implement all the rules for producing outcomes, which are fur-

ther illustrated in the form of cases for better understanding.

5.2 Working of a Rule Based Prediction Model

This part graphically represented all the rules, including existing patterns, with the

prediction outcome expressed in Python as cases. In addition, the section explains

the operation of the model, which uses an if-then or nested-if-then pattern for the

execution of rules, outcome prediction, and graphical representation. The next

sections discuss several predictions made using a rule-based model for different

cases related to Haemophilia and Thalassemia. As a result, the rule set used

by the current model is divided into two main categories, such as rule set for
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Thalassaemia and rule set for Haemophilia, which are further subdivided into

categories like rules for the cases where couple already knows their medical status,

rules for the cases where anyone from husband and wife is not sure about their

medical status.

This part graphically represented all the rules, including existing patterns, with the

prediction outcome expressed in Python as cases. In addition, the section explains

the operation of the model, which uses an if-then or nested-if-then pattern for the

execution of rules, outcome prediction, and graphical representation. The next

sections discuss several predictions made using a rule-based model for different

cases related to Haemophilia and thalassemia. As a result, the rule set used by

the current model is divided into two main categories, such as the rule set for

Thalassemia and the rule set for Haemophilia, which are further subdivided into

categories like rules for the cases where the couple already knows their medical

status, rules for the cases where anyone from husband and wife is not sure about

their medical status.

5.2.1 Prediction Results of Model in Context of Thalassemia

All the rules developed for the early diagnosis of inheritance of Thalassemia among

offspring have been presented in this segment with a graphical demonstration of

execution. All these rules cover not only known cases of existing inheritance pat-

terns but also unknown cases.

Prediction results for the cases where the couple (Husband and wife or

father and mother) is sure about the medical history of Thalassemia

This section depicts the prediction outcome of inheritance rules acquired after the

implementation on python and covers the cases where participants already know

their medical history.

Case 1:Husband is normal and wife is carrier.

This is the case where husband and wife utilises their medical history as an input
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Figure 5.1: Probability of inheriting Thalassemia by offspring for Case 1

and feed it to the model; which will further predict the result. In Figure 5.1, hus-

band and wife are participants; whereas normal and carriers are the medical status

of disorders of the participant which is provided as input to the prediction model

named Inherited Prenatal Disorders Predictor (IPDP). Under the heading of child

status, which indicates the status or severity of a condition, a prediction result has

been created based on the input. For example, child status (0.0) denotes normal,

child status (1.0) denotes a carrier, and child status (2.0) denotes Thalassemia and

phi (child status), which indicates the likelihood of inheriting the condition and

how severe it will be.

As shown in figure 5.1, the parameter with the heading ”child status” (0.0) refers

to the status of offspring in the normal range, and the value of phi (child status) is

0.5000, or 50%, towards that parameter. This illustrates that there is a 50% chance

of having a kid without thalassemia. Therefore, the probability of producing a

normal kid is 50% if the husband is normal and the woman is a Thalassemia carrier,

as shown in figure 5.1 Similar probabilities of having a kid with mild Thalassemia

or a child who contains the Thalassemia gene are 50% and 0%, respectively.

Case 2:Husband and Wife both are carriers.
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Figure 5.2: Probability of Inheriting Thalassemia by Offspring for Case 2

Figure 5.3: Probability of inheriting Thalassemia by Offspring for Case 3

There is a 25% probability of producing a normal kid in this situation when both

the husband and wife are carriers. Similar to this, there is a 50% probability of

having a kid with mild Thalassemia, a 25% chance of having a carrier child, or a

child who has the gene. Figure 5.2 illustrates this point.

Case 3:Husband and Wife both are patients of Thalassemia or Major Thalassemia

When both parents have thalassemia, as shown in figure 5.3, there is a 100% risk

that the kid will have significant Thalassemia or Thalassemia.

Case 4:Husband is Carrier and Wife is Normal.

Figure 5.4 depicts that if the husband is a carrier of Thalassemia and the wife is
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Figure 5.4: Probability of inheriting Thalassemia by Offspring for Case 4

Figure 5.5: Probability of inheriting Thalassemia by Offspring for Case 5

normal then the chances of having a normal child are 50%.

Similarly, there is a 50% probability that a kid will have mild Thalassemia or have

the Thalassemia gene and there is no risk of having a child who has thalassemia.

Case 5:Husband has Thalassemia and Wife is Carrier.

Figure 5.5 shows that there is a 50% probability of having a carrier child and a

0% chance of having a normal child.

Similarly to this, if the wife is a carrier and the husband has Thalassemia, there

is a 50% probability that the kid will have major Thalassemia or Thalassemia.
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Figure 5.6: Probability of inheriting Thalassemia by Offspring for Case 6

Figure 5.7: Probability of inheriting Thalassemia by Offspring for Case 7

Case 6: Husband is carrier and wife has Thalassemia.

Figure 5.6 depicts that there will be a 50% probability of having a carrier child

and a 0% chance of having a normal child.

Similarly to this, there is a 50% chance that the child will develop Thalassemia or

major Thalassemia if the husband is a carrier and the mom is a patient.

Case 7: Husband and wife both are normal.

Figure 5.7 shows that there is a 100% possibility that the child will be normal and

won’t inherit the condition if both parents (husband and wife) are normal.

Case 8: The husband is a patient of Thalassemia and the wife is normal.

In this case, a 100% chance is that the child will have Thalassemia trait or minor
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Figure 5.8: Probability of inheriting Thalassemia by Offspring for Case 8

Figure 5.9: Probability of inheriting Thalassemia by Offspring for Case 9

Thalassemia as the husband is a patient of Thalassemia and the wife is normal.

The same can be seen in figure 5.8.

Case 9: Husband is normal and wife is a patient of Thalassemia

In this case, the model predicted a 100% chance of inheriting the Thalassemia

trait by offspring from parents as the husband is normal and the wife is a patient

of Thalassemia. The same can be seen in figure 5.9.

Prediction results for the cases where any one of a couple (Husband or

wife) is not sure about their medical history.
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Figure 5.10: Probability of inheriting Thalassemia by Offspring for Case 10

This section depicts the prediction outcome of inheritance rules acquired after the

implementation in Python and covers the cases where any one of the participants

is not sure about medical history; which is depicted below:

Case 10: Husband is a carrier and wife is not sure about her medical history

In this situation, when the woman is unsure of her medical history and the husband

is a carrier of Thalassemia, the IPDP model queries the wife about her family

history to determine if she has Thalassemia or not. After that, the wife selected

“NO” as an input for the model; hence, the matching forecast was produced.

According to figure 5.10, there is a 50% probability that a kid will be normal

and a 50% chance that the child will have mild Thalassemia or Thalassemia trait.

However, since the husband is a carrier of Thalassemia and the woman is unsure

of his medical condition with Thalassemia, there is no likelihood of conceiving a

kid with Thalassemia major. However, when she enquired about the history of

Thalassemia, she was able to establish that no one in his family had the disease.

She must thus be considered normal.

Case 11: The husband is the carrier of Thalassemia and the wife did not sure

about the disorder. But, she has a family history of Thalassemia.
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Figure 5.11: Probability of inheriting Thalassemia by Offspring for Case 11

In this case, when the husband is a carrier and the wife did not sure about the sta-

tus of Thalassemia (which means she does not know whether she has Thalassemia

or not?). However, she confirmed that she has a family history of the disorder (any

family member suffering from Thalassemia). For this, the rule set-based model

assumed that she may carry the genes of Thalassemia as Thalassemia is an inher-

ited disorder and generated the prediction result. This suggests that there is a

25% chance the infant will be healthy. There is a 50% risk of having a kid with

Thalassemia trait or mild Thalassemia and a 25% chance the child will inherit the

condition. The same can be seen in Figure 5.11.

Case 12: The husband is normal and the wife is not sure about the medical history

and family history of Thalassemia. However, she has physiological symptoms

history in the family.

Figure 5.12 shows the 50% likelihood of having a carrier kid and the 50% likelihood

of having a normal child. The likelihood of inheriting Thalassemia, however,

is zero because the husband is healthy and the wife is unsure of her family’s

medical history or history of Thalassemia. However, her family has a history of
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Figure 5.12: Probability of inheriting Thalassemia by Offspring for Case 12

physiological symptoms.

Case 13: The husband is a patient of Thalassemia and the wife did not sure about

the status of Thalassemia and the family history of Thalassemia. Besides this, a

history of physiological symptoms has also been found negative in the family.

Figure 5.13 depicts a couple whose husband has Thalassemia while the wife is

unsure of her own health status and family history. She was thus questioned if she

or any family members or relatives had ever experienced physical symptoms, to

which she gave a negative response. Therefore, a newly created rule-based model

indicated that there would be no chance of having a normal child. There is a 50%

probability that the kid will be a Thalassemia carrier. In the same vein, there is

a 50% risk of conceiving a child with major thalassemia.

Case 14: Husband is normal and wife is not sure about medical, family, and

physiological symptoms and history of Thalassemia. Her obstetric history is also

found negative means she did not have any child with Thalassemia.

Since the husband is healthy and the woman is unsure about her medical history,

there is no likelihood of producing a kid with Thalassemia in this situation, and
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Figure 5.13: Probability of inheriting Thalassemia by Offspring for Case 13

Figure 5.14: Probability of inheriting Thalassemia by Offspring for Case 14
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Figure 5.15: Probability of inheriting Thalassemia by Offspring for Case 15

there is a 100% chance that the child will be normal. However, there is no Tha-

lassemia history in the family. She is therefore a regular person. The same can be

seen in 5.14.

Case 15: Wife is Carrier and husband is not sure about the disorder. But, he did

not have a family history of Thalassemia.

Since the husband is healthy and the woman is unsure about her medical his-

tory, there is no likelihood of producing a kid with Thalassemia in this situation,

and there is a 100% chance that the child will be normal. However, there is no

Thalassemia history in the family. She is therefore a regular person.

Figure 5.15 shows that the woman carries the Thalassemia gene whereas the hus-

band is unsure of his healthcare background. However, his family history is neg-

ative, thus he has no relatives who have thalassemia. So, it’s safe to say that the

husband is normal. In this manner, the model predicted that there would be a

50% chance of producing a normal child. The likelihood of conceiving a kid with

mild or carrier Thalassemia is 50%. Similar to this, there is no probability of

conceiving a child who has significant thalassemia.
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Figure 5.16: Probability of inheriting Thalassemia by Offspring for Case 16

Case 16: The wife is normal and the husband is not sure about his medical

history and family history of Thalassemia. But, physiological symptoms of Tha-

lassemia have been observed in his family.

Figure 5.16 shows that the wife is normal and that the husband is unsure about

his medical history and his family’s Thalassemia history. However, his family has

experienced the physiological signs of Thalassemia.

Therefore, it is reasonable to infer that he may inherit Thalassemia, and if he

is a Thalassemia patient or has major Thalassemia, then the couple has odds of

having a normal kid are 50%. The likelihood of conceiving a kid with mild or

carrier Thalassemia is 50%. Similar to this, there is no probability of conceiving

a child who has major thalassemia.

Case 17:The wife is a patient of Thalassemia and the husband is not sure about

his medical, family history, and history of physiological symptoms of Thalassemia.

But, the obstetric history of the couple has been found negative which means the
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Figure 5.17: Probability of inheriting Thalassemia by Offspring for Case 17

couple does not have any children with Thalassemia.

Figure 5.17 shows a situation where the wife has Thalassemia and the husband is

unsure about his health history, family history, or previous experiences with the

physiological signs of Thalassemia. However, the couple’s obstetric history was

shown to be negative, indicating that they had never had a kid with thalassemia.

There is a 100% possibility that the couple will give birth to a kid who has mild

Thalassemia or Thalassemia trait in this situation. The likelihood of having a

healthy kid or a patient with Thalassemia or serious Thalassemia is 0%.

5.2.2 Prediction Results of Model in Context of Haemophilia

All the rules developed for the early diagnosis of inheritance of haemophilla among

offspring have been presented in this segment with a graphical demonstration

of execution. All these rules cover not only known cases of existing inheritance
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Figure 5.18: Probability of inheriting Haemophilia by Offspring for Case 1

patterns but also unknown cases.

Prediction outcomes for couples (husband and wife) who are certain of

their Haemophilia history.

This section depicts the prediction outcome of inheritance rules acquired after the

implementation in Python and covers the cases where participants already know

their medical history.

Case 1: The husband is a patient of Haemophilia and the wife is normal.

In this situation, there is a 100% chance that the child will be born with a carrier

daughter because the father has Haemophilia and is responsible for passing the

gene to the daughter. All of the couple’s sons will be normal because the wife is

healthy and passes the normal X chromosome, which is what causes Haemophilia

to occur. The same can be seen in figure 5.18.

Additionally, there is zero possibility of conceiving a son or daughter with Haemophilia.

The husband and wife, who are already aware of their history, provided input to

the prediction model, which then generated the outcome based on the pattern and

relational dataset that previously existed. The likelihood that one kid out of every

four will inherit Haemophilia has been computed as a percentage.
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Figure 5.19: Probability of inheriting Haemophilia by Offspring for Case 2

Case 2: When the husband is normal and the wife is a Carrier of Haemophilia.

Given that the mother is a carrier of Haemophilia and has just one defective X

chromosome out of two, there is a 25% probability that the pair will produce a

carrier daughter (1/4 offspring) and a 25% chance that they will have a boy with

Haemophilia. Similar to this, there is no probability of having a daughter with

Haemophilia and a 50% chance of having a normal child. Figure 5.19 makes the

execution sequence very obvious.

Case 3: When the husband has Haemophilia and the wife is a carrier of Haemophilia.

Figure 5.20 shows that if the husband has Haemophilia and the woman is a car-

rier, there is a 25% (1/4) chance of having a normal kid and a 25% chance of

having a boy who has Haemophilia. Similarly, there is a 25% probability that the

couple will have a daughter who is a carrier and a 25% risk that their daughter

will develop Haemophilia.

Case 4: Both the husband and the wife are normal.

Figure 5.21 states that there is a 100% likelihood that a normal kid will be born

to a normal couple.The likelihood of having a kid with Haemophilia is 0%. Addi-

tionally, there is zero possibility of conceiving a son or daughter with Haemophilia.

The husband and wife, who are already aware of their history, provided input to

the prediction model, which then generated the outcome based on the pattern and
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Figure 5.20: Probability of inheriting Haemophilia by Offspring for Case 3

Figure 5.21: Probability of inheriting Haemophilia by Offspring for Case 4

relational dataset that previously existed. The likelihood that one kid out of every

four will inherit Haemophilia has been computed as a percentage.

Results of the prediction in situations when either the husband or the

wife is unsure about their medical history.

This section addresses the situations where any one of the participants is unsure

about their medical history and illustrates the prediction outcome of inheritance

rules gained after their implementation on Python as follows:

Case 5: The husband is a patient of Heamophilia and the wife is not sure about

the medical history of Haemophilia; but she has a family history of Heamophilia.

Figure 5.22 states that there is a 100% likelihood that a normal kid will be born

to a normal couple.The likelihood of having a kid with Haemophilia is 0%.
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Figure 5.22: Probability of inheriting Haemophilia by Offspring for Case 5

Figure 5.22 shows that if the wife is unsure of her medical history and the hus-

band has Haemophilia, the wife’s family history has been inquired about, which

is positive in the context of the wife. As a result, the model predicted that the

probability of having a normal son would be 25% and the chance of having a son

with Haemophilia would be 25%. Similar to this, there is a 25% chance that the

couple will have a carrier daughter and a 25% risk that their daughter will develop

Haemophilia.

Case 6: The husband is normal and the wife is not sure about her medical history

and family history of Haemophilia; but she has a history of physiological symp-

toms in the family.

Figure 5.23 shows that if the husband is healthy and the wife is unsure of her med-

ical history, the model will ask the wife whether there have been any physiological

symptoms in the family by providing a list of symptoms for the choice. If the wife

has confirmed the presence of physiological symptoms in the family, she may be a

carrier of Haemophilia.

As a consequence, the model estimated that there is a 50% chance of having a

normal child and a 25% risk of having a boy with Haemophilia. Similar to this,

there is a 25% possibility that the couple will have a daughter who is a carrier and

a 0% chance that their daughter will develop Haemophilia.
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Figure 5.23: Probability of inheriting Haemophilia by Offspring for Case 6

Case 7: The husband is a patient of Haemophilia and the wife is not sure about

her medical and family history of Haemophilia. But she did not find any symptoms

or history of Haemophilia.

Figure 5.24 shows what would happen if the husband had Haemophilia and the

woman did not know her medical history or any Haemophilia in the family. She

then confirmed that there had never been a family history of physical problems.

According to the model’s results, there is a 25% chance of having a son without

Haemophilia and a 25% risk of having a son with the condition. Additionally,

the couple has a 25% chance of having a daughter who is haemophilic and a 25%

chance of having a daughter who is a carrier.

Case 8: The husband is normal and the wife is not sure about her medical history

of Haemophilia. No Family history of Haemophilia has been found in the case of

the wife. But, she has an obstetric history (history of child related to Haemophilia).

Figure 5.25 states that if the husband is healthy and the woman is unsure of her



Chapter:5 A Rules-Based Prediction Model 157

Figure 5.24: Probability of inheriting Haemophilia by Offspring for Case 7

medical history, she may have Haemophilia. She then affirmed that she had neither

a family history of physical complaints nor a prior experience of them. But she

had no obstetric history of Haemophilia, meaning she had no children who had

the condition. As a result, the model predicted that the probability of having a

normal child would be 50% and the chances of having a son with Haemophilia

would be 25%. Similarly, a 25% probability is that the couple will have a 25%

carrier daughter and a 0% chance of having a daughter with Haemophilia.

Case 9: The wife is a carrier of Haemophilia and the husband is not sure about

his medical history of Haemophilia. But, he did not have a family history of

Haemophilia.

If the wife is a carrier and the husband is unsure of his medical history for
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Figure 5.25: Probability of inheriting Haemophilia by Offspring for Case 8

Haemophilia, this is shown in figure 5.26. He then confirmed that he had no

family history and that he was regarded as normal. As a consequence, the model

estimated that there would be a 50% chance of having a normal child and a 25%

risk of having a boy with Haemophilia. Similarly, there is a 25% chance that the

couple will have a daughter who is a carrier and a 0% chance that their daughter

will have Haemophilia.

Case 10:The wife is Normal and the husband is not sure about his medical his-

tory and family history of Haemophilia. But, he had a history of physiological

symptoms in the family.

Figure 5.27 shows a normal-appearing wife and a husband who is unsure about

his medical history and his family’s history of Haemophilia. But his family has

a history of physical issues. The model thus indicated that there was a 100%

likelihood of having a carrier daughter. There is no likelihood that the couple will
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Figure 5.26: Probability of inheriting Haemophilia by Offspring for Case 9

Figure 5.27: Probability of inheriting Haemophilia by Offspring for Case 10

produce a son or daughter with Haemophilia.0%. Similarly, there is zero likelihood

that the couple will produce a healthy girl.

Case 11:The wife is a carrier and the husband is not sure about the medical, fam-

ily, and symptom history of Haemophilia. But, his obstetric history of Haemophilia
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Figure 5.28: Probability of inheriting Haemophilia by Offspring for Case 11

was found negative.

Figure 5.28 show that the husband does not know his medical history, family

history, or physiological symptom history of Haemophilia, whereas the wife is a

carrier. However, the obstetric history was negative; due to this husband will be

regarded as normal.

As a consequence, the model estimated that there was a 50% probability of having

a normal kid and a 25% risk of having a boy with Haemophilia. Similarly, the

couple has a 25% probability of having a daughter who is a carrier and a 0%

chance of having a daughter who has Haemophilia. Therefore, the model offers

a solid foundation for the creation of a mobile application-based eHealth system

that is intended to forecast the likelihood of having a kid with Haemophilia and

thalassemia.
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5.3 Conclusion

Prediction of probability of inheritance of haemotological disorder at prenatal

stage is complex task and requires enough time and detailed medical background

related to disorders. Any single mistake could leads to wrong result. Moreover,

medical resources associate to this such as genetic counselling and genetic coun-

sellors are limited. Above of all, awareness and attitude of public towards such

kind of disorders and also for diagnosis services or options are less. Hence, to

resolve this problem a rules based prediction model has been developed during

the current research work; which has been presented in this chapter. This model

helps in predicting the probability of inheritance of haemotological disorder such

as Haemophillia and Thalassaemia in offspring at prenatal stage. Thus, the sug-

gested model has filled in the entire identified gap with the development of a mobile

application-based e-Health system using rule-based prediction models and a hy-

brid model (created by combining a decision tree and a naive bayes algorithm);

which is discussed in detail in chapter 6. The publications of the articles that are

connected to this chapter are listed below.

Sharma, P., Sharma, A., & Kakkar,S. (2024), “A multi-layered frame-

work for analysis and prediction of Haemophilia using machine learning

techniques based e-health system.”, Tuijin Jishu/Journal of Propulsion

Technology, 45 (3), 2295-2307.



Chapter 6

Inherited Prenatal Disorder
Predictor (IPDP) Application

The structure of this chapter is as follows: The chapter is introduced in Section

6.1. Section 6.2 describes the rules based prediction model, its workings, and

its outcome in detail. The whole process of creating the mobile-based e-Health

system known as the Inherited Prenatal Disorder Predictor (IPDP) is covered in

Section 6.3. Additionally, this part includes information about the application’s

design and implementation. Evaluation of application performed by doctors has

been discussed in section 6.4. Section 6.5 concluded the findings.

6.1 Introduction

A smartphone application called Inherited Prenatal Disorder Predictor (IPDP)

uses information and communication technologies to deliver e-Health services to

remote users. This application predicts the probability of inheritance of haemato-

logical disorders from parents to offspring. Inherited Prenatal Disorder Predictor

(IPDP) application mainly covers major inherited haematological disorders namely

Haemophilia and Thalassemia. By providing their medical or family history, peo-

ple can find out their likelihood of having a child with a disorder like Haemophilia

or thalassemia. If they are unsure of the history of the disorder, the application

162
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offers them additional options (like a list of symptoms associated with the disorder

and previous obstetric history) to confirm the situation. This application provides

prenatal, genetic counselling, and premarital services like facilities in the context

of Haemophilia and Thalassemia to couples so that they can take informed de-

cisions regarding the pregnancy or marriage. The dashboard of the application

provides two main modules namely Haemophilia and Thalassemia for the predic-

tion of the probability of inheriting haematological disorders by the offspring of

couples. Additionally, a report module is also provided to show all the details

along with results to the individual using the application. Besides this, a list of

a few expert doctors from different hospitals has been provided for the further

confirmation of prediction results. In this way, this application disseminate aware-

ness regarding inherited disorders and provides prenatal diagnosis/premarital or

genetic counselling electronically, so that the lack of knowledge regarding the men-

tioned services and the shortage of staff associated (such as genetic counsellors)

among the underserved public can be overcome. The Inherited Prenatal Disorder

Predictor (IPDP) application has utilized a hybrid diagnosis model and rules based

prediction model for its development. For this, Kotlin programming Language on

the Android studio platform has been used to implement above mentioned models.

For all this, the design flow depicted in figure 3.4 of chapter 3 has been utilized.

The application consists of Haemophilia, Thalassemia, connect to the doctor, and

report module. Each module performs a different task as Haemophilia provides

prediction regarding the chance of inheritance of Haemophilia in offspring based on

the input given by the user. Similarly, Thalassemia provides prediction regarding

the chance of inheritance of Thalassemia in offspring based on the input given by

the user. Connect to Doctor option provides the list of doctors associated with the

disease to the user so that he/she can confirm the prediction result provided by the

application and take further consultancy. Report section provides the details re-

garding the user along with the partner, prediction results, and risk factors related

to pregnancy or fertility issues based on medical, family, physiological history, and
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obstetric history in the context of disorders (Haemophilia and Thalassemia).

6.2 Implementation of Inherited Prenatal Disor-

der Predictor (IPDP) Application

The Inherited Prenatal Disorder Predictor (IPDP) application has utilized the de-

sign depicted as flow chart in figure 3.3 of chapter 3. Besides this, a rules based

prediction model has also utilized for the final implementation and development

of the application. Hence, the depicted design in figure 3.4 and rules based predic-

tion model have been implemented through Kotlin programming on the android

studio platform. This platform requires an i5 processor, 8GB of RAM, and a min-

imum of 256 GB SSD. After the development of the application, apk file of the

programming code of the proposed application was installed on the mobile. So

that, the output generated by the application can be checked. The Inherited Pre-

natal Disorder Predictor (IPDP) application consists of an introductory page and

dashboard with different options such as Haemophilia, Thalassemia, connection

to the doctor, and report. Each option consists of an application that performs

different operations; which are elaborated through various screenshots of the In-

herited Prenatal Disorder Predictor (IPDP) application depicted in section 6.3 of

this chapter.

6.3 Working of Inherited Prenatal Disorder Pre-

dictor Application

This section uses screenshots to illustrate how the Inherited Prenatal Disorder

Predictor (IPDP) Application functions and the results that are produced after

choosing specific input choices or buttons. After installing the application, the

very first pages that appear on the screen provide introductory information about

the target bleeding disorders such as Haemophilia and Thalassemia. In this case,
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Figure 6.1: Inputs for Haemophilia when the medical status of the couple is
known

what should the user do if they are unaware of what Haemophilia and Thalassemia

are? Then, he or she can get knowledge about it from the working of the applica-

tion. Hence, it can be said that the application disseminates awareness about the

Haemophilia and Thalassemia among the general public. The next page prompts

for registration of users; where users who want to use the application can register

themselves by providing their details along with their partner’s details.

These details will be merged with prediction results, later on when a report will

be generated. In this phase, username and password will also be generated for
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Figure 6.2: Prediction Result for Haemophilia

registered users for future login processes. After signup, the user has to login for

the utilization of the application. As the user login, a dashboard is prompted on

the screen with the option Haemophilia, Thalassemia, report, and logout option.

Hence, a dashboard is the place from where an actual task has started. As this

application provides two option buttons, namely Haemophilia, and Thalassemia,

to provide prediction related to the inheritance of these two in offspring of the user,

who is using the app, this is the place where different options work together to pre-

dict the probability for the occurrence of inherited or genetic disorders in offspring.

To do this, choose the relevant radio button. After that, a screen with a Haemophilia

page and other input choices will display. A similar thing can be seen in Figure 6.1,
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Figure 6.3: When a Patient’s Medical History Is Uncertain but Their Family
History Is Known

where the user is requested to indicate whether or not the couple has Haemophilia

by checking a yes or no box. In this manner, after supplying the known status

of the illness in the form of yes or no, the application will forecast the likelihood

that the expected kid or offspring would inherit a bleeding problem based on the

medical history of the couple, as shown in Figure 6.2.

The application also provides the provision where any one of a couple is not sure

about the medical history of Haemophilia. In this situation, the user will pick the

not sure option under the relevant heading, as shown in Figure 6.2. For example,

if the husband is unsure, the not sure option under the heading spouse is selected;

otherwise, the not sure option shown under the wife’s Haemophilia status will be

selected; This provision is absent from earlier versions of the inheritance pattern.

The application will inquire about a family history of disorder as soon as the
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Figure 6.4: Prediction Result Based On Medical and Family History of User

user picks the “not sure” option in any area titled as husband’s/ Wife’s Status of

Heamophilia; which is also depicted in Figure 6.3. This implies that whether or

not a family member has a bleeding issue. The tool forecasts the outcome based

on the user’s selection and the couple’s family history, as shown in Figure 6.4.

Now, again if there is a situation where the user is also not sure about family

history then again they can select the not sure option under this section which

will open the list of symptoms for further selection the can be seen in Figure 6.5.

Users can select any one two or all the symptoms from the list as per the family

record in this context. Otherwise, the user can select no one option from the list

as seen in Figure 6.6 .If he/she thinks that the user or the family member did not

have any symptoms. Similarly, if a user is not sure then he/she can select the not
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Figure 6.5: Physiological Symptoms as Inputs

sure option from the list; which directs the user toward an obstetric history of a

bleeding disorder or Haemophilia as depicted in 6.6.

Obstetric history verifies whether the user has any children who have bleeding dis-

orders or who exhibit symptoms related to them. After this response is prompted

on the screen, as shown in Figure 6.6, the user might respond with a yes or no

and which will predict the result as depicted in Figure 6.7.

When the user clicks on the submit button of the result page then it redirects

the user toward the report section which depicts all the details along with pre-

diction results and a list of expert doctors for further consultancy to confirm the

application result as this application does not replace the role of medical profes-

sionals instead it provides awareness and assistance to the general public regarding
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Figure 6.6: Obstetric History
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Figure 6.7: Prediction Results after inputting Obstetric History

inherited bleeding disorder by providing e-Health services.

Similar to the first module, the second module, Thalasemia, asks the user for in-

formation about their medical history as well as their partner’s medical history,

family history (if any of the users is unsure about their medical history), physio-

logical symptoms history (if the user’s family history is uncertain), and obstetric

history (if the user’s physiological symptoms are uncertain or no symptoms of

Thalassemia have been noticed in themselves or their family members/relatives)

with the name normal, carrier, patients and not sure. The application generates a

prediction after receiving these inputs and prompts the user on the screen. As in

the Haemophilia module, a report of the prediction result will also be generated
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Figure 6.8: Input for Thalassemia
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in addition to this. For further confirmation of the prediction and the administra-

tion of associated care, a list of doctors is also provided. The screenshot related

to Thalassemia can be seen in Figure 6.8. In which the user chooses the option

labelled as normal and the patient’s present state of thalassemia. As soon as the

user clicks the submit button after providing their medical history, the programme

will then anticipate the outcome.

Thus, the application uses a rules-based prediction model, which makes use of

the rule set developed on the inheritance pattern of bleeding disorders during the

current research work, to predict the likelihood of inheriting Haemophilia and

Thalassemia from parents to offspring. In addition, patient medical, family, phys-

iological, and obstetric information was used. Throughout the whole process of

development and post-development activities, patients with specific bleeding prob-

lems, gynaecologists, and haematologists have offered guidance and advice.

6.4 Performance Evaluation

Following the creation of the Inherited Prenatal Disorder Predictor (IPDP), an

evaluation task was carried out while considering the results. To further execute

this, an application has been sent to qualified doctors, enabling the results to

be verified. Following review, medical professionals have given their approval for

this novel application to be used in the real time treatment protocol. Physicians

will treat haematological problems using the recently created e-Health system,

Inherited Prenatal Disorder Predictor, which is based on a cell phone. Physicians

request that patients use the technique to determine the likelihood that they may

have children affected by Thalassaemia and Haemophilia. Expert physicians will

later cross-check the obtained results to determine the need for additional actions.

It would help to save time and effort during the diagnosing process in this way.

The application will be made available on websites like ”google play” in order to

accomplish this.
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6.5 Conclusion

Hence, the suggested e-Health system may be used to educate the general pub-

lic about disorders and medical resources, serve as a model for training medical

students, and aid medical professionals and couples planning kids by serving as

a predictor of hereditary prenatal disease. The system will also assist medical

professionals in analysing complex cases (where patients lacked confidence in their

medical history and family history of disorders) so that inheritance of haematolog-

ical disorders can be predicted and appropriate decisions can be made regarding

pregnancy (such as whether to continue the pregnancy or not), as these disorders

are challenging to treat and manage. The user interface of developed system is

very easy to use. Beside this, it is very fast and less complex to know the prediction

results. By estimating the likelihood that a child would inherit a bleeding illness

from their parents at a prenatal stage, this application functions like an e-Health

system that offers healthcare services to remote public in the context of hereditary

prenatal disorders (such as Haemophilia and Thalassaemia). In this way, it also

offers the general public services like genetic counselling, premarital counselling,

and preconception counselling to those who are less aware of and concerned about

inherited diseases (like Haemophilia and thalassemia) and are unable to use these

services due to a lack of facilities (especially in remote areas) or personnel (such

as genetic counsellors) associated with them. Medical science does, however, offer

certain inheritance patterns that may be used to determine if a bleeding prob-

lem is passed down from parents to children or not depending on the expecting

couple’s medical histories. However, they don’t have any provisions in place for

situations where one of them is unsure whether a bleeding condition exists. Hence,

the application covers such kind of cases by extending the existing inheritance pat-

tern. This application can be used by medical professional to speed their task as

the task of calculating the probability of inheritance of haematological disorders

from parents to offspring’s takes too much time. Secondly, this application can
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be utilized by general public as genetic/ pre-marital/preconception counsellors as

it help the expected couple to take informed decision regarding the pregnancy or

even regarding the marriage based of their medical, family and obstetric history.

It can also be used in teaching learning process of medical domain.



Chapter 7

Conclusion and Future Scope

The structure of this chapter is as follows: Section 7.1 summarises the work covered

in the thesis. Section 7.2 then highlights some potential topics for future study.

7.1 Summary of Deductions

The purpose of this thesis was to investigate and develop a mobile application-

based e-Health system for the early diagnosis of inherited prenatal disorders using

a newly developed hybrid diagnosis model and a rule-based prediction model that

was developed during the conduct of the current research study. The process of

creating a hybrid diagnostic model includes creating an individual model (such

as a Bayesian network model or a KNN model), as well as a hybrid model that

combines a decision tree and Gaussian Naive Bayes to identify hereditary bleeding

disorders; whereas rule set based prediction model utilizes different rules devel-

oped during the current study based on existing inheritance pattern to predict

the probability of inheriting the bleeding disorder such as Haemophilia and Tha-

lassemia by offspring. A significant change in the discipline of healthcare has

resulted from the implementation of the proposed e-Health system with the use of

a hybrid diagnosis model and a rule-based predictor model created during ongoing

research. This is because it helps determine the likelihood of having a child with

176
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Thalassemia and Haemophilia, which take a long time to diagnose. Besides this, it

also provides electronic services to the remote public for their self-diagnosis regard-

ing inherited bleeding disorders; so that they can take informed decisions under

the supervision of an expert doctor; if they find any kind of probability of inher-

itance of Haemophilia and Thalassemia after the utilization of the mobile-based

e-Health system. In this research work, the collection of data set (associated with

Haemophilia and Thalassemia), development of the hybrid model, development

of inherited prenatal disorders predictor model, development of new rules based

on existing inheritance patterns and development of mobile-based application has

been conducted for the diagnosis of Haemophilia and Thalassemia as well as to as-

sess the chances of inheritance of bleeding disorders such as Haemophilia and Tha-

lassemia by offspring’s at prenatal stage; which explained in form of chapters. The

fundamental study related to e-Health system, inherited disorders, Haemophilia,

and Thalassemia has been discussed in detail in Chapter 1.

Chapter 2 presented a comprehensive literature review on e-Health systems de-

veloped and associated with different domains of the healthcare sector. Different

types of inherited disorders identified during the literature review have been men-

tioned in this chapter. Besides this, names of the selected inherited bleeding

disorder such as Haemophilia and Thalassemia have been specified. Furthermore,

the research gap identified after the review of the literature, the problem statement

formulated, objectives, and proposed methodology related to current research work

have been mentioned in this chapter.

Chapter 3 discusses the proposed research methodology in detail; which comprises

of research approach, research strategy, time horizon, Sampling Strategy, data col-

lection methods, data analysis methods, research process, and proposed work.

Chapter 4 discusses the development and implementation of individual models, a

hybrid model, and performance evaluation of these models in detail. The chapter

started with brief introduction of proposed disorders and e-Health system. After

this, a description of the methodology has been given along with a graphical flow
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chart which is utilized for the development of proposed models. A description

of the data set and feature selection criteria has also been discussed in this chap-

ter. Besides this, the development of two individual models (implemented through

classification algorithms such as the Bayesian network algorithm and KNN algo-

rithm for the diagnosis of Haemophilia and Thalassemia) has been discussed in

this chapter. At the start of implementation, a Bayesian algorithm was utilized for

the development of the first diagnosis model. This model estimates the conditional

probabilities required to specify the network with the utilization of the collected

dataset and maximum likelihood estimation or bayesian inference technique. Af-

ter constructing the network, it has been performed probabilistic inference on new

patient records to determine the probability that each patient has Haemophilia

or Thalassemia, based on their given symptoms. This would involve computing

the posterior distribution over the relevant variables given the evidence provided

by the patient record. A Bayesian network was applied to a dataset consisting

of 501 records and 13 columns extracted as the most prominent features during

the process of feature selection and achieved an accuracy of 80%. To improve

the accuracy rate, another model has been developed with the utilization of the

KNN algorithm and produced an accuracy of 81%, which is higher than that of

the Bayesian network. In this way, an increase of 1% has been observed after

the utilization of KNN for the proposed diagnosis model. But require more im-

provements. Hence, the development of an integrated or hybrid model has been

done for further improvement. For this, decision trees with the Gaussian Naive

Bayes technique have been integrated for the diagnosis of the disorders namely

Haemophilia and Thalassemia. The hybrid approach that combines decision trees

with Gaussian Naive Bayes can be a powerful technique for disease detection, as it

can take advantage of the strengths of both methods while mitigating their weak-

nesses. Hence, the hybrid model utilizes the decision tree to split the data into

smaller subgroups based on the most informative features and then apply GNB

to each subgroup to calculate the class probabilities. This approach can reduce
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the risk of over fitting and handle correlated features by splitting the data into

smaller, more homogeneous subgroups. Moreover, since GNB is less affected by

irrelevant features, the Decision tree can include a wider range of features without

negatively impacting the performance. In this way, the hybrid approach achieved

a higher accuracy rate of 85% as compared to the Bayesian network and KNN. The

current study utilizes the confusion matrix for the evaluation of a newly developed

classification model.

Furthermore, an evaluation of the performance of classification models has been

depicted in the chapter. For this, the Confusion matrix has been used to assess the

effectiveness of models developed during the current research work by comparing

its predicted labels against the true labels of the data set. The matrix shows the

number of True Positives (TP), False Positives (FP), True Negatives (TN), and

False Negatives (FN) for each class. Besides this, the chapter also depicted the

comparison of the accuracy of individual models and hybrid models; and depicted

that the hybrid model has the highest accuracy among the models developed dur-

ing the current study; when comparing their respective levels of precision. Addi-

tionally, during the current research effort and as stated in this chapter, precision,

recall, and F1 score have been used for the comparison of produced models. Statis-

tical analysis with the utilization of the ROC (Receiver Operating Characteristic)

curve has also been presented in this chapter. The efficiency of models has been

assessed through the cross-validation method and discussed under the heading of

hypothesis testing of this chapter; which depicted that the k-mean accuracy of the

hybrid model was 72.3%, according to the findings of the repeated stratified k-fold

cross-validation procedure, which is greater than the k-mean accuracy of the KNN

model, which was 56.1%. After this, the execution and outcome of the newly

developed hybrid diagnosis model have been presented. This section depicts the

working of a newly developed hybrid diagnosis model that diagnosis the disorders

(namely Haemophilia and Thalassemia) by taking the symptoms as input from an
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individual or patient. Lastly, a Rule Set Based Inherited Prenatal Disorder Pre-

dictor (IPDP) Model has been discussed in detail along with the implementation

and outcome of all the rules developed during the current research. Besides this,

the existing inheritance pattern has been depicted in the chapter.

Chater 5 discusses the rules based prediction model in detail along with the im-

plementation and outcome of all the rules developed during the current research.

Chapter 6 also discusses the design and implementation details of the proposed mo-

bile application developed during current research work along with screen shots

of prediction results generated after taking input from users. The chapter also

discuss the evaluation of innovative mobile phone based e-Health system and the

process of including this system in real life treatment protocol.

Chapter 7 discusses the conclusion and finding of the current thesis. There are

also some new directions for in investigation, which are depicted in this chapter

briefly.

In conclusion, it can be said that each e-Health system has been utilised to serve

remote patients in the hour of emergency based on the type of disease and domain.

By overcoming resource constraints, the development and implementation of e-

Health systems using ICT increases the efficiency and effectiveness of healthcare

services. There are several systems have been developed for the diagnosis and

management of different diseases. In this context, current research work provides

a model and a mobile application-based e-Health system as the utility of research

work which predicts the probability of inheriting the bleeding disorders such as

Haemophilia and Thalassemia at the prenatal stage, electronically. Any remote

patients can check the chance of having a child with Haemophilia and Thalassemia

based on their medical, family, physiological symptoms, and obstetric history at a

fundamental level and provide the list of expert doctors for further consultation.

In this way, current work will help in controlling the prevalence of Haemophilia

and Thalassemia by providing early diagnosis methods. Additionally, the system

will help the consultant doctor in predicting the likelihood that Haemophilia and
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Thalassemia would be inherited by offering an automatic calculation approach

since a human calculation would take too long to make the same prediction.

7.2 Future Scope of Work

To assist the underserved population in distant areas, the e-Health system in

healthcare is an active research topic. Using information and communication tech-

nology and machine learning techniques, dynamic e-Health systems have been con-

tinuously created for the diagnosis, prognosis, and treatment of diseases. In light

of this, the present study created an e-Health system based on mobile applications

for the identification of hereditary prenatal illnesses that forecast the likelihood of

having a kid with Haemophilia and thalassemia. Likewise, the current proposed

systems in this work can also be extended for further research work. The different

significant future directions are discussed in the following section:

1. The current e-Health system discussed in this work can also be extended for

the prediction of other bleeding disorders such as sickle cell anemia

2. The proposed system can also be extended for the management or treatment

of proposed inherited bleeding disorders with large databases to enhance the

system’s learning capability and robustness, which will improve the system’s

resilience and capacity for learning.

3. In addition to this, the current study might be utilized to create a pre-

marital health compatibility analyzer e-Health system that would forecast

the amount of medical compatibility between couples to limit the likelihood

of having children with inherited illnesses.

4. The current system predicts the likelihood of situations where a couple has

prior knowledge of an inherited disorder’s medical history and situations
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where one partner is unsure of their medical history while the other is aware

of it. However, it does not account for situations where both partners are

unsure of their medical history of purposeful disorders, which will be the

subject of future research.
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