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Abstract 

Background: Knowledge engineering is essential for a knowledge-based clinical decision support system for 

a medical ontology and it assists medical professionals in taking decisions. This thesis presents an 

investigation into the use of artificial intelligence to support medical decision-making. An AI-enabled health 

portal is proposed to provide better access to medical advice. A prototype has been built, and the concept 

has been demonstrated through two investigations: AI for diagnosing Covid-19 and pneumonia, and AI for 

interpreting X-ray images of bone fractures.  

Methodology: A rational approach is used for the original contribution and to understand the research 

problems with a unique method for each chapter. X-ray and CT images from the Kaggle repository are 

assessed and downloaded. VGG-16/19, InceptionV3, custom CNN models and various combinations and 

number of datasets are used for Covid-19, pneumonia and bone fracture ML experiments. Besides, a new 

CNN model is constructed, and three publicly available x-ray wrist fracture datasets (Mendeley, 

GRAZPEDWRI- DX, Mura) are combined to increase the model’s performance. Additionally, to build the 

prototype application, a framework is developed and followed until the finish of the project.  

Results: For Covid-19 diagnosis using X-ray images, VGG16 achieved 90% accuracy, 91% sensitivity, and 89% 

sensitivity. For diagnosis of Covid-19 diagnosis with CT images, VGG16 achieved 100% accuracy, sensitivity, 

and specificity. For diagnosis of pneumonia with X-ray images, all three models, VGG16, CNN and VGG19, 

achieved 98% accuracy. VGG19 had the highest sensitivity (100%) and VGG16 had the highest specificity 

(98%). For wrist fracture diagnosis, the pre-existing and newly built CNN deep learning algorithms did not 

achieve more than 82% accuracy in identifying fractures when trained on existing public datasets. However, 

when the newly built CNN was used with a combined dataset, it identified fractures with 98% accuracy, 97% 

sensitivity, and 97% specificity. The prototype knowledge-based clinical decision support application has 

been completed, and it is ready for the addition of biomedical information to augment medical opinions. 

Discussions and conclusions:  The proposed AI-driven technology and digital health care solutions can 

help people in many areas globally, especially those with disabilities and who live in hard-to-reach areas. 

Additionally, transferring global real-time public health information with digital medical technology and 

knowledge-based clinical decision support (KBCDS) increases the capacity to track disease and save lives.  
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Chapter One 

1. Introduction  

1.1. Introduction of the research context 

In the medical domain, a knowledge-based system (KBS) can be used to integrate knowledge into a clinical 

decision support (CDS) system. It works as a medicine ontology for clinicians and medical experts to 

understand the problem and its relation to other factors (Kutt, 2018). Therefore, the user information stored 

in a CDS or KBS is utilised following specific algorithms by its mechanism at the request of clinicians when 

making decisions.  

Besides, artificial intelligence (AI) and machine learning (ML) can produce excellent results by utilising 

medical big-data (Wu et al., 2015; Qazi, Raza, & Iqbal, 2021; Studer, Benjamins, & Fensel, 1998). At present, 

essential medical areas, including oncology, neurology, cardiology, orthopaedic and many other domains, 

use AI for early detection and diagnosis, treatment, outcome prediction, and prognosis evaluation. AI is 

helping clinicians to make better clinical decisions or even replace human judgement in some of the grey 

areas of healthcare decision-making (F. Jiang et al., 2017).  

Furthermore, the diverse structure of the medical domain consists of hugely dynamic information, and the 

rapid growth of healthcare information technologies (HITs) and health informatics applications (HIAs) have 

created technological and cultural changes in society globally (Davis, 2016; Mahomed, 2018). Integrating 

knowledge into the computer system can solve complex problems, and the current progress in healthcare 

technologies is enhancing and motivating people toward an active and balanced lifestyle (Kao & Liebovitz, 

2017). 

This study will define published literature and unified technology to understand the relationship between 

different healthcare domains and existing methods. This study will also identify and simplify the concepts, 

the gaps, the importance, the contribution of the proposed research and academic novelties to fulfil the PhD 

research requirements. 

Therefore, it has combined knowledge from many kinds of literature and practical implementations of CDS. 

It has also inspected Covid-19, pneumonia and bone fractures ML implementations. As a result, the 

construction and implementation of KBS are successful. Knowledge gained from versatile medical domains 

has also enriched the understanding of the critical system and predicts the future growth. The following 

section will describe the research background, research questions, aims, objectives, contributions, impact, 

and philosophical and theoretical perspectives. 

1.2. Background of the research 

The substantial growth of telemedicine applications and AI-assisted technology in medicine, medical 

diagnosis, medical statistics, human biology, and more areas is visible worldwide. In every sector of 
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healthcare, AI is widespread. The architectural thinking and development of a  universal KBS embedded CDS, 

including AI, have also emerged in modern healthcare settings (Hamet & Tremblay, 2017). Furthermore, the 

technological development of semantic Web 2.0 and various data to advice pipelines are also helping the 

CDS succeed (Kutt, 2018; UoM, 2018). 

 

Figure 1: General case of a Data-to-Advice Pipeline that features compound digital objects (J Flynn et al., 

2018)   

With the growth of the HIT, the growing and accessible healthcare data, and including AI in various health 

analytic programmes, most of the current healthcare settings are changing their paradigm toward AI-

supported technology and KBS (D. Y. Cho & Przytycka, 2013; Kutt, 2018). The clinical data are grouped with 

the medical notes, electronic recordings, physical examinations, clinical laboratory data and images for better 

treatment outcomes. Furthermore, data are currently mapped with diagnosis imaging,  electrodiagnosis, and 

genetic information and testing (FDA, 2013; F. Jiang et al., 2017). 

AI has been an active area of research among computer scientists and psychologists for 60-70 years 

(Holzinger, Biemann, Pattichis, & Kell, 2017; Hopgood, 2005), and the medical domain has been one of the 

early application areas (Shortliffe & Buchanan, 1975). There has been a more recent expansion of HIT and 

the internet of things (IoT) devices and device-related specialist software, eHealth and mHealth systems. 

Higher-income continents like Europe and the America have more AI-based or non-AI e/mHealth initiatives 

than lower-income continents like Africa and Asia. Therefore, many governments in developing countries 

recognised the importance of e/mhealth and its benefits and are aligning toward the sustainable 

development goals (SDGs) by the United Nations (UN) (Alam, Hu, Kaium, Hoque, & Alam, 2020). 

Therefore, developing a CDS and recognising the technological need of the global initiative of AI and ML-

based systems are gaining the attention of researchers and developers. More work is usually undergoing in 

various domains of the HIT. Among them, during the Covid-19 pandemic, recognising Covid-19 and 

pneumonia was the highest priority. Researchers and developers have implemented different ML algorithms 

to identify these deadly viruses (Gunraj, Wang, & Wong, 2020; Rahman & Bahar, 2020; Ucar & Korkmaz, 

2020). 

Besides Covid-19 and other domains of a medical emergency, the research on recognising bone fracture by 

AI is still waiting to be noticed by the research communities. It is common in children/older people and can 

lead to malunion and arthritis with attendant morbidity (Jones et al., 2020). Around 1.71 billion people have 

musculoskeletal conditions (MC) worldwide (Cieza et al., 2020). Besides, older adults aged ≥65 with MC have 

a greater chance of getting a musculoskeletal fracture (MF) (Kita, Hujino, Nasu, Kawahara, & Sunami, 2007). 
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Therefore, diagnosing and treating a BF patient is essential. On the contrary, missed fractures are a common 

diagnostic error in the emergency departments (EDs). This leads to treatment delays and complications in 

healthcare settings (Beyaz, Açici, & Sümer, 2020; Moonen, Mercelina, Boer, & Fret, 2017).  

Additionally, many patients' perceptions of fracture information and the clinician's overworked schedule may 

complicate therapeutic decision-making and delay surgical repair (Mutasa, Varada, Goel, Wong, & Rasiej, 

2020). Although magnetic resonance imaging (MRI), computed tomography (CT), nuclear medicine bone 

(NMB) scan, ultrasound and X-ray are used to identify the fracture, except ultrasound and X-ray, other forms 

of technology are expensive. They are not easily accessible (Yuxuan et al., 2020). Furthermore, there is a lack 

of automated fracture detection tools, and on the contrary, CT and X-ray scan image-based manual orbital 

fracture detection lead to various challenges.  

Knowledge engineering can help these situations to be improved through an AI-embedded state-of-the-art 

KBS. A knowledge management (KM) tool contains and learns from every piece of information provided 

(Aurum, Parkin, & Cox, 2004). In time with the saved data, it can contribute to recognising patterns or 

behaviours that would not be possible by human capacity. Furthermore, the availability of the internet and 

the technological advancement in medical KM have become more prominent with the help of distributed 

knowledge engineering (DKE). With DKE, a CDS can run simultaneously in a central cloud server with global 

contributors.  

However, technological growth has also created challenges, and in recent days anyone with little knowledge 

and without appropriate research is building medical applications. Therefore, the categorisation of apps and 

their contents are based on developers' decisions. Sometimes these contents are not reliable and helpful to 

the users. These massive volumes of apps and embedded information are frequently fragmented and lack 

appropriate references and supportive scientific knowledge (Paglialonga, Lugo, & Santoro, 2018). The 

practitioners commonly use HCI (human-computer interaction) even though there is clear evidence of a lack 

of empirical research. Due to the lack of medical knowledge and inaccessible immediate emergency medical 

support, the users are in jeopardy of getting medical advice and have to go through severe difficulties or lose 

their lives. 

The initial research of this project was started in 2017 by building a knowledge-based CDS (KBCDS). Then it 

has progressed massively and has observed various medical domains. On every occasion, understanding of 

KBCDS has changed, and by writing this thesis, it has successfully completed the first milestone. Throughout 

this research, the background and published literature are observed extensively to accommodate and 

validate the project theme. Furthermore, the gaps are identified to build ML algorithms and KBS from scratch.  

The core part of the study will focus on Covid-19, pneumonia, and wrist bone fractures and their ML 

implementations. Therefore, the activities will include checking previously published models and their 

performances. If required, this research aims to build a new model based on the outcome and try to predict 

the highest ML accuracy. Furthermore, it will try to increase the model performances with parameter tuning. 
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Secondly, develop the KBCDS framework and the KBS ANGTHAS application to implement the developed ML 

algorithms practically. The following section will outline the entire process step by step to understand the 

settings.  

1.3. Research gaps and statement of the problems 

In the healthcare paradigm, various diseases are seen around the world. Among them, lung disease is the 

most common condition. The mortality rate is higher than any other disease, and it is of various types such 

as lung cancer, ILD (interstitial lung disease), COPD (chronic obstructive pulmonary disease), asthma, 

influenza, fibrosis, and emphysema (Malode, 2016). A significant proportion of the South-East Asian 

population suffers from respiratory disorders (S.-H. Cho et al., 2016). There are about 1.2 million deaths 

annually due to lung cancer (Inage, Nakajima, Yoshino, & Yasufuku, 2018; Samuel, Saravanan, & Devi, 2007).. 

Moreover, in the bone fractures domain, the CAD system is used to interpret the data and understand the 

image. There are some limiting factors for training various implemented models, image types and quantity, 

novel data augmentation techniques and practical implementation of such models. In most cases, the 

existing models showed relatively low specificity and positive predictive value with the highest number of 

images and the highest accuracy with the lowest number of images. However, the practical implementations 

of these models are relatively low (Mutasa et al., 2020).  

Furthermore, there are substantial gaps in the AI-embedded KBS application for disease diagnosis and 

treatment. Some AI applications are limited by quality, bias, consistency, variability, indecision on non-

patternable stochastic healthcare data and inherent algorithmic problems (Lee, 2019). Moreover, most failed 

to handle learnability, efficiency, memorability, lower error rate, and satisfaction (Hussain & Mkpojiogu, 

2016).  

Therefore, it is predicted from the literature that there are gaps in the Covid-19, pneumonia and bone 

fracture paradigms. For Covid-19, there are substantial ML interventions, but their practical implementations 

are limited. Concerning pneumonia and bone fracture, the gap is further visible. Besides, there are very few 

KBS practical applications in recognising Covid-19, pneumonia and bone fracture available to help patients 

and clinicians.  

1.4. Research Motivation  

Geographical and socio-economic boundaries restrict access to medical services, and readily accessible 

online healthcare providers cannot fulfil a user's needs. Hence the growing challenges within this sector are 

restructuring the related technology by creating turnkey solutions for capturing a series of medical 'big data' 

and AI. Currently, the concept of mimicking human intelligence is delivering benefits in some medical and 

other domains (Holzinger et al., 2017; Silva, Rodrigues, de la Torre Diez, Lopez-Coronado, & Saleem, 2015). 

However, there is a visible lack of human intelligence, and some models lack explicit declarative knowledge 
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representation for recognising Covid-19, pneumonia and bone fracture, which need further interventions for 

improvements (Holzinger et al., 2017; Hopgood, 2005). 

The motivation for this project to build a CDS application for patients and clinicians started a few years back. 

Consequently, over time, it has changed in various directions, and substantial gaps in these sectors are 

identified. Therefore, this research has considered addressing Covid-19, pneumonia, bone fracture and 

building the prototype KBS application.  

The focus on the two medical specialisms of lung disease and bone fracture has been driven by a combination 

of the identified medical need, as described in Section 1.3, and the circumstances that arose during this study. 

Firstly, this study coincided with the Covid-19 pandemic, creating worldwide opportunities for the diagnosis 

of lung diseases. Secondly, a strategic partnership was created between the University of Portsmouth and 

the Portsmouth Hospitals University NHS Trust, leading to collaboration opportunities that included the 

diagnosis of fractures. 

1.5. Research aims, research questions and objectives 

▪ Aims 

The aim of the PhD research is to investigate the ability of artificial intelligence (AI) to augment professional 

medical opinion in online platforms, and to demonstrate its capabilities in two medical domains. 

▪ Research questions 

The key research question is: 

Can AI be used to augment professional medical opinion in an online platform? 

The additional research questions are: 

i) How can a health advice application (web, IOS and Android) be integrated, combining AI and 

machine learning? 

ii) Can Covid-19 and pneumonia be diagnosed through ML inspecting X-ray and CT images?  

iii) Can wrist fractures be diagnosed through ML inspecting X-ray images?  

All relevant chapters will answer these questions to understand the gaps and contribute toward the academic 

novelty.   

▪ Objectives 

Based on the aims and questions, this research has several objectives: 

➢ Evaluate available telehealth prototype applications to design, develop and create a KBCDS applica-

tion development plan.  

➢ Investigate available ML models for Covid, pneumonia and bone fracture. Compare their perfor-

mance based on model and data sets. 
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➢ Develop an ML model from scratch to improve the current settings and check the performance by 

comparing results. Improve the model efficacy by hyperparameter tuning.  

➢ Develop patient and clinician-facing KBCDS web applications and deploy the ML model to augment 

medical opinion. 

1.6. Research contribution and impact  

Through this research, the existing research gap in Covid-19, pneumonia, bone fracture and  KBCDS will be 

addressed and discussed. It will commence many literature reviews to understand the constraints of the 

paradigms. Therefore, it will address the lack and current limitations by adding new knowledge gained from 

the settings. Additionally, It will compare various ML techniques and algorithms to understand these specific 

domains. Furthermore, it will develop an ML model from scratch to improve the existing settings. It will also 

execute hyperparameter tuning and data experiments techniques to combine the best possible data sources 

and address the current research gap. Therefore, this research will have various contributions discussed as 

follows: 

▪ An extensive literature review will identify the gaps in the ML models for Covid-19, pneumonia and 

bone fracture recognition. Comparing published literature will help the audience understand the 

best DL models and techniques. It will also project insights and comparisons on the type of models 

and images, accuracies, best model, number of global research initiatives and the proportion of the 

stakeholders.  

▪ Investigate DL models for Covid-19, pneumonia and bone fracture by comparing different models 

and their performances. The comparison will help to identify the best possible solutions when 

handling X-rays and CT images to identify these diseases. It will also help find out the gaps and 

encourage to improve the performance with the additional intervention of building a new model. 

▪ Building an AI KBCDS from scratch will help set up a new form of dynamic patient and clinicians 

facing application. Successful completion of this system and rolling it out worldwide will help the 

future generation better understand their treatment, maintain a balanced healthy life and prevent 

health struggles. It will also help to identify future pandemics and disease patterns.  

1.7. Dissertation overview and outline 

The thesis is divided into seven long chapters and sub-sections. Each of the sections has outlined a brief 

description of the subject area. The chapters are as follows: 

2. Chapter Two: Research methodology and design 

This is the overall methodology chapter for the study. It combines the most appropriate methods based on 

the research questions and the project theme. In the chapter, the methodological, philosophical and 

theoretical perspectives are discussed with a research approach and plans for the entire research. 
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3. Chapter Three: The literature review of the clinical decision support (CDS), AI in healthcare, Covid-19, 

pneumonia and bone fracture 

This chapter starts with a discussion of literature related to clinical decision support (CDS). It begins with an 

introduction, followed by a brief section on CDS and the maturity of healthcare technology (HIT) 

respectively. Then the importance of AI in healthcare applications, followed by modelling healthcare 

decision-making and learning health systems and their theoretical principles are discussed. The chapter 

concludes the section with a review summary and conclusions.  

The following section discusses literature related to AI and machine learning. It starts with an introduction, 

then a brief section on AI and machine learning (ML) basics, followed by knowledge-based AI. Then the ML-

based AI, followed by ML models and their evaluation are discussed. The chapter concludes the section with 

a review summary and conclusions. 

The following is the core section for finding the ML models in Covid-19 recognition. The chapter starts with 

an introduction, then the methodology of the chapter, followed by results and discussion. 

The final section is the core for finding the ML models in wrist bone fracture recognition. The chapter starts 

with an introduction, methodology, and then the literature review of the current ML solutions for bone 

fractures. The chapter concludes the section with a summary and conclusions. 

4. The knowledge contribution starts from Chapter Four:  

The chapter begins with an introduction, followed by the methodology and the structure. Then the next 

section is the performance analysis for Covid-19 and pneumonia. This section has three sub-sections. The 

first section is a comparative study of deep learning models for Covid-19 diagnosis based on the X-ray 

images, followed by a comparative study of deep learning models for COVID-19 diagnosis based on the CT 

images. The following section is a comparative study of deep learning models for pneumonia diagnosis 

based on the X-ray images. The chapter concludes the section with a summary and conclusions. 

5. Chapter Five: 

It is the applied research and findings for bone fracture. The chapter begins with an introduction and 

followed by a comparative study of bone fracture. The following section is the custom model and knowledge 

contribution—this section experiments with various ML models with wrist fracture images to understand 

their performance. The custom CNN model is also proposed in this chapter. Finally, the chapter concludes 

the section with a conclusion. 

6. Chapter Six: 

This chapter is the knowledge engineering section of the thesis. The AI-enabled health advice portal will be 

outlined here. The chapter starts with an introduction, followed by the chapter methodology. Then the 

following section is the system engineering: ANGTHAS. This section begins with an introduction, then the 

rationales and scope, followed by the methodology. Then the next section is the web and mobile app design, 
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followed by building the application. The following section is the outcomes and impact summary. The 

chapter concludes the section with a summary and conclusions. 

7. Chapter Seven:  

This chapter is the last section of the thesis and summarises the study. The chapter starts with an 

introduction. The following section is the contributions of the research. The next section is the original 

impact of the research, followed by limitations of the study. Then the chapter concludes with future work. 
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Chapter Two 

2. Research methodology and design 

The research methodology is an essential part of any research. Selecting an appropriate method will help 

find results and conclude the study successfully. Thus, the project methodologies of this study are combined 

with the most appropriate methods based on the research questions and the project settings. In the following 

section, the research methodology will be discussed. 

2.1. Introduction 

A pragmatic approach is used to understand the research problem of this study, which allows the author to 

recognise diverse concepts and clarifications alongside understanding the research problem and quality. 

From idea generation to implementation, this study has followed strict guidelines to understand the 

problems and resolve those with the help of technology. The comprehensive research has followed various 

methodologies for all of its activities. This chapter is the core of all internal methods and there are 

methodologies in all the corresponding chapters. These additional methods will help better understand and 

solve problems competently.   

The following section will illustrate the data collection approach; data analysis, interpretation and 

dissemination, research reflections, strength and research limitations, research ethics and the chapter 

summary. 

2.1.1. Methodological perspective  

A mix of methodological aspects is used to understand and implement various methodological prospects for 

this study. For the investigation relating to the literature review and the systematic literature review, an 

effective literature searches strategy is developed by following 'A structured approach to documenting a 

search strategy for publication: A 12 step guideline for authors (Kable, Pich, & Maslin-Prothero, 2012; Moher, 

Liberati, Tetzlaff, Altman, & Group, 2009)' and 'Preferred reporting items for systematic review and meta-

analysis protocols (Moher et al., 2009)'. 

2.1.2. Philosophical perspective 

This study has various philosophical aspects of understanding the settings and the targeted audience. This is 

a new area of development in the technological field. Therefore, the knowledge of the context and its 

philosophical background in transforming the audience is necessary. Consequently, this study has considered 

a philosophy to understand the purpose, design the methodology, and interpret the data. 

2.1.3. Theoretical perspective 

This study has inspected various published research in three domains; the first is the augmented intervention 

of medical applications. The second is recognising Covid-19 with ML. The third is the bone fracture 
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recognition through X-ray images by implementing ML. Therefore, various theoretical aspects of 

understanding and utilising them to improve the previous research or to make an original contribution are 

followed throughout the study. This study uses all the publicly available datasets for all the ML interventions. 

Thus, mixed quantitative and qualitative methods are used to get the most relevant results.   

2.2. Research approach and plan 

A pragmatic approach is used to understand the research problems of this study, which allows the author to 

recognise diverse concepts and clarifications, and understand the research problems and quality. Thus, the 

methodology was formulated by the findings from the initial literature review, key and additional research 

questions.  

Consequently, this research has three phases of research and development activities:  

01) stage one is to understand the current literature;  

02) stage two is to design and build the ML interventions; and finally  

03) stage three is the original contribution to theoretical and practical interventions. 

2.2.1. Stage One:  

The objectives and the project settings influenced the report methodology to design the study. The primary 

research's initial 'stage one' consists of three stages: planning, configuration, and reporting. In the planning 

stage, the research questions and review protocols are defined. The initial search results and studies are 

identified, selected, and evaluated in the configuration stage according to the initial inclusion and exclusion 

criteria. All the identified papers are grouped to write the report in the reporting stage.  

 
Figure 2: Research methodology stage one – ‘Plan and configure’ 

The research questions, literature search protocol, and inclusion and exclusion criteria are defined to address 

all the research questions in the planning stage. The initial search results and studies are identified, selected, 
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and evaluated in the configuration stage according to the initial inclusion and exclusion criteria and the 

project theme. All the literature is revised and included in the review in the reporting stage, and a literature 

review is prepared.  

2.2.2. Stage two: 

This study mainly focused on the previous research at the initial stage of the project to find out the gaps in 

the literature and to identify the need for a prototype disease prediction and forecast creation. Therefore, a 

combination of both qualitative and quantitative data are gathered throughout this study for a mixed-

method research approach. The concept of further research is developed from the literature review and 

observation of the existing healthcare applications and inventions. It is divided into two essential parts: 01) 

Core research and 02) Design and run ML. 

2.2.2.1. Core research 

The results from the initial research is analysed at this stage. All the literature and corresponding ML models 

are gathered to prepare for the next stage. The environment for running the ML models are created using 

the Anaconda and Jupyter notebook. All the data sets are labelled and stored to run the ML models. 

2.2.2.2. Design and run ML  

The prepared models are run with various labelled data to understand the performance at this stage. The 

results and the performance metrics are prepared for analysis in the next stage.   

  
Figure 3: Research methodology stage two – ‘Design and run’ 
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2.2.3. Stage three: 

This is the final stage of the research. All the data gathered from the previous stages are analysed to prepare 

the most outstanding original contribution in theory and practice. Therefore, it has two parts: 01) Research 

evaluation and 02) Original contributions. 

2.2.3.1. Research evaluation  

The data received from the previous sections are analysed to understand the data quality and results. The 

data are then synthesised to prepare for the next stage or refer to the last step for remodelling.  

2.2.3.2. Original contributions 

In this stage, the results and model are further evaluated by implementing various data tuning techniques to 

improve the existing model or propose a new model for the solution. If the results are satisfactory in both 

settings, the research will end with the original contribution success.  

 

 

Figure 4: Research methodology stage three – ‘original contribution’ 



 

13 | P a g e  
 

2.3. Data collection approach 

The University of Portsmouth library database, Google Scholar, and PubMed databases are used to identify 

relevant published papers. The Web of Science and IEEE Xplore databases are also searched for conference 

proceedings. These databases are well established and have a wide range of peer-reviewed journal 

information. They are always kept up to date. Additionally, the entire study analysed published data sets and 

ML models from secondary sources like Git and Kaggle.  

2.3.1. The search strategy  

Google spreadsheets, RQ2, SRQ2 and SRQ3, are created for interview papers, literature review papers, and 

surveys to collect data. Various search terms "Machine Learning for Covid-19", "Machine Learning for 

Pneumonia", and " Machine Learning for wrist fracture" are created to search the databases. Associated 

sheets containing the search terms are also made.  

2.3.2. Inclusion and exclusion criteria  

All the questions are divided into a sub-topic; only complete quoted “ ” results and their systematic review, 

literature review, scoping review, peer-reviewed, and cited by other literature are included. Any literature 

that is not available in the selected databases, cannot be obtained by the University of Portsmouth 

interlibrary loan, or has not been published in the last five years is excluded. Literature not published in the 

English language is also excluded. The first search titles are collected to the specific spreadsheets for review. 

All the titles are checked for duplication, and the duplicate titles are deleted. The titles are then checked 

against the project theme and the availability of the documents. An initial skip-through of the document is 

performed to download and include them for review. Every paper is then checked against the quality 

assessment tool for them to be included in the study.    

2.3.3. Quality assessment 

A quality assessment is the critical requirement of any systematic review. This study also has maintained a 

quality assessment of all the included papers derived from the NIH “Quality Assessment of Systematic 

Reviews and Meta-Analyses” (NIH, 2017; X Zeng et al., 2015) and “The methodological quality assessment 

tools for preclinical and clinical studies, systematic review and meta-analysis, and clinical practice guideline: 

a systematic review”(X Zeng et al., 2015). The quality is assessed using a 10-point rating scale and answering 

ten individual questions. Literature scored = > 75 are included in the study. 

2.3.4. Data analysis, interpretation and dissemination 

Based on the project theme and results, ‘Evidence-based inpatient handovers: A literature review and re-

search agenda’ (Scott, Ross, & Prytherch, 2012) ‘Guidance on the conduct of narrative synthesis in systematic 

reviews: A product from the ESRC Methods Programme’  (Popay et al., 2006), ‘Nuts and bolts of PROSPERO: 

an international prospective register of systematic reviews’  (Booth et al., 2012) and ‘Preferred reporting 

https://www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools
https://www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools
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items for systematic reviews and meta-analyses: the PRISMA statement’ (Moher, Liberati, Tetzlaff, Altman, 

& Group, 2009) are followed for the project analysis.  

In the first stage of the study, all the abstracts are read, summarised and tabulated to the subcategories for 

them to be analysed in the next step. The abstract that does not fulfil the project theme and categories are 

excluded. Next, all the papers are read and synthesised to include in the review. In the second stage, all the 

results are analysed to find the difference in the corresponding models. Each model’s performance is then 

analysed based on their image quantity and type. Based on the previous results and analysis, new sets of 

data modelling techniques are developed for the original contribution in the last stage of the study. The 

results are then analysed for interpretation and dissemination to conclude the study. 

2.4. Research context 

2.4.1. Research reflections 

The study has always tried to understand each stage's success and limitations by following an intelligibility 

approach to make it meaningful. Each of the results and outcomes is assessed based on the available 

resources. Therefore, if the resources preferred performances are inefficient, new thinking and actions are 

taken to get better outputs.  

2.4.2. Strength and research limitations 

The subject area and literature are widespread in some settings. The resources of the subject area are vibrant 

and easily accessible through the university, which make them reasonable to answer all the questions. A 

variety of knowledge are gained through the review and they have matured the context's understanding.  

The study has spotted various limitations of ML model implementation and publicly available data sets. 

Accessing them was sometimes very hard, and the quality of some data sets was inadequate. As a result of 

various ethical guidelines, it is hard to get original data sets with the corresponding model. Therefore, 

implementing secondary datasets with the original model sometimes did not meet the accepted outcomes. 

2.4.3. Research ethics 

The data from the available secondary sources are used for the review. Any use of human participants or 

animals or sensitive data was not required. Thus this review does not need any ethical approval from any 

authority. However, the email confirmation from the UoP automated system is included for the reference 

below: 
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2.5. Chapter summary 

In this chapter, the readers will understand the overall methods. After completing this section, they will 

understand the data collection approach, data analysis, interpretation and dissemination, research 

reflections, strengths and limitations, and research ethics.  
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Chapter Three 

3.1. The Literature review of the clinical decision support (CDS) 

The following section will discuss the existing literature on the medical system (clinical decision support: CDS) 

for the reader to understand the aspects of the settings. After reviewing this section, the reader will gain 

adequate knowledge of the methodological and theoretical perspectives of the present HIT (healthcare 

information technology) and its digital adaptations. 

3.1.1. Introduction 

The healthcare support system (HSS) mainly consists of various technological equipment and software 

systems to understand patients' diseases. Therefore, combining technology with a software system increases 

every day. A software-assisted therapeutic (SAT) approach can help clinicians understand the illness and its 

characteristic (Middleton, Sittig, & Wright, 2016). Thus, most of the HSS is now transforming into a hybrid 

HSS, and in this section, various elements of it will be discussed. 

Clinical decision support (CDS) is a state-of-the-art system for the medical domain to treat and manage 

patients and diseases. The recent development of the information and communication technologies (ICTs) in 

the world is evident in the fourth industrial revolution of "cyber-physical systems". Here technology is 

implanted in societies and, to a certain extent, in human bodies (Mahomed, 2018). The healthcare industry 

and the systems are now substantially administered by it. Health telematics applications and their enhanced 

architecture revolutionised the diagnosis, treatments, surveillance, rehabilitation, clinical trials, 

epidemiology and health education (Balas, Boren, & Brown, 2000; Kawamoto, Houlihan, Balas, & Lobach, 

2005; Medatwal, 2021). 

Healthcare technologies are enhancing and motivating toward an active and balanced lifestyle. From self-

assessment symptom check to record continuous internet-linked remote medical monitoring for decision-

making are widespread and feasible options for individuals through 3G and 4G mobile networks and 

computer-assisted applications. Telecare systems and telemedicine worldwide involved about seven million 

people in 2018 and 350,000 in 2013. The size of the telehealth market will grow to $95.72 billion from 2020 

to 2024 (Statista, 2017; technavio, 2020). At the time of writing, over 400,000 healthcare apps are available 

in the app stores (imaginovation, 2022). 

The US, European Union and the UK have recognised the importance of such social tools and actively support 

them for further research and development (EU, 2015). Autonomous AI systems in healthcare are intelligent 

systems that make clinical choices without human supervision. A bioethical and accountable assessment of 

autonomous AI's impact on patient outcome, design, validation, data usage, and accountability is necessary 

to ensure that it delivers these benefits. A recent study tested the hypothesis that all three outcome 

parameters of sensitivity, specificity, and diagnosability exceed a pre-set threshold in the entire US 
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population of people with diabetes, against surrogate outcome. (Abràmoff, Tobey, & Char, 2020). Prior 

studies had shown that skilled clinicians had 30%-40% sensitivity, 95% specificity, and 80%-90% diagnosability 

against autonomous AI. The autonomous AI exceeded all exceeded all three superiority endpoints at 87% 

sensitivity, 91% specificity, and 96% diagnosability. However, to date, most mHealth applications are not 

scrutinised by regulatory bodies for accuracy, which could be treacherous for global users (Kao & Liebovitz, 

2017).  

Besides, the HSS is more initiative towards the SAT because human cognitive capacity in relation to the 

expanding genomic data increases daily (Figure 5). In contrast, the baseline human cognitive capacity remains 

flat. The clinicians are not performing well due to the limitations of the unaided human mind to manage 

healthcare using traditionally designed decision support systems (Hannan & Celia, 2013).  

 

Human cognitive capacity 

 

Figure 5:  Human cognitive capacity related to expanding genomic (Hannan & Celia, 2013) 

Another reason for embracing AI in the workload is to tackle the pressure. There is a shortage of people in 

every sector of healthcare settings, including compliant clinicians. As a result, the currently engaged people 

face challenges in coping with these immanence pressures. The exhausted clinicians who remain in the 

industry are more likely to make therapeutic mistakes. So there is a repercussion in the sector of physician 

burnout, depression, job dissatisfaction, and drop-out, and the projected shortage of physicians by 2030 will 

reach 100,000 (Gearhart, Anthony, & Chang, 2020). The AI implementation in healthcare applications is 

helping modern health ICT improve decision-making and gradually escape from this pressure.  

3.1.2. Clinical decision support (CDS) system 

Clinical decision support system (CDS) integrated with the electronic health record (EHR) and personal health 

record (PHR) systems make it more valuable, cost-effective, efficient and safer for the healthcare providers. 

CDS systems are designed to help clinicians in decision-making at the point of care. CDS systems are used in 
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various settings like health maintenance reminders, relevant information display, drug interaction checking, 

dose adjustments, order facilitators, workflow support and many other useful settings, which help to improve 

the care quality and reduce medical errors (Goldberg et al., 2014; Middleton et al., 2016). 

CDS is the core part of the healthcare support system. It provides knowledge and person-specific information 

to clinicians, staff, patients, or other individuals at the point of care to enhance health care delivery. It is 

considered one of the underlying methods for extensive and valuable uses of knowledge in practice. It has 

three pillars: 1) best knowledge available when needed, high adoption, and effective use, 2) continuous 

improvement of knowledge, and 3) CDS methods (Middleton et al., 2016). Thus in most of the care delivery 

of the world, commercial EHR systems are adopted following standardised policies across many sites, which 

remain exceptionally diverse due to their terminology and business process (Adler-Milstein et al., 2014; 

Middleton et al., 2016; Nakamura, Harper, Castro, Yu Jr, & Jha, 2015).  

Clinical knowledge is associated with the signs, symptoms, disease information and findings of diagnostic 

reasoning (Burt et al., 2022; Woods, Brooks, & Norman, 2007). Biomedical knowledge is the unstructured 

text of biological, medical, and physical sciences. In medical reasoning, it is crucial to understand and 

diagnose certain clinical cases. There are vast amounts of unstructured biomedical information available. 

Besides, it is challenging for the computer to pursue them computably unless specifically developed tools are 

used to acquire them in a machine-executable format. Therefore, various logic, formal standards, and 

mathematical algorithms are used to make biomedical knowledge computable for medical reasoning 

(Boshuizen & G. Schmidt, 1990; Burt et al., 2022; Pratt & Yetisgen-Yildiz, 2003; Sachdeva & Bhalla, 2022). 

 

Figure 6: The learning cycle model  (Flynn, 2018) 
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The revolutionary computable biomedical knowledge base has created many possibilities in the healthcare 

industry, including developing technical infrastructure to support RLH, finding disease patterns and treating 

them. Furthermore, the new development of medical devices, patient/clinician-facing software, and the 

development of artificial intelligence or machine learning tools for the healthcare industry has also created 

a positive change to the system. 

Substantial data aggregations within healthcare delivery, branded as 'big-data', have forced researchers and 

developers to discover new solutions, including AI and machine learning algorithms, to expand CDS 

capabilities. The CDS along with its databases and service-oriented architecture are evolving dramatically 

every day to facilitate big data integration and 'mash-ups' on the fly, where it can provide cognitive assistance 

(Jha, Doolan, Grandt, Scott, & Bates, 2008; Kawamoto & Lobach, 2007; Osheroff et al., 2007). 

3.1.3. Maturity of HIT 

The importance of implementing information technology in the healthcare sector cannot be measured, as 

the effect of HIT in the present healthcare sector is so vast. The current HIT consists of hospital information 

systems (HIS),  patient registration and tracking systems, electronic order entry systems, electronic health 

records and many more (Sachdeva & Bhalla, 2022). Health information resources and clinical data have 

significantly changed over the last few decades. Furthermore, the rapid advancement of health information 

management (HIM), and information and communication technology (ICT) in every department of the 

healthcare sector brought opportunities and challenges (de Bruin, Schmidt, & Rikers, 2005; Sachdeva & 

Bhalla, 2022).  

It is observed that business intelligence (BI) technologies are used in the organisational decision, analytics, 

information, knowledge management, decision processes, and human interaction for around 60 years to 

enhance the timelines and quality of the decision-making process (Eta S. Berner, 2016; Brook, 2015). In the 

early stage, the developed systems are limited within an organisational or departmental practice system. 

They are mostly focused on collaborating medication orders for acute care from the pharmacies and 

reporting results from the laboratories. Therefore, the date of including a computer in the hospital system 

varies. There is inadequate published information on the early adopted computer system in the hospital 

investments. However, computers are introduced into the hospital in the 1950s (Hammond, 1994), and 

'Technicon medical information systems', which was later renamed 'Technicon data systems or (TDS)' was 

started in the El Camino Hospital in Mountain View, California, in 1965 (Staggers, Thompson, & Snyder-

Halpern, 2001). 
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Figure 7: The History of Healthcare Technology and the evolution of HER 

[Figure 7 is an original artwork designed by the author. This artwork is based on the literature and the evolution of 

HIT ] 

Nevertheless, TDS was later upgraded with several complex clinical, ancillary and administrative functions 

and used in a patient care unit in 1971. It was capable of communicating to ancillary departments. 

Furthermore, it could also retrieve laboratory tests, radiology reports, nursing care planning and 

documentations. It was the first system to support nurses, physicians, and personnel in ancillary 

departments, including dietary, medical records, pharmacy, laboratory, radiology, respiratory therapy, and 

business offices (Staggers et al., 2001). During the same period, worldwide HIS innovations significantly 

increased.  

From 1958 to 1994, the American hospital association (AHA) carried out several feasibility studies to check 

the uses of computers in hospitals. The findings produced by these studies are believed to be the primary 

influencer of the evolution of hospital information systems. In 1962, AHA reported that 39 hospitals are using 

computers. In 1972, the number increased to 2,887 hospitals and in 1976, the number increased to 5,734, 
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with 3,983 hospitals having in-house computers. By 1983, 90% of the US hospitals are using computers, and 

in 1994, all the hospitals had at least some type of computing system in their workflow (Hammond, 1994). 

A single organisation did not do the evolution of HIT in healthcare. It was a collective and cooperative work 

by commercial organisations, academics, researchers and developers (IBM, 2020). Burroughs, Honeywell, 

General Electric, Control Data, and NCR are some companies that influenced the HIS development. The 

developed systems are classified into two categories. The level one systems are built for data collection and 

message switching capability. They are mainly used for the system to transmit orders, capture charges, and 

report results. All the functions are grouped into data collection, communication, and storage  (Ball, 1971; 

Hammond, 1994). The level two system was built to handle clinical information and requisitions. In the 

meantime, some other companies like Lockheed (Technicon), Burroughs (Medidata), McDonnell Douglas 

(McAuto), National Data Communication (REACH), and Martin-Marietta stepped into the market to develop 

complex application systems, including hardware and software tools and programming languages. Among 

them, the Technicon system by Lockheed was the most successful application. This system was developed 

over ten years and costed approximately 25 million dollars  storage  (Ball, 1971; Hammond, 1994). 

The HIT evolution started with the UK's computerisation of English general practices (GPs) and was called the 

'early adopters' (Bouamrane & Mair, 2013). In 1975, a general practice in Exeter reported designing and 

implementing a computerised record-keeping system (Bradshaw-Smith, 1976). In 1980, the Royal college of 

general practitioners–British medical association joint computer group (RCGP-BMA JCG) was formed to 

present a combined negotiating voice to the government (Benson, 2002). Progressively the systems had 

spread across the country with improved functionality like patient registration, repeat prescribing, recall and 

screening. The EHR adoption in UK NHS was followed by offering direct government support, known as the 

general practice systems of choice (GPSoC) contractual framework (Wachter, 2016). 

The emergency department information systems (EDIS) was another pioneered system developed in 1994 in  

Australia. It has provided the benchmark for electronic patient registration and tracking systems. The 

functionality of attendances, waiting times, admission rates, outcomes, acuity, and access block afforded 

departmental managers an invaluable tool for workflow forecasting and resource allocation (Dinh & Chu, 

2006). 

With the advancement of technology, the internet and intranet are the significant components for the HIT 

to grow further and have a reflective impact on HIM & ICT. From the mid-1990s, the rapid expansion of online 

medical information, published literature, clinical resources and guidelines are more accessible to the world 

community. They have also facilitated the development of HIT applications like electronic order entry 

systems (EOS), Radiology picture archiving and communications systems (PACS) and many more (Dinh & Chu, 

2006). 

The rapid and continuous technological changes in the healthcare industry are changing the delivery of 

services. The execution of the new Internet of Things (IoT) equipment in the system is higher than ever. 
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Throughout the history and evolution of HIT, informatics and the addition of new technology helped the HIT 

to grow and get into its present status. They are integral to combining technology with vast data through the 

healthcare HIT. Electronic health (e-Health), telemedicine, and m-health are some of the HIT revaluations, 

helping the modern HIT grow faster and shape it to the present medical and user needs.    

3.1.4. The importance of AI in healthcare applications  

With the increasing availability of healthcare data, the growth of the HIT and involving AI in various health 

analytic programmes, most of the current healthcare settings are changing the paradigm toward AI-

supported technology. Almost every clinician in healthcare has already used some form of AI-assisted 

technology in their decision-making. It is also visible in the published literature and market research. In 

healthcare, there is structured data, as well as unstructured data. Including AI techniques like machine 

learning and natural language processing in the data processing system saves time, money and life (Agarwal, 

2022).  

 

Figure 8: AI technology in healthcare, including decision making. 

[Figure 8 artwork is redrawn by the author based on (F. Jiang et al., 2017) dataset diagram. It shows the AI involvement 
in healthcare settings, highlighting individual sections for the reader to understand its importance] 

In the early days, before the vast development of the HIT, clinicians often needed to depend on physical 

ability to perform a decision from the enormous amount of screening, diagnosis, and treatment assignment, 

which are challenging and time-consuming. They might have missed essential details in much-sophisticated 

treatments. When AI started to take over the system, the clinical data are grouped with the medical notes, 

electronic recordings, physical examinations, clinical laboratory data and images for better treatment 

outcomes. Furthermore, data are mapped with diagnosis imaging,  electrodiagnosis, and genetic information 

and testing (FDA, 2013). 

There are two major categories of AI-assisted technology used in the HIT: 1) Machine learning (ML) 

techniques and 2) Natural language processing (NLP) techniques shown in figure 8 above. ML technique is 

used to analyse the structured data such as imaging, genetic and EP data. In this process, the medical 

applications attempt to guess the likelihood of the disease outcomes for individual circumstances (Agarwal, 
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2022). Each data is mapped against the source imaging, genetic information and EP data to assist in a solution. 

NLP technique extracts information from unstructured medical data such as clinical notes or medical journals. 

In this process, the medical applications target the information in the clinical notes or medical journals to 

structure them as machine-executable forms. Later, each data is then mapped by the ML stage again for 

further analysis (Agarwal, 2022; Darcy, Louie, & Roberts, 2016; Murff et al., 2011). 

The neural network is another AI addition to healthcare decision-making, which helps diagnosis to be more 

accurate in general and some rare diseases. It associates the relations between the input variables, hidden 

layers and outcomes. Deep learning is an extension of the classical neural network technique. The rapid 

development of the modern HIT empowers deep learning to accumulate neural networks with multiple 

numbers of layers to discover more complex non-linear data patterns. The popularity of deep learning in care 

settings is increasing daily due to the complexity and increased volume of available data (F. Jiang et al., 2017; 

Ozkaya et al., 2020).  

Perhaps, in modern healthcare settings, AI-assisted technology is visible from the bedside monitor to implant 

new devices into patients. Furthermore, all medical divisions such as radiology, neurology, pathology, 

dermatology, ophthalmology, gastroenterology, cardiology and many more are using AI in a variety of their 

treatment and development. Currently, healthcare AI technologies are at the top of the 'Gartner Hype Cycle' 

(Bini, 2018). 

3.1.5. Modelling healthcare decision making  

Computer-based physician order entry (CPOE) system, integrated with the CDS, as defined by the Centers for 

medicare and medicaid services (CMS), is a crucial requirement for the EHR. Generally, CDS is a combination 

of three parts system: the knowledge base, the inference or reasoning engine, and a communication 

mechanism to communicate with the users (Eta S. Berner, 2007; Robert A. Greenes, 2006). 

 

Figure 9:Three intersecting and interacting life cycles (Eta S. Berner, 2007; Robert A. Greenes, 2006) 
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There are several variations in supporting the CDS decision process. These range from the latest presentation 

of data to representing complicated clinical reasoning, including set theory, probability, Boolean logic, 

Bayesian reasoning, and non-knowledge-based systems (Eta S. Berner, 2007). One frequent hypothesis about 

CDS is to build professional systems by constructing the encapsulated and represented rule-based knowledge 

gained from human experts over time. So, a rule-based system uses rules created by humans to store, sort, 

and manage data. It imitates human intelligence by doing so. A set of facts or a data source, as well as a set 

of rules for altering that data, are needed for this system. A simple rule-based knowledge system comprises 

a collection of statements known as production rules of the form If (condition) then (action). Because they 

frequently operate along the lines of "IF X happens THEN perform Y," the condition part of these rules is also 

known as an "if statement" in some contexts (Afzal et al., 2015; Ali, Hussain, Ali Khan, Afzal, & Lee, 2013; Eta 

S. Berner, 2016; Robert A. Greenes, 2006). 

Cognitive science and systems engineering are complex and challenging development areas for academics 

and application developers in the medical industry. Due to high levels of uncertainty, multiple goals, 

constraints and domain-independent knowledge in clinical practice, worldwide researchers are more focused 

on decision science, knowledge engineering and data science to improve the overall situation (Fox, 

2017). The semantic foundations of cognitive computing are usually based on the logic-based theory of 

reasoning (argumentation) and goal-based decision-making (symbolic decision theory) with several 

extensions to incorporate planning, scheduling, action and monitoring. Substantial research is being carried 

out in cognitive science, such as reasoning, problem-solving, decision-making, planning, perception, language 

and learning (Fox, 2017) to develop new models and languages for guideline-based point-of-care decision 

support systems. Therefore, cognitive computing is creating an idiom in the commercial AI business led by 

IBM's Watson group, Google and many others (Besnard & Hunter, 2008). 

Conventional narrative guidelines are followed in the medical consultation to present population-based rec-

ommendations. It would be challenging for clinicians to follow those guidelines and treat patients simultane-

ously. Therefore, guideline-based point-of-care decision support systems are used to address this problem. 

Clinical guidelines are integrated to these systems by a unique linguistic application known as computer in-

terpretable guideline (CIG) representation languages with various themes and models such as Asbru, EON, 

GLIF, GUIDE, PRODIGY, SAGE and PROforma. Each has different approaches to reflect its members' interests 

and expertise. However, these models share a hierarchical decomposition of guidelines into networks of 

component tasks  (Peleg, Keren, & Denekamp, 2008; Peleg et al., 2003). These approaches are described as 

"task-based paradigm" (Sutton & Fox, 2003) and  "Task- network models (TNMs)" (Peleg et al., 2003). 

3.1.6. Learning health systems (LHSs) and their theoretical principles 

A learning health system (LHS) is a health system that evolves through the integration of data, evidence, and 

experience. To understand the various aspects of HIT, healthcare delivery, models and frameworks, the LHS 

model draws the attention of researchers, practitioners and healthcare providers worldwide. The large 
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volumes of patient data gathered by the LHS can significantly increase the capacity to produce diverse 

hypotheses about healthcare and investigate them to reuse (Jochems et al., 2016). Furthermore, reusing the 

high-scale healthcare data and adding the patient experiences and necessities in the healthcare model will 

personalise and improve the care quality. Besides, it will also lower costs and minimise resource 

consumptions (Budrionis & Bellika, 2016). 

At present, people live longer, and every nation will have an ageing population, increasing levels of long-

lasting illness, multimorbidity, health inequalities, and constrained budgets. Therefore, healthcare 

technology is rapidly evolving with time to facilitate the population (Agid et al., 2018). Consequently, 

incorporating an LHS framework in a healthcare setting needs authentication of various linked elements to 

the LHS frameworks. Unfortunately, some practice has wide-ranging variations, which cannot be justified. 

However, in some cases, healthcare organisations and clinicians worldwide are unwilling or do not have the 

capacity and motivation to initiate the change (Ham, 2003). 

Simultaneously, randomised controlled trials, the proliferation of treatment options, and big data create 

challenges for the user to be up-to-date with all the policy requirements and updates (Sanson-Fisher, 

Bonevski, Green, & D'Este, 2007). Right now, the fast-speed internet and the big-data analytics software in 

healthcare data analysis, combined with improved outcomes measurement and systematic behaviour 

change techniques, could emerge as a new resource in the healthcare system. Therefore, government or 

inter-government or research organisations across the globe are pursuing further research to facilitate the 

underperformance of this industry by developing new models and frameworks (Lafond, Charlesworth, & 

Roberts, 2015). 

Subsequently, promoting a transformation at any level in the healthcare system depends on several critical 

success factors. First, to pursue an enabling care environment, a care provider needs sufficient support and 

drives to start the change. Second, it requires appropriate resources to do the work of transformation. Third, 

it should have the necessary competencies and skills to identify and solve particular problems. Fourth, it 

should be committed and respected by the leaders and engaged with the staff. Fifth, it should grow a culture 

that welcomes and supports any changes. Sixth, it should be capable of data and analytics technology that 

measures and communicate impact. Seventh, it should be adopted by management practices that ensure 

execution and implementation throughout the organisation (Allcock, Dormon, Taunt, & Dixon, 2015). The 

following figure will give an overview of the required factors at a glance to understand the divergence of 

settings: 
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Figure 10: Seven success factors for change in the NHS 

[The success factors for change in the organisation are reproduced from the original artwork from (Allcock et al., 2015), 
Figure 1: Seven success factors for change in the NHS.] 

An LHS can take many forms, but each follows a comparable cycle of collecting, examining and interpreting 

data, followed by serving it back into the system to create a change. Thus, the reproduction of the 

interventions brings collective returns to the health improvements they deliver. Hence, there are various 

appearances in the developed LHS at diverse scales. It could be a particular department of an organisation 

that tracks their patient outcomes to learn and improve their practice. It could be a healthcare provider that 

develops predictive models from their EHR elements. It allows them to estimate the growing demand and 

reallocate resources more efficiently. It could be a nationwide circulated network representing tens of 

millions of patient records from several providers to evaluate the efficiency of specific treatments  (Foley & 

Fairmichael, 2015).  

Therefore, incorporating an LHS framework in healthcare could have various success factors and 

complications. According to Budrionis and Bellika (2016) and Friedman (2015), an effective LHS is tailored 

from the best scientific evidence gathered from each patient in a care setting through three core components 

(Budrionis & Bellika, 2016; Nwaru, Friedman, Halamka, & Sheikh, 2017):  

1. The rapid uses and reuses of knowledge (knowledge produced from clinical practice and research) 

through regular clinical practice.  

2. All of the users of the healthcare settings should have a collective responsibility for the empowerment 

and best uses of the knowledge.   

3. Facilitate appropriate apparatus and public engagement (patients, clinicians and career) for evidence 

construction and dissemination.  

These objectives can be fulfilled through an appropriate foundation to facilitate them in the care settings, 

targeting care improvement and supporting the policy environment (Budrionis & Bellika, 2016). Therefore, 
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an LHS is tailored to generate and put on the best evidence for individual patients' and providers' collective 

healthcare choices. It will also drive the progression of a breakthrough as a natural outgrowth of specific 

patient care and will also ensure innovation, quality, safety, and value in health care (Kalra, Adusumalli, & 

Sinha, 2017).  

Furthermore, an LHS is the "efferent loop" of the healthcare system. It is a learning cycle that never ends. It 

keeps improving by translating tailored treatment into the system at the point of care. It can utilise 

information from one setting to another to facilitate shared decision-making conversations for a specific 

patient with real-time information while assessing a patient (Schneeweiss, 2014). The following figure 11 will 

give an overview of the LHS cycle:  

 
Figure 11: The Learning Health System Cycle 

[The LHS cycle is an original artwork designed by the author. It is based on (Friedman, 2015), Fig. 3 Prototypic LHS 
Infrastructure Services and (Kalra et al., 2017) figure 1 LHS Learning Health Cycle.]  

The designed LHS is a collective process of six individual stakeholders. Each of them has its responsibility to 

solve a problem and add knowledge to the frameworks. Section one is the data collection, and it contains 

the mechanisms for managing and collecting data. Section two is data assembling, and it initialises 

assembling data to the system as computable knowledge. Section three is data analysing. It uses technology 

to aggregate and analyse the captured data. Section four is the interpreting results that connects to the 

knowledge repository to combine new findings. Section five is tailoring treatment. It tailors and selects the 

most likely treatment based on individual genetic understanding and disease. The seventh section is 

executing the treatment. It executes the treatment and reviews the result. After completing the last task, the 

process loops back and adds knowledge to the system. 

There are several models presented by worldwide researchers and by government agencies to learn the 

health systems, including the learning health care community (LHCC) model, real-world data (RWD), patient-

reported outcomes (PROs), and many more (McGinnis, Aisner, & Olsen, 2007; Mullins, Wingate, Edwards, 

Tofade, & Wutoh, 2018). Although the theoretical development of LHS is well established, the 
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implementations are still limited. The developed models by many research groups of the LHS have failed to 

bespeak the potentials and benefits of changes in healthcare delivery (Budrionis & Bellika, 2016).  

However, the Human Genome project's recent development and subsequent sequencing of the human 

genome intensely redefined the understanding of disease progressions, analysis, therapeutics, and 

prevention. Researchers worldwide are now more inclined to integrate the enormous and ever-increasing 

numbers of genomic, genetic, health, organisational, ecological, and social data on specific individuals to 

achieve more exclusively personalised decision making and healthcare. The LHS model intensively looks after 

cystic fibrosis and cancer, cardiology and ischaemic stroke, and many more (Nwaru et al., 2017). 

3.1.7. Summary of the review 

Throughout this section, various settings in the HIT are discussed to understand the aspects and importance 

of the settings. The CDS system is versatile and has many use cases scenario. It helps the medical researchers 

recognise various aspects of the disease and find common patterns for the medical decision maker. It has 

been constructed for many decades and updated with health professionals' and researchers' initiatives to 

accommodate the best possible diverse system for tackling medical emergencies.  

3.1.8. Conclusion  

3.1.8.1. Analysis of the gaps in the literature 

The gaps in the literature are identified; although CDS is a versatile system, the technological advancement 

of the global settings has changed the aspects of many early built systems. In some instances, some of the 

systems are not capable of accommodating modern technology (Kawamoto, Lobach, Willard, & Ginsburg, 

2009; Kukhareva et al., 2014). Besides, compared to the other sectors, the development is lagging (Robert A. 

Greenes, 2014; Linder et al., 2006). 

3.1.8.2. Contribution from the literature review 

This review will help the reader to understand the settings and their associated gaps. Based on the outcome 

of the literature review, the future relevant sections of this thesis will be designed to fulfil the need. 

Furthermore, this review will also be significant to the reader to progress their work in the HIT.  

3.2. The Literature review: AI in healthcare 

The following section will discuss the existing literature on AI and ML methods and algorithms for the reader 

to understand the aspects of the settings. After reviewing this section, the reader will gain sufficient 

knowledge of the methodological and theoretical perspectives of the present HIT (Healthcare information 

technology) and its digital adaptations. 
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3.2.1. Introduction 

The recent development of Precision medicine1 (MNIH, 2017) and implementation science2 are the critical 

concepts of specialist CDS to get a patient-tailored prescription (MNIH, 2017, 2019). Subsequently, the 

progress of CDS is constructed upon decades of work (R. A. Greenes et al., 2018; Middleton et al., 2016) 

through data generation, aggregation, analysis, knowledge creation, knowledge dissemination and use, and 

ongoing measurement for continuous feedback and refinement of the systems by the global initiative 

(Etheredge, 2007; Henry, Middleton, & Partridge). Thus, a CDS with distinct proficiency in specialist disease 

and medicine is necessary for modern healthcare settings (Dankers, Traverso, Wee, & van Kuijk, 2019).  

The concept of mimicking human intelligence is delivering benefits in some medical and other domains. 

However, there is still a visible lack of human intelligence, and some models lack explicit declarative 

knowledge representation, which needs improvement (Holzinger et al., 2017; Hopgood, 2005; Silva et al., 

2015). Although AI was active among computer scientists and psychologists for 60-70 years (Holzinger et al., 

2017; Hopgood, 2005), up until recent times, the uses of AI assistive technology was not well established in 

the medical domain. It is seen in the vast expansion of HIT and the internet of things (IoT) devices and device-

related specialist software, eHealth and mHealth systems.  

The mobile penetration rate for developed and some developing countries is close to 100%, and the 

unprecedented proliferation of mobile apps has reached 6.95 billion by 2020. Higher-income countries in the 

Europe and the America have more AI-based or non-AI e/mHealth initiatives than lower-income countries in 

Africa and Asia. Therefore, many governments in developing countries recognise the importance of 

e/mhealth and its benefits and are aligning toward the sustainable development goals (SDGs) by the United 

Nations (UN) (Alam et al., 2020). 

However, the categorisation of apps and their contents is based on the developers' decisions. Sometimes 

this information is not reliable and helpful to the users. These massive volumes of apps and embedded 

information are frequently fragmented and lacked appropriate references and supportive scientific 

knowledge (Paglialonga et al., 2018). The practitioners commonly use HCI (human-computer interaction) 

even though there is clear evidence of a lack of empirical research. Due to the lack of medical knowledge and 

inaccessible immediate emergency medical support, the users are in jeopardy of getting legal advice and 

have to go through severe difficulties or lose their lives (Lallemand, Gronier, & Koenig, 2015).  

Machine learning (ML) techniques, natural language processing (NLP), and neural networks help diagnose 

more accurately in various medical settings. Neural network techniques connect the relations between the 

input variables, hidden layers and outcomes. Deep learning is an extension of the classical neural network 

 
1 It is a specialised approach to the individual patient care, which allows clinicians to tailor and select a most likely 
treatment to help patients based on their genetic understanding and disease. It is also called personalised medicine. 
2 It is the study methods of the LHS to recommend the implementation and integration of evidence-based practices, 
involvements and strategies into routine healthcare and public health settings.  
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technique. The rapid development of the modern HIT empowers deep learning to accumulate neural 

networks with multiple numbers of layers to discover more complex non-linear data patterns. The popularity 

of deep learning in care settings is increasing every day due to its nature to slove complex problems and 

increased volume of available data (F. Jiang et al., 2017; Topol, 2019). 

3.2.2. AI and machine learning (ML) Basics 

AI and ML have created immense possibilities in modern technology. Presently, substantial growth of 

telemedicine applications and AI-assisted technology in medicine, medical diagnosis, medical statistics, 

human biology, and more is visible worldwide. In every sector of healthcare, AI is widespread. The 

architectural thinking and development of a  universal CDS and its capabilities of including AI have also 

emerged in modern healthcare settings  (Hamet & Tremblay, 2017). Therefore, the increased interest and 

the opportunities created by the healthcare settings have made a significant field of research (Rashidi, Tran, 

Betts, Howell, & Green, 2019). The following section discusses various aspects of this developed field for the 

readers to understand the context. 

3.2.2.1. Introduction 

With the growth of the HIT, the growing and accessible healthcare data, and AI in various health analytic 

programmes, most of the current healthcare settings are changing their paradigm toward AI-supported 

technology  (Benjamins, Hendriks, Knuuti, Juarez-Orozco, & van der Harst, 2019; D. Y. Cho & Przytycka, 2013). 

In vital diseases like cancer, neurology and cardiology, AI is used for early detection and diagnosis, treatment, 

outcome prediction and prognosis evaluation. The clinical data are grouped with the medical notes, 

electronic recordings, physical examinations, clinical laboratory data and images for better treatment 

outcomes. Furthermore, data are currently mapped with diagnosis imaging,  electrodiagnosis, and genetic 

information and testing (FDA, 2013; Juarez-Orozco, Martinez-Manzanera, Storti, & Knuuti, 2019).  

Furthermore, various new tools are developed in many aspects of medical practice, pathology, hospital and 

laboratory to overcome the barriers of disease and system. Therefore, creating an optimal design and a 

successful implementation pathway needs cross-disciplinary literacy and critical knowledge (Rashidi et al., 

2019). Many mature methods and algorithms like  Keras, PyTorch, Tensorflow and Acumos are included in 

this knowledge. These machine-learning components are typically connected with linear pipelines for the 

system to be data-driven. The inclusion of these methods is categorised as supervised, unsupervised, and 

reinforcement learning (Hopgood, 2021; Schüller et al., 2022). 

Therefore, by implementing a suitable learning environment, a machine can learn automatically from the 

given sample and enforce them for future augmentation. This process is robust, and healthcare applications 

now significantly recognise various disease patterns. Furthermore, recognising these systems addresses 

unseen contrast that a human fails to understand (Dunjko, Taylor, & Briegel, 2016).  
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3.2.2.2. Machine learning in analysing image 

The image plays an essential part in many domains of health care delivery. Healthcare produces many X-rays, 

CTs, MRIs, and other forms of image data. This creates challenges for the sectors to manage and understand 

them accurately. Hence, the growing challenges within this sector are restructuring the related technology 

by creating turnkey solutions for capturing a series of medical imaging 'big-data' by implementing AI and ML. 

Therefore, traditional image processing techniques transform to solve complex problems and mimic human 

intelligence (Hopgood, 2021; Lézoray, Charrier, Cardot, & Lefévre, 2008; Zerouaoui & Idri, 2021). 

The recent advancement in this field can better understand complex images. Additionally, the availability of 

image datasets and benchmarks and ML image processing are solving critical health problems (Hopgood, 

2021; Lézoray et al., 2008). Therefore, image processing and its learning mechanisms are expected to 

increase for adaptation. Besides, it will also create complexity for a machine and it is sometimes difficult to 

process big data without having enough processing power. Similarly, inspecting the ML models if they can 

handle the vast amount of images is acceptable. Therefore, the data processing algorithms and the settings 

are also required to adopt new features to get good results (Fujii et al., 2020; Kamal et al., 2022; Kuwajima & 

Ishikawa, 2019). 

Additionally, various image processing researches are undergoing in the medical domain to understand 

diseases like cancer, Covid-19, pneumonia, Alzheimer's, bone fracture etc. For instance, based on the 

research by Kamal et al. (2022), the images from an MRI are processed through an adaptive mean filter to 

recognise Alzheimer's. Then they processed them using histogram equalisation and feature extraction by 

Haar wavelet transform. For classifying images, they have used LS-SVM-RBF (Least-squares support-vector 

machine- Least-squares support-vector machine), SVM (Support-vector machine), KNN (k-Nearest 

Neighbours), and a random forest classifier.  

Furthermore, image processing and machine learning are also used to detect lung cancer. The model predicts 

cancer by analysing images and blood samples. The radiologist categorises the patient as normal and 

abnormal to train the model. Particular feature extensions and calcification of ideas are performed to get the 

best results. Consequently, SVM and several image processing techniques are used to get more accurate 

results (Inage et al., 2018). Several other use case scenarios for analysing images by ML will be discussed later 

in various chapters for the reader to understand the importance and aspects. 

3.2.2.3. Data preprocessing 

Data produced by any healthcare medium tend to be incomplete and inconsistent. Therefore, they are 

lebelled as dirty. Before applying them to any ML informants, they need preprocessing to improve the quality. 

It helps the ML algorithms to improve the accuracy and efficiency of the corresponding results. Therefore, 

detecting data inconsistencies and correcting and analysing them before implementation help data 
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augmentation and decision-making become more beneficial (Jin, Li, Ma, Guo, & Yu, 2017; Marinescu et al., 

2011). 

Consequently, data preprocessing (DP) is the core element of ML procedures and is implemented in most 

data mining processes. Over the past decade, ML has advanced significantly in benchmark datasets, hardware 

acceleration, and algorithmic innovations. Therefore, they are used to train computer vision, natural 

language processing and life sciences research to define genomics, proteomics, and metabolomics (Abram & 

McCloskey, 2022; Andreoni Lopez, Mattos, Duarte, & Pujolle, 2019).  

 

Figure 12:  knowledge discovery and Data preprocessing pipeline (Suad & Wesam, 2017) 

However, among all the various techniques, an effective way of assessing data by analysing them to produce 

life science data for deep learning performance is lacking. Therefore, different gap analysing research to 

understand the best course of dealing with ML is carried out by worldwide researchers (Abram & McCloskey, 

2022; Andreoni Lopez et al., 2019). Additionally, to boost the performance of the accuracy or precision of 

any dataset, the data preprocessing method is used by various classification algorithms and frameworks such 

as Hadoop, Spark and Flink (García, Ramírez-Gallego, Luengo, Benítez, & Herrera, 2016; Iliou, 

Anagnostopoulos, Nerantzaki, & Anastassopoulos, 2015; Azizur Rahman, 2019).  

3.2.2.4. Data processing 

Data processing (DP) is the core section of the ML cycle; a choice of algorithms processes the data, and after 

a series of operations, the results are obtained (Alzubi, Nayyar, & Kumar, 2018). In the procedures, the data 

is trained, and if the results are not satisfactory, they are fine-tuned with various parameters tuning to 

augment the decision fit for the purpose (Priya & Sivakumar, 2018; Sughasiny & Rajeshwari, 2018). Therefore, 
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a generic ML process consists of six independent components or levels containing tasks. Some tasks are done 

before the DP and some in-between to make the process unique and impactful (Alzubi et al., 2018). 

 

Figure 13:  Components of a Generic ML model (Alzubi et al., 2018) 

Various digital libraries are used to process data sets to acquire the accepted results. It is a complex system 

process that extends institutional resources (libraries) and capabilities (model and system). It combines 

electronic collections of human endeavour, including art, music, medicine, science, movies, videos, books, 

product literature, newspapers, brochures, and catalogues (Schwartz, 2000; Stancin & Jovic, 2019). Besides, 

there are python digital libraries like NumPy, SciPy, Plotly, Matplotlib etc., to process data in the ML and DL 

settings  (Brugman & Eaves, 2020; Hayes & Becker, 1974; Schwartz, 2000). The following section will discuss 

the corresponding data processing models and algorithms. 

3.2.2.4.1. ML algorithms and model evaluation  

In healthcare, machine learning is used for disease diagnosis, drug discovery, and identifying patient risks. 

Numerous medical data sources, such as ultrasound, magnetic resonance imaging, mammography, 

genomics, computed tomography scans, and so on, are necessary to detect diseases utilising artificial 

intelligence approaches accurately. Therefore, every AI system must follow specific rules to conduct its 

operation successfully to recognise the disease and its patterns.  

ML algorithms enable a computer to learn and think to follow a particular data or pattern. With an 

appropriate algorithm, many unseen contracts are visible to us, and we can aid our decision with the 

mimicking technology (Batta, 2020). It makes the computer much more intelligent. Once it learns the data or 

pattern, it builds its knowledge. Thereafter, it develop its knowledge in a loop learning from new elements. 

Furthermore, it doesn't require explicit programming due to  various prebuild libraries and models (Batta, 

2020; Fatima & Pasha, 2017). 

Therefore, computer-aided diagnosis (CAD) is gaining popularity in many AI disease prediction and forecast 

research. Besides, it is also gaining popularity due to the significance of adding new perceptions, where 

misleading opinions among clinicians are visible. With automatic algorithms and pattern recognition, a CAD 

ML improves the accuracy of insight and disease diagnosis. Therefore, it is used in diagonosis of heart disease, 

diabetes, liver cancers, dengue, hepatitis, and many more (Fatima & Pasha, 2017). 
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Figure 14: Current ML paradigms (Alzubi et al., 2018; Batta, 2020; A. Singh, Thakur, & Sharma, 2016). 

There are other dependencies to treat a dataset, and these depend on how an algorithm is trained. Based on 

the availability of the training output, ML paradigms are classified into ten categories: supervised learning, 

semi-supervised learning, unsupervised learning, reinforcement learning, multi-task learning, ensemble 

learning, artificial neural network, Instance-based learning, dimensionality reduction algorithms and hybrid 

learning (Alzubi et al., 2018; Batta, 2020). The following section will discuss all the categories to understand 

the aspects of the current ML paradigms. 

3.2.2.4.2. Supervised learning  

Supervised learning (SL) is a composition of algorithms and can produce general patterns and hypotheses 

using external instances to predict the outcome of upcoming cases. The classification algorithms (CL) of this 

learning aim to categorise data from previous knowledge. Therefore, it maps the input to the output based 

on the instance's input-output data sets. The most common CLs are rule-based, logic-based, instance-based, 

and stochastic techniques (Fatima & Pasha, 2017; A. Singh et al., 2016). 

A training set is used in supervised learning to instruct models to produce the desired results. This training 

dataset has both the right inputs and outputs, enabling the model to develop over time. The loss function 

verifies the algorithm's correctness, and iterations are made until the error is sufficiently reduced. There are 

various supervised learning, and some of the most  common learning methods are described in the following 

section: 

i. Neural network  

Neural networks, a subset of machine learning and at the core of deep learning algorithms, are also known 

as artificial neural networks (ANNs) or simulated neural networks (SNNs). They are typically used for 

classification and prediction, and sometimes for generation of new data. Their structure and nomenclature 

are modelled after the human brain, mirroring the communication between organic neurons. Each node of 

this network has a respective activation function that defines the node's output based on a set of inputs. This 

network can be changed into a regression model by manipulating the last activation function. 'Keras' Python 
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library is used to build neural networks in ML. Furthermore, a single parameter or a range of parameters for 

predicting the output can be chosen using neural network regression (IBM, 2020). 

 

 

Figure 15:  A deep neural network (F. Jiang et al., 2017; Ozkaya et al., 2020) 

[Figure 15 artwork is a modified redrawn by the author based  (F. Jiang et al., 2017; Ozkaya et al., 2020) deep neural 
network. It shows the hidden layers of the data within a network and the output and the outcome of the data after AI 
involvement in the data mining.] 

 

Training data is essential for neural networks to develop and enhance their accuracy over time. However, 

these learning algorithms become practical tools in computer science and artificial intelligence once they are 

adjusted for accuracy, enabling us to classify and cluster data quickly. To produce individualised suggestions, 

neural networks can track user activities. They can also evaluate all user behaviour to uncover new items or 

services that may be of interest to a particular user. For instance, the Philadelphia-based startup Curalate 

assists businesses in turning social media posts into sales. The intelligent product tagging (IPT) tool from 

Curalate is used by brands to automatically gather and curate user-generated social media material. To 

automatically locate and recommend products related to a user's social media activity, IPT uses neural 

networks. Customers can easily locate a specific product from a social network image without having to go 

through online catalogues. Instead, they can easily buy the goods using Curalate's auto product tagging (AWS, 

2022). 

ii. Linear regression 

Linear regression analysis is used to predict the value of one variable based on the value of another variable. 

With the help of one or more independent variables that can most accurately predict the value of the 

dependent variable, this type of analysis calculates the coefficients of the linear equation. The differences 

between expected and actual output values are minimised by linear regression by fitting a straight line or 

surface. The best-fit line for a set of paired data can be found using straightforward linear regression 
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calculators that employ the "least squares" technique. Linear regression maintains the relationship between 

a scalar response and explanatory variables (IBM, 2020).  

Therefore, a considerable number of variables are utilised to predict output variables. Here, a line is drawn 

to establish the relationship between the independent and dependent variables, named the regression line. 

Therefore, it is also represented by a linear equation Y= a *X + b. 

In this equation: 

Y – Dependent Variable 

a – Slope 

X – Independent variable 

b – Intercept 

The coefficients a & b are derived by minimising the sum of the squared difference of distance between data 

points and the regression line (AWS, 2022). 

The mathematical technique used in linear regression models is straightforward and can be used to make 

predictions. Numerous corporate and academic disciplines can benefit from it and It is employed in a wide 

range of fields, including business and the social, behavioural, and environmental sciences. Future 

predictions can now be made scientifically and with high reliability using linear-regression models. The 

features of linear-regression models are well understood and can be trained extremely quickly since linear 

regression is a statistical technique that has been around for a very long time (IBM, 2020; A. Singh et al., 

2016). 

iii. Logistic regression  

Based on a specific dataset of independent variables, logistic regression calculates the likelihood that an 

event will occur, such as voting or not voting. Logistic regression is also known as logit regression; it 

approximates distinct values (binary values like 0/1) from a set of independent variables. Therefore, it uses 

the logit function to fit data to predict the probability. In logistic regression, the odds—that is, the probability 

of success divided by the probability of failure—are transformed using the logit formula. The following 

formulas are used to represent this logistic function, which is sometimes referred to as the log odds or the 

natural logarithm of odds: 

Logit(pi) = 1/(1+ exp(-pi)) 

ln(pi/(1-pi)) = Beta_0 + Beta_1*X_1 + … + B_k*K_k 

Logit (pi) is the dependent or response variable in this logistic regression equation while x is the independent 

variable. The most frequent method for estimating the beta parameter, or coefficient, in this model is 

maximum likelihood estimation (MLE). This approach evaluates various beta values to find the best fit for the 

log odds. The log-likelihood function is created after each of these iterations, and logistic regression aims to 

maximise this function to get the most accurate parameter estimate. The conditional probabilities for each 
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observation can be calculated, logged, and added together to produce a forecast probability once the best 

coefficient (or coefficients, if there are multiple independent variables) has been identified. If the 

categorisation is binary, a probability of less than.5 predicts 0 and a probability of more than 0 predicts 1. It 

is recommended to assess the model's goodness of fit, or how well it predicts the dependent variable, once 

the model has been computed (F.Y et al., 2017; IBM, 2022). 

iv. Support vector machine (SVM) 

The SVM algorithm plots raw data as points in an n-dimensional space (where n is the number of features). 

Then a particular coordinate is tied to each component to classify the data. A classifiers line is used to split 

the data to plot them on a graph. It is also classified as linear and non-linear regression in ML. It is mainly 

used in image processing and segmentation, predicting stock market patterns, text categorisation, etc (F.Y et 

al., 2017; Scikit Learn, 2022). 

Support vector machines' benefits include: 

▪ Efficient in high-dimensional environments. 

▪ Useful in situations where the number of dimensions exceeds the number of samples. 

▪ It is also memory efficient because it only uses a portion of the training points (known as support vectors) 

in the decision function. 

▪ Different Kernel functions can be given for the decision function, making it versatile. There are common 

kernels available, but you can also define your own kernels. 

SVC, NuSVC, and LinearSVC, like other classifiers, require two arrays as inputs: an array X of form (n samples, 

n features) storing the training samples, and an array y of class labels (strings or integers), of shape (n 

samples), holding the class labels: 

from sklearn import svm 
X = [[0, 0], [1, 1]] 
y = [0, 1] 
clf = svm.SVC() 
clf.fit(X, y) 

The model can then be used to forecast new values after being fitted: 

clf.predict([[2., 2.]]) 
 

v. KNN (K-nearest neighbours) algorithm 

The k-nearest neighbours algorithm, often known as KNN or k-NN, is a non-parametric, supervised learning 

classifier that employs proximity to classify or predict the grouping of a single data point. Although it can be 

applied to classification or regression issues, it is commonly employed as a classification algorithm because 

it relies on the idea that comparable points can be discovered close to one another. A class label is chosen 

for classification problems based on a majority vote, meaning that the label that is most commonly expressed 

around a particular data point is adopted (IBM, 2021; Ray, 2019).  
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Regression problems use a comparable concept to classification problems, but in this particular instance, the 

average of the k nearest neighbours is used to make a classification prediction. The main difference is that 

classification is used for discrete values, whereas regression is used for continuous values. However, before 

making a classification, the distance must be defined. The distance between the query point and the other 

data points must be calculated in order to determine which data points are closest to a given query point. 

These distance metrics aid in the formation of decision boundaries, which divide query points into distinct 

regions. Voronoi diagrams are commonly used to depict decision boundaries (IBM, 2021; Ray, 2019). 

There are various distance measurements, and some of them are discussed below: 

Euclidean distance (p=2): This distance metric, which can only be applied to real-valued vectors, is the most 

widely used one. The straight line between the query location and the other point being measured is 

calculated using the formula below. 

𝑑(𝑋, 𝑌) = √∑(𝑌𝑗 − 𝑋𝑗)2

𝑛

𝑖=1

 

 

Manhattan distance (p=1): The absolute value between two places is measured using this common distance 

metric. It is also known as taxi distance or city block distance since it is frequently represented by a grid and 

shows how one might travel between two addresses using city streets.  

 

Manhattan distance = 𝑑(𝑋, 𝑌) = √∑|𝑋𝑗 − 𝑌𝑗|

𝑛

𝑖=1

 

 

Minkowski distance: The generalised version of the Manhattan and Euclidean distance metrics is this one. 

Other distance measures can be created using the parameter p in the formula below. This formula denotes 

Manhattan distance when p is equal to one and Euclidean distance when p is equal to two. 

Minkowski distance =  (∑|𝑋𝑗 − 𝑌𝑗|
1

𝑝⁄

𝑛

𝑖=1

) 

3.2.2.4.3. Semi-supervised learning  

Semi-supervised learning (SSL) is an intermediate algorithm between supervised and unsupervised learning. 

It can use both labelled and unlabeled datasets for the training phase for inductive and transductive learning. 

It is gaining much more popularity for practical applications. It has the characteristics to solve small labelled 

and large unlabelled data sets. Therefore, it is implemented in the data sets when the data labelling is costly 
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and challenging. It can also clear the low bar exception and performs better than the SL algorithm 

(Mohammed, Khan, & Bashier, 2016; Yang, Song, King, & Xu, 2021). 

The fundamental principle of semi-supervision is to treat each datapoint differently depending on whether 

it has a label or not. For labelled points, the algorithm will update the model weights using traditional 

supervision; for unlabeled points, the algorithm will minimise the variance in predictions among other 

examples of training that are similar. Consider the dataset for crescent moons in Figure 16 as an example of 

intuition. It is a binary classification issue with one class for each crescent moon. Say there are only 7 

identified data points and the rest are unlabeled. 

 

Figure 16: Semi-supervised learning (v7labs, 2021) 

3.2.2.4.4. Unsupervised learning  

Unsupervised learning (UL) is a technique where the model does not need supervision and can work 

independently. Therefore, it permits the model to discover patterns and information which are not detected 

previously. It can also find the features that can help categorise various aspects of the data. Furthermore, it 

can work in real-time, perform data analysis and label simultaneously while learning. It can analyse more 

amounts of data produced by the atomistic and molecular simulations of material science, solid-state physics, 

biophysics, and biochemistry. Clustering, anomaly detection, neural networks, etc., are examples of UL 

(Glielmo et al., 2021; Mohammed et al., 2016).   
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Figure 17: Unsupervised machine learning (Javat Point, 2023) 

Unsupervised learning algorithms can be divided into two categories, i) Clustering and ii) Association (Batta, 

2020; Javat Point, 2023). 

i) Clustering: When objects are grouped into clusters, the objects with the most significant degree of 

similarity are kept in one group and have little to no similarity with the objects in the other group. 

Cluster analysis discovers similarities between data objects and categorises them based on the 

existence or absence of those similarities. 

ii) Association: An association rule is an unsupervised learning strategy used to discover links between 

variables in a large database. It determines the set of elements in the dataset that appear together. 

For example, an association rule such as “if people who buy x also can also frequently buy y” can 

improve the effectiveness of a marketing strategy.  

Therefore, it is used to answer most complex tasks, and there are some variations of this algorithm, like k-

means clustering, KNN (k-nearest neighbors), Hierarchal clustering, Anomaly detection, Neural Networks, 

Principle Component Analysis, Independent Component Analysis, Apriori algorithm and Singular value 

decomposition. Various medical image processing AI applications and models use unsupervised machine 

learning like Structural magnetic resonance imaging (sMRI), Functional magnetic resonance imaging (fMRI), 

Restricted Boltzmann machine (RBM) and etc (Raza & Singh, 2021). 

3.2.2.4.5. Reinforcement learning  

Reinforcement learning can perceive and interpret its environment. Furthermore, it can take action and learn 

through trials and errors. It can also encourage the agent by adding positive values to its desired activities 

and negative values to the undesired behaviours. It can reach an optimal solution by progressing the agent 

to acquire a long-term and maximum overall reward. Therefore, the agent gradually learns to avoid the 

negative and pursue the positive. It is mainly used in gaming, resource management, personalised 

recommendations and robotics (Carew, 2021; Gronauer & Diepold, 2021).   
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The vast amount of medical records that are building up on medical information systems offer the potential 

to enhance the calibre of medical care. It is possible to think of the course of medical therapy as interactions 

between patients and doctors. Through various examinations, doctors can determine a patient's condition 

and then identify the best course of action to modify that condition. Chronic diseases linked to a particular 

lifestyle, such as diabetes mellitus, hypertension, hyperlipidemia, and vascular problems, can interact for 

years. Here, reinforcement learning plays a critical part in understanding the medical situation of biomedical 

data (Asoh et al., 2013; M. Mahmud, Kaiser, Hussain, & Vassanelli, 2018).  

 

Figure 18: Reinforcement learning (Bhatt, 2018) 

Reinforcement learning has different objectives from unsupervised learning. While finding similarities and 

differences between data points is the aim of unsupervised learning, the aim of reinforcement learning is to 

identify an appropriate action model that would maximise the overall cumulative reward of the agent. The 

action-reward feedback loop of a general RL model is shown in Figure 18 (Batta, 2020; Bhatt, 2018). 

Furthermore, in recent years, rapid advancements in hardware-based technologies have created new 

opportunities for life scientists to collect multimodal data across a range of application domains, including 

omics, bioimaging, medical imaging, and (brain/body)-machine interfaces. The creation of specialised data-

intensive machine learning approaches has given new chances to contribute to these domains (Asoh et al., 

2013; M. Mahmud et al., 2018). 

Although both supervised learning and reinforcement learning use mapping between input and output, 

reinforcement learning uses rewards and punishments as signals for positive and negative behaviour, in 

contrast to supervised learning, which gives the agent feedback in the form of the proper set of actions to 

perform a task (Asoh et al., 2013; M. Mahmud et al., 2018). 

3.2.2.4.6. Evolutionary learning 

Machine learning approaches have been used to uncover knowledge in several medical disciplines, including 

diagnosis and prognosis, medical imaging and signal processing, planning, and scheduling. Within this field, 

prognosis and diagnosis are frequently encountered. A diagnosis is made by carefully selecting information 

about a patient and then interpreting it in light of prior knowledge as support or opposition to the existence 

or absence of diseases (Castellanos-Garzón, Costa, Jaimes S, & Corchado, 2019). Therefore, evolutionary 
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learning (EL) can solve data optimisation problems stochastically and offers a reliable and practical approach 

to addressing complex real-world application problems. Furthermore, it is used in ML to improve the model 

performance and results. It can be used in three steps. The first one is preprocessing, the second one is 

learning, and the third one is postprocessing. The ML-evolutionary algorithm (EA) approach demonstrates 

high efficiency for multiple target shapes with different complexities. The hybrid method is known as 

evolutionary machine learning (EML); it is an auto ML technique where the architecture and 

hyperparameters are automatically controlled using EC approaches (Batta, 2020; Telikani, Tahmassebi, 

Banzhaf, & Gandomi, 2022).  

EL is also known as evolutionary computation (EC); it can provide a dependable and efficient method to 

handle complicated issues in practical applications. Recently, EC algorithms have been applied to enhance 

the effectiveness of machine learning (ML) models and the calibre of their output. All three stages of machine 

learning—preprocessing (e.g., feature selection and resampling), learning (e.g., parameter setting, 

membership functions, and neural network topology), and postprocessing (e.g., decision tree/support 

vectors pruning, ensemble learning)—can be carried out using evolutionary methods (de Lacy, Ramshaw, & 

Kutz, 2022; Kamal et al., 2022). 

 

Figure 19: A classification of evolutionary machine learning approaches (Telikani et al., 2022) 

The concepts of natural evolution serve as the foundation for EC methods. In order to improve the quality of 

problem solutions, an EC approach encodes a problem in terms of the individual(s) to be evolved. To create 

new individuals, genetic operators including crossover, mutation, and selection are used. Only the most 
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exceptional individuals survive as a source of further diversity, according to a differential fitness survival 

mechanism. Iterative heuristics are used by EC algorithms to explore the search space and find progressively 

better answers shown in figure 19  (Qazi et al., 2021; Telikani et al., 2022). 

3.2.2.4.7. Ensemble learning  

Ensemble learning pursues improved predictive performance by combining two or more models' predictions. 

There can be many existing ensemble models for predictive modelling problems. But only three methods 

dominate the ensemble learning context. Therefore, standard procedures are bagging, stacking, and 

boosting. Different cross-domain collaborative filtering (CDCF) algorithms are introduced in various research 

to address the sparsity problem, leveraging ratings of auxiliary fields to improve the target domain's 

recommendation performance. The two-sided CDCF algorithms have better performance as they can obtain 

user and item knowledge. Therefore, many ensemble algorithms like bagged decision trees, random forest 

and extra trees are considered for this approach (Brownlee, 2021; Yu et al., 2021).  

 

Figure 20: decision tree (Lutins, 2017) 

Based on a set of inquiries and criteria, a decision tree calculates the prediction value. For instance, Figure 

20 shows a straightforward decision tree for deciding whether or not a person should play outside. The tree 

considers a number of weather-related factors and, depending on each, either decides or poses another 

inquiry. There are a number of things to take into account when creating decision trees: What characteristics 

does it base its decisions on? What is the cut-off point for categorising each question as a yes or no response? 

What if a third party was involved and asked to further specify the Yes and No classes in the decision tree in 

Figure 20? The use of ensemble methods is useful in this situation. Ensemble methods enable the models to 

take a sample of decision trees into account, determine which features to use or questions to ask at each 
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split, and create a final predictor based on the combined results of the sampled decision trees, as opposed 

to just relying on one decision tree and hoping that it makes the right decision at each split (N. Liu et al., 

2020; Lutins, 2017). Although there are practically countless ways to accomplish this, there are three most 

frequently discussed and used classes of ensemble learning approaches: i) Bagging, ii) Stacking, iii) Boosting 

(Batta, 2020; Brownlee, 2021; N. Liu et al., 2020). 

i) Bagging: Bootstrap aggregation, often known as bagging, is an ensemble learning technique that seeks 

a varied set of ensemble members by changing the training data. This often entails training each model 

on a distinct sample of the same training dataset while utilising a same machine learning method, which 

is nearly invariably an unpruned decision tree. The ensemble members' forecasts are then merged using 

detailed statistics like voting or average. 

 

Figure 21: Bagging Ensemble Learning (Brownlee, 2021) 

ii) Stacking: Stacked Generalisation, or stacking for short, is an ensemble technique that uses different 

model types based on the training data and uses a model to combine predictions in order to find a 

diverse group of members. Here, the combiner is referred to as the second-level learner, or meta-

learner, and the individual learners are referred to as the first-level learners. Although there might be 

more layers of models, the most popular hierarchy has two levels. For instance, we might have 3 or 5 

level-1 models instead of just one, and a single level-2 model that combines the level-1 models' 

projections to produce a prediction (Brownlee, 2021). 
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Figure 22: Stacking Ensemble Learning (Brownlee, 2021) 

iii) Boosting: Boosting is an ensemble technique that aims to modify the training data in order to draw 

attention to instances where prior fit models on the training dataset have failed. The concept of 

correcting prediction errors is the fundamental characteristic of boosting ensembles. In order to attempt 

to correct the predictions of the first model, the models are fitted and introduced to the ensemble one 

at a time. The third model then attempts to correct the predictions of the second model, and so on 

(Brownlee, 2021). 

 

Figure 23: Boosting Ensemble Learning (Brownlee, 2021) 
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The learning algorithm is typically altered to pay more or less attention to particular examples (rows of 

data) depending on whether they have been properly or erroneously predicted by previously added 

ensemble members while leaving the training dataset largely untouched. For instance, the rows of data 

can be weighted to show how much attention a learning algorithm needs to pay attention to while 

developing the model (Brownlee, 2021).  

3.2.2.4.8. Artificial neural network  

Artificial neural networks (ANNs) or simulated neural networks (SNNs) is the core part of deep learning  (DL) 

algorithms, and it is a subset of ML. The development of the model was inspired by the human brain concept 

of mimicking biological neurons' signals that connect one another to pass information. It consists of four 

layers. The first one is the node layers, the second is the input layer, the third is the hidden layers, and the 

fourth is the output layer. Each node has an associated weight and threshold for connecting and data 

validation. If the data output value is above the specified threshold value, the node is activated or else no 

data is passed to the next layer. Therefore, it anticipates machine performance and discharges emissions 

with high accuracy (IBM, 2020; Tuan Hoang et al., 2021).  

3.2.2.4.9. Instance-based learning 

Instance-based learning provides suggestions to clinicians based on the previous case scenarios. Therefore, 

the models learn the training examples and then generalise the new instances based on the similarity of the 

prior knowledge. Thus, the time complexity of the model depends on the size of the training data set. It is 

also known as memory-based learning or lazy learning. There are various instance-based learning algorithms; 

among them, the most commonly used models are: K nearest neighbor (KNN), Self-organizing map (SOM), 

Learning vector quantization (LVQ) and Locally weighted learning (LWL) (David, Dennis, & Albert, 1991; 

Galnares, Nesmachnow, & Simini, 2021).  

3.2.2.4.10. Dimensionality reduction algorithms  

Dimensionality reduction algorithms (DR) are unsupervised learning techniques. They are mainly used for the 

data transformation pre-processing step for the ML algorithms. Principal component analysis (PCA) reduces 

data from higher to lower measurements based on criteria, which still contain most details from the large 

set. There are many types of DR; among them, the most common are the linear algebra methods and the 

manifold learning methods. Each of these algorithms offers a different approach to discovering natural 

relationships in data at lower dimensions (Brownlee, 2020; Salih Hasan & Abdulazeez, 2021). 

3.2.2.4.11. Hybrid learning 

Hybrid learning combines several types of deep neural networks (DNNs) with probabilistic methods 

to model ambiguity. It is a method for reducing model uncertainty and it blends many varieties of 

deep neural networks with probabilistic methods. Different deep learning network types, like GANs 

or dual-stream representation learning (DRL), have demonstrated excellent performance and broad 
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use with different sorts of data. However, unlike Bayesian or probabilistic techniques, deep learning 

algorithms do not model uncertainty. Bayesian deep learning, Bayesian GANs, and Bayesian 

conditional GANs are a few instances of hybrid models (Chen, 2018). 

Deep learning with uncertainty can now be incorporated into a wider range of business situations 

by the hybrid learning models. Better performance and model explainability can be achieved in this 

way, which could lead to more broad adoption (Bharati, 2020). 

3.2.2.5. Section summary  

AI and ML play a vital role in modern HIT, recognising various aspects of diseases. Identifying an illness was 

never so easy and helpful before the adaptation of AI in health care. Every day, the initiative to transform 

this paradigm is getting more significant. Global researchers are developing new methods and models with 

various ML data per/processing techniques to contribute to immense success (Batta, 2020; Brownlee, 2021; 

N. Liu et al., 2020). 

3.2.3. Knowledge-based AI 

A knowledge-based system (KBS) aims to capture knowledge from the human expert by transforming them 

to support decision-making through AI (John, 2022). A KBS is an expert system, which usually includes a 

knowledge base and an inference engine. Therefore, in the medical domain, the CDS and its databases and 

service-oriented architecture are evolving to facilitate extensive data integration and 'mash-ups', where CDS 

can provide cognitive assistance through the KBS (John, 2022; Kawamoto & Lobach, 2007; Loya, Kawamoto, 

Chatwin, & Huser, 2014). Furthermore, KBS is a six-dimensional system with six layers, including data, 

knowledge, inference, architecture and technology, implementation and integration and user.  
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Figure 24: The six dimensions of CDS (Middleton et al., 2016) 

[Figure 16 is an original artwork designed by the author. This artwork is based on 'Clinical Decision Support: a 25 Year 

Retrospective and a 25 Year Vision' by (Middleton et al., 2016). It has six individual dimensions or axes, where data is 

the first element and bottom layer of the stack, followed by knowledge, inference, architecture and technology, 

implementation and integration, and the top layer is the users. All of these elements are essential and interlinked with 

each other for the growth of the CDS] 

'Data' is the first and vital component of the CDS dimension. Without available medical data, modern 

healthcare systems would not have reached their current positions. The staggering online big-data is creating 

continuous challenges for the HIT industry to utilise and maintain the quality and variability of medical data. 

Thus, at the beginning of the revolution, the big-data in the electronic record systems introduce and 

propagate errors to some extent for not utilising them properly (Ash, Berg, & Coiera, 2004; Goel & Joyne, 

2017).  

Nonetheless, it has created the opportunity for healthcare to produce a turnkey solution for laboratory 

(routine, reference, and research labs) and clinical care (from the emergency department to the hospital bed 

and from the critical care to the operating room) (Ash et al., 2004; Goel & Joyne, 2017; McDonald et al., 

2013). The HIT has extended its boundary to bedside monitoring systems, dietary data, smartphones, and 

wearable technologies. These data are aggregated through AI to create medicines, personalised medicines, 

and healthcare products (Adler-Milstein, Embi, Middleton, Sarkar, & Smith, 2017). 

Alongside this, there are substantial challenges to reprocessing CDS data and a lack of common standards to 

combine clinical data and interpret clinical perceptions between different healthcare systems. The 

standardisation of data representation is incomplete at the terminology and ontology level. So, data mapping 

problems are a continuous burden in the health information exchange across healthcare delivery 

organisations (F. Chen et al., 2015; S S Cheng, Bridges, Yiu, & McGrath, 2015).  

'Knowledge' is the second component of the CDS dimension. The early CDS, such as the HELP, BICS, RMRS, 

and CPRS, are examples of pioneer systems that did not have any facility to share knowledge between 

systems. At that time, Arden syntax was developed to address this problem, and the designed "Medical logic 

modules" (MLMs) helped the association transfer knowledge into the systems. Unfortunately, due to the lack 

of standardised terminology between organisations, the components encoded in MLMs needed to be 

mapped to the other local terminology to get a usable result  (F. Chen et al., 2015; Y. Chen et al., 2015).  

GELLO (the guideline expression language object oriented) was another attempt to solve some problems by 

connecting the Arden syntax to provide a standardised interface and query the systems accessing health 

data. There are other forms of progression over time by developing the logical observation identifiers names 

and codes (LOINC), international classification of diseases (ICD-9-CM/10), systematized nomenclature of 

medicine (SNOMED), current procedural terminology (CPT), drug names (RxNorm), GuideLine interchange 

format (GLIF) and contextual query language (CQL) (Samwald, Fehre, de Bruin, & Adlassnig, 2012).   
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The knowledge, its nature and sources are changing with time. Data mining techniques are currently used to 

discover new knowledge, like gene variant-clinical condition associations, novel clinical correlations, and 

more. Furthermore, text processing techniques are used to create large knowledge bases resulting from the 

clinical literature (such as DXplain, IBM Watson, Isabel) (Middleton et al., 2016). Mobilising computable 

biomedical knowledge (MCBK) is another attempt to store and recognise knowledge as computable for the 

CDS as a universal form by the MCBK community. The representation of all medical knowledge should be 

commonly available and can be transmitted across systems by maintaining the guided requirements (UoM, 

2018). 

'Inference' is the third component of the CDS dimension. Since 1990, the methods of inference used in the 

CDS for clinical reasoning is mostly centred on rule-based systems. The systems are beneficial for simple 

alerts and reminders, but anything except the guideline would conflict between the strict rules and the 

systems. In some instances, the service, data and findings from these systems are inadequate and had 

inherent limitations in the knowledge-base itself (E. S. Berner et al., 1994). In recent years, the involvement 

of AI in the CDS has emerged new findings by evolving numeric-based approaches, machine learning 

techniques and big data. The new machine learning approach, artificial neural networks (deep learning), and 

the availability of increasingly sizeable clinical databases create new ways of analysing patient data. It is 

possible to make an association between gene variants and disease states, drug-gene variant dependencies 

and genome-specific drug selection for personalised treatment (Burns, 2022; Goldberg et al., 2014; John, 

2022). 

In the early days back in 1990 and before, a standalone computer system was used to generate a list of 

requests, and it did not have much integration with the EPR. Therefore, the researchers and the developers 

predicted that the "Greek oracle model" of CDS would not work in future healthcare settings (Porter et al., 

1988). The HELP system at the LDS hospital started integrating CDS into clinical information systems (Gardner, 

Pryor, & Warner, 1999). Shortly after that, the Regenstrief medical record system (RMRS), the Brigham 

integrated computer system (BICS) at Brigham and women's hospital, and the VA's computerized patient 

record system (CPRS) are using the CDS directly in the end-user clinician workflow. As technology emerged, 

the healthcare hardware and network technologies have also evolved from standalone computer systems to 

client-server architectures (Akira, 2020; Holzinger et al., 2017; Middleton et al., 2016). 

Like making intelligent healthcare machines, AI-assisted technology was officially started in 1956 by including 

medical robotics in operation (Hamet & Tremblay, 2017). However, the HIT growth has gradually increased 

AI-assisted technology in medicine, medical diagnosis, medical statistics, human biology and more. In every 

sector of healthcare, AI has widespread. Thus, the architectural thinking and development of a universal CDS 

Like OpenMRS and OpenEMR, including AI, have also emerged in modern healthcare settings. 

'Architecture and technology' is the fourth component of the CDS dimension. In the age of HIT, treatment 

complexity, the rising ageing population, multimorbidity, therapeutic advances and sub-specialisation of 
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care, an appropriate integrated CDS across health settings and care pathways is still in progress (Scott et al., 

2018). Over many decades, the growth of this sector and the level of sustained digital investment compared 

to the other industry development is slow and has worked against top-down digital transformation (National 

Information, 2014; Nhs, 2012). 

'Implementation and integration' is the fifth component of the CDS dimension. Since 1990, the integration 

of CDS into clinicians' workflow was growing dramatically, and various application frameworks and 

technology settings are developed. Sometimes later, 'alerts and reminders' are introduced to the CDS 

systems to the clinician's workflow to encourage them to use the systems more accurately. Gradually, several 

successful system integrations are performing outstanding services in the CDS, such as the Info buttons, order 

sets, documentation templates, data displays/flowsheets, and alerts and reminders (Nanji et al., 2014; Payne, 

Perkins, Kalus, & Reilly, 2006). However, with the progression of HIT, the implementation and integration to 

further develop these functionalities to more advanced clinician workflows is not achieved. Although the 

knowledge engineers and the researchers are undertaking a substantial number of programmes to 

standardise the systems, it is challenging to develop a scalable method to combine various systems and their 

clinical concepts, which can be translated across different sites (S S Cheng et al., 2015; Xie, Wang, Zhang, 

Gan, & Liu, 2014). 

'Users' is the sixth component of the CDS dimension. Since 1990, the involvement of the clinicians in 

developing and integrating a new facility with the CDS was reasonable. With the development of new 

technology and its integration into healthcare, the core users of this system are less interested in technology 

than in their work (Middleton et al., 2016). This creates a system gap to progress the CDS capabilities as 

predicted. More involvement from clinicians, therapist, nurses and even patients are needed to implement 

CDS interventions, including AI, machine learning, and up-to-date technology to the current healthcare 

settings to be successful.   

Therefore, the KBS in healthcare has developed through years of service and knowledge creation. The recent 

development of AI would not be possible if the system did not have enough resources to work properly. The 

relationship between AI and KBS is unique; AI uses the knowledge to give an augmented opinion on the 

subject by following and learning patterns from the inside. It acquires, processes, and uses knowledge to 

perform tasks (Avrahami, 2021; Connelly & Goel, 2013; Shibata et al., 1998). Furthermore, KBS helps AI to be 

more meaningful; therefore, the continuous process of adding knowledge to the system is necessary 

(Avrahami, 2021). 

3.2.4. ML models and their evaluation 

The following section will discuss the most used regression algorithms and the model's evaluation to 

understand the settings' aspects.  
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3.2.4.1. ML Models  

3.2.4.1.1. Autoregressive integrated moving average (ARIMA)  

Autoregressive integrated moving average (ARIMA) uses time series data for its statistical analysis. The data 

and its future trend can easily be understood with this model. Autoregressive is a statistical model that 

predicts future values based on past weights. Therefore, it can predict a stock's future values based on past 

performances, a company's earnings based on past performance, or health warnings of vital signs based on 

past (Masum, 2019; Nelson, 1998).   

3.2.4.1.2. Recurrent neural network (RNN)  

Recurrent neural network (RNN) uses sequential or time series data like the ARIMA. It is commonly used for 

ordinal or temporal problems like language translation, natural language processing (NPL), speech 

recognition, and image captioning. It utilises training data to learn, and works with the previous inputs to 

influence the current input and output (Hochreiter & Schmidhuber, 1997). 

3.2.4.1.3. Long-short-term-memory (LSTM)  

Long short-term memory (LSTM) is a recurrent neural network capable of learning order dependency of 

sequence prediction problems. It is used in language translation, natural language processing (NPL), speech 

recognition, and image captioning. It is also a complex DL subject  (Hochreiter & Schmidhuber, 1997; 

Sherstinsky, 2020).  

3.2.4.1.4. Bidirectional LSTM (BILSTM)  

Bidirectional LSTM (BILSTM) is the process that can have the sequence information bidirectional. Therefore, 

it can have backwards (future to past) or forward (past to future) information, which makes it different from 

the LSTM (Graves, Jaitly, & Mohamed; C. Liu, Zhang, Sun, Cui, & Wang, 2022).  

3.2.4.1.5. Convolutional neural networks (CNN) 

Convolutional neural networks (CNN) are the heart of the DL and ML algorithms. A CNN can have node 

layer/s, containing input layer/s, one or more hidden layer/s, and an output layer/s. They connect and are 

associated with weight and threshold. The threshold value helps the node to be activated, and the next node 

is triggered to send data to the following network if the value is above the threshold. It is used for 

classification and computer vision tasks and provides a more scalable method for image classification and 

object recognition (IBM, 2020; Tuan Hoang et al., 2021). There are various CNN models like ResNet, 

VGG16/19, Inception v3, etc. 

A) ResNet  

It is the backbone of computer vision tasks and uses the skip connection to add the output from a previous 

layer to the next layer. It learns residual functions from the layer inputs and mitigates the vanishing gradient 

problem (Ding, Chen, Li, & Wright, 2022; Z. Fan et al., 2022). 
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B) VGG 16 and VGG 19  

VGG-16 and 19 are CNNs with 16 and 19 layers deep networks respectively. They can be trained to a million 

images and can classify images into 1000 object categories (Abu-Jamie & Abu-Naser, 2022; Hamad, Samma, 

Suandi, & Saleh).  

C) Inception v3 

Inception v3 is used to recognise images and have shown over 78% accuracy on the ImageNet dataset. The 

model makes considerable use of batch normalisation, which is also applied to the activation inputs. To 

calculate loss, Softmax is used. Convolutions, average pooling, max pooling, concatenations, dropouts, and 

fully linked layers are some of the symmetric and asymmetric building components that make up the model 

itself. 

3.2.4.2. Model's evaluation 

3.2.4.2.1. Model Evaluation Procedures  

A) Train and test split  

In prediction-based ML algorithms, train and test splits are used to estimate the model's performance. They 

are usually divided into two categories, train and test (Tan, Yang, Wu, Chen, & Zhao, 2021). It is a quick and 

simple process, and the outcomes enable the researcher to assess the effectiveness of machine learning 

algorithms for the problem of predictive modelling. Despite being easy to use and understand, there are 

some cases where the process shouldn't be applied, such as when the experiment has a limited dataset and 

circumstances where a different setting is necessary, like when it is used for classification, and the dataset is 

unbalanced and that the original dataset also serves as a good illustration of the scope of the issue. There 

won't be enough data in the training dataset when a short data set is divided into train and test sets for the 

model to successfully learn an input-to-output mapping. Additionally, the test set won't have enough 

information to properly assess the model's performance. It is possible that the estimated performance is 

overly optimistic (excellent) or overly pessimistic (bad) (Brownlee, 2020; Google Developers, 2022).  

Additionally, computational efficiency is another justification for using the train-test split assessment method 

in addition to dataset size. Alternatively, a project can have an effective model and a sizable dataset, but it 

might also need a rapid estimate of model performance. In this instance, the train-test split process is used. 

Therefore, Random selection is used to divide the original training dataset's samples into the two subsets. To 

make sure that the train and test datasets are accurate representations of the original dataset (Tan et al., 

2021). 
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Figure 25: Train/Test Split (Bronshtein, 2017) 

The most typical way to configure the train-test split is to specify a percentage between 0 and 1 for either 

the train dataset or the test dataset. For instance, if the size of the training set is 0.67 (67 percent), the test 

set will receive the leftover percentage of 0.33 (33 percent). Furthermore, there is no ideal split percentage. 

It also depends on the project theme and the objective/s. But the most common splits are a) Train: 80%, Test: 

20%; b) Train: 67%, Test: 33%; c) Train: 50%, Test: 50% (Brownlee, 2020). 

B) Cross-validation  

It is a resampling method to cross-check the results of an ML model's performance. Therefore, it predicts 

how accurate the predictive model is by recognising the data. The process contains a single parameter, k, 

that designates how many groups should be created from a given data sample. As a result, the process is 

frequently referred to as k-fold cross-validation. When a particular number for k is selected, it may be 

substituted for k in the model's reference, such as when k=10 is used to refer to cross-validation by a 10-fold 

factor (Browne, 2000; Rafało, 2022). 

In applied machine learning, cross-validation is mostly used to gauge how well a machine learning model 

performs on untrained data. That is, to use a small sample to assess how the model will generally perform 

when used to generate predictions on data that was not utilised during the model's training. It is a well-liked 

technique since it is easy to comprehend and typically yields a less biassed or overly optimistic assessment 

of the model skill than other techniques, including a short train/test split (Browne, 2000; Rafało, 2022). 

 

Figure 26: Visual Representation of Train/Test Split and Cross Validation (Bronshtein, 2017) 
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Some specific tasks are to be followed to start the procedure, first the dataset has to be Randomly shuffleed. 

Second, K groups need to be created. Third, for every distinct group: the group should be used as a holdout 

or test data set. Then the remaining groups should be used as a training dataset. Following, the model should 

be fited to the training data, then it should be assessed against the test data. Then, after retaining the 

evaluation score, the model should be discarded. Finally, the model preformance is ready to include following 

the evaluation scores (Bronshtein, 2017). 

It's significant that every observation in the data sample is given a unique group and remains there 

throughout the process. In order to train the model k-1, each sample is given the chance to be used in the 

hold out set a single time (Google Developers, 2022).  

3.2.4.2.2. Classification evaluation metrics  

A) Confusion matrix  

The confusion matrix defines and visualises the performance of an ML algorithm with detailed information. 

It is usually presented in a table with the predicted values (Visa, Ramsay, Ralescu, & Van Der Knaap, 2011). 

The following table 01 shows the confusion matrix and the equation.  

Table 1:  Confusion matrix 

 
Confusion matrix 

Target  

Positive Negative 

 
Model 

Positive TP FP Positive Predictive Value TP/ TP+FP) 

Negative FN TN Negative Predictive Value TN/ FN+TN) 

 Sensitivity Specificity  

TP/ TP+FN) TN/ FP+TN) 

Here, 

TP True Positive) = Positive target is correctly predicted 

TN True Negative) = Negative target is correctly predicted 

FP False Positive) = Negative target is wrongly predicted 

FN False Negative) = Positive target is wrongly predicted 

Model's performances are checked with various accuracy measurements, and they are below: 

Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

This equation gives the model's accuracy or portion of the total dataset classified correctly by the AE. 

Precision (Specificity) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑵

𝑇𝑁 + 𝐹𝑃
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Precision defines the total number of correctly classified anomalous data points to the total number of 

predicted anomalous data points. 

Recall (Sensitivity) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

The recall is also known as sensitivity. This metric defines the total number of correctly classified anomalous 

data points to the total number of abnormal data points. The graphical view of the confusion matrix is figure 

17.  

 

Figure 27: Confusion matrix 

B) ROC curves and area under ROC curve  

The AUC (area under the curve) ROC (receiver operating characteristic) is an evaluation classification model that 

plots the false positive rate on the X-axis and sensitivity on the Y-axis. The relationship or trade-off between 

clinical sensitivity and specificity for each potential cut-off for a test or set of tests is usually depicted 

graphically using ROC curves. The area under the ROC curve also provides insight into the advantages of using 

the test(s) in question. In clinical ML data run, ROC curves are used to determine the best cut-off value for a 

test. The highest true positive rate and lowest false positive rate are found in the best cut-off. Additionally, 

the areas under ROC curves are used to compare the utility of tests since they represent a measure of a test's 

general usefulness, with a larger area indicating a more valuable test. If the model achieves high accuracy, the line 

climbs towards the top-left of the curves (Ekelund, 2011; Masum, 2019; Thompson & Zucchini, 1989). The following 

figure 28 shows the ROC curve example: 
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Figure 28: ROC Curves (Masum, 2019) 

Besides, AUC stands for the level or measurement of separability, and ROC is a probability curve. It reveals 

how well the model can differentiate across classes. The higher the AUC, the model is more accurate at 

classifying 0 classes as 0, and classifying 1 classes as 1. By analogy, the model is more effective at 

differentiating between patients with the condition and those who do not have it the higher the AUC. The 

ROC curve is also plotted with TPR is on the y-axis against the FPR on the x-axis shown in figure (Ekelund, 

2011; Narkhede, 2018).  

 

Figure 29: ROC Curves  (Narkhede, 2018). 

AUC and ROC Curve can be defined by the following terms:  

TPR (True Positive Rate) / Recall /Sensitivity =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Specificity =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
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FPR= 1- Specificity =  
𝐹𝑃

𝑇𝑁+𝐹𝑃
 

An excellent model has an AUC close to 1, indicating that it has a high level of separability. An AUC close 

to 0, which indicates the worst measure of separability, indicates a poor model. In actuality, it indicates 

that it is reversing the outcome. It predicts both 1s and 0s as 1. Additionally, if AUC is 0.5, the model has 

absolutely no capacity for class separation (Ekelund, 2011; Narkhede, 2018). 

3.2.5. Summary of the review 

This chapter is the core of the AI literature review. All the available settings and corresponding models are 

discussed for the reader to understand the context. AI has already proven to be the best solution for the 

healthcare industry. It is and will be the tool for the present and future medical settings to identify diseases 

in a short time.  

3.2.6. Conclusion 

It is the introductory chapter to understanding the AI paradigm in HIT. All the relevant sections of the AI, ML 

and DL are reviewed to have a broader sense before commencing further activities. From this chapter, the 

reader will gain sufficient knowledge to progress their work in medical augmentation. Therefore, the 

importance of the chapter to begin future work is vital, and it will provide outstanding knowledge and 

increased success rate.  

3.3. The Literature review: Covid-19 diagnosis 

The following section will discuss a systematic literature review of Covid-19 diagnosis. 

3.3.1. Introduction 

SARS-CoV-2, known as coronavirus, causes Covid-19. It is an infectious disease first discovered in China in 

December 2019. In a short period, it became a global pandemic (Jaiswal, Gianchandani, Singh, Kumar, & Kaur, 

2021). This virus's transmission rate is very high, as it spreads from human to human through droplets while 

talking or sneezing. The survival rate of the virus itself is high, and it lives from a few hours to a few days in 

the environment (Puig-Domingo, Marazuela, & Giustina, 2020). Older people with an existing illness are most 

likely to suffer from it, and symptoms (cough, fever, shortness of breath or difficulty breathing and running 

nose) are only visible in 40% - 45% of individuals (Millar, 2020). Nonetheless, there are also a considerable 

number of individuals with multiple conditions aged between 20-51, who have suffered (severe respiratory 

illness or Pneumonia) and died from the disease (Kass, Duggal, & Cingolani, 2020; L. Kim et al., 2020; K. Liu, 

Chen, Lin, & Han, 2020). 

The gold-standard method for testing for coronavirus is the RT-PCR (reverse transcription-polymerase chain 

reaction). It is extremely sensitive, specific, reliable, widely accepted, and the average testing time to 

conclude a result is 6 to 8 hours (Jawerth, 2020). Therefore, if a patient tests positive for coronavirus after 
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testing their sample through this method, then the result is close to 100% accurate and efficient. The second 

consideration is sensitivity, which denotes the RT-PCR test's ability to eliminate any false-negative results. 

Here, false negatives can be defined as failing to identify the virus when the virus is present in the patient's 

sample. Since RTPCR shows poor sensitivity, if a patient tests negative through RT-PCR then it is not certain 

whether he or she is actually Covid-19 negative or not (Junior et al., 2013; T. Mahmud, Rahman, & Fattah, 

2020; Muhsin, 2020).  

Machine learning (ML) is widely used for medical diagnosis to identify diseases in some domains, and it plays 

a significant role in diagnosing and screening critical conditions (Ghaderzadeh & Asadi, 2021; Ozsahin, 

Sekeroglu, Musa, Mustapha, & Uzun Ozsahin, 2020). AI and ML are used to identify potential causes and 

symptoms of Covid-19 from chest radiography or chest computed tomography (CT) scan images (Ozsahin et 

al., 2020). However, at the beginning of this global pandemic, scientists, researchers, doctors, and healthcare 

professionals from different parts of the world are designing and modelling new ML or deep-learning (DL) 

techniques for early diagnosis and screening of this disease. It has become challenging to choose an accurate 

and appropriate model for real-life applications from the theoretical proposals as there has been insufficient 

research. It is observed that many models have low accuracy and performance metrics compared with the 

RT-PCR gold standard. 

Furthermore, the RT-PCR testing kits are not easily accessible in low- and middle-income countries (Ardakani, 

Kanafi, Acharya, Khadem, & Mohammadi, 2020). Thus, researchers and scientists are trying to find alternative 

solutions worldwide. The 90-minute test has been rolled out across NHS hospitals in the United Kingdom. It 

is a fast and quick test compared to RTPCR, and it can distinguish the Covid-19 virus from winter flu viruses 

with similar symptoms. Scientists who have developed this system hope it will help reduce the spread of 

coronavirus in the community  (Millar, 2020; Wighton, 2020). This article deals with a DL-based diagnosis or 

screening method for Covid-19 patients, so the 90-minute test from the analysis is excluded. 

It is a matter of concern that there are underlying factors like the lack of experienced personnel and adequate 

equipment to consider in the diagnosis and screening of Covid-19 using deep learning algorithms. The 

limitations can only be overcome when all the problems are identified and understood. This study has 

described and indicated the novel and previous approaches that have been utilised in the case of Covid-19 

image classification. Each article was critically analysed and extracted based on the main contributions and 

limitations of the proposed deep-learning models in terms of their performance for diagnosis and screening 

of Covid- 19. Two popular imaging techniques have been addressed along with some additional techniques, 

where X-ray and CT images play a substantial role in diagnosing this virus.  

This research has highlighted the image classification methods, various datasets, diagnosis techniques, image 

data partitioning methods and the accuracy of various DL algorithms. Furthermore, this research has also 

identified some factors that lead to low scores in image medical classification and lack of robustness in the 
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case of Covid-19 screening and testing. This review will serve as a benchmark and will play a significant role 

for future researchers to undertake related DL research and increase their performance. 

This study presents a systematic review to demonstrate the analysis and performance of recently proposed 

methods based on DL to diagnose Covid-19. It will help readers to understand machine-learning models and 

their applicability in real life. Each section and subsection will present different aspects of the study. In the 

methodology section, the research question, search and selection strategy, quality assessment, and other 

necessary processes helped this research to conduct, which are discussed. The results and discussions section 

discusses the systematic search results and observations, leading to the summary and conclusion sections. 

3.3.2. Methodology  

The project methodologies of this study are based on the research questions and the project theme, as shown 

in Figure 19. The objectives and the project settings influenced the systematic review methodology to design 

the study, which consisted of three stages: planning, conduction, and analysis/reporting. In the conduction 

stage, the literature is searched, and articles are identified or selected based on the inclusion and exclusion 

criteria. In the analysis/reporting stage, all the selected papers are reviewed and analysed. 

 

Figure 30: Overall project methodology 

3.3.2.1. Research question 

There are diverse and growing numbers of novel methods based on many DL frameworks to identify or 

classify Covid-19 patients and research studies based on AI. However, our investigation focuses on whether 

the DL models from this large number of research studies are practically suitable for diagnosing Covid- 19. 

Therefore, to understand the underlying problem, the following research question is constructed:  

"How effective are the present proposed artificial intelligence and machine learning models of many 

researchers for diagnosing and screening Covid-19?" 

3.3.2.2. Search and selection strategy  

Various electronic databases from December 2019 to September 2020, as shown in Figure 20 are searched. 

Google Scholar, PubMed, and IEEE to identify relevant published papers are searched, as they are well 

established and include a wide range of peer-reviewed up-to-date journals, information, and reports. A 
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systematic literature search strategy was developed following the framework of "A structured approach to 

documenting a search strategy for publication" (Kable, Pich, & Maslin-Prothero, 2012). Three search terms 

(deep learning, screening, Covid-19) are developed and Boolean operators like 'and' is used between the 

search keywords during the search process. The keywords are identified based on the research question. 

After the initial selection, every paper is then checked against the quality assessment tool to qualify for the 

review. 

3.3.2.3. Selection criteria  

We have set our selection criteria for accepting a research article based on the following key criteria and 

retrieved only those that meet these conditions. 

3.3.2.3.1. Inclusion criteria 

1. The research paper must be a journal article or conference paper. 

2. The research study must contain a DL-based model or framework designed solely for Covid-19 

purposes. 

3. The purpose of each research study must focus on diagnosing or screening Covid-19 patients through 

DL methods. 

4. The time frame for each research study is December 2019 to December 2021. 

5. The presented AI and ML models must be effective for the diagnosis and screening of Covid-19. 

3.3.2.3.2. Exclusion criteria 

1. Any research work that is published as a preprint, early works or not peer-reviewed. 

2. Any comparative studies.  

3. Editorials, review papers, or research letters. 

3.3.2.3. Quality assessment 

For quality assessment of this study, the NIH "Quality Assessment of Systematic Reviews and Meta-Analyses" 

and "The methodological quality assessment tools for preclinical and clinical studies, systematic review and 

meta-analysis, and clinical practice guideline: a systematic review" are followed (Zeng et al., 2015). This work 

has chosen four researchers to perform the quality assessment on the selected papers, and have followed 

Ghaderzadeh and Asadi (2021) for an effective result. In the quality assessment stage, the researchers 

assessed the selected articles using a 10-point rating scale and answering ten individual questions, as shown 

in Table 2. The threshold value was defined as 75 and they rated the articles according to the predefined 

questions. If the paper scored greater than or equal to 75, the papers are included for review; otherwise, the 

papers are discarded. 

Table 2: Quality assessment questionnaire for this systematic review (NIH, 2017; Zeng et al., 2015) 

No Questions Yes No Other Score 
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1 Is the review based on a focused question that is adequately formulated and 
described? 

    

2 Were eligibility criteria for included and excluded studies predefined and 
specified? 

    

3 Did the literature search strategy use a comprehensive, systematic ap-
proach? 

    

4 Were titles, abstracts, and full-text articles dually and independently re-
viewed for inclusion and exclusion to minimise bias? 

    

5 Was the quality of each included study rated independently by two or more 
reviewers using a standard method to appraise its internal validity? 

    

6 Were the included studies listed along with the essential characteristics 
and results of each study? 

    

7 Was the publication bias assessed?     

8 Was heterogeneity assessed? (This question applies only to meta-analyses.)     

9 Were the primary data collected and stored?     

10 How consistent is the information obtained from one source with information 
available from other sources? 

    

Quality Rating Good Fair Poor Total score  

Rater 1 initials  

Rater 2 initials  

3.3.3. Results and Discussion 

This section will discuss the data extraction and our observations based on the literature. Hence, this section 

is divided into systematic search results, observations, and discussion.  

3.3.3.1. Systematic search results 

In the initial primary research, 108 titles were retrieved and collected for the title review, comprising 15 titles 

from Google Scholar, 85 titles from PubMed, and 8 titles from the IEEE. At the next stage, all the retrieved 

titles were checked for duplication and availability, and a total of four titles were deleted for duplication and 

one article for availability. After an initial skip-through, a total of 103 papers were downloaded for review. 

The papers were then checked according to exclusion criteria. 11 papers were excluded, and 92 papers were 

selected for abstract review. During the abstract review, based on the project theme and inclusion criteria, 

35 articles were found that did not propose new DL models. They were excluded because the research 

question for this aspect of the study was specifically focused on DL. After excluding these 35 articles, a total 

of 57 papers were included for full-text review. Following assessment of these 57 articles using the quality 

assessment rules, 12 papers failed the quality assessment criteria. So, finally, 45 papers were selected for the 

full review. 
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Figure 31: Systematic literature search and selection flowchart 

3.3.3.2. Observations 

A DL model is designed to automate the diagnostic process of Covid-19 patients. Thus, for this study, the 

effectiveness and importance at the beginning is considers. It is observed that although Europe and USA are 

the leading developers of life-saving drugs (McKie, 2020) DL experiments are executed significantly more in 

Asia than in any other region. This study tried to find appropriate articles based on the inclusion and exclusion 

criteria from different continents and subcontinents to build effective models. Figure 32 illustrates the 

number of papers taken to complete this systematic review. Europe is the second and has the majority of 

papers compared to Africa, North America, and South America. No articles from Australia qualified for the 

assessment. 

 

Figure 32: Covid-19 research around the globe 

Furthermore, it is also observed that DL models are used in various research articles for classifying or 

detecting Covid-19 patients. Figure 33 illustrates the number of models used in multiple settings, where 

convolutional neural network (CNN)-based DL models are the most popular. Second, are the ResNet and 
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inception network models. There are other models like fuzzy approaches, deep forest, GAN based or curvelet 

based methods available, but they were not part of this study. The project theme is focused on deep learning, 

and a broader search of other model types would be unmanageable, given the aim to publish the review in 

a single paper.  

 
Figure 33: Deep learning models for detecting the Covid-19 patients 

The accuracy of each paper shown in Figure 34 is observed. Most of the works are carried out on the CNN 

algorithm, and various CNN architectures are used in previous studies. In addition to these, bidirectional 

algorithms (BI-LSTM), deep transfer learning, and VG16 are also used in the earlier studies. The following 

figure 34, performance scores are on the Y axis, where 0 is the lowest performance and 100 is the highest 

performance. All the qualified algorithms are listed in the X axis. By looking at the graph, it can be observed 

that all the algorithms' performance scores are close. Some gaps in some of the studies are identified; for 

example, some researchers did not change the data in pre-processing. 

  

Figure 34: Comparison of performance score of the models  
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A few worked on a small amount of data, which affected the performance score. Since ML or DL approaches 

require large datasets to predict a satisfactory result, it was also observed that some of the results are very 

good with a small dataset, especially for medical image analysis. It is also observed that the input and training 

datasets used in various DL models are major concerns. The image selection and measurement process in 

multiple studies are ambiguous, and it is not clear whether the chest X-ray or CT images are collected 

effectively and reliably. 

It is also not clear that if the predicted outputs of the DL models and the outcomes are applicable in real life. 

The authors of the various studies have only trained and tested their models in a lab environment and did 

not include a real-life implementation. Many studies did not consider data pre-processing before training a 

DL model. So, it is not clear how these models will perform with the actual dataset. Due to noise or image 

blurring, the clinical images generated from various medical devices are sometimes inaccurate and contain 

several defects and errors. Therefore, it is necessary to consider data pre-processing since the ML or DL 

models are prone to bias introduced by missing or noisy data (Doshi-Velez & Perlis, 2019).  

3.3.3.3. Discussion 

In this section, every model included in the review will be described. It is divided into three distinct 

subsections: models based on X-ray imaging, CT images, and other models. They will be described, compared 

based on their contributions, and the observations will be discussed. 

3.3.3.3.1. Model-based on X-ray imaging 

Deep neural network (Ozturk et al., 2020): These models are an alternative RT-PCR method based on chest 

x-ray images and deep learning. It is designed for the automated diagnostic purpose of Covid-19 patients and 

comprises an end-to-end architecture. The diagnosis is obtained through raw chest x-ray images. The authors 

used 125 chest x-ray images to train the proposed deep learning model. The diagnosis is also performed after 

5-13 days of the already recovered patients. However, in this model, the authors did not consider any feature 

extraction methods from the input images and did not consider any pre-processing of the raw images. Since 

raw medical images may contain defects or error values that the deep learning models cannot eliminate, the 

deep learning models may be biased by these error values. 

Patch-based deep learning (Oh, Park, & Ye, 2020): The authors propose a patch-based deep neural 

network model, which can be trained on a small or limited dataset with high performance. The au-

thors first investigated various imaging features of CXR, such as lung area intensity distribution and 

cardiothoracic ratio. The investigation demonstrates significant differences among the patch wise 

intensity distribution. Therefore, based on these findings, a novel patch-based deep neural network 

is proposed, and final classification results are obtained through majority voting from inference re-

sults. Since the patch training is included, network complexity has been significantly reduced. There-

fore, the neural network can be trained efficiently and overfitting with the limited dataset can be 
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avoided. The authors considered pre-processing that is highly recommended for better training the 

deep models. 

CovXNet (T. Mahmud et al., 2020): A deep convolutional neural network is called CovXNet. It can effectively 

extract chest X-rays' features by varying depth-wise convolution and changing dilation rates. Since the 

dataset of Covid-19 patients is small, transfer learning with the ImageNet dataset is adopted to train the 

proposed deep learning models. Firstly, a dataset with ordinary pneumonia and Covid-19 X-ray samples are 

used for transfer learning. Then, the proposed deep learning model named COvXNet is used to detect Covid-

19 from the X-ray images. Secondly, the trained convolution layers are transferred directly through fine-

tuning layers for training on smaller Covid-19 X-rays. Sensitivity is an essential feature for measuring deep 

learning models' performance in medical practice. The authors did not consider the sensitivity in their 

experiment. 

CNN and LSTM based (Islam, Islam, & Asraf, 2020): In this model, a deep CNN and LSTM network is combined 

to diagnose Covid-19 patients at an early stage automatically. A dataset of chest X-ray images is formed 

containing 4575 images. A deep learning-based system are depicted, combining CNN and LSTM network to 

detect the Covid-19 from the chest X-ray images automatically. The authors used CNN as a feature extraction 

technique to extract the features. Based on these extracted features, LSTM network is used to classify the 

Covid-19 patients. Since the LSTM network has internal memory, it can learn from long term states. In LSTM, 

directed graph is used to connect the nodes. According to the study, 2D CNN and LSTM network improve 

classification accuracy. The sample size is minimal, which needs to be enhanced to increase the model's 

generalisability. A changing dilation rate is proposed based on varying depth-wise convolution to extract the 

features from chest X-rays effectively. 

Fuzzy color and stacking (Toğaçar, Ergen, & Cömert, 2020): To accelerate the detection of Covid 19 symptoms 

and prevent further spreading, the authors have proposed this model. Deep learning-based methods or 

computer-aided tools for diagnosing and screening Covid-19 patients are accurate and take less time to test. 

Therefore, it can prevent the spreading of the virus by identifying or classifying positive patients from others. 

Through pre-processing, various features are extracted from the input image data. Also, the stacking 

technique is introduced, which superimposes each pixel from equivalent images. The authors used SMO 

algorithm to extract features. Then the feature set is combined to enhance the classification performance of 

the proposed model. MobileNet v2 and SqueezeNet are combined to perform the classification tasks. The 

authors used pre-processing steps in the input images since the medical images are pronto miss values and 

include noises. Pre-processing can help mitigate these erroneous data and improve system performance. 

Decision tree classifier (Yoo et al., 2020): A deep learning-based decision tree classifier is proposed to classify 

the Covid-19 infected patients from regular patients. The decision tree classifier is divided into three parts. 

The authors used PyTorch frame-based convolutional neural network to train their model. It also includes 

three steps binary decision tree classifier. The radiographers first evaluated the CXR images, and then only 



 

66 | P a g e  
 

the good quality images are taken as the input of the deep learning-based prediction model. The model 

predicts TB, Covid-19 and other diseases. If the detection result is for Covid- 19, the physician's assessment 

is added for further diagnosis. Here data pre-processing is not considered, and the radiologists are involved 

in measuring the quality of the images, which may lead to a human error. 

VGG and CNN based (Bharati, Podder, & Mondal, 2020): The authors proposed a deep learning system to 

detect lung diseases from X-ray images by joining VGG, information increase, and spatial transformer 

organisation (STN) with CNN. This new mixture strategy is named VGG Data STN with CNN (VDSNet). As 

execution instruments, Jupyter Scratchpad, TensorFlow, and Keras are utilised. Although every research is 

conducted based on some real-life problem, this research has some drawbacks which can be responsible for 

many issues. The authors claimed that their approach is quite useful than other traditional algorithms. 

However, they experimented with a small dataset, showing good accuracy. 

Combine deep models (El Asnaoui & Chawki, 2020): This model is proposed to fight against Covid-19 

pneumonia. Since deep learning algorithms have been utilised in medical and health research, the author 

claimed that it is crucial to implement an automatic detection and classification system as a speedy elective 

finding choice to forestall Covid-19 spreading among individuals. This paper leads a comparative study of 

utilising the novel deep learning models (VGG16, VGG19, DenseNet201, Inception ResNet V2, Inception V3, 

Resnet50, and MobileNet V2) to manage the discovery and characterisation of Covid-19 pneumonia. This 

study has various drawbacks. For instance, the advanced features extraction technique is missing. This work 

is impressive, but it may not be suitable when it is considered for production level since the accuracy 

expresses that this study requires more datasets for training and improving the model performance. 

Explainable deep learning (Brunese, Mercaldo, Reginelli, & Santone, 2020): The research provides a fully 

automated and quick diagnosis system of deep learning. This study aims to detect Covid from X-ray images 

by applying the deep learning algorithm. This paper proposes a three-fold approach aimed at: (i) detecting 

whether a chest X-ray is associated with a stable patient or a patient with the generic pulmonary disease; (ii) 

distinguishing between generic pulmonary diseases and Covid-19 after Covid-19 is identified, and (iii) 

highlighting the symptomatic areas of Covid-19 in the chest X-ray. This study considers a deep learning 

network based on the VGG-16 model by leveraging transfer learning to create the first and second models. 

Although this study achieved an excellent score to fight against the difficulties, this proposed study cannot 

evaluate the proposed method with a more comprehensive pulmonary disease set. This method will work 

well on small data, but the larger data size will be needed when applied in real life. 

nCOVnet (Panwar, Gupta, Siddiqui, Morales-Menendez, & Singh, 2020): This research proposed a deep 

learning neural network-based approach, "nCOVnet" an alternative fast screening procedure that can be 

used to identify the Covid-19. A dataset consisting of about 192 X-Ray images of Covid-19 positive patients 

and 337 images are gathered from this research. This model relies on the deep learning algorithm known as 

convolutional neural network (CNN). This algorithm consists of 24 layers. Convolution+ReLU and Max Pooling 
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layers are combined in this research. Since the X-ray images belong to a different size, the dataset has been 

converted into 224x224 pixels. These layers are part of the pre-trained model VGG16 and are trained in the 

dataset ImageNet. ImageNet comprises approximately 15 million annotated images from 22000 groups, and 

92.7 per cent accuracy on ImageNet was achieved by VGG16. Although the authors achieved good accuracy, 

several limitations are found in this study, which are discussed later. The author did not compare their study 

with the published research, such as LSTM. 

Flat and hierarchical (Panwar et al., 2020): In this study, the authors proposed an effective solution for 

identifying Covid-19 in flat and hierarchical chest X-ray images for classification. This research suggested a 

classification schema considering the multiclass classification and hierarchical classification since pneumonia 

can be found to be structured as a hierarchy. Using some well-known texture descriptors and a pretrained 

CNN model, the classification scheme extracts characteristics. The proposed model achieved F1-Score 0.65 

using a multiclass method and F1-Score 0.89 for the hierarchical classification recognition of Covid-19 cases. 

This research has some limitations. This method will work well on small data, but more extensive data will 

be needed when applied in real life. It might face difficulties on accuracy with the real and big data set. 

Furthermore, the deficiency of the cross-validation approach might not achieve the overall objective. 

CNN based (Hassantabar, Ahmadi, & Sharifi, 2020): This paper proposed an Infected tissue diagnosis and 

identification of Covid-19 patients based on lung x-ray imaging using coevolutionary neural network 

approaches (CNN). This study considered three deep learning algorithms to diagnose Covid-19 patients using 

X-ray images of the lung. The authors used two deep learning algorithms to identify the phenomenon, and 

to illustrate deep neural network (DNN) and convolution neural network (CNN). The approaches are directly 

utilised for lung disease. The comprehensive study showed that CNN architecture performs with better 

accuracy (93.2%). Some drawbacks can be found in this proposed system, such as (i) this research did not 

consider any types of model validation approaches like ROC-AUC. It could impact the model when applied to 

real-life; and (ii) the dataset amount is not much longer, so it could impact while detecting the original 

sample. 

COVIDdiagnosis-Net (Ucar & Korkmaz, 2020): In this study, the authors have developed a Deep Bayes-

SqueezeNet based diagnosis of the coronavirus disease 2019 (Covid-19) from X-ray images. The author 

claimed that tuning the parameter is exceptionally significant to obtain better accuracy. To overcome the 

imbalance issues of the proposed public dataset, this study performed a multiscale augmentation process. 

The CNN architecture is considered, and the overall accuracy is 0.983. This research introduced a new model 

for the rapid diagnosis of Covid-19 centred on the COVIDiagnosis-Net, called deep Bayes-SqueezeNet. In this 

analysis, a multiscale offline increase is performed to address the public dataset's imbalance issue. 

Convolutional capsnet (Toraman, Alakus, & Turkoglu, 2020): The authors have proposed their system by 

utilising convolutional capsnet. The new network architecture has two classes: binary class and multiclass 

carried out by capsule network. The Covid-19 and other images have been resized to be the capsule network's 
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input to work correctly with the proposed scheme. They have utilised X-ray images for Covid-19, no-findings 

and pneumonia to build the dataset. They have also suggested the architecture of a new network for the 

classification of Covid-19. They have used an augmentation process to optimise the pre-processing of data. 

Several drawbacks are noticed during the study of the paper. Firstly, the authors only worked with X-ray 

images. Secondly, the authors trained their model with a limited dataset. As the classification of Covid-19 

disease is a vital issue, this model might give a better performance if it is trained with a larger dataset.  

GAN based (Albahli, 2020): The paper's authors utilised GAN-based radiographs (CXR) augmentation to 

evaluate the performance and diagnosis of chest-related illness, such as Covid-19 chest radiographs. They 

also developed the multiclass deep learning classification patterns to diagnose abnormalities in chest X-ray 

scans. The authors adopted deep learning GAN-based synthetic data to train their proposed model. To 

prepare their dataset, the authors utilised radiographic changes in CT images and GAN-based synthetic data. 

Four significant types of deep learning architectures, which are deep learning mechanism with image 

augmentation, transfer learning using inception V-3, ResNet architecture without image augmentation, and 

classification with target classes, are enriched. Several limitations are identified from this study. Initially, the 

authors utilised x-ray images from the frontal view, but no lateral and rear view is enumerated. 

2-D curvelet transformation algorithm (Altan & Karasu, 2020): In this study, the authors illustrated an 

interconnected combined architecture with meta-heuristic optimisation, two-dimensional curvelet 

transformation algorithm, and deep learning mechanism to investigate the patients affected with 

coronavirus from X-ray images. The authors applied 2D curvelet transformation to images obtained from a 

patient chest X-rays and interpreted a feature matrix utilising obtained coefficients. Later, the coefficients 

anticipated from the feature matrix are enhanced with the chaotic slap swarm algorithm (CSSA). They have 

also applied a deep learning paradigm to diagnose Covid-19 patients utilising EfficientNet-B0 architecture. It 

is observed that the proposed methodology is quite impressive. The authors have seen good results in their 

experiment. If the authors combined the X-ray images and symptoms of Covid-19 patients, the result would 

be immeasurable.  

Pruned deep learning ensembles (Rajaraman et al., 2020): The authors illustrated a model using an ensemble 

of iteratively pruned deep learning models for investigating Covid-19 pneumonia with chest X-ray images 

from bacterial Pneumonia and generals. The authors utilised a convolutional neural network (CNN) and a 

selection of ImageNet pre-trained architecture for training and evaluating at the patient level on chest X-ray 

images. The scheme was then taught modality-specific features. Later, the system was transferred and fine-

tuned to optimise performance and classify chest XR as bacterial, showing ordinary or Covid-19 Pneumonia. 

It is observed that their primary concern was the dataset size; because of the data size and inherent 

variability, additional computational resources are required for effective establishment and utilisation. The 

result will be innumerable if the system is trained with a large dataset and highly configured computer 



 

69 | P a g e  
 

devices. The authors considered only X-ray images for classifying the Covid-19. However, they did not focus 

on computed tomography images to diagnose Covid-19. 

Bayesian optimisation (Nour, Cömert, & Polat, 2020): The authors have aimed to develop an effective CNN 

with a rich filter family to detect Covid-19. The authors had implemented a reliable scheme using a deep 

neural architecture to assist the radiologists, specialists and physicians. A cheap and fast detection 

methodology also had been proposed in this manuscript. The proposed scheme was based on the CNN 

architecture and investigated to find some discriminative features on chest X-ray images. The proposed CNN 

architecture had the following characteristics: weight-sharing abstraction and convolution with rich filters, 

that are trained from scratch. The authors utilised a unique serial network in five convolutional layers instead 

of using a pre-trained CNNs model. The CNN architecture used a feature extractor of deep neural networks. 

Later, the authors had applied machine learning such as k-nearest neighbour and support vector machine 

upon extracted features. It is observed that the authors used a novel detection method of Covid-19 patients. 

The authors used five layers of CNN architecture instead of using a pre-trained model on chest X-ray images, 

which indicateed a significant contribution to the diagnosis of infected patients. The study is quite impressive. 

CoroNet (Khan, Shah, & Bhat, 2020): The authors presented a deep learning approach based on CNN to 

diagnose Covid-19 infection from X-ray images. The proposed model is based on deep CNN architecture to 

segment three types of pneumonia that are normal, bacterial and Covid-19. They had also introduced binary 

and three-class variants of their theoretical model and compared the outcomes with other literature studies. 

However, the proposed method can be a possible solution for Covid-19 patients' diagnoses. The authors used 

a small dataset for the model training, and the model shows good performance on a small dataset. However, 

this model is scalable, which means this model can achieve high accuracy on a larger dataset and require 

fewer computational resources. 

 

Figure 35: Variation in the highest accuracy of the models 
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Albahli (2020), worked with the largest number of samples using a DNN model. Almost all the published 

models achieved an accuracy of more than or close to 90%, except for the model proposed by Bharati, 

Podder, Mondal, and Prasath (2021), as shown in Figure 35. This research faced some challenges while 

handling the large-scale dataset, so the accuracy rate is low compared with the other proposed works. It is 

also visible from the graph that most of the papers claimed the highest accuracies and best performances by 

their own model.   

3.3.3.3.2. Model-based on CT images 

Deep forest (Sun et al., 2020): Using chest CT images, an adaptive feature selection guided deep forest model 

has been proposed for Covid-19 classification. First, the location-specific features are extracted from the CT 

images. Then the deep forest model is introduced to learn these high-level features from the extracted 

images. This mechanism enhances the performance of the model. Feature selection and classifier are 

integrated into a unified framework. They have used the trained model for Covid-19 prediction. The 

experimental result shows that the proposed model can achieve a superior result with chest CT images. The 

accuracy and sensitivity are above 90%, and specificity is nearly 90%. 

DenseNet201 (Jaiswal, Gianchandani, Singh, Kumar, & Kaur, 2020): The proposed deep transfer learning 

model is based on DenseNet 201; a deep transfer learning approach is proposed for classifying the patients 

as Covid infected or not. Transfer learning is suggested due to the scarcity of training data. The model includes 

the convolution layer, max-pooling layer, average pooling layer, global average pooling layer, dense block, 

and softmax layer. The filter size used is 7*7 or 1*1 with stride size of 2. The dataset contains 2492 set of CT 

scan images. Among them, 1262 images are positive, and the rest of them are harmful. They have used 

transfer learning; however, transfer learning in case of clinical images is not suitable for real-life 

implementation. 

MODE (D. Singh, Kumar, & Kaur, 2020): The authors implemented a scheme using CNN, ANN, and ANFIS 

models to classify affected patients. These models are applied on chest CT images to ensure good 

performance. The proposed system utilised feature extraction, multi-objective fitness function, and multi-

objective differential evolution, including mutation operation, crossover operation, and section operation. It 

is observed that there are some limitations in this study. Firstly, Covid patients' classification from chest CT 

images is a big deal as alarming number of patients worldwide. Secondly, the authors had proposed their 

model with one of the MODE-based CNN model mechanisms by considering specificity and sensitivity. 

Parameters tuning is needed to ensure more optimum results. Thirdly, a deep neural network requires a 

more effective dataset to maintain better accuracy. Finally, the authors had not proposed any connectivity 

and RT-PCR, the most significant Covid-19 patient classification methodology. 
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Figure 36 describes the occurrence of the ML model in the qualified papers and their experiments. It is visible 

that CNN based model is used in most papers compared to the other models. DNN and ResNet were the 

second most used models in the qualified literature of this study.   

Ni et al. (Ni et al., 2020): They have aimed to develop a scheme that automatically detects and quantitatively 

evaluate the pneumonia lesions throughout the chest computed tomography (CT) of patients diagnosed with 

Covid-19. To work suitably with the proposed model, the authors had used two types of images; one has 

pneumonia lesions on the CT images, and the other has no abnormality on CT images. The proposed 

algorithm contained three interconnected parts: lesion detection in CT images, segmentation, and location. 

A deep-learning model was trained and validated in the patients with chest CT images and established 

pathogen diagnosis. Here, quantitative model detection performance was compared to three radiological 

residents with two experienced radiologists reading as a reference norm by evaluating the precision, 

sensitivity, specificity and F1 score. While studying the paper thoroughly, there are several observations to 

be mentioned. The authors worked with a large dataset of CT images. They have performed their research 

work at three hospitals during the Corona outbreak in China. The proposed architecture can subsidise Covid-

19 patients to diagnose coronavirus disease. 

Machine-agnostics segmentation (L. Zhou et al., 2020): The authors had presented a novel strategy of 

confirming Covid-19 using modern computation. They have proposed a quantification and fast, precise and 

machine-agnostics segmentation method for CT-based diagnosis of Covid-19. The authors had utilised 

computed tomography based images to analyses the classification of Covid-19 patients. The authors had 

performed the augmentation to enrich the dataset. After that, the authors have first taken a CT scan 

simulator of real coronavirus patients by fafiating the dynamic changes of data measured at a particular time 

 

Figure 36: The occurrence of the significance models that worked on X-ray images 
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point. Several drawbacks in this study are also identified. Firstly, the authors need to establish an organised 

platform to perform their research. Federated learning can be a possible solution to overcome this issue. 

Secondly, the model should be trained with a large dataset to optimise accuracy. Finally, the authors need to 

maintain orthogonal information sources for the model, similar to epidemiology. Thus, the ambiguous cases 

of Covid-19 patients can be eliminated, and a better diagnosis will be achieved. 

Multidimensional dataset (Harmon et al., 2020): This study has developed an AI algorithm on chest CT 

utilising information from a worldwide assorted, multinational dataset. The authors demonstrated and 

claimed that robust models can accomplish up to 90% accuracy in free test populaces, keeping up high 

particularity in non-Covid-19 related pneumonia, and exhibiting adequate generalisability to concealed 

patient populaces/focuses. This study proposed two approaches for separating Covid-19 from other clinical 

substances. To illustrate, the entire 3D model has experimented with CT's trimmed lung area to a predefined 

size (192 × 192 × 64 voxels) for input to the research algorithm. Hybrid CT resampled the cut lung side of CT 

to deified exploration (1mm × 1mm × 5mm) and sampled multiple 3D regions (192 × 192 × 32) for input to 

the research algorithm. In this study, various drawbacks can be found because it is commonly said that no 

system is 100% accurate if it's an AI-based solution. Firstly, Model preparation was restricted to patients with 

positive RT-PCR testing and coronavirus related pneumonia on chest CT to separate between Covid-19 

related ailment and different pathologies. Secondly, the authors claimed that they developed an AI solution 

on chest CT, but despite the neutral RT-PCR experiment, CT is often negative. 

Inf-Net (D.-P. Fan et al., 2020): In this model, a novel Covid-19 lung infection segmentation deep network 

(Inf-Net) is proposed to consequently recognise contaminated regions from chest CT slices. In this 

investigation, an equal incomplete decoder is utilised to total the significant level highlights and produce a 

worldwide map. At that point, the understood opposite consideration and express edge consideration are 

used to demonstrate the limits and upgrade the portrayals. The authors utilised a semi-supervised 

segmentation architecture dependent on a haphazardly chosen propagation technique, which required a 

couple of labelled centres pictures and used unlabelled data. The authors claimed that their approach could 

enhance the learning capability and achieve the best accuracy. In this type of benchmark, several drawbacks 

and limitations are identified. The authors conducted a two-step methodology to accomplish multiclass 

disease naming, leading to imperfect learning execution. 

Zhang et al. (Zhang et al., 2020): Numerous Covid-19 patients infected by SARS-CoV-2 infection resulted in 

pneumonia (called novel Covid pneumonia, NCP) and quickly progressed to respiratory disappointment. In 

any case, fast analysis and recognisable proof of high-risk patients for early intercession are tested. Based on 

this purpose, this study has been proposed as a practical solution, and this is the motivation and key idea of 

this study. The author of this study provided an AI-based effective solution to combat the prognosis of Covid-

19 pneumonia. The AI solution can diagnose NCP and separate it from other common diseases. The 

radiologist, as well as physician, will be benefiting from this AI system. On the other hand, the authors claimed 
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that their proposed solution could identify significant clinical markers. This is the principal contribution of 

this proposed study. 

Wang et al. (Wang et al., 2021): In this research, to support Covid-19 diagnostic and predictive analysis, the 

authors proposed a novel fully automatic DL system using raw chest CT images (computed tomography). 

They used a two-step transfer learning strategy to automatically let the DL system examine lung features 

without requiring any time-consuming human annotation. Firstly, with CT imaging and EGFR gene 

sequencing, this research obtained 4106 lung cancer patients. The DL system has learned hierarchical lung 

characteristics through training in this broad CT-EGFR dataset and can also represent them. Despite the 

excellent performance of the DL system, this analysis has many drawbacks. First, predictive cases, like death 

or admission to an intensive care unit, hasnot been considered in this review. Secondly, the treatment of 

extreme and moderate Covid-19 is different. Therefore, it would be useful to independently investigate the 

prognosis of Covid-19 in these two classes. 

2D Deep learning framework (Ko et al., 2020): The authors claimed that CT images showed the rapid 

development of AI technology to diagnose and differentiate Covid-19 Pneumonia from non-Covid-19 

pneumonia and non-pneumonia diseases. This study has proposed an AI solution to combat the outbreak. 

This study suggested a single 2D Deep learning framework: the First track Covid-19 network (FCONet) to 

diagnose Covid-19 pneumonia based on the chest CT Image. Using one of four state-of-the-art pre-trained 

deep learning models (VGG16, ResNet-50, Inception-v3, or Xception) as a backbone, FCONet was built 

through transfer learning. Although this study achieved good accuracy, some limitations and drawbacks can 

be found in this type of particular benchmark. This research mainly used a split research data set. Therefore, 

the study was derived from the same sources as the data from the training determined. This may raise 

problems with generalisability and overfitting of the proposed model. 

Xu et al. (Xu et al., 2020): This study proposed a deep learning system to screen Covid-19. In this analysis, 

multiple CNN models are used to classify CT images datasets and measure the likelihood of Covid-19 

infection. Such results could significantly assist in the early screening of Covid-19 patients. The overall 

performance rate was 86.7%. The deep learning model can diagnose accurately and screening Covid- 19 

patients, and this approach achieved good accuracy for frontline clinical doctors. Several limitations can be 

found in this study. Firstly, the number of the training sample is not enough extensive; secondly, the number 

of training and test accuracy is not expanded to constitute some difficulties while applying it to real-life. 

Ouyang et al. (Ouyang et al., 2020): The authors of this study developed a dual-sampling attention network 

for diagnosis of Covid-19 from community-acquired pneumonia. The authors claimed that this approach 

could be vital to fighting against the Covid-19 outbreak. To automatically diagnose Covid-19 from community-

acquired pneumonia (CAP), chest CT images are used. In particular, this study has proposed a new 3D 

coevolutionary neural network (CNN) online attention module to focus on infection regions in the lungs while 

making diagnostic decisions. This study has separated data from various hospitals, achieving a 0.944 AUC, 
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87.5 per cent accuracy, 86.9 per cent sensitivity, 90.1 per cent precision, and 82.0 per cent F1 score. Although 

this study achieved its objective, it has some drawbacks that are not solved. The proposed model used a 3D 

CNN, but the accuracy is not satisfactory. 

Matsuyama et al. (Matsuyama, 2020): Here, the authors utilised CNN and Resnet-50-based models for 

distinguishing Covid-19 from non-Covid-19 cases. The input images to the CNN model are kept without any 

cropping and used the wavelet co-efficient of entire images. To ensure that the CNN-based model is working 

correctly, the authors introduced a new model that is gradient weighted class activation mapping producing 

a heat map. ResNet 50 was pretrained, and transfer learning was adopted. From the results, it is clear that 

the CNN-based model can learn the extracted features well enough and successfully differentiate Covid-19 

cases from non-Covid -19 cases. 

 

Figure 37:  The occurrence of the significance models that worked on CT images 

This study presented a summary of articles that work on the Covid-19 diagnosis utilising CT images. In this 

section from Figure 37, it can be seen that the most significant model proposed in this section is CNN. The 

second most proposed approach is based on the DenseNet model. The proposed work in paper (Ko et al., 

2020) has achieved the highest accuracy using the FCONet model. On the other hand, the dataset considered 

here also includes a large dataset having 3993 samples. Among all of the proposed works in this section, the 

paper (Xu et al., 2020) has the lowest accuracy of 86.7%.  

3.3.3.3.3. Other models  

Abdani et al. (Abdani, Zulkifley, & Zulkifley, 2020): This study proposed an effective solution to fight against 

the Covid-19 outbreak. The authors developed a lightweight deep learning model to identify the Covid-19 

disease. The authors claimed that the lightweight model is significant since it can be deployed on various 

platforms, including mobile phones, tablets, etc. This model will only utilise a small portion of phone memory 

storage and will indirectly contribute to a faster screening process. The proposed model is related to 14 deep 

convolutional neural network layers with an updated spatial pyramid pooling module. The multiscale 
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capability of the proposed network enables Covid-19 disease to be recognised at different levels of severity. 

Based on the performance results, the proposed SPP-COVID-Net achieved the best mean precision of 0.946 

with the lowest standard deviation between the training folds' accuracy. It comprised a total number of 

parameters of only 862,331, using less than 4 megabytes. Even though this study achieved good accuracy, 

several drawbacks are found. Firstly, the author did not reduce the dimension of the proposed research and 

proper scaling. They considered K-fold cross-validation, but ROC-AUC is missing, and they could have 

described it. 

Han et al. (Han et al., 2020): The author of this study provided an AI-based effective solution to combat the 

prognosis of Covid-19 pneumonia. The AI solution can diagnose NCP and separate it from other common 

diseases. The radiologist, as well as physician, will benefit from this AI system. On the other hand, the authors 

claimed that their proposed solution could identify significant clinical markers. This is the principal 

contribution of this proposed study. There are two models in the NCP diagnostic system: a lung-lesion 

segmentation model and a diagnostic prediction model. First, this study has been trained by a segmentation 

network of 4,695 NCP and typical pneumonia patients with manually segmented images. The diagnosis 

classifier took the previous lung lesion map as an input and created three classes of probability: NCP, common 

pneumonia, and normal classification network controls. Various prospective pilot studies have also been 

carried out to assess the performative AI. The author has stated that this study has improved accuracy by 

92.49%. Although this study addresses its research question adequately, several drawbacks are found. Firstly, 

the AI solution has been trained by a segmentation network of 4,695 NCP and typical pneumonia patients 

with manually segmented images. The system may not predict correctly for various disease-infected patients' 

inclusion since their accuracy is not good enough for this type of benchmark. Secondly, the amount of NCP 

and common pneumonia patients is much less in comparison. 

 

Figure 38: Diagnosis of Covid-19 using deep learning 
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Figure 38 shows the workflow of the ML intervention, where at the top of the figure is the first phase and 

the starting point of Covid-19 diagnosis through X-ray and CT images. At this stage, the images are collected 

for the Covid-19 ML predictions. In the next phase, all the images are re-sized, and other image processing 

procedures are carried out to improve the image quality. Then the ML data run is executed to start the ML 

prediction.  

Jiang et al. (Z. Jiang et al., 2020): The paper's contributions are classified into three significant parts. Firstly, 

the authors merged the face recognition mechanism technology with dual-mode imaging to track out a data 

extraction respiratory scheme to detect wearing masks. The data required for the dual-camera algorithm was 

achieved from thermal videos of facial masks. Secondly, the authors proposed a classification scheme to 

investigate abnormal respiratory utilising a deep learning paradigm. In the end, the authors had developed a 

non-contact and competent health monitoring model using the data collected from the hospital. The authors 

had claimed that the proposed architecture could classify Covid-19 patients. While studying the manuscript, 

two limitations are identified. First is the measured distance from the camera module. The authors had 

claimed that their proposed method can detect respiration from 0 to 2 meter. But, when the distance came 

up to 1.8 meter, the proposed algorithm failed to analyse because of the gradually increased space. Second, 

one is the rotation difficulties of the camera during data measurement. The authors had defined the angle 

of rotation from 0 to 45 degree. The proposed method worked effectively within this range. But the proposed 

method was unavailable to measure data in pitch rotation.  

Panwar et al. (Panwar et al., 2020): The authors of this study proposed an AI-based solution for the fast 

detection of coronavirus disease. They offered a deep transfer learning algorithm that speeded up identifying 

Covid-19 cases using chest X-ray and CT-Scan images. The proposed deep transfer learning algorithm focused 

primarily on binary image classification to distinguish the different images for rapid and reliable Covid- 19 

identification, CXR, and CT-scan images. The suggested algorithm considered the pre-trained weight to ex-

tract essential characteristics and learn the pattern of the Covid-19 sequence cases acquired from the CXR 

and CT-scan images. The proposed approach's key feature is entirely connected layers in the VGG-19 model 

with five additional layers. CXR and CT scan images are considered here, including the cases of Covid-19, non-

Covid-19, pneumonia, and non-infected. The proposed model achieved good accuracy with 95.61%. This 

study utilised the Grad-CAM technique that has several drawbacks. If the image included several instances 

of the same class, Grad-CAM failed to localise objects in an image properly. This is a severe problem since a 

widespread phenomenon in the real world is multiple occurrences of the same object in a picture. The author 

did not describe how they have handled this issue. 

Sedik et al. (Sedik, Iliyasu, Abd El-Rahiem, et al., 2020): The contribution of this study is deploying machine, 

and deep learning models for efficient data augmented detection of Covid-19 Infections. This study illustrated 

two data-argumentation models to enhance the learning capability of the novel deep learning algorithm, 

namely, the convolutional neural network (CNN) and the convolutional long short-term memory (ConvLSTM)-
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based deep learning models (DADLMs). The author proposed data-argumentation models to detect Covid-19 

infections. This study has been utilised in various deep learning algorithms for solving the research problem. 

The author claimed that deep learning algorithms would play a vital role in this type of study to identify Covid-

19 disease, and the objective of this study has been achieved. 

Yoo et al. (Yoo et al., 2020): The authors of this study have revealed a scheme to detect severe pharyngitis 

utilising a deep learning model with smartphone-based self-captured throat images. The authors also claimed 

that a convolutional neural network (CNN) framework had been observed in the automated detection of 

severe pharyngitis. The authors have classified the dataset into two interconnected parts; one is affected 

throat images with pharyngitis; and the other is typical throat images. Before training the model, the authors 

adopted a cycle consistency generative adversarial network (CycleGAN) due to the augmentation of the 

dataset. ResNet-50, Inception v-3, MobileNet-v2 models are redefined and interpreted to evaluate the severe 

pharyngitis detection accuracy. The study of the paper has experienced several types of drawbacks. Firstly, 

the scheme was trained with a small dataset set; 131 for affected throat images and 208 typical images, 

though they had performed augmentation on the dataset. Secondly, the authors did not provide a complete 

guideline of the utilisation of smartphones during self-capturing. Finally, the authors did not give a real-life 

application of the proposed system. As the authors had claimed, the proposed scheme will be effective on 

Covid-19 patients during a recent pandemic. 

Sara et al. (Halder & Datta, 2021): The authors adopted the conventional deep learning models to find the 

optimum results in Covid-19 abnormality detection from chest and X-ray images. Though the model achieved 

the highest accuracy of 99% with DenseNet with Bagging tree classifier, the dataset was very small to work 

with such a critical topic. To optimise the dataset, image augmentation and the fine-tuning of the weights 

can be possible solutions to overcome this issue. 

Samira et al. (Achki, El Gourari, & Layla, 2021): The authors have built an effective mechanism of Covid-19 

diagnosis where they utilised WSN models and deep learning. But the paper is very poorly written. There are 

no obvious models for Covid-19 diagnosis except ANN. The authors' needed a tremendous afford to enrich 

the methodology. 

Mohammad et al. (Shorfuzzaman, Masud, Alhumyani, Anand, & Singh, 2021): Although new findings imply 

that CXR images may not be the optimal modality for early Covid-19 identification, other study findings 

(published in literature studies) corroborate that radiology images reveal important information regarding 

Covid-19 infection as the disease progresses. As a result, this study can confidently assert that the proposed 

fusion model is in no way a substitute for a human radiologist. Instead, they anticipate that the current 

findings will significantly contribute to the expanding acceptance and use of AI-assisted applications in 

healthcare contexts. 

Dan et al. (Nguyen et al., 2021): Although this work did not completely investigate the approaches for 

improving robustness and preventing overfitting, it may serve as a baseline for future model generalisation 
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studies that employ medical data to deploy Covid-19–related classification models in clinical settings. 

Regarding the identification of Covid-19–positive patients by their medical data, this research will continue 

to study the boundaries of model generalisation concerning enhancing the algorithm and the intra- and inter-

source data variability. Overall, the deep learning models performed well on the unseen test set from the 

same distribution that they are trained on, indicating no typical overfitting problem with the training data in 

this study. 

DandiYang et al. (D. Yang et al., 2021): One of the paper's key conclusions is that by combining more public 

databases, data fusion models might improve diagnostic and predictive performance even further. The other 

is that the concentrated models could effectively support virologists in diagnosing Covid-19 and radiologists 

in the fight against Covid-19 outbreaks, arriving at vital patient diagnoses in minutes, which could be critical 

in their treatment. 

Arpita et al. (Halder & Datta, 2021): The proposed design greatly improved the model's diagnostic ability and 

obtains a high AUC score. As a result, KarNet has been shown to outperform the present state of the art in 

accurately classifying Covid-19 patients. The proposed approach can improve Covid-19 testing methods 

because most hospitals have CT scanners. As a result, this model can be used as an automated alternative 

testing method, potentially saving them time and lives of infected patients before it's too late. 

Subrato et al. (Bharati et al., 2021): The proposed CO-ResNet method is an optimised version of ResNet101 

that uses hyperparameter adjustment to accomplish optimisation. It outperformed other typical ResNet 

models in terms of results. Covid-19 has a detection rate of 98.74 percent in ResNet101 assessment data. 

 Julia et al. (Diaz-Escobar et al., 2021): Deep learning techniques for lung ultrasound imaging computer-as-

sisted interpretation offer a viable path forward for Covid-19 screening and diagnosis. We discovered that 

the InceptionV3 network, in particular, gives the most promising predictive outcomes among all AI-based 

techniques studied in this paper. Based on ultrasound imaging, InceptionV3 and Xception-based models can 

be used further to build a viable computer-assisted screening method for Covid-19. This study further depicts 

the summary of recent articles that are worked on the Covid-19 diagnosis, utilising a variety of images.  
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Figure 39: Variation in highest accuracy of the models 

Figure 39 shows the maximum accuracy in the previous paper over the various sophisticated deep learning 

techniques. From this figure, it can be delineated that the highest accuracy was recorded to be 99.0% among 

the different state-of-the-art methods. It is also noticeable that 97% accuracy appeared in the previous 

studies that have been taken into consideration in the second-largest model after the 99% accuracy. In 

contrast, 84% accuracy was the lowest in the existing studies. 

In addition to the maximum accuracy, this research also concentrated on extracting meaningful insights by 

analysing the performance based on the individual models. Considering Figure 40, it is observed that the 

authors of the current study have carried out their research and experimented through various state-of-the-

art deep learning techniques to illustrate, DenseNet, ANN, DNN, VGG, ResNet, MobileNet, InceptionV3 and 

Xception. These algorithms have benchmark performance on top of the multimodal medical imaging 

modalities. The ResNet model was the most frequent model among the various algorithms utilised 

previously. The ResNet model was trained through the ImageNet dataset using thousands of images to 

distinguish objects easily. Hence, it gives a good accuracy while classifying images. Besides, the DenseNet and 

VGG models are significant after the ResNet model. Even though the Mobilenet, InceptionV3 and Xception 

 

Figure 40:  The occurrence of the significance models that worked on other's images 
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models are found to be satisfactory for classification related tasks, for the case of detecting Covid-19 disease, 

these models have not provided an adequate performance. 

3.3.4. Summary of Covid-19 diagnosis using deep learning  

This research has summarised some of the developed systems for Covid-19 diagnosis. The review has 

involved analysing data sources, number of images and methodology proposed, the methods of data 

partitioning, the diagnostic deep learning technique used and finally, the accuracy graph to calculate the 

accuracy of the previous analysis. Some of the systems used many images, but the number of samples for 

Covid-19 cases is comparatively limited. Throughout the research, both the multiclass and image 

augmentation methods are considered. Some systems used cross-validation methods concerning data 

partitioning, and others used hold-out approaches. The comparisons and observations based on the 

contribution of the past models are used for this review.  

It is evident from the results that most of the developed systems used a transfer-learning approach, 2D DL 

framework, and attention mechanism (Jaiswal et al., 2020). However, generalisability and overfitting issues 

can be found in the case of 2D DL framework. In another case, (D. Singh et al., 2020)combined CNN and multi-

objective differential evolution (MODE) function is used to detect Covid-19 patients. Parameter tuning is re-

quired to ensure more optimal performance are observed while reviewing. The study (Jaiswal et al., 2020) 

proposed DenseNet201, based on deep transfer learning methods for classifying Covid-19 patients. It is found 

that in the case of medical imaging, transfer learning shows minimal performance achievement. Another 

study (Sedik, Iliyasu, El-Rahiem, et al., 2020) shows machine learning and deep learning models for efficient 

data-augmented detection of Covid-19. However, no significant observations are made in this study. Based 

on the dataset, the performance of the developed systems varied. As almost all the procedures used various 

data sizes for the experiment, the performance of the reviewed systems is not comparable. In terms of com-

parison of image modalities, the approach based on CT performed relatively better than the method based 

on X-rays. 

3.3.5. Conclusion 

The standard and the most-used method for detecting Covid-19 is RT-PCR. Still, many scientists and 

researchers claim that it may suffer from limitations and shortcomings that hinder them from 

implementation in a real-life scenario. So, an alternative and effective diagnosis and screening method needs 

to be identified. Furthermore, there are other concerns regarding model training and transfer learning. Since 

the datasets are not mature and readily available, it is hard for the researcher and scientist to develop specific 

models. As pre-trained models are trained on specific datasets, the dataset of Covid-19 infected patients may 

differ from those. Therefore, more experiments are needed to improve deep learning techniques. Most well-

known models are identified, and the efficiency of the various models are described with some unique 
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processing techniques, which are extremely important in medical image analysis. These findings will help 

future researchers pursue any of the frameworks and improve these models.  

Confirmed Covid-19 cases increased daily throughout 2020, with millions of deaths, while high mortality 

levels continued in 2021. Early diagnosis and screening of Covid-19 patients may limit the spreading of this 

highly contagious disease. Early detection DL-based imaging shows various limitations, and many researchers 

have concerns about these methods. The limitations from the observations to get satisfactory results for 

Covid-19 need to be identified. Pneumonia and other respiratory lung disease patients need to be identified 

first, then these datasets need to be used to classify and detect Covid-19 patients. 

3.4. The Literature review: AI for bone fracture 

3.4.1. Introduction 

Magnetic resonance imaging (MRI), computed tomography (CT), Nuclear medicine bone (NMB) scan, 

ultrasound and X-ray are used to identify bone fracture. Except ultrasound and X-ray, other forms of 

technology are expensive. They are not easily accessible (Mu et al., 2020). Furthermore, there is a lack of 

automated fracture detection tools, and on the contrary, CT and X-ray scan image based manual orbital 

fracture detection can lead to various challenges.  

The staff shortages, excessive workload, insufficient support for the younger radiologist and lack of orbital 

fracture information among radiologists are creating a massive gap in the domain (Li et al., 2020). Therefore, 

researchers worldwide are trying to find and contract alternative solutions to address it. For the availability 

of CT and X-ray images, deep learning (DL), a subset of machine learning (ML) is used in some cases to identify 

BF and MF throughout a musculoskeletal system (Jones et al., 2020). 

 A convolutional neural network (CNN) plays the most crucial part in the entire mechanism, and Faster R-

CNN, InceptionV3, ResNet architecture, VGG16, Gradient-weighted class activation mapping (Grad-CAM) a 

popular heatmap-based technique and Adam optimiser are used by the computer-aided diagnosis (CAD) 

system to recognise broken bones and to get the most accurate results (Mutasa et al., 2020). The automatic 

features extraction algorithmic technique is also used in some specific domains to understand the problems 

without direct human involvements (Mutasa et al., 2020). 

The priority for this research is to understand the ML settings and find the research gap in understanding the 

best techniques to recognise bone fracture. This systematic literature review has tried to see each paper's 

categories, motivations, addressed problems, proposed solutions, novelty, limitations, image quantity, 

models, and accuracies. Furthermore, the model's accuracy based on the image quantity, percentage of 

models used, practical implementation, limitations, research progress, and accuracy based on image types 

are also analysed and compared.  
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The following section will discuss the core elements of understanding bone fracture. The research 

methodology is addressed in section two; section three addresses background and findings; section four 

addresses the results and discussion. The last section concluded the paper. 

3.4.2. Methodology 

A pragmatic approach is used to understand the research problem, allowing the authors to recognise diverse 

concepts and interpretations. Initially, a research theme was formed to understand the settings and available 

published literature; an initial literature search was carried out. As there was a wide range of artificial 

intelligence, machine learning and deep learning work, it was decided to consider only deep learning 

literature, and the key research question was formulated: 

What is the scope of deep learning in bone fracture? 

After the initial search, two additional research questions are constructed to address the project theme and 

findings:  

a. What is the future of deep learning in bone fracture?  

b. Can deep learning assist radiologists? 

 

Figure 41: Project methodology 

3.4.2.1. Literature search strategy  

Google Scholar, NCBI (PubMed) databases are used to identify relevant published papers. They are well 

established and have a wide range of peer-reviewed journal information. They are always kept up to date. 

The literature is searched in three domains: bone fracture detection, machine learning, and deep learning.  

3.4.2.2. Initial literature search results  

The initial literature search was to understand the available literature from 1990 to 2021. In the artificial 

intelligence domain, 315 and 219 published literatures are observed in Google scholar (GS) and PubMed (PM) 

respectively. In the machine learning domain, 340 and 136 literatures in GS and PM are observed; in the deep 

learning domain, 324 and 83 literatures in GS and PM are observed. Then to structure the study, only 2016 

to 2021 deep learning papers are considered. 
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Figure 42: Search results 

The initial literature search and review identified that most related AI and ML research are carried out in the 

last 5-8 years. Therefore, the previous five years of published literatures are included in this review. 

3.4.2.3. Inclusion and exclusion criteria 

The inclusion and exclusion criteria are formed to narrow the search and get the most appropriate literature.  

I. The Inclusion criteria: 

1. The research paper must be a Journal article or conference paper  

2. The research study must contain a DL-based model or framework designed solely for Bone Fracture. 

3. The purpose of each research study must focus on diagnosing or screening Bone Fractures through DL 

methods.  

4. The time frame for each research study should be five years from 2021. 

II. The exclusion criteria: 

1. Any research work published as a preprint, early works or not peer reviewed.  

2. Any comparative studies.  

3. Editorials, review papers or research letters.  

3.4.2.4. Final literature search results 

At the initial search, 263 papers are observed. Among them, 224 papers in GS and 39 in the PM are 

discovered. A total of 40 duplicates are found, and 164 articles did not match the project theme in the title 

review. A total number of 83 papers are listed for the abstract review. In the abstract review, 27 papers are 

found irrelevant, 4 are not accessible to download. Finally, 52 papers are reviewed for this study.  
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Figure 43: Literature inclusion and exclusion results  

3.4.3. Background  

This section is divided into several subsections and each of them will address the following parameters of the 

study. In section (3.4.3.1), motivation and the algorithms are presented. In section (3.4.3.2), the fracture, 

image type, and sample size are described. Finally, in section (3.4.3.3), the accuracy and the feasibility are 

presented. 

3.4.3.1. Motivation and the algorithms  

The researchers are using various ML algorithms to address various bone fracture detections. Some worked 

to improve the existing model, and some have proposed new solutions. The literature review discovered that 

among all the qualified 52 papers, sixteen models (DCNN, CNN, BPNN+ANN, ANN, Faster RCNN, K-Means + 

Fuzzy, U-Net, KNN+CNN, SIFT, BPNN, Deep Wrist, FracNet, FAMO+FPN, M-Net+Level, Pix2pixHD GAN, 

HOG+GLCM) are used to determine bone fracture, where CNN-based models are highly used compared with 

the other models. The rest of the algorithms are used twice or once. The details and their percentage will be 

described in the discussion section. 
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Figure 44: Qualified models 

Figure 44 shows that CNN-based models were the most used for BF detection. Although the names CNN and 

DCNN are often used interchangeably, here we present the names used in the articles, including variants 

such as RCNN and KNN+CNN. The researchers of various studies have their motivations, preferences, and 

way of model building to address specific BF domains. After reviewing the literature, it is observed that wrist, 

femur fractures, calcaneus fractures, distal radius fractures, rib fractures, orbital blowout fractures, and long 

bone fractures are types of bone fractures domain in the previous DL and ML analysis. 

Four outstanding literatures are observed among ten qualified papers on the hip, femur and femoral shaft. 

They are assessed based on their motivation, image size, model and results. Badgeley et al. (2019), are 

motivated to develop a model to optimise prediction accuracy based on disease, demographics, and image 

acquisition. They stated that hip injuries are the most common cause of disability and death among older 

adults. Besides, it is also the most commonly missed diagnosis on pelvic radiographs, premature treatment 

results in higher costs and worse outcomes. 
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Figure 45: Hip fracture detection (Badgeley et al., 2019). 

They used a CNN-based inception v-3 model to feature radiographs into an embedded 2048-dimensional 

representation (Figure:45, Section A). The data are collected from two separate sources (Figure:34, Section 

B), and the variables are categorised as pathology (gold), image (IMG, yellow), patient (PT, pink) and hospital 

process (HP, green). Image distribution cluster is created (Figure:34, Section C) by t-Distributed Stochastic 

Neighbour Embedding (t-SNE), and the pretrained model used 299 × 299-pixel input. Each feature is averaged 

to get a 2048- dimensional feature vector.  

Urakawa et al. (2019), are motivated to build their model to compare the capacity of radiologists and a deep 

learning model. They stated that it is tough to recognise an orthopaedic doctor's hip fractures with bare eyes 

without the help of modern technology. But the existing deep learning models and the radiologists' 

performance must be compared to understand the gap.  

They have used anterior-view hip radiographs with a CNN-based VGG 16 model and, to avoid overfitting, 

used three regularisation techniques. The first one is data augmentation, where the data size is boosted. The 

second one is the L2 regularisation, and the third is early stopping. They used a Digital Imaging and 

communications in medicine viewer for the orthopaedic surgeon to determine the fracture. Later, they 

compared both results.  

Cheng et al. (2020), are motivated to develop a system to improve the current deep learning models. They 

indicated that the present models are not performing satisfactorily to recognise the fracture of the pelvic 

radiographs. They have used the model form (Cheng et al., 2019) and have inspected VGG16, ResNet-152, 

Inception-v3, Inception-ResNet-v2, and DenseNet-121 with binary classification.  
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Figure 46: DCNN model (C. T. Cheng et al., 2020) 

The DenseNet-121 showed balanced training, validation, and testing sets. Therefore, they have selected this 

deep convolutional neural network (DCNN) and created the heatmaps with gradient-weighted class 

activation mapping (Grad-CAM) for better performance.  

Tanzi et al. (2020), are motivated to build a system in the emergency department to assist medical personnel 

in diagnosing bone fractures with detection and classification. They have classified three types of fractures. 

In the type A fracture, the trochanteric region, they labelled simple pertrochanteric fractures as A1, 

multifragmentary pertrochanteric A2, and intertrochanteric fractures as A3. 

 

Figure 47: trochanteric region fracture types (Tanzi et al., 2020) 

They have evaluated and measured the performance of the specialists with and without the CAD system 

using accuracy and Cohen's Kappa scores. Firstly, they involved one experienced and one inexperienced 

radiologist students to evaluate a set of images to understand the type of fracture without the help of the 

neural network. Later, both of the results are matched to understand the gap. 
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Besides, among the qualified papers on wrist and ribs fractures, four outstanding literatures are found. 

Raisuddin et al. (2021), are motivated to develop a state-of-the-art DL-based pipeline for wrist (distal radius) 

fracture identification and tested it against a general population and a complex test set consisting only of 

cases requiring CT confirmation. They stated that conventional radiography commonly detects wrist fractures 

(i.e. X-ray imaging), though fracture delineation might sometimes be difficult, necessitating further proof by 

computed tomography (CT).  

 

Figure 48: DeepWrist pipeline (Raisuddin et al., 2021) 

DeepWrist pipeline is created through the localisation block's ROI (region of interest). It can predict three 

landmark points (P1, P2 and Ps3). These points are cropped, and the original radiograph constructed the ROI 

image. It is a two-stage pipeline and utilises anatomical landmark localisation and image classification 

models. Then a fracture detection block predicts whether the radiograph is normal or has a fracture. It used 

the GradCAM approach to yield high performance. 

Ebsim, Naqvi, and Cootes (2019), are also motivated to develop a model to help the emergency department. 

They stated that Almost 18% of adults and 25% of children suffered from wrist fractures. The emergency 

department examines the lateral and posterior-anterior radiographs to identify wrist fractures. They 

designed CNN and statistical shape models (SSMs) based model to recognise the wrist fracture through X-

ray. 

 

 

Figure 49: Fully automated system for detecting wrist fractures (Ebsim et al., 2019). 
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Each raw image is cropped and patched to train the CNN model. A global search with a random forest 

regression voting (RFRV) technique was used to find the approximate radius location. Then a local search was 

performed by a sequence of random forest regression voting constrained local model (RFCLM) with an 

increased resolution to find its contour. This helped to predict the most likely location of each point, and at 

the end, a shape model is used to constrain the points and encode the results. 

Liang et al. (2020), are motivated to build a therapeutically useful automatic method, the FracNet, a 3D 

model for detecting and segmenting rib fractures from CT scans. It utilised a data-driven approach, which 

included human annotations, and the system learned directly to predict the voxel-level segmentation.  

 

Figure 50: The pipeline for detecting rib fractures from CT scans (Liang et al., 2020). 

The positive sample size is created by cropping each image from 96X96X96 to 64X64X64 to alleviate the 

imbalance between the samples. They also used data augmentation techniques of random plane flipping and 

a combination of soft dice loss and binary cross-entropy (BCE) to train their network. Furthermore, they used 

the dice coefficient (Dice) and the intersection-over-union (IoU) for segmentation.  

Q. Q. Zhou et al. (2020), are motivated to develop a faster region-based R-CNN, the ResNet-101 model, to 

recognise rib fractures from CT images. The monocentric training and validation dataset and multicentre 

dataset are annotated by experienced radiologists. Then, a thoracic surgeon is included for the inconsistent 

results to confirm and mark them as the gold standard (ground truth [GT]). They used a rectangular bounding 

box to slice each fracture for labelling.  
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Figure 51: Faster R-CNN architecture (Q. Q. Zhou et al., 2020) (A. ResNet-101. B. RPN network is mainly 

used to generate regional proposals. C. ROI pooling. D. Classifier. ROI = region of interest, RPN = region proposal 
network) 

They used three settings: 1) structured report, 2) conventional diagnosis by experienced radiologists, and 3) 

comprehensive results. The dataset for the test comprised all the CT images of 1-mm slice thickness and 1024 

x 1024 pixels. Then, five different validation sets spanning, and various parameters (slice thickness and pixels) 

are added to the model to evaluate the model's generalisability, stability, and robustness. 

Besides, among the qualified papers on other common types of fractures, two outstanding literatures are 

found. Jones et al. (2020), have created an ensemble of 10 CNN models. Their motivation to develop the 

proposed model is that correctly identifying fractures in radiographs is tricky due to its unique heterogeneous 

property. Clinicians not specialised in detecting fractures from musculoskeletal images and lack of specialised 

clinicians may result in misdiagnosed fractures. This misdiagnosis may lead to severe health issues for the 

patients.  

Furthermore, they have divided the entire study into three sub-sections: a pre-processing stage, the analysis 

stage, and the postprocessing stage. They have performed individual tasks in each of them to get better 

results. Each network is independently optimised on radiographs to predict the fractures ("radiograph-level 

probability"). They used minor variants of the dilated residual network architecture, and each pixel was part 

of a fracture site ("pixel-wise probability map"). Network hyperparameters are tuned and updated using 

Adam optimiser. Finally, the result from each network is averaged to get the desired output.  

Mutasa et al. (2020), are motivated to develop a CNN-based model to reduce the mortality and morbidity 

rate of proximal femur fractures, including osteoporotic femoral neck fractures in older patients. The data 

annotation is conducted using DICOM web viewer. After annotating the images, the first network is 

considered. Then it is trained to locate the femoral neck on radiographs and generated 850*850 images. 

Then, these images are fed to the second network, and it is trained to classify the images into the desired 

classification group. 
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Data augmentation techniques are used to get additional training data by exploring multiple minor variations 

to understand the fracture patterns. It is done by random horizontal and vertical flipping, random rotation 

of the input image by − 30° to 30°, and random contrast jittering. These techniques added a random Gaussian 

noise matrix to the input image, which extended an additional 3.2 × 108 variations of each input image. Then 

the CNN model is trained to differentiate nondisplaced Garden I/II fractures from displaced Garden III/IV 

fractures. 

3.4.3.2. The fracture, image type and sample size 

Various state-of-the-art architectures of deep learning and machine learning models are used to detect bone 

fractures, where fracture and image type (e.g., X-ray and CT) and sample size play vital roles in understanding 

bone fractures. Furthermore, apart from two qualified papers that especially used CT, most used X-ray 

imaging to understand the fracture type. The smallest sample size was 42 images, and the largest was 715343 

images. The most outstanding papers among the qualified literatures are described in the following section. 

Badgeley et al. (2019), collected 23,602 hip radiographs with the associated patient and hospital process 

data from the medical imaging and clinician dictation databases. They are motivated to improve an existing 

machine learning models. The performance is evaluated based on disease, demographics, and image 

acquisition. They used 23,557 images to train and test the model. Extracted features are separated into 

disease (i.e., fracture), image (IMG), patient (PT), or hospital process (HP) variables, and only those known at 

the time of image acquisition are used as explanatory variables. They also computed image features for all 

radiographs with randomly initialised model weights pre-trained on everyday images.  

Liang et al. (2020), developed a deep-learning-assisted detection and segmentation of rib fractures from CT 

scans. A total of 7,473 annotated traumatic rib fractures from 900 patients are included in the RibFrac 

Dataset. They created the FracNet deep learning model to detect and segment rib fractures, where the 

images are annotated using a human-in-the-loop labelling procedure. A total of 720, 60, and 120 patients are 

randomly assigned to the training, tuning, and test cohorts, respectively.  

Tanzi et al. (2020), are motivated to build a hierarchical fracture classification system for the proximal femur 

from X-ray. They used 2453 manually annotated images, where there are 1133 unbroken femurs, 570 type 

A, 750 type B. Secondly, the A-type fractures are subdivided into A1, A2, and A3 types shown in Figure 37. 

Cheng et al. (2020), are also inspired to develop a model for detecting hip fractures. They obtained 3605 

PXRs from CGMH in Linkou, Taiwan, including 1975 with hip fractures and 1630 without. The diagnostic 

criteria are developed using all available clinical data, such as clinical diagnosis, imaging reports, advanced 

imaging reports, and operative findings. For the initial evaluation of each neural network and its 

performance, they randomly divided the development dataset into training (2163/3605, 60%), validation 

(721/3605, 20%), and testing (721/3605, 20%) sets. 
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Mutasa et al. (2020), are motivated to develop a CNN based model to reduce the mortality and morbidity 

rate of proximal femur fractures, including osteoporotic femoral neck fractures in older patients. A total of 

1,633 AP hip radiographs are taken from 550 patients. The following radiographs are used as ground truth 

labels for the Garden fracture classification: (1) 127 Garden I and II fracture radiographs, (2) 610 Garden III 

and IV fracture radiographs, and (3) 326 normal hip radiographs.  

After an initial network classified the photos as Garden I/II fracture, Garden III/IV fracture, or no fracture, a 

second CNN classed them as Garden I/II fracture, Garden III/IV fracture, or no fracture. They used 9063 

images for training and testing. The training set is augmented using advanced data augmentation techniques, 

such as the generative adversarial network (GAN) and digitally reconstructed radiographs (DRRs), from 

preoperative hip CT scans.  

Q. Q. Zhou et al. (2020), are motivated to develop a faster region based R-CNN, the ResNet-101 model, to 

recognise rib fractures from CT images. Between January 2011 and January 2019, 1079 patients (median age, 

55 years; men, 718) are recruited from three hospitals and are divided into three groups: a monocentric 

training set (n = 876; median age, 55 years; men, 582), five multicentre/multiparameter validation sets (n = 

173; median age, 59 years; men, 118), and a standard control set (n = 30; median age, 53 years; men, 18). 

The fracture location (matching CT layers) and three categories (fresh, healing, and old fracture) are 

automatically detected and given in a structured report. Precision, recall, and F1-score are chosen as metrics 

to select the best CNN model. 

Ebsim et al. (2019), developed their model to examine the posteroanterior and lateral radiographs by the 

convolutional neural networks (CNNs) to detect wrist fractures (distal radius fractures). The collected data 

are from 1010 adult patients, where 505 of them had fractures. Their sample also contains another 787 

patients, 378 of whom had fractures. All the data are collected from two local EDs, while the rest are gathered 

from the MURA dataset. The suggested method used a random forest regression voting constrained local 

model to split the radius autonomously. The object is registered throughout the dataset and crop patches 

using automatic annotation. Each view's registered patches are used to train a CNN individually. 

Raisuddin et al. (2021), are inspired to create a state-of-the-art DL based pipeline for wrist (distal radius) 

fracture detection, which they tested against a general population test set and a rigorous test set comprising 

only of cases requiring CT confirmation. Their initial training dataset included 1000 cases of distal radius 

fractures. Pictures with artifacts (for non-diagnostic quality or implants) are deleted, leaving 953 distal radius 

fracture cases. They skewed the data selection to produce the training set by keeping the fracture ratio at 

50%. They utilised a total of 1946 wrist studies (3873 PA and LAT pictures).  

Urakawa et al. (2019), build their model to compare the capacity of radiologists and a deep learning model. 

They enrolled 1773 patients with plain hip radiographs to show proximally broken and non-fractured femurs. 

Images depicting pseudarthrosis following a femoral neck fracture and those representing artificial items are 



 

93 | P a g e  
 

omitted. This resulted in 3346 hip images (1773 fractured and 1573 non-fractured) to compare the perfor-

mance between the convolutional neural network and five orthopaedic doctors. 

3.4.3.3. The accuracy and the feasibility  

The accuracy of detecting bone fractures is the core and critical issue when identifying them through a DL or 

ML model. Therefore, the research of various settings has tried to develop a workable solution, which will 

give them the stability and most accurate system without the help of human interaction and interpretation. 

From the qualified literature of this study, the highest level of accuracy observed was 99.53, and the lowest 

was 62.04. Every author has their way of accuracy claims, and the most outstanding performances are 

described in the following section.  

Ebsim et al. (2019), the suggested method used a random forest regression voting constrained local model 

to split the radius autonomously. They used automatic annotation to register the crop patches and objects 

across the dataset with a 5-fold cross-validation. Each registered patch is used to train a CNN individually.  

 

 

Figure 52: Fracture detection. (a) receiver operating characteristic (ROC) curve for posteroanterior 
view. (b) ROC curve for lateral view. (c) ROC curve for both views combined. (d) Example of learning 
curves for a model (Ebsim et al., 2019). 
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On cross-validation studies on a dataset of 1010 patients, their automatic system surpassed existing methods 

with a performance of 96 % (area under the receiver operating characteristic curve). 

 Liang et al. (2020), developed a therapeutically useful automatic method, the FracNet, a 3D model for 

detecting and segmenting rib fractures from CT scans. Their technique had a detection sensitivity of 92.9 %, 

5.27 false positives per scan, and a segmentation Dice of 71.5 % on the test cohort. They have also compared 

their model with the human expert and observed that FracNet achieved higher sensitivities with significantly 

reduced false positives.  

 

Figure 53: A comparison of human-only and human-computer collaboration detection 
performance, where R is a radiologist (Liang et al., 2020). 

Human specialists produced far fewer false positives per scan, despite falling short of deep neural networks 

regarding detection sensitivity and diagnosis speed. Human experts demonstrated higher detection 

sensitivity with human-computer collaboration than human-only or computer-only diagnoses. 

Q. Q. Zhou et al. (2020), created a quicker region-based R-CNN, ResNet-101 model, for detecting rib fractures 

from CT scans. They observed that fresh and healing fractures had higher detection efficiency than old ones 

(F1-scores of 0.849, 0.856, and 0.770, respectively, p = 0.023 for each).  
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Figure 54: Comparison of diagnostic efficiency for different fractures in different situations on fROC 
curves (Q. Q. Zhou et al., 2020).  

In the above fig.54, A represents the true positive rate and average FP per scan of fresh fractures; B, the 

healing fractures, and C, the old fractures. From the enlarged inset, 11 points of the structured report (yellow 

star) and radiologists with and without AI assistance (red and orange circles, respectively) are all above 

curves; among them, five points representing AI-assisted diagnosis (red circles) are the greatest (all located 

in the upper left corner). AI = artificial intelligence, fROC = free-response receiver operating characteristic (Q. 

Q. Zhou et al., 2020). 

The robustness of the model was good in five multicentre/multiparameter validation sets (all mean F1-scores 

> 0.8 except validation set 5 [512 512 pixels; F1-score = 0.757]). With an artificial intelligence assisted 
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diagnosis, the five radiologists' precision jumped from 80.3 % to 91.1 %, and their sensitivity increased from 

62.4 % to 86.3 %. The radiologists' diagnosing time was lowered by 73.9 seconds on average. 

Mawatari et al. (2020), developed a digital pelvic radiograph model for detecting hip fractures through a 

deep convolutional neural network (DCNN) model such as GoogleNet. They used a continuous rating scale to 

record the observer's confidence level, and they interpreted the DCNN outputs continuously for better 

results. The accuracy of the DCNN model is 90.5%. DCNN is developed utilising CT and MRI as a gold standard.  

 

Figure 55: The average ROC curves illustrate the overall performance of the DCNN and the readers 
(Mawatari et al., 2020). 

Ozkaya et al. (2020), included 390 anteroposterior CT wrist radiographs to evaluate the BF analysis. The 

performance of the proposed model with CNN was specified with rea under the ROC Curve (AUC), sensitiv-

ity, specificity, F1-score, and Youden index.  

 

Figure 56: The diagnostic performances of the CNN, emergency department (ED) physician and orthopaedic 

specialists. The experienced orthopaedic specialists had the highest AUC value (Ozkaya et al., 2020) 

The results retrieved from CNN are then compared with the evaluation of an emergency department (ED) 

physician and two orthopaedic specialists to identify scaphoid fractures more accurately. They achieved 76% 
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sensitivity and 92% specificity, 0.840 AUC, 0.680 Youden index, and 0.826 F score values in detecting and 

classifying scaphoid fractures. 

Mutasa et al. (2020), proposed an advance deep learning procedure on which femoral neck fracture can be 

detected accurately. Based on a 20% validation group, a deep neural network is constructed and optimised. 

A holdout test dataset had 105 genuine photos, 35 of which are in each class. Two-class prediction of fracture 

against no fracture (AUC 0.92): 92.3% accuracy, 0.91% sensitivity, 0.93% specificity, 0.96% PPV, and 0.86% 

NPV.  

Table 3: Normal, Garden I/II, Garden III/IV results 

 Accuracy SN SP PPV NPV 

Normal 0.92 0.91 0.93 0.86 0.96 

G I/II 0.80 0.54 0.93 0.79 0.80 

G III/IV 0.86 0.91 0.83 0.73 0.95 

Garden I/II, Garden III/IV, or normal class prediction (AUC 0.96) are found to have accuracy 86.0%, sensitivity 

0.79, and specificity 0.90, PPV 0.80 and NPV 0.90. The AUC for the two-class prediction is 0.80 without any 

sophisticated augmentation. AUC was 0.91 when digitally reconstructed radiographs (DRR) are the only 

advanced augmentation and 0.87 when the generative adversarial network (GAN) is the only one. GANs and 

DRRs can improve the precision of a tool for diagnosing and classifying femoral neck fractures. 

Jones et al. (2020), Due to its unique heterogeneous property, it is very difficult to identify fractures in 

radiographs. Therefore, they are motivated to create an ensemble of 10 CNN models.  

 

Figure 57: Error bars represent 95% confidence intervals calculated using bootstrap sampling (m= 
1000). n indicates the number of radiographs tested 23.  
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The deep-learning system's overall area under the ROC Curve (AUC) is 0.974 (95 % CI: 0.971–0.977), 

sensitivity is 95.2 % (95 % CI: 94.2–96.0 %), specificity is 81.3 % (95 % CI: 80.7–81.9 %), positive predictive 

value (PPV) is 47.4 % (95 % CI: 46.0–48.9 %), and negative predictive value (NPV) is 99.0 % (95% CI: 98.8–

99.1%).  

3.4.4. Discussions and the findings  

Bone fracture detection through machine learning, especially deep learning algorithms plays an important 

role. All the authors of the 52 qualified studies of this review have demonstrated various techniques and 

methods to recognise bone fractures successfully. Some proposed new approaches, and some tried to 

improve the existing methods. But all of them had a common goal to develop a unique contribution to make 

bone fractures detection explicitly capable of being diagnosed efficiently. The literature shows that the 

dataset size used by the DNN and non-DNN models are different, where most of the DNN models used more 

data than other models by a factor of up to 59,000. It is also observed that the model prediction varies 

according to the data runs and model selection. In most cases, DNN achieved less accuracy compared with 

the non-DNN models included in this study. 

All the qualified papers are included in this review to understand their model/s, algorithms, dataset, accuracy, 

and clinical settings. They are also analysed for the reader to understand the settings listed in Table 4.  

Table 4: Listed attributes of the qualified literature 

Paper 
Accuracy 

(%) 

Number 
of data 

points in 
the 

dataset Model Utilised Type 

Clinical trial Software 

(K. B. Kim, Song, & 
Yun, 2019) 0 20 

K-Means & Fuzzy 
System X-ray  

No No 

(Chedid et al., 2020) 49.63 21,899 Pix2pixHD GAN X-ray  No No 

(Guan, Zhang, Yao, 
Wang, & Wang, 
2020) 62.04 40,895 CNN X-ray  

No No 

(Yamamoto et al.) 69.5 467 CNN CT  No No 

(Gopalakrishnan, 
Sheng, & Valesani, 
2019) 70 40,561 KNN, CNN X-ray  

No No 

(Salehinejad et al.) 70.92 1,174,335 CNN CT No No 

(Aghnia Farda et al., 
2021) 72 760 CNN CT 

No No 

(Chen et al., 2021) 73.59 1306 DCNN X-ray  No No 

(Kitamura, Chung, & 
Moore, 2019) 76 596 CNN X-ray  

No No 
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(Açıcı, Sümer, & 
Beyaz, 2021) 80 2682 CNN X-ray  

No No 

(Sasidhar, Thanabal, 
& Ramya, 2021) 81 1200 CNN X-ray  

No No 

(Beyaz et al., 2020) 82 234 CNN X-ray  No No 

(Wint, Tun, & Tun, 
2018) 82 104 BPNN X-ray  

No No 

(Guan, Yao, Zhang, & 
Wang, 2019) 82.1 3,842 CNN X-ray  

No No 

(Cheng et al., 2019) 82.98 61 

ANN,  
Standard Contour 
Histogram 
Feature-Based 
(CHFB) X-ray  

No No 

(Li et al., 2020) 87 188 CNN CT No No 

(Ozkaya et al., 2020) 
84 390 CNN X-ray  

No No 

(Dreizin et al., 2021) 
85 373 RNN CT No No 

(Tanzi et al., 2020) 86 2453 CNN X-ray  No No 

(Adams et al., 2019) 89.4 1320 CNN X-ray  No No 

(Mawatari et al., 
2020). 90.5 327 DCNN X-ray  

Yes. Images are 
annoted with 
radiologist 

No 

(Karimunnisa, 
Savarapu, Madupu, 
Basha, & 
Neelakanteswara, 
2020) 91 900 BPNN, ANN X-ray  No No 

(Cheng et al., 2020) 91 3605 CNN X-ray  

Yes. Images are 
annoted with 
radiologist and 
trauma surgeons 

No 

(Haq & Wilk, 2018) 
 

91 2030 HOG, GLCM X-ray  No No 

(Q. Q. Zhou et al., 
2020) 91.1 25054 Fastrer CNN CT 

No No 

(Miao et al.) 91.17 1283 CNN X-ray  No No 

(Lindsey et al., 2018) 91.5 135,409 DCNN X-ray  

Yes, image 
annotated with 
knowledge of 
general physicians 

No 

(Weikert et al., 2020) 91.5 511 CNN CT 

No Yes 
(Clinical 
decision 
support 
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system 
tool) 

(Wu et al., 2021) 91.5 9040 
FAMO plus 
ResNeXt101+FPN X-ray  

No No 

(Mutasa et al., 2020) 92 97,128 CNN X-ray  No No 

(Liang et al., 2020) 92 332,483 FracNet CT No No 

(Urakawa et al., 

2019) 

 
 

92.2 3346 CNN X-ray  

Yes, Clinical 
support from 
orthopaedic 

No 

(Yadav & Rathor, 
2020) 92.44 4000 CNN X-ray  

No No 

(Jones et al., 2020) 92.5 715,343 Ensemble DCNN X-ray  No No 

(K. C. Kim, Cho, Jang, 
Choi, & Seo, 2019) 93.82 637 

M-net and level-
set methods X-ray  

No No 

(Jiménez-Sánchez et 
al., 2020) 94 1347 CNN X-ray  

No No 

(Abbas et al.) 94 54 CNN X-ray  No No 

(Dimililer, 2017) 94.3 100 

Scale-Invariant 
Feature Transform 
(SIFT) algorithm X-ray  

No No 

(D. H. Kim & 
MacKinnon, 2018) 95.4 695 CNN X-ray  

No No 

(Cheng et al., 2019) 95.9 75 DCNN X-ray  No No 

(Chung et al., 2018) 96 1,891 CNN X-ray  No No 

(Ebsim et al., 2019) 96 1010 CNN X-ray  No No 

(Yahalomi, 
Chernofsky, & 
Werman, 2018) 96 120 Fastrer CNN X-ray  

No No 

(Gan et al., 2019) 96 2340 CNN X-ray  No No 

(Choi et al., 2020) 97.6 1266 CNN X-ray  No No 

(Verma, Kulshrestha, 
Rajput, & Patel, 
2020) 98 366 CNN X-ray  

No No 

(Pranata et al., 2019) 98 944 CNN CT No No 

(Badgeley et al., 
2019) 98 17,587 CNN X-ray  

No No 

(Raisuddin et al., 
2021) 99 1946 DeepWrist  CT 

No No 

(Tobler et al., 2021) 99 15,775 CNN X-ray  No No 

(Mu et al., 2020) 99.53 845 
U-Net 
Architectures X-ray  

No No 
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(Hegadi, Navale, 

Pawar, & Ruikar, 

2018) 

 
100 42 ANN X-ray  

No No 

Based on the table, it is observed that from the year 2017 to 2021, one article was qualified in the year 2017; 

subsequently, 7 articles in the year 2018, 14 in 2019. The study found 21 articles in 2020 and 9 in 2021. The 

associated results are illustrated in figure 58 with a bar chart. 

 

Figure 58: Number of papers published per year 

All the bone fracture domains are identified at the beginning of the review to understand the DL and ML 

paradigms. The study has found 25 types of significant bone fractures, including hip, wrist, knee, arm, novice 

etc. Among those fractures, a considerable number of papers worked on different types of the bone fractures 

without having a particular bone type. Also, hip bone and femoral neck have placed remarkable contributions 

among these papers. Besides, wrist, calcaneus, rib, generic bones, and proximal humerus have an equal 

number of frequencies compared to other types of bone fracture. Figure 59 shows the corresponding bar 

chart of frequency vs fracture type. 

 

Figure 59: Occurrence of models in the study 
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Additionally, some clinical aspects are also traced that directly contributed to clinical settings, which involved 

doctors, physicians, and radiologists. Some researchers are identically selected to present the contributions 

of the medical personnel in diagnosis with the conventional deep learning paradigm to accomplish various 

bone fracture ML and DL implementation goals. Figure 60 shows the pie-chart of the papers directly 

associated with the clinical aspects. In this figure, around 17% of papers from 52 have the contributions of 

bone fracture diagnosis through deep learning models and the clinicians' consultations. Most of the authors 

have annotated the targeted images manually with the expertise of experts, radiologists, and physicians. 

 
Figure 60: Clinical contributions of the paper 

For instance, Jones et al. (2020), manually annotated the infected radiographs with the help of expert opin-

ions. Then, an ensemble of 10 CNN models is created. Each network is independently optimised on radio-

graphs to predict the fractures. Li et al., (2020), have included 188 images to the machine learning models 

and compared the experts’ opinions with computer-aided results. Urakawa et al. (2019), included 1773 pa-

tients and 3346 (1773 fractured and 1573 non-fractured hip pictures) plain hip radiographs. They are cropped 

to show just the proximal fractured and non-fractured femurs. The performance of the convolutional neural 

network is checked against five orthopaedic doctors. The authors employed VGG16 for transfer learning since 

pretrained models lower the time to train a classifier and the number of pictures necessary.  

Furthermore, Chedid et al., (2020), observed whether synthetic X-rays produced by the neural network are 

realistic by including ten physicians to check the results manually. The mixed sets of authentic and synthetic 

photographs are shown to the participants, and they are evaluated to confirm which images are synthetic. 

Two classifiers are trained, one on genuine pictures of fractures, and another on authentic and simulated 

images to detect actual fractures. Dreizin et al., (2021), used an automated registration and cropping 

technique to create the input pelvic images. The network's performance for rotational and translational 

instability classification is compared to (i) an analogous tri-planar architecture incorporating an LSTM RNN 
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network, (ii) a previously described 3D autoencoder-based method, and (iii) grading by a fourth independent 

blinded radiologist with trauma expertise. 

Moreover, it is also observed that the accuracy is based on the dataset shown in figure 61 and the accuracy 

varied from 49.63% to up to 100%. The results are mixed, and it was tough to predict how all the models are 

performing based on the data sizes and models. Some have listed brilliant results with smaller data, and some 

have not. For instance, Hegadi et al. (2018), achieved 100% accuracy with only 42 X-ray images in their ANN 

model. Tobler et al. (2021), also achieved 94% accuracy with only 52 X-ray images in their CNN model. Cheng 

et al. (2020), achieved 95.9% accuracy with only 75 X-ray images to their DCNN model. Besides, Dreizin et 

al., (2021), gained 82.98% accuracy with only 61 X-ray images in their ANN model, and Wint WM et al., 

(2018), achieved 82% accuracy with only 104 X-ray images in their BPNN model.  

 
Figure 61: Highest accuracy vs. Size of Dataset 

Similarly, K. B. Kim et al., (2019), achieved 92.5% accuracy with 715,343 X-ray images to their ensemble DCNN 

model. Haq & Wilk, (2018), achieved 92% accuracy with 332,483 CT images to their FracNetmodel and Lind-

sey et al., (2018), achieved 91.5% accuracy with 135,409 X-ray images by their DCNN model. On the contrary, 

Guan et al., (2020), achieved 62.04% accuracy with 40,895 X-ray images by their CNN model, Gopalakrishnan 

et al., (2019), achieved 70% accuracy with 40,561 X-ray images by their KNN and CNN models, and Sale-

hinejad et al., (2021), achieved 70.92% accuracy with 1,174,335 X-ray images by their CNN model. 

Besides these, we have also observed that CNN based architectures are the most frequently utilised medium, 

which contributed to 57.7% of the adopted models. DCNN was the second-highest, contributing 57.7%, 

BPNN+ANN, ANN, and Faster RCN are the third, contributing 3.8%, and all other models like U-Net SIFT and 

FracNet are the least used models.  
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Figure 62: Occurrence of models in the study 

Furthermore, it is also observed that the evaluation matrix is based on the performance of the individual 

models and results. It is noted that DCNN, CNN, and FracNet achieved the highest accuracy, sensitivity, and 

specificity shown in Figure 63. For instance, Jones et al. (2020), have their secondary tests on radiographs 

with no inter-annotator disagreement resulted in an overall AUC of 99% (95 % CI: 0.991–0.994), sensitivity of 

98.2 % (95 % CI: 97.5–98.7 %), specificity of 83.5 % (95 % CI: 82.9–84.1 %), PPV of 46.9 % (95 % CI: 45.4–48.5 

%), and NPV of 99.7 % (95 %).  

  

Figure 63: Evaluation matrix based on the model and accuracy 
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This study also listed each paper's strengths and limitations to understand the gap in the bone fracture do-

main in ML and DL settings shown in table 5. It is observed that most of the research has strengths and 

limitations. For instance, Mutasa et al. (2020), used GAN and DDR, which offered advanced augmentations, 

and they also used DICOM software for annotations. On the contrary, they achieved low sensitivity for non-

displaced fracture detection and a small dataset. Beyaz et al., (2020), implemented genetic optimisation al-

gorithms that improved performance but with a small dataset. Guan et al., (2019), implemented FPN, Faster 

R-CNN and Cascade R-CNN for better performance, but manual image annotations failed to detect tiny and 

hidden fractures. K. B. Kim et al., (2019), build their model to extract fracture regions from X-ray images 

automatically, but they had a static initialisation problem of pixel clustering. All other strengths and limita-

tions of each paper can be observed below in the following section. 

Table 5: Strengths and limitations of the study 

Paper Strengths Limitations 

(Kim et al., 2019) 
automatically extracts fracture 
region from X-ray images 

static initialisation problem of pixel 
clustering  

(Chedid et al., 2020) 
the accuracy was moderate to 
work in clinical purposes 

clinical involvement of the 
physicians 

(Guan et al., 2020) 

outperformed state-of-the-art 
models 

manual image annotations; usage of 
low-quality images; failed to detect 
some fractures 

(Yamamoto et al., 2020) novel automated image annotation  small dataset 

(Gopalakrishnan et al., 
2019) 

experimental results show that 
KNN outperformed other models 

no image pre-processing 

(Salehinejad et al., 
2021) 

high performance on imbalanced 
datasets 

manual image annotations; high FP 

(Aghnia Farda et al., 
2021) 

an effective mechanism of image 
processing techniques 

limited dataset 

(H. Y. Chen et al., 2021) 
helped clinicians to become more 
efficient and economical 

manual image annotations 

(Kitamura et al., 2019) 
ensemble method improves 
performance 

expected accuracy not achieved; 
small dataset 

(Açıcı et al., 2021) 
usage of CNN with PSO and CNN 
with GA and LSTM 

limited dataset 

(Sasidhar et al., 2021) 
comparison of three transfer 
learning techniques 

adopted models are very poor, 
dataset is not well described 

(Beyaz et al., 2020) 
usage of Genetic optimisation 
algorithms improve performance 

small dataset 

(Wint et al., 2018) 
ability to detect different types of 
fractures 

no practical implementation of the 
models 
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(Guan et al., 2019) 

outperforms FPN, Faster R-CNN, 
Cascade R-CNN 

manual image annotations, fail to 
detect few fractures (tiny, hidden) 

(A. Y. Yang & Cheng, 
2019) 

usage of contour-based image 
enhancement techniques 

prior knowledge of clustering 
techniques 

(Li et al.,2020) 
usage of the XGboost algorithm 
gains patient-level detection 

manual image annotations; small 
dataset 

(Ozkaya et al., 2020) 
 

the study needs more clinical 
applicability and practice 

the combination of CAD based 
system based on expert opinion in 
fracture diagnosis 

(Dreizin et al., 2021) 

 
 

deep networks leveraging 3D 
information from orthogonal thick-
MPR images and approaches 
demonstrated significantly 
improved performance over a 3D 
classifier 

LSTM and RNN networks have been 
applied to the tile AO/OTA pelvic 
fracture severity 

(Tanzi et al., 2020) 

usage of Grad-CAM helps to 
visualise intended areas of X ray 

manual image annotations, Usage of 
only AP view do not gain expected 
accuracy, small dataset 

(Adams et al., 2019) attached of clinical activity Could not find any  

(Mawatari et al., 2020). 

possible use of deep learning for 
fracture detection and 
classification 

manual image annotations, not 
clinically applicable 

(Karimunnisa et al., 
2020) 

usage of canny edge detection 
method improves performance by 
extracting ROI from X ray 

fails to detect fracture on curved 
bone, small dataset 

(Cheng et al., 2020) 

proof of HAI's feasibility in clinical 
settings 

manual image annotations, 
Existence of selection bias, 
information lacking on lesions 

(Haq & Wilk, 2018) 
 

usage of Hough transforms and 
Gray-Level Occurrence Matrix 
(GLCM) 

no clinical settings and no 
comparison among exiting solutions 

(Q. Q. Zhou et al., 2020) 
usage of RPN with faster R-CNN led 
to accurate detection  

manual image annotations; fails to 
show anatomical location 

(Miao et al., 2019) 

integration of the SK module with 
the densenet network optimises 
performance by adjusting the 
receptive field size adaptively 

the model is not applied to clinical 
practice. Small dataset 

(Lindsey et al., 2018) 

diagnostic accuracy like that of 
senior subspecialised orthopaedic 
surgeons 

manual image annotations 

(Weikert et al., 2020) 
 

using traditional algorithms and 
detecting rib fractures on the 
whole body 

performance may vary, small 
dataset 

(Wu et al., 2021) 
usage of FAMO overcomes feature 
ambiguity problem 

undetectable small fractures 
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(Mutasa et al., 2020) 

usage of GAN and DDR offers 
advanced augmentations; Usage of 
DICOM software for annotations 

low sensitivity for nondisplaced 
fracture detection, manual image 
annotations, augmented images 
from GAN is unreliable  

(Liang et al., 2020) 
clinically applicable in clinical 
practice 

manual image annotations, Not fully 
explored the DNN 

(Urakawa et al., 2019) 
 

AP and lateral view both are 
considered 

manual image annotations 

(Yadav & Rathor, 2020) 
No significant strength to discuss Small dataset, Sensitivity and 

Specificity are missing 

(Jones et al., 2020) 
border clinical breadth (various 
fractures) 

manual image annotations; low PPV 

(K. C. Kim et al., 2019) 

combination of M-Net and level-
set can segment individual 
vertebra 

manual image annotations 

(Jiménez-Sánchez et al., 
2020) 

integrating three layers of result 
verification improves reliability 

highly imbalanced dataset 

(Abbas et al., 2020) usage of Faster RCNN small dataset 

(Dimililer, 2017) 
usage of conventional image 
processing algorithms 

lack of contributions compared to 
modern solutions 

(D. H. Kim & 
MacKinnon, 2018) 

the utilisation of the pre-trained 
model is the strength of this 
manuscript 

manual image annotations 

(Cheng et al., 2020) 
 

capable of detecting more occult 
hip fractures 

exact features used by DCNN are 
unknown, Selection bias 

(Chung et al., 2018) 
limited and manually annotated 
dataset 

working big dataset set for both CT 
and X-ray 

(Ebsim et al., 2019) 

zooming fracture regions 
eliminates unnecessary 
background. Usage of AP and 
lateral view 

small dataset, image cropping is not 
accepted  

(Yahalomi et al., 2018) 
usage of VOTT software for image 
annotation 

may degrade performance for large 
dataset 

(Gan et al., 2019) 
detection performance is better 
than radiologists 

small sample size, only AP view 
considered; not practical 

(Choi et al., 2020) 

inclusion of AP and lateral elbow 
images improve performance 

manual image annotations; low 
specificity and PPV 

(Verma et al., 2020) 

achieved 98.8% accuracy  model is vulnerable to overfitting 
due to less training data, and the 
testing accuracy is higher than 
training accuracy, sensitivity and 
specificity are not included as 
evaluation metrics. 
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(Pranata et al., 2019) 

usage of SURF algorithm can 
determine the type of fracture, 
also canny 
edge detection is applied 

fails to determine fracture severity 

(Badgeley et al., 2019) 

fracture was reasonably well 
predicted from the picture (AUC = 
0.78) and significantly better when 
image attributes were combined 
with patient data (AUC = 0.86, 
DeLong paired AUC comparison, p 
= 2e-9)  

they don't consider patient and 
hospital variables  

(Raisuddin et al., 2021) 

findings emphasise the significance 
of thoroughly analysing DL-based 
models before applying them in 
clinical settings, as well as the 
necessity for more complex 
environments in which to evaluate 
medical AI systems 

manual image annotations 

(Tobler et al., 2021) 

 
 

the pre-trained model of this 
proposed research is significant for 
working in medical imaging 

no limitation found 

(Mu et al., 2020) 

multitask based U-Net improves 
identification and segmentation 
tasks 

small dataset 

(Hegadi et al., 2018) 
 

the Global threshold-based 
segmentation method is applied to 
pick out synovial cavity region and 
enumerated curvature values from 
an image 

the dataset is too low to work with 
the related research topic 

 

3.4.5. Conclusions 

This study is completed by following four criteria: planning, researching, analysing and reporting. A strict 

guideline to list all the findings for a better output was followed. Therefore, the critical analysis of each work, 

including the depicted matrix for the model assessment, existing contributions, and motivation, has been 

traced out with appropriate illustrations and documentations. After reviewing all the strengths, limitations, 

DL/ML applications model and the overall contributions, some limitations are found to the existing settings: 

01) most of the image annotations are done manually by the radiographers; 02) most of them had small 

datasets; 03) among all the models, this study did not find one particular model to identify different types of 

fractures successfully; 04) works on 3D CT images are inadequate (found 1-3D Ct image is better than 2D 

images (CT/X ray)); and finally, 05) no work is found to predict bone fracture's severity (damage type).   
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Chapter Four 

4. Applied research and findings: Covid-19 and pneumonia 

This is the practical part of the thesis; all the experiments to understand the gap in the correspondence 

settings will be discussed.  

4.1. Introduction 

The research of this section is conducted from the beginning of the PhD course. However, the initial idea was 

to start the ML experiment with ultrasounds, but the unavailability of publicly accessible data resources and 

the Covid-19 pandemic diverted the study. Therefore, to understand the Covid-19 imaging and to contribute 

to diagnosis of this deadly viral disease, this research has used the publicly available datasets in all 

experiments. Initially, Covid-19 X-ray images are investigated with the help of ML to understand and predict 

the disease. Later, CT images are examined and compared.  

In the following section, the research methodology, literature review, and ML experiments on Covid-19 and 

pneumonia will be discussed for the reader to understand the aspects of the settings.  

4.2. Methodology and the structure  

The core methodology of the entire study is discussed in chapter three. However, each of the chapters has 

its methods and structures. In the following section, the methodology and structure will be addressed. 

4.2.1. Methodology 

The objective of this section is to provide a structure to this particular chapter and understand the needs for 

individual sections. The core methodology in chapter three and the previous sections is observed to build the 

segmentation methodology. It is constructed to understand and conduct ML experiments. The details of the 

methods are described in the individual ML experiment sections of the chapter. 

4.2.2. The Structure 

The core section is the performance analysis. It has three areas, 4.3.2) a comparative study for Covid-19 

with X-ray images, 4.3.3) a comparative study of Covid-19 with CT images, and 4.3.4) a comparative study 

for pneumonia with X-ray images. 
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Figure 64:  Structure of the overall research findings 

4.3. The performance analysis: Covid-19 and pneumonia 

4.3.1. Introduction 

Covid-19 is known as severe acute respiratory syndrome coronavirus 2 (SARS-COV-2). SARS-COV-2 and other 

viruses from the corona family known as "MERS COV 2" are responsible for causing respiratory disease in 

humans (Rajaraman et al., 2020). It spreaded so fast that around 2.9 million people worldwide died from 

covid infection by the 8th of April 2021 (Statista, 2021). On the contrary, some countries have faced the 

third/fourth waves, and the virus is changing its variant and spreading so fast that it is hard to imagine what 

will happen shortly (BBC, 2021). Therefore, the early detection of a corona virus-infected people is of great 

importance to slow the spread and consequent death (Ozturk et al., 2020). 

The gold standard diagnostic technique for Covid-19 is the reverse transcription-polymerase chain reaction 

(RT-PCR) (Shamim et al., 2022). However, RT-PCR is not fast enough to diagnose Covid-19 because RT-PCR 

takes about 4-6 hours to provide an outcome. Also, the shortage of RT-PCR kits creates another challenge 

(Islam et al., 2020; Jawerth, 2020). Furthermore, the implementation and standardisation of RT-PCR in many 

countries are hampered due to the cost, availability, and technology. Therefore, many lower and middle-

income African, Asian, and Latin American countries have failed to implement RT-PCR testing at the beginning 

of the pandemic. It was also confirmed that in China, the CT chest findings sensitivities are found to be as 

high as 98% compared to 71% for RT-PCR (Ai et al., 2020; Fields, Demirjian, & Gholamrezanezhad, 2020). 

Many deep learning models are currently used experimentally to detect Covid-19 from X-ray and CT imaging 

(Ozturk et al., 2020; Statista, 2021; Toğaçar et al., 2020). The systematic review observed a total number of 

188 titles in September 2020, whereas a search on the 12th of April 2021, with the exact keywords, found 

646 titles. It is also observed that X-rays mainly are used for the theoretical implementation of deep learning 

as CT images pose several challenges in detecting Covid-19 infected regions using deep learning algorithms. 



 

111 | P a g e  
 

The challenges imposed by CT images are less applicability, slower image acquisition, high cost, and limited 

sensitivity (Tahir et al., 2021).  

On the contrary, chest X-ray-based ML models for Covid-19 diagnosis has become a popular early detection 

technique in recent days because of its various salient features such as it can be used in emergencies using 

portable devices and it is cheaper, faster and a reliable method (Tahir et al., 2021; Tartaglione, Barbano, 

Berzovini, Calandri, & Grangetto, 2020). An automated, faster, and reliable Covid-19 diagnosis method with 

better performance can save the RT-PCR kits (Rajaraman et al., 2020). Therefore, there is increasing interest 

in deep learning models in many publications in the last few years. 

The cost and availability between the RT-PCR and X-ray to diagnose Covid-19 are observed. X-ray imaging is 

painless and cheap compared to RT-PCR (Indian Express, 2020; Medifee, 2021). In the UK, it is noticed that 

the lowest cost of an X-ray is £79, but the maximum cost is £140 compared to the PCR test, which is £185 

(Private Health, 2021). However, RT-PCR kits are widely available in high-income countries, whereas, in 

Bangladesh, an X-ray cost is between 450 BDT and 1200 BDT, but RT PCR is 3000 BDT (Icddrb, 2021; NHFB, 

2021). In India, X-ray images are a minimum of RS183, and the maximum is RS 1370. On the other hand, RT-

PCR is between RS 980 and RS 1800 (Indian Express, 2020; Medifee, 2021). X-ray images in South Africa cost 

approximately R2500. On the other hand, RT-PCR has a minimum price of R1150 (GOV.UK, 2021; 

Traveldoctor, 2021). Furthermore, many low- and middle-income countries (LMICs) struggle to cope with the 

shortages of RT-PCR testing kits and technology. Therefore, an alternative testing solution to RT-PCR is 

needed (Peplow, 2020). 

Furthermore, access to an X-ray facility is primarily available in many lower and middle-income countries, 

even in some rural areas. The cost of an X-ray is also lower than the cost of an RT-PCR kit (Frija et al., 2021). 

People with lung-related diseases usually have to take an X-ray/CT to understand the condition (Wolbarst, 

1999). It would be a significantly more straightforward task for the researcher to build a model for the existing 

settings rather than creating a new laboratory for RT-PCR, when funding is insufficient (Bhardwaj & Kaur, 

2021; Mayya, Karthik, Sowmya, Karadka, & Jeganathan, 2021). 

Researchers are trying to investigate the power of ML techniques in diagnosing Covid-19 based on medical 

imaging and are restructuring the system to alleviate this problem. Therefore, deep learning with X-ray 

images is gaining popularity using available data and technology (Bar, Diamant, Wolf, & Greenspan). But the 

main concern with most of these ML models is that they are trained and tested with smaller size datasets, 

and practical implementation is limited. Therefore, considering all the above scenarios, it is decided to 

progress this research to inspect some of the published literature and models based on the chest X-ray and 

CT images. 
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4.3.2. A comparative study of deep learning models for Covid-19 diagnosis based on the 

X-ray images 

In the following section, various performance analyses of Covid-19 will be discussed. For the first experiment, 

data gathered from multiple studies are examined. 

4.3.2.1. Introduction 

Currently, models based on X-rays are mainly used to recognise Covid-19. There are some variations of using 

CT, but it will be tested in the next section. For Covid diagnosis, the datasets used in various papers are 

collected. A dataset of 2352 images containing 1773 standard images and 579 Covid images are combined. 

In particular, a hybrid deep learning model proposed in (Ozturk et al., 2020) and reimplemented with the 

paper's dataset for training and testing is used to compare the performance. The proposed model used 

DarkNet to detect and classify Covid-19 patients as binary classification and multiclass classification using 

CXR images. The dataset used for this model included 125 Covid-19 cases, 500 normal and 500 pneumonia 

cases. The Covid-19 sample dataset is very low in number for training the deep model. VGG16, VGG19, and 

InceptionV3 algorithms are also compared with the new training and testing dataset. Furthermore, these 

models' performance metrics, like accuracy, sensitivity, and specificity, are also compared. 

This study is divided into three main sections of which section 4.3.2.2. describes the methodology. It includes 

a detailed procedure, including data preparation, preprocessing, model training, and testing. Section 4.3.2.3. 

discussed the results found from the experiment and compared the results. Finally, section 4.3.2.4. concludes 

the study.  

4.3.2.2. Methodology 

a. Data Preparation 

All the papers from the systematic review are included in the study. An email was sent to all the authors for 

their datasets, and only 07 of the datasets are received. Only 03 of the datasets are taken, and others are not 

used (one was CT image, and the other three are corrupted). The datasets for this study are represented in 

the table below. The dataset contains 2352 images, consisting of 1773 normal images and 579 Covid-19 

images. The training dataset consists of 2057 images, which contains 1623 normal images and 434 Covid-19 

images. In contrast, the test dataset consists of 295 images containing 150 normal images and 145 Covid-19 

images. 

Table 6:  Authors' dataset for this study 

Ref Covid Non-Covid Pneumonia MERS SARS Streptococcus Varicella Augmented 

(Toğaçar et al., 
2020) 

271 65 98 × × × × × 

(Ozturk et al., 
2020) 

125 500 500 × × × × × 
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(Islam et al., 
2020) 

183 208 1525 × × × × 912 

(Pereira, 
Bertolini, 
Teixeira, & Silla, 
2020) 

0 1000 11 10 11 12 10 × 

b. Data preprocessing 

Data preprocessings are carried out in several steps; firstly, the images' size is reduced, and the image 

augmentation approach is performed. Since the images in the training sample are of different sizes, they had 

to be resized before being considered to input to the algorithm. Square images are resized to 256x256 pixels 

in resolution. Rectangular images are resized to 256 pixels on their shortest line, and then the image's middle 

256x256 square is cropped. Image data training augmentation is used to have 224x224 images. Picture data 

augmentation is used to maximise the training dataset's size to boost the model's efficiency and 

generalisability. Three techniques for image augmentation, random rotation, random noise, and horizontal 

flip, are used to increase the training data's size in various ways. 

c. Models 

The models that are considered for comparison are VGG16 and VGG19 (Simonyan & Zisserman, 2014) 

(Simonyan & Zisserman, 2014). VGG16 and 19 are the variants of the VGG machine learning model, which 

focuses on the CNN's depth feature. This model consists of the input, hidden, convolutional, and fully 

connected layers. Besides VGG (Szegedy, Vanhoucke, Ioffe, Shlens, & Wojna), InceptionV3 model is also 

considered; the underlying architecture for this model is also CNN. This version improves several features 

like label smoothing. Finally, the customised CNN model proposed by (Ozturk et al., 2020) to detect Covid-19 

patients from chest X-ray images is reimplemented and compared. 

d. Model training and testing 

The environment for implementing these models comprises of (Intel Core i9-10885H (8 Core, 16MB Cache, 

2.40 GHz to 5.30 GHz, 45W,vPro) 32GB RAM, NVIDIA Quadro RTX 5000 w/16GB GDDR6). The datasets are 

split to 80/20 for training and testing the models. The loss function used is categorical cross-entropy loss with 

Adam optimiser. The target size of the image and batch size are 224*224 and 32, respectively. Finally, the 

epoch size is taken as 50 for each model. 

4.3.2.3. Results and discussions 

Various datasets are considered initially to inspect the models. First, all the models with the smaller datasets 

are run to see the performance and actual data. For this review, the results of the final datasets to understand 

the performance are included. 

Table 07 compares the models’ image quantity, accuracy, sensitivity, and specificity. These metrics are used 

to compare and evaluate the models, where VGG16 performed well in all three categories compared to all 
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other models. VGG16 gained 90% accuracy compared to 83% for VGG19, 71% for Customised (Ozturk et al., 

2020) and 50% for InceptionV3. VGG16 achieved 90.90% in the sensitivity parameters, whereas VGG19 

achieved 76.92%, InceptionV3 and customised CNN (Ozturk et al., 2020) gained 69.93% and 70.71%, 

respectively. VGG16 achieved 89.04% for specificity parameters, whereas VGG19 achieved 88.43%, 

customised CNN (Ozturk et al., 2020) 70.32%, and InceptionV3 28.57%. 

Table 7: Performance matrix 

Models Image Quantity Accuracy Sensitivity Specificity 

InceptionV3 2352 50% 69.93% 28.57% 

VGG16 2352 90% 90.90% 89.04% 

VGG19 2352 83% 76.92% 88.43% 

Customized CNN (Ozturk et 
al., 2020) 

2352 71% 70.71% 70.32% 

Table 8 compares the models’ performances using this study’s datasets and the actual dataset of Ozturk et 

al. (2020), showing how the performance varies with the image quantity. The customised CNN achieved 98% 

accuracy, where it contains only 125 Covid images. With the new data sets of 579 Covid images, the 

customised CNN accuracy was 71%. The model with the VGG16 algorithm and the (Ozturk et al., 2020) model 

showed the same performance as the new dataset. The model with the VGG16 algorithm failed to match the 

sensitivity and specificity of (Ozturk et al., 2020) compared with the 125 Covid-19 images. However, the 

model with the VGG16 algorithm gained the correct balance between sensitivity and specificity with the 

study’s datasets, which contains 579 Covid-19 images. 

Table 8: Comparison based on image quantity 

Models Image Quantity Accuracy Sensitivity Specificity 

Customised CNN (Ozturk et 
al., 2020) 

1127 98.08% 95.13% 95.3% 

VGG16 1127  98%  62.5%  100% 

Customised CNN (Ozturk et 
al., 2020) 

2279 73% 69.29% 69.03% 

VGG16 2279 92.88% 90.90% 89.04% 
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Figure 65: Showing the training loss, validation loss, training accuracy, and validation accuracy for VGG16, 

VGG19, and InceptionV3 from this PhD study. 

Figures 65a and 65b show the loss and accuracy of VGG16 respectively, where the training and validation 

data almost overlap each other, showing the satisfactory performance of this model. Although the training 

loss falls during training, as expected, there are some spikes. These plots help to avoid the risk of stopping 

training at the wrong moment. Figures 65c and 65d show the loss and accuracy of VGG19, where the training 

and validation data are separated, showing worse performance than VGG16. However, InceptionV3 

performed very poorly compared with both VGG16 and VGG19. Figure 65e and 65f show the accuracy and 

loss graph of InceptionV3, where the training and validation data are widely separated.  
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Figure 66: Confusion matrix for Vgg16 (a), Vgg19 (b), and InceptionV3 (c) 

Figures 66a, 66b, and 66c show the confusion matrix for VGG16, VGG19, and InceptionV3. VGG16 wrongly 

predicted 13 Covid-19 cases and 16 normal cases. In contrast, VGG19 wrongly predicted 33 Covid-19 cases 

and 17 normal cases. Finally, InceptionV3 wrongly predicted 43 Covid cases and 106 normal cases. Therefore, 

the performance of VGG16 is the best of the three. 

  

(a) (b) 

Figure 67: Confusion matrices of customized CNN models. 

The customised CNN (Ozturk et al., 2020) model is also compared with the new dataset. Figure 67a shows 

the confusion matrix of their dataset, which can be compared with the study’s dataset in Figure 67b. In the 

first run (a) 6 Covid cases and 1 normal case are wrongly predicted. In contrast, in the second run (b) 46 

Covid-19 cases and 41 normal cases are wrongly predicted. Therefore, this CNN model is not performing 

adequately when it is run on the extensive dataset. Some of the alternative models and their performances 

are presented in the following section. Table 9 represents the selected models with different datasets. It is 

observed that the proposed model by (Toğaçar et al., 2020) is a MobileNetV2 and SqueezeNet Covid-19 
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diagnosis method based on X-ray images. The experimental phase of the proposed model shows a dataset 

that includes only 295 images. 

Table 9: qualified models with different datasets 

Model Name Image Quantity COVID Images Accuracy Sensitivity Specificity 

VDSNet 

(Toğaçar et al., 2020) 

348 295 70.80% 64% 62% 

Pruned 
(Rajaraman et al., 2020) 

14,979 268 99% 99% 99% 

CNN+LSTM  
(Islam et al., 2020) 

3363 613 99.20% 99.30% 99.20% 

COVIDiagnosis-Net 
(Ucar & Korkmaz, 2020) 

5949 76 98.3% 98.2% 99.1% 

(Panwar et al., 2020) 

 

529 192 97% 97.62% 78.57% 

Rajaraman et al. (2020), proposed an iteratively pruned deep learning model for Covid-19 diagnosis. Though 

the dataset contains 6761 normal, 5412 pneumonia and 2538 bacterial images, the Covid-19 cases are only 

268. Islam et al. (2020) used the dataset of 613 Covid-19 cases, 1525 pneumonia and 1525 normal cases of 

X-ray images for training and testing their proposed combined CNN and LSTM based deep learning model for 

Covid-19 diagnosis. However, the dataset for that study contains more Covid-19 images than the new 

dataset. Their performance with any of the new experiments could not be compared as this study did not 

receive either their model or dataset to make a comparison. Ucar and Korkmaz (2020), considered two large 

datasets for their experimental purpose but unfortunately, among 5949 images of one dataset, only 76 Covid 

cases are present. The other dataset comprises only 45 Covid-19 cases. Panwar et al. (2020) , sed a small 

dataset of 337 total images and 192 Covid X-ray cases. However, the authors performed image augmentation 

to increase the number of images. All the above studies have used limited datasets for their models, so their 

training and testing ML models may not perform well for a larger Covid-19 dataset. 

It is also identified that some high accuracy, sensitivity, and specificity models with the corresponding results 

are compared with other papers. It is observed that CNN+LSTM, pruned deep learning model, and 

Covidiagnosis-Net achieved 99% results. However, the number of samples of Covid-19 images considered for 

training and testing is small in size. If those models are trained and tested with a larger dataset, they might 

also show poor performance. 

4.3.2.4. Conclusion 

This study has prepared a large dataset containing Covid-19 chest X-ray and non-Covid-19 X-ray images, 

which has been achieved by combining publicly available data in the existing literature. Comparative analysis 

of algorithms suggests that the model with VGG16 algorithms performs best and outperforms others in 

predicting Covid-19 from X-ray images. This study indicates that the number of Covid-19 X-ray images in the 



 

118 | P a g e  
 

dataset plays a vital role in the model's performance. The maximum number of Covid-19 X-ray images should 

be considered for training and testing a reliable deep-learning model.  

4.3.3. A comparative study of deep learning models for Covid-19 diagnosis based on the 

CT images 

4.3.3.1. Introduction 

Infectious diseases threaten human life and can affect the whole world in a short time. Corona-2019 virus 

(Covid-19) is an example, which led the world to stop for a while. Therefore, early detection of such situation 

will help people globally. There are various techniques for recognising the disease; among them, chest X-ray 

(CXR), magnetic resonance imaging (MRI) and computed tomography (CT) scans are mostly used in the 

medical field (Chouat et al., 2022). Although these settings are serving people for many years by diagnosing, 

it is sometimes challenging to recognise every detail of the disease that can cause life threatening situations. 

Therefore, scientists have implemented AI and machine learning (ML) to help clinicians successfully identify 

various conditions in a short time (Gunraj et al., 2020).  

The literature observed that, compared to X-rays, identifying Covid-19 from CT was less undertaken. Still, a 

good comparison and comparative analysis would be beneficial for the researchers to understand the 

settings. Therefore, this study inspected ML models from the literature review and additionally found 26 

(twenty-six) newly published papers through an updated systematic search on Google scholar in 2022. 

Consequently, all the literatures are observed and compared with various ML implementations, and it is found 

that most of the literature has used a CNN based models for their ML implementation. For adding CT images 

to the experiments, most of them have used the COVIDx CT-3 data set. It is a global benchmark dataset with 

431,205 CT slices from 6,068 patients across 17 countries (Tuinstra, Gunraj, & Wong, 2022).  

For this section, ML models from various authors uploaded in the Kaggle repository are also examined to 

understand the performance of the study’s datasets. Additionally, VGG16, CNN, and InceptionV3 algorithms 

are also compared with the new training and testing datasets. Furthermore, these models' performance 

metrics, like accuracy, sensitivity, and specificity are also compared. 

This study is divided into three main sections, where section 4.3.3.2. describes the methodology. It includes 

a detailed procedure, including data preparation, preprocessing, model training, and testing. Section 4.3.3.3. 

discussed the results found from the experiment and compared the results and finally, section 4.3.3.4. 

concludes the study.  

4.3.3.2. Methodology 

a. Data Preparation 

The data from the Kaggle repository are downloaded, and three sets of datasets are prepared by the name 

of CovidCT-01, CovidCT-02 and CovidCT-03. The first dataset contained 785 cases of Covid-19 and non-Covid-

19 images. It is divided into train and test folders; the train folder had 317 Covid-19 cases and 320 non-Covid-
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19 cases. The test folder had 69 Covid-19 cases and 79 non-Covid-19 cases. Consequently, the second dataset 

contained 2498 cases of Covid-19 and non-Covid-19 images. The train folder had 1002 Covid-19 cases and 

1001 non-Covid-19 cases. The test folder had 250 Covid-19 cases and 245 non-Covid-19 cases. Furthermore, 

the third dataset contained 3473 cases of Covid-19 and non-Covid-19 cases. The train folder had 1389 Covid-

19 non-Covid-19 cases. The test folder had 348 Covid-19 cases and 347 non-Covid-19 cases. 

Table 10:  Authors' dataset for this study 

CT-ScaneData-01 
  

test train 

 
CT_COVID 386 69 317 

 
CT_NonCOVID 399 79 320 

 
Total Images 785 

  

     

CT-ScaneData-02 
  

test train 

 
CT_COVID 1252 250 1002 

 
CT_NonCOVID 1246 245 1001 

 
Total Images 2498 

  

     

CT-ScaneData-03 
  

test train 

 
CT_COVID 1737 348 1389 

 
CT_NonCOVID 1736 347 1389 

 
Total Images 3473 

  

b. Data processing  

Data preprocessings are carried out in several steps; firstly, the images' size is reduced, and the image 

augmentation approach is performed. Since the images in the training sample are of different sizes, they had 

to be resized before being considered to input to the algorithm. Square images are resized to 256x256 pixels 

in resolution. Rectangular images are resized to 256 pixels on their shortest line, and then the image's middle 

256x256 square is cropped. Image data training augmentation is used to have 224x224 images. Picture data 

augmentation is used to maximise the training dataset's size to boost the model's efficiency and 

generalisability. Three techniques for image augmentation, random rotation, random noise, and horizontal 

flip, are used to increase the training data's size in various ways. 

c. Models  

VGG16, CNN, and InceptionV3 models are considered as they are the most used models in the literature. 

These models consist of the input, hidden, convolutional, and fully connected layers. Besides, a VGG16 

custom model from the Kaggle repository (Ka, 2022)  is also considered. 
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d. Model training and testing 

The environment for implementing the models comprises of [Processor: Intel(R) Core (TM) i9-9880H CPU @ 

2.30GHz   2.30 GHz; Installed RAM: 32.0 GB (31.7 GB usable); 64-bit operating system, x64-based processor; 

NVIDIA Quadro T 2000]. All the images are divided into train and test folders, and the image ratio is 80% for 

the train and 20% for the test folders. The loss function used is categorical cross-entropy loss with Adam 

optimiser. The target size of the image and batch size are 224*224 and 32 respectively. Finally, the epoch 

size is taken as 50 for each model. 

4.3.3.3. Results and discussions 

Initially, various models from various sources are checked with the project datasets. Unfortunately, some 

models' performances are not noticeable, and some models did not work correctly. Therefore, the results 

from the final models are included in the following section.  

Table 11 compares the models’ image quantity, accuracy, sensitivity, and specificity. These metrics are used 

to compare and evaluate the models, where VGG16 (custom, (Ka, 2022)) performed well in all three 

categories compared to all other models. VGG16 (custom, (Ka, 2022)) gained 100% accuracy compared to 

46% for VGG19, 47 % for customised CNN and 47% InceptionV3. VGG16 and VGG16 (custom, (KA, 2022)) 

achieved 100% in the sensitivity parameters, whereas VGG16, customised CNN and InceptionV3 gained 0.0 

%. VGG16 (custom, (Ka, 2022)), VGG16, customised CNN and InceptionV3 gained 100.0 % in the specificity 

parameters. 

Table 11: Performance Matrix 

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 746 46% 0.00% 100.00% 

VGG16 (Ka, 2022) 746 100% 100.00% 100.00% 

CNN 746 47% 0.00% 100.00% 

InceptionV3 746 47% 0.00% 100.00% 

Table 12 compares the models’ image quantity, accuracy, sensitivity and specificity. These metrics are used 

to compare and evaluate the models, where VGG16 performed well in all three categories compared to all 

other models. VGG16 gained 85% accuracy compared to 79% for InceptionV3, 51 % for customised CNN, and 

48% for VGG16 (custom, (Ka, 2022)). VGG16 achieved 75% in the sensitivity parameters, whereas VGG16 

(custom, (Ka, 2022)) achieved 100%, customised CNN 0.0% and InceptionV3 gained 69 %. VGG16 achieved 

94%, VGG16 (custom, (Ka, 2022)) 0.0%, customised CNN 100% and InceptionV3 gained 88 % in the specificity 

parameters. 
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Table 12: Performance Matrix 

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 2498 85% 0.75% 0.94% 

VGG16 (custom) 2498 48% 100.00% 0.00% 

CNN 2498 51% 0.00% 100.00% 

InceptionV3 2498 79% 69.00% 88.00% 

Table 13 compares the models’ image quantity, accuracy, sensitivity, and specificity. These metrics are used 

to compare and evaluate the models, where VGG16 (custom, (Ka, 2022)) performed well in all three 

categories compared to all other models. VGG16 (custom, (Ka, 2022)) gained 100% accuracy compared to 

93% for VGG16, 50 % for customised CNN and 90% InceptionV3. VGG16 and VGG16 (custom, (Ka, 2022)) 

achieved 100% in the sensitivity parameters, whereas VGG16 achieved 86%, customised CNN 0.0% and 

InceptionV3 gained 81 % respectively. VGG16 (custom, (Ka, 2022)), VGG16, and customised CNN achieved 

100%, and InceptionV3 gained 98 % in the specificity parameters. 

Table 13: Performance Matrix 

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 3473 93% 0.86% 100.00% 

VGG16 (custom) 3473 100% 100.00% 100.00% 

CNN 3473 50% 0.00% 100.00% 

InceptionV3 3473 90% 81.00% 98.00% 

 

 

(a) VGG16 Loss 

 

(b) VGG16 Training Accuracy 
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(c) VGG16 (Custom) Loss 

 

(d) VGG16 (Custom) Training Accuracy 

Figure 68: Training loss, validation loss, training accuracy, and validation accuracy for VGG16, VGG16 

(Custom) 

Figures 68a and 68b show the accuracy and loss curve of VGG16 with the third dataset, where the training 

and the test data almost followed each other, showing the satisfactory performance of this model. Figures 

68c and 68d show the accuracy and loss graph of VGG16 (custom) with the first dataset, where the training 

and the test data overlapped each other after a certain point, showing the best performance.  

 

(a) Custom CNN Loss 

 

(b) Custom CNN Training Accuracy 

 

(c) InceptionV3 Loss 

 

(d) InceptionV3 Training Accuracy 

Figure 69: Training loss, validation loss, training accuracy, and validation accuracy for Custom CNN, and 
InceptionV3 

Figures 69a and 69b show the accuracy and loss curve of custom CNN with the third dataset, where the 

training and the test data did not follow each other with an unsatisfactory model performance. Figures 69c 
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and 69d show the accuracy and loss graph of InceptionV3 with the same dataset, where the training and the 

test data nearly followed each other, with a good performance.  

 

 
(a) VGG16 Confusion Matrix 

 
 

(b) VGG16 (Custom) Confusion Matrix 

 

 
(c) Custom CNN Confusion Matrix 

 
(d) InceptionV3 Confusion Matrix 

 

Figure 70: Confusion matrix for Vgg16 (a), Vgg19 (b), and InceptionV3 (c) 

Figures 70a, 70b, 70c and 59d show the confusion matrix for VGG16, VGG16 (Custom), custom CNN and and 

InceptionV3. VGG16 wrongly predicted 48 Covid cases. In contrast, VGG16 (Custom) did not wrongly predict 

any Covid-19 or normal cases. On the contrary, 347 Covid-19 cases are wrongly predicted by the custom CNN, 

and finally, InceptionV3 wrongly predicted 0.017 Covid-19 cases and 0.18 normal cases. Therefore, the 

performance of VGG16 (Custom) is the best of the four matrices. 
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4.3.3.4. Conclusion 

This study prepared a large dataset containing Covid-19 and non-Covid-19 chest CT images from the COVIDx 

CT-3 dataset. Moreover, in the future experiments, the images in the dataset can be increased further to 

understand the results. Comparative analysis of algorithms suggests that the model with VGG 16 (Custom) 

algorithms performed best and outperformed others in predicting Covid-19 CT images. This study indicates 

that the number of Covid-19 CT images in the dataset played a vital role in model performance. Although, 

VGG 16 (custom) performance was dropped with the second largest dataset of this study, VGG 16 and 

inceptionV3 gave the highest accuracy with the third dataset. Therefore, the maximum number of Covid-19 

CT images should be considered for training and testing a reliable deep learning model.  

4.3.4. A comparative study of deep learning models for pneumonia diagnosis based on 

the X-ray images 

4.3.4.1. Introduction 

Pneumonia is a bacterial or viral respiratory infection that can infect the human lungs. People can have severe 

consequences if untreated on time (Kundu, Das, Geem, Han, & Sarkar, 2021). It causes pleural effusion; 

therefore, extra fluid fills the lungs, causing breathing difficulties. It is significantly seen in people living in 

unhygienic and overcrowded places in developed and underdeveloped countries. However, it is also seen in 

Europe, America and other continents (Al Mamlook, Chen, & Bzizi, 2020). Children and people aged 70 and 

older are at the highest risk of pneumonia. Furthermore, 450 million get infected, and over 4 million deaths 

are reported annually (Saul, Urey, & Taktakoglu, 2019).  

 

Figure 71: Lung’s infection by pneumonia (al Mamlook et al., 2020; Sabater, 2022) 

Early diagnosis can help to prevent this situation through a successful treatment plan. Therefore, a chest X-

ray (CXR) is commonly used to diagnose this disease. Furthermore, it can be done at a low cost and is available 

to any urban and rural areas. However, detecting pneumonia from chest X-rays is sometimes challenging as 
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it depends on the availability of expert radiologists (Hasan et al., 2021; Saul et al., 2019). Besides, there is a 

lack of automated tools for medical doctors to diagnose patients. Therefore, an ML application can help 

understand this disease's severity in a short time with minimal assistance from a health professional (Cherian 

et al., 2005; Sousa et al., 2013).  

From the literature search, it is observed that there are many ML experiments to recognise pneumonia. The 

work extended during the Covid-19 outbreak. All the data collected for the Covid-19 X-ray imaging are 

rearranged for this part of the research. The details of the data arrangements are discussed in the 

methodology section. Various models to understand their performance are also compared here. The 

performance analysis section of the previous study (section 4.3.2) has already examined different Covid-19 

related models. Therefore, in this section, the datasets are increased in number with the new pneumonia 

images to understand the performance.  

This study is divided into three main sections, where section 4.3.4.2. described the methodology. It included 

a detailed procedure, including data preparation, preprocessing, model training, and testing. Section 4.3.4.3. 

discussed the results found from the experiment and compared the results, and finally, section 4.3.4.4. 

concluded the study. 

4.3.4.2. Methodology 

a. Data Preparation  

The data from the Kaggle repository are downloaded. The following table 14 describes the data quantity for 

Covid-19, normal and pneumonia. Three sets of datasets are prepared by the name Pneumonia-p1737-

n1736, Pneumonia-p5929-n5928 and Pneumonia-p13229-n13228. The first dataset contained 1737 cases of 

pneumonia and 1736 normal images. It was divided into train and test folders; both had 1389 pneumonia 

cases and normal cases. The test folder had 348 pneumonia cases and 347 normal cases. 

The second dataset contained 5929 cases of pneumonia and 5928 normal images. The train folder had 4,744 

pneumonia cases and 4,744 normal cases. The test folder had 1,185 pneumonia cases and 1,184 normal 

cases. Furthermore, the third dataset contained 13229 cases of pneumonia and 13227 normal images. The 

train folder had 10,584 pneumonia and 10,583 normal cases. The test folder had 2,645 pneumonia cases and 

2,644 normal cases. 

Table 14:  Study datasets from Kaggle 

SN Number of Data Reference 

 
Covid Normal Pneumonia 

 
1 576 1583 4273 (Patel, 2019) 

2 3616 10192 1345 (Alif Rahman, 2019) 

3 4603 1244 5273 
(University, University, & 
Corporation, 2019) 
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4 2313 2313 2313 (Mendeley, 2021) 

Total 11108 15332 13204 
 

 

Table 15:  Study datasets Train and Test 

01. Images 

Pneumonia 1737 

80%of 1,737 = 1,389 
20% of 1,737= 348 

Train 
Pneumonia 1,389 

Normal 1,389 

  

Normal 1736 Test 
Pneumonia 348 

Normal 347 

Total 3474     

02. Images 

Pneumonia 5929 

80% of 5929= 4,743 
20% of 5929= 1,185 

Train 
Pneumonia 4,744 

Normal 4,744 

  

Normal 5928 Test 
Pneumonia 1,185 

Normal 1,184 

Total 11858     

03. Images 

Pneumonia 13229 

80%of 13229 = 10,584 
20% of 13229 = 2,645 

Train 
Pneumonia 10,584 

Normal 10,583 

  

Normal 13227 Test 
Pneumonia 2,645 

Normal 2,644 

Total 26485     

b. Data processing 

Data preprocessings are carried out in several steps; firstly, the images' size is reduced, and the image 

augmentation is performed. Since the images in the training sample are of different sizes, they had to be 

resized before being considered to input to the algorithm. Square images are resized to 256x256 pixels in 

resolution. Rectangular images are resized to 256 pixels on their shortest line, and then the image's middle 

256x256 square is cropped. Image data training augmentation is used to have 224x224 images. Picture data 

augmentation is used to maximise the training dataset's size to boost the model's efficiency and 

generalisability. Three techniques for image augmentation, random rotation, random noise, and horizontal 

flip are used to increase the training data's size in various ways.  

c. Models  

VGG16, CNN, and VGG19 models are considered, as they are the most used models in the literature. All these 

models are used in the previous sections of this study. These models consist of the input, hidden, 

convolutional, and fully connected layers. 
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d. Model training and testing 

The environment for implementing the models comprises of [Processor: Intel(R) Core(TM) i9-9880H CPU @ 

2.30GHz   2.30 GHz; Installed RAM: 32.0 GB (31.7 GB usable); 64-bit operating system, x64-based processor; 

NVIDIA Quadro T 2000]. All the images are divided into train and test folders, and the image ratio is 80% for 

the train and 20% for the test. The loss function used is categorical cross-entropy loss with Adam optimiser. 

The target size of the images and batch size are 224*224 and 32 respectively. Finally, the epoch size is taken 

as 50 for each model. 

4.3.4.3. Results and discussions 

Several models from the Kaggle repository are checked to understand the models’ performances. 

Unfortunately, some models' performances were not noticeable, and some models did not work correctly. 

Therefore, the results from the final models are included in the following section.  

Table 16 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models where all the models performed well. They gained 98% accuracy. VGG16 

achieved 97% in the sensitivity parameter, whereas CNN gained 98%, and VGG19 gained 100% sensitivity. 

VGG16 gained 98%, CNN gained 97%, and VGG19 gained 95 % in the specificity parameter. 

Table 16: Performance Matrix 

Pneumonia-p1737-n1736 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 3474 98% 97.00% 98.00% 

CNN 3474 98% 98.00% 97.00% 

VGG19 3474 98% 100.00% 95.00% 

Table 17 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models where VGG16 and CNN performed well. They gained 99% and 98% 

accuracy respectively. In contrast, VGG19 gained 82% accuracy. VGG16 achieved 100% and CNN 99% in the 

sensitivity parameter, whereas VGG19 gained 96% sensitivity. VGG16 gained 97%, CNN gained 96%, and 

VGG19 gained 67 % in the specificity parameter.  

Table 17: Performance Matrix 

Pneumonia-p5929-n5928 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 11858 99% 100.00% 97.00% 

CNN 11858 98% 99.00% 96.00% 

VGG19 11858 82% 96.00% 67.00% 



 

128 | P a g e  
 

Table 18 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models where VGG16 and VGG19 performed well. They gained 96% and 99% 

accuracy respectively. In contrast, CNN gained 85% accuracy. VGG16 achieved 93%, CNN 96%, and VGG19 

gained 96% in the sensitivity parameter. VGG16 gained 99%, CNN gained 74%, and VGG19 gained 97% in the 

specificity parameter.  

Table 18: Performance Matrix 

Pneumonia-p13229-n13228 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 26485 96% 93.00% 99.00% 

CNN 26485 85% 96.00% 74.00% 

VGG19 26485 99% 99.00% 97.00% 

     

 

(a) VGG16 Loss 

 

(b) VGG16 Training Accuracy 

 

(c) CNN Loss 

 

(d) CNN Training Accuracy 
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(e) VGG19 Loss 

 

(f) VGG19 Training Accuracy 

Figure 72: Training loss, validation loss, training accuracy, and validation accuracy for VGG16, CNN 
and VGG19 

Figures 72a, 72b, 72c, 72d, 72e and 72f show the accuracy and loss curve of VGG16, CNN and VGG19 with 

the first dataset, where the training and test data almost followed each other, showing the satisfactory 

performance of this model.  

 
(a) VGG16 Loss 

 
(b) VGG16 Training Accuracy 

 
(c) CNN Loss 

 
(d) CNN Training Accuracy 

 
(e) VGG19 Loss 

 
(f) VGG19 Training Accuracy 

Figure 73: Training loss, validation loss, training accuracy, and validation accuracy for VGG16, CNN and 

VGG19 
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Figures 73a, 73b, 73c, 73d, 73e and 73f show the accuracy and loss curve of VGG16, CNN and VGG19 with 

the second dataset, where the training and test data almost followed each other, showing the satisfactory 

performance of this model.  

 
(a) VGG16 Confusion Matrix 

 
(b) CNN Confusion Matrix 

 

 
(c) VGG19 Confusion Matrix 

 

Figure 74: Confusion matrix for Vgg16 (a), Vgg19 (b), and InceptionV3 (c) 

Figures 74a, 74b, and 74c show the confusion matrices for VGG16, CNN and VGG19. VGG16 wrongly 

predicted 10 pneumonia and 5 normal cases. In contrast, CNN wrongly predicted 6 pneumonia and 9 normal 

cases. On the contrary, 0 pneumonia and 17 normal cases are wrongly predicted by the VGG19 

4.3.4.4. Conclusion  

This section of the study considered a comparatively large dataset to understand their performances based 

on the previous data experiment in section 4.3.3.3. Therefore, based on the data run and model 
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performance, all the qualified models have performed very well to recognise pneumonia and normal cases 

apart from two occasions. The training loss, the training accuracy and the confusion matrix have shown the 

highest performance. Any underfitting and overfitting of these models are not seen. 

4.3.5. Conclusion of the performance analysis 

Throughout the performance analysis for Covid-19 and pneumonia, it is observed that most of the models 

from various authors have performed well to recognise Covid-19 and pneumonia. In some cases, they have 

achieved 99% accuracy. Therefore, through this performance analysis, the readers of this study will gain 

sufficient knowledge to understand the ML models.  

4.4. Conclusion and summary of the findings 

This study was designed to understand ML performance by recognising Covid-19 and pneumonia from X-ray 

and CT images. More than 30 various ML data run with various numbers of images are examined. From this 

study, the gaps in the literature are also incorporated and discussed. After reading this section, the reader 

will understand the current work extensively. They will clearly understand how to extend this knowledge for 

future work. During designing and experimenting with various ML models and writing this thesis, the settings 

have changed massively. In 2019 there was an extensive need for ML to devise solutions to recognise Covid-

19 in a short time. This research has significantly added value to the existing literature. By writing this thesis 

in 2022, the situation has changed for recognising Covid-19 but recognising pneumonia is still a global 

challenge. For the original contribution of this study, a web-based application will be designed to identify the 

pneumonia patient with the help of ML. Therefore, to summarise the original contribution to the thesis, this 

study adds sufficient knowledge in literature and completes this section of the thesis successfully.   
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Chapter Five  

5. Applied research and findings: Bone fracture 

In the following section, the findings of the bone fracture (BF) will be discussed. Furthermore, in the last 

section, a comparative analysis will be undertaken to understand the aspects of the current ML algorithms 

for recognising BF from X-ray images. 

5.1. Introduction 

Bone fracture (BF) is common and can lead to malunion, arthritis with attendant mobility (Jones et al., 2020) 

and mortality (Mutasa et al., 2020). Around 1.71 billion people suffer with musculoskeletal condition (MC) 

worldwide (Cieza et al., 2020). Besides, older adults aged ≥65 with MC have a greater chance of getting a 

musculoskeletal fracture (MF) (Kita et al., 2007). Proximal femur fractures and osteoporotic femoral neck 

fractures are also very common in this group. The rate is expected to be doubled in the next 30 years (Jones 

et al., 2020). Other fractures such as oblique, compound, comminuted, spiral, greenstick and transverse are 

seen in the BF and MF domains (C & Raman, 2015). 

Medical imaging such as X-ray, CT, MRI and Ultrasonogram are used to understand BF conditions with the 

help of compliant radiologists or clinicians. The clinicians are under pressure, and missed fractures are a 

common diagnostic error in the emergency departments (EDs), and ~1% of the total fractures are missed by 

the clinicians. This leads to treatment delays and complications in healthcare settings (Beyaz et al., 2020; 

Moonen et al., 2017). Additionally, many patients' perception of fracture information and the clinicians’ 

overworked schedule may add extra complications to therapeutic decision-making and delays surgical repair 

(Mutasa et al., 2020). This could lead to severe consequences. Therefore, diagnosing and treating a BF patient 

in a shorter time is essential.  

Although the CAD system is used in most cases to interpret the data and understand the images, there are 

some limiting factors for training various implemented models, image types and quantity, novel data 

augmentation techniques and practical implementation of such models. In most cases, the existing ML 

models showed relatively low specificity and positive predictive value with the highest number of images. 

They also showed the highest accuracy with the lowest number of images. Furthermore, in the previous 

literature review in section 3.4., any practical implementation of these models apart from one of the fifty-

two qualified papers are not found. The accuracy also varied based on the image types. Still, these limitations 

are evolving through the involvement of worldwide researchers with their versatile ML inventions (Mutasa 

et al., 2020). 

The aim of this study is to find out the current ML interventions to understand the aspects of the BF 

paradigms. The following section is divided into two sub sections, where section 5.2. will present comparative 
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studies to understand the ML models and their performances and section 5.3. will present the custom model 

built to recognise bone fractures.  

5.2. The Comparative study 

5.2.1. Comparative study of bone fracture 

5.2.1.1. Introduction 

Bone fractures are uniquely heterogeneous, and are difficult to identify with bare eyes without the help of 

technology. A bone fracture and its appearance initially depend on the regional anatomy of the bone and 

sometimes on the radiographic projection (Jones et al., 2020). Therefore, clinicians and radiologists without 

significant training cannot identify it successfully. On the contrary, many clinics or emergency departments 

in medical hospitals cannot employ a well educated clinician due to cost or well trained staff shortages 

(Weikert et al., 2020).  

Researchers around the globe are trying to help the current system with various ML implementations. There 

are ML models to understand bone fracture in a short time. Some authors have contributed significantly to 

understanding bone fracture with their advanced deep learning techniques (Mutasa et al., 2020). Some have 

tried a single domain, and others have attempted to understand multiple domains. Each of their 

contributions has helped this setting to grow more.  

After the literature review, various models from the available sources are investigated to understand them 

with the Mura datasets for multi-domain classifications at the initial stage. But unfortunately, most of the 

data run did not bring successful results. Therefore, this study has concentrated on understanding only the 

wrist fracture and eliminating other fractures.  

This study is divided into three main sections, where section 5.2.1.2. described the methodology. It included 

a detailed procedure, including data preparation, data processing and model training and testing. Section 

5.2.1.3. discussed the results found from the experiment and compared the results and finally, section 

5.2.1.4. concluded the study. 

5.2.1.2. Methodology 

a. Data preparation 

Bone fracture images from the Kaggle repository are downloaded. The dataset had 9,045 normal and 5,818 

abnormal musculoskeletal radiographic images of the shoulder, humerus, elbow, forearm, wrist, hand, and 

finger (Rajpurkar et al., 2017). For this study, only images of wrist fractures are considered. In the first data 

run, the results with the small datasets are not satisfactory; therefore, this study has constructed the second 

run with an increased number of images.  
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Various models from the Kaggle repository are checked to understand the models’ performances. 

Unfortunately, some models' performances are not noticeable, and some models did not work correctly. 

Therefore, only the models with 40% results are described in the following section. 

First data run:  

At the initial stage, the following table 19, table 20, and table 21 describe the data quantity for normal and 

fractured images. Three sets of datasets are prepared by the name WristTest-01-70, WristTest-02-258 and 

WristTest-03-712. The first dataset contained 70 cases of normal and fractured images. It is divided into train 

and test folders; the train folder had 29 normal cases and 30 fractured cases. The test folder had 5 normal 

cases and 6 fractured cases. 

Table 19:  First dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-01 Original Model 

Train 
 

Normal 29 

Fractured 30 

 
59 

Test 
 

Normal 5 

Fractured 6 

 
11 

Total 70 

The second dataset contained 258 cases of normal and fractured images. It is divided into train and test 

folders; the train folder had 110 normal cases and 105 fractured cases. The test folder had 22 normal cases 

and 21 fractured cases. 

Table 20:  Second dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-02 Original Model 

Train 
 

Normal 110 

Fractured 105 

 
215 

Test 
 

Normal 22 

Fractured 21 

 
43 

Total 258 
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Furthermore, the third dataset contained 712 cases of normal and fractured images. It is divided into train 

and test folders; the train folder had 259 normal cases and 300 fractured cases. The test folder had 57 normal 

cases and 60 fractured cases. 

Table 21:  Third dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-03 Original Model 

Train 
 

Normal 295 

Fractured 300 

 
595 

Test 
 

Normal 57 

Fractured 60 

 
117 

Total 712 

Second data run: 

At the initial stage, the following table 21, table 22 and table 23, describe the data quantity for normal and 

fractured images. Three sets of datasets are prepared by the name WristTest-04-1424, WristTest-05-2848 

and WristTest-06-7190. The first dataset contained 1424 cases of normal and fractured images. It is divided 

into train and test folders; the train folder had 560 normal cases and 565 fractured cases. The test folder had 

150 normal cases and 149 fractured cases. 

Table 22:  First dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-04 Original Model 

Train 
 

Normal 560 

Fractured 565 

 
1125 

Test 
 

Normal 150 

Fractured 149 

 
299 

Total 1424 

The second dataset contained 2848 cases of normal and fractured images. It is divided into train and test 

folders; the train folder had 1140 normal cases and 1139 fractured cases. The test folder had 285 normal 

cases and 284 fractured cases. 
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Table 23:  Second dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-05 Original Model 

Train 
 

Normal 1140 

Fractured 1139 

 
2279 

Test 
 

Normal 285 

Fractured 284 

 
569 

Total 2848 

Furthermore, the third dataset contained 7190 cases of normal and fractured images. It is divided into train 

and test folders; the train folder had 2993 normal cases and 3000 fractured cases. The test folder had 597 

normal cases and 600 fractured cases. 

Table 24:  Third dataset 

ML Model VGG16, VGG19 and CNN Number of Images 

WristTest-06 Original Model 

Train 
 

Normal 2993 

Fractured 3000 

 
5993 

Test 
 

Normal 597 

Fractured 600 

 
1197 

Total 7190 

b. Data processing 

Data preprocessings are carried out in several steps; firstly, the images' size is reduced, and the image 

augmentation is performed. Since the images in the training sample are of different sizes, they had to be 

resized before being considered to input to the algorithm. Square images are resized to 256x256 pixels in 

resolution. Rectangular images are resized to 256 pixels on their shortest line, and then each of the image's 

middle 256x256 square is cropped. Image data training augmentation is used to have 224x224 images. 

Picture data augmentation is used to maximise the training dataset's size to boost the model's efficiency and 

generalisability. Three techniques for image augmentation, random rotation, random noise, and horizontal 

flip are used to increase the training data's size in various ways. 
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c. Models  

VGG16, CNN, and VGG19 models are considered as they are the most used models in the literature. All these 

models are used in the previous sections of this study. These models consist of the input, hidden, 

convolutional, and fully connected layers. 

d. Model training and testing 

The environment for implementing models comprises of [Processor: Intel(R) Core(TM) i9-9880H CPU @ 

2.30GHz   2.30 GHz; Installed RAM: 32.0 GB (31.7 GB usable); 64-bit operating system, x64-based processor; 

NVIDIA Quadro T 2000]. All the images are divided into train and test folders, and the image ratio is 80% for 

the train and 20% for the test. The loss function used is categorical cross-entropy loss with Adam optimiser. 

The target size of the image and batch size are 224*224 and 32 respectively. Finally, the epoch size is taken 

as 50 for each model. 

5.2.1.3. Results and discussions 

The following section is divided into two areas, where the first section will describe the first data run, and 

the second section will describe the second data run.    

• First data run: 

Table 25 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 70 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 36% accuracy, CNN and VGG16 both gained 36% accuracies. In the sensitivity 

parameters, VGG16 achieved 16%, whereas CNN gained 50%, and VGG19 gained 66%. In the specificity 

parameters, VGG16 gained 60%, CNN gained 80%, and VGG19 gained 60 %. 

Table 25: Performance Matrix 

WristTest-01 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 70 36% 16.00% 60.00% 

CNN 70 64% 50.00% 80.00% 

VGG19 70 64% 66.00% 60.00% 

Table 26 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 258 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 51% accuracy, CNN gained 47% accuracy and VGG16 gained 51% accuracy. In 

the sensitivity parameters, VGG16 achieved 90%, whereas CNN gained 61%, and VGG19 gained 71%. In the 

specificity parameters, VGG16 gained 13%, CNN and VGG19 both gained 31%. 
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Table 26: Performance Matrix 

WristTest-02 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 258 51% 90.00% 13.00% 

CNN 258 47% 61.00% 31.00% 

VGG19 258 51% 71.00% 31.00% 

Table 27 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 712 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 72% accuracy, CNN gained 48% accuracy and VGG16 gained 45% accuracy. In 

the sensitivity parameters, VGG16 achieved 78%, whereas CNN gained 56% and VGG19 gained 63%. In the 

specificity parameters, VGG16 gained 64%, CNN gained 64% and VGG19 gained 26%. 

Table 27: Performance Matrix 

WristTest-03 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 712 72% 78.00% 64.00% 

CNN 712 48% 56.00% 38.00% 

VGG19 712 45% 63.00% 26.00% 

• Second data run: 

Table 28 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 1424 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 64% accuracy, CNN gained 54% accuracy and VGG16 gained 53% accuracy. In 

the sensitivity parameters, VGG16 achieved 52%, whereas CNN gained 85%, and VGG19 gained 80%. In the 

specificity parameters, VGG16 gained 75%, CNN gained 21% and VGG19 gained 26%. 

Table 28: Performance Matrix 

WristTest-01 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 1424 64% 52.00% 75.00% 

CNN 1424 54% 85.00% 21.00% 

VGG19 1424 53% 80.00% 26.00% 

Table 29 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 2848 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 69% accuracy, CNN gained 62% accuracy and VGG16 gained 52% accuracy. In 
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the sensitivity parameters, VGG16 achieved 47%, whereas CNN gained 78%, and VGG19 gained 80%. In the 

specificity parameters, VGG16 gained 90%, CNN gained 48% and VGG19 gained 24%. 

Table 29: Performance Matrix 

WristTest-02 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 2848 69% 47.00% 90.00% 

CNN 2848 62% 78.00% 45.00% 

VGG19 2848 52% 80.00% 24.00% 

Table 30 compares the models' image quantity, accuracy, sensitivity, and specificity. These metrices are used 

to compare and evaluate the models, where with 7190 images in the data run, the models’ performances are 

not satisfactory. VGG16 gained 75% accuracy, CNN gained 64% accuracy and VGG16 gained 63% accuracy. In 

the sensitivity parameters, VGG16 achieved 79%, whereas CNN gained 82% and VGG19 gained 77%. In the 

specificity parameters, VGG16 gained 70%, CNN gained 45% and VGG19 gained 47%. 

Table 30: Performance Matrix 

WristTest-03 
    

Models Image Quantity Accuracy Sensitivity Specificity 

VGG16 7190 75% 79.00% 70.00% 

CNN 7190 64% 82.00% 45.00% 

VGG19 7190 63% 77.00% 47.00% 

Figure 75 shows the loss curve (a) and accuracy curve (b) of VGG16, where the training and test data did not 

follow each other. It indicates and proves that the performance of this model is not satisfactory. Figure 75 

shows CNN's loss curve (c) and accuracy curve (d), showing the same performance as VGG16. Thus, it 

indicates that the model’s performance is not adequate. Similarly, VGG19 performed very poorly compared 

to VGG16 and CNN. Therefore, the performances of all the models are not satisfactory and need further 

investigation.  

 
(a) VGG16 Loss 

 
(b) VGG16 Training Accuracy 
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 (e) CNN Loss 

 
(f) CNN Training Accuracy 

 

 

(g) VGG19 Loss 

 

(h) VGG19 Training Accuracy 

Figure 75: loss curve and accuracy curve of VGG19 

Figure 76 shows the confusion matrices for VGG16 (a), CNN (b), and VGG19 (c) with the 7190 images dataset. 

The accuracy of identifying positive and negative cases was not satisfactory. 

 

(a) 

 

(b) 

 

(c) 

Figure 76: Confusion matrix for VGGg16 (a), CNN (b), and VGG19 (c) 

5.2.1.4. Conclusion of the comparative study 

This study section considered comparatively small and large datasets to understand their performances. 

Therefore, based on the data run and model performance, all the qualified models did not perform well to 

recognise fractured and normal cases. The training loss, the training accuracy and the confusion matrix also 

have shown the performance variations. In some instances, some underfittings of these models are seen. 
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Throughout this study, the gaps of the models are identified to understand the models and datasets. Based 

on this, future studies will be designed to meet the original contribution criteria. 

5.3.2. Conclusion and summary of the findings  

This part of the thesis is to understand ML implementation gaps. From various data runs, the gaps are 

identified. There is less work in the bone fracture paradigm in the ML implementation. This study successfully 

adds some contributions to the existing knowledge. By reading this study, the researchers will gain sufficient 

knowledge, which will help them to understand the paradigm for their future work. On the contrary, the 

future work of this study is also identified. Therefore, the study has contributed significantly to fulfil the 

requirements of the original contribution. 

5.3. Custom model and knowledge contribution 

The knowledge contribution is the core part of this thesis. Therefore, every chapter of this has some 

knowledge contributions. In the following section, more knowledge contributions will be discussed. 

5.3.1. Introduction 

Based on the data run and the results, the previous section did not contribute much to understanding bone 

fracture. The results and the performances of the included models are not satisfactory. On the contrary, 

based on the literature review, most models of various studies have contributed significantly to the existing 

knowledge. However, with the current data and model architecture, it is not a viable proposition to continue 

this study with the existing available models and data.  

Alternatively, it would be very challenging to contribute to all the current models to improve their 

performances. Based on the existing literatures’ performances, the CNN-based models play a significant role 

in recognising bone fracture. Therefore, this section particularly considers constructing a CNN-based model 

from scratch to improve efficacy and performance for recognising bone fracture.   

This study is divided into three main sections, where section 5.3.2. described the methodology. It included a 

detailed procedure, including data preparation, data processing, model construction, and model training and 

testing. Section 5.3.3. discussed the results found from the experiment and compared the results and finally, 

section 5.3.4. concluded the study. 

5.3.2. Methodology 

5.3.2.1. Data preparation  

Initially, with the new model, the datasets from the previous section are used. However, new data sources 

are included for the new experiment to understand the gap with satisfactory results. Apart from the Mura 

1.1v (Rajpurkar et al., 2017), the publicly available data sources are Mendeley and GRAZPEDWRI-DX 

containing only wrist fracture images. The first dataset has 193 negative and positive wrist images (Malik & 
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Jabbar, 2020), and the second dataset has 20,327 annotated images of various types of wrist fractures (Nagy, 

Janisch, Hržić, Sorantin, & Tschauner, 2022).   

Several datasets are created with different numbers of positive and negative images. The first dataset 

WristNewData contained only the Mendeley data described in table 31. It had only 193 images. There are 

155 images in the train folder, where the number of positive images is 89, and negative images is 66. 

There are 38 images in the test folder, of which 22 are positive, and 16 are negative. 

Table 31: Performance Matrix 

ML Model 01 Number of Images 

WristTest-01 Original Model 

Train 
 

Negative 66 

Positive 89 

 
155 

Test 
 

Negative 16 

Positive 22 

 
38 

Total 193 

 

The second dataset WristNewData-04 contained the Mendeley, GRAZPEDWRI-DX and Mura data described 

in table 32. There are only 1188 images. The train folder is a mixer of 66 Mendeley and 418 Mura images. 

Therefore, there are 986 images in the train folder, where the number of positive images is 502, and 

negative images is 484. The test folder is a mixer of 16 Mendeley and 85 Mura images. Therefore, there 

are 202 images in the test folder, with 101 positive and 16 negative images. 

Table 32: Performance Matrix 

WristNewData-04 Images from original dataset No of Images 

WristTest-02 
  

Train 
  

Negative 
  

Mendeley 66 
 

Mura 418 484 

Positive 
  

Mendeley 89 
 

GRAZPEDWRI-DX 413 502 
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Total 986 

Test 
  

Negative 
  

Mendeley 16 
 

Mura 85 101 

Positive 
  

Mendeley 22 
 

GRAZPEDWRI-DX 79 101 

  
202 

Total 1188 

The third dataset, WristNewData-06, is the augmented dataset described in table 33. The training dataset 

from the previous section is augmented and increased from 986 to 1479. It will help to understand and 

validate the model’s performance. The test dataset is increased from 101 to 149 with additional original data 

from the Mura. Therefore, there are 1777 images in the dataset, where 1479 images are in the train folder, 

of which the number of positive images is 734, and the negative images is 745. There are 298 images in the 

test folder, of which 149 are positive, and 149 are negative images. 

Table 33: Performance Matrix 

ML Model 01 Number of Images 

WristTest-03 Original Model 

Train 
 

Negative 745 

Positive 734 

 
1479 

Test 
 

Negative 149 

Positive 149 

 
298 

Total 1777 

5.3.2.2. Data processing 

The data preparation for this study is done in two sections, of which the first one is standard processing like 

the previous study of this thesis. Therefore, it is not repeated here. Only the extended data processing is 

described in the following section. The second processing is done with automatic image augmentation 

through a Python script run. The images are increased to 50%, and the following parameters are used to 

transform and save them: 
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p.rotate(probability=0.7, max_left_rotation=10, max_right_rotation=10) 

p.zoom(probability=0.2, min_factor=1.1, max_factor=1.6) 

p.sample(1479) 

When the model was run to predict, it also used the following parameters to augment the image and run the 

test: 

ImageDataGenerator (rescale=1./255, samplewise_center=False, samplewise_std_normalization=False, 

horizontal_flip = True, vertical_flip = False, height_shift_range = 0.15, width_shift_range = 0.15, 

rotation_range = 5, shear_range = 0.01, fill_mode = 'nearest', zoom_range=0.1, preprocessing_function = 

preprocess_input) 

5.3.2.3. Model construction 

All the necessary libraries are imported into the project to build this custom CNN bone fracture model 

(CNNBFModel) architecture shown in Figure 77. The sequential model has a Conv2D Layer. This layer has 

filters, and it is an integer and represents the convolution dimension. The second element is the Kernel size 

that represents the height and width of the convolution window.  

The next element is the ReLU that represents the activation of the layer. Then the padding determines the 

number of pixels to be added when the Kernel processes it. The last one is the input shape that provides the 

input dimensions by width and height. 

 
Figure 77: CNN model 

The next element is the pooling layer; for this model, the MaxPooling2D is used shown in figure 78. It is an 

integer or tuple. This feature calculates the maximum value for patches and creates a down sampled (pooled) 

feature map.  

 

 
Figure 78: CNN model 
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Then the BatchNormalization standardises the layer and learning process for each mini-batch. It can also 

automatically reduce the training epochs to train deep networks.  

Then the dropout layer helps the model deal with the overfitting.  

 
Figure 79: CNN model 

Then the flatten layer saves the layered images to a single layer of graphics to pass it into artificial neural 

network (ANN), which is called the dense layer that can have various parameters such as ReLU. 

 
Figure 80: CNN model 

After constructing the model, the optimisation method is used to compile it. This model has various layers, 

which are determined based on the needs of particular datasets and results of this study. 

5.3.2.4. Hyperparameter tuning 

Based on the results of each run, the model and its various layers are defined with multiple combinations of 

parameters to get the best outcome. For instance, the model is built with several Conv2D layers, where on 

the first run, there were three stake two Conv2D layers with a learning rate of 0.01, 0.001 and 0.0001; the 

epoch size are 10, 30, 50; batch size of 10, 16, 32; and kernel/filter size of 3, 5; Dense layers are 128, 256; 

Dropouts are .25, .30, .50. If the network did not perform well on the first run, the layers and the parameters 

were changed to get the best outcome.  

For instance, after the first run the Conv2D layers were increased from three to four layers. They are further 

increased to next run to get the ultimate results. The epoch size increased to 50 to 100. It is further increased 

on the next several runs to check the learning rate and performance. The Dense layers are also increased to 

500 and the Dropouts are also changed between 20, 30, 40 and 50. BatchNormalization is included to 

normalise the batches. The adjustment of various parameters of Conv2D layer, MaxPooling2D, dense layer, 

BatchNormalization, and dropout parameters until the model achieves a satisfactory result helped the study 

to determine the performance of the ML model. 
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5.3.2.5. Model training and testing 

The environment for implementing the models comprises of [Processor: Intel(R) Core(TM) i9-9880H CPU @ 

2.30GHz   2.30 GHz; Installed RAM: 32.0 GB (31.7 GB usable); 64-bit operating system, x64-based processor; 

NVIDIA Quadro T 2000]. All the images are divided into train and test folders, and the image ratio is 80% for 

the train and 20% for the test folders. The loss function used is categorical cross-entropy loss with Adam 

optimiser. The target size of the image and batch size are 224*224 and 32 respectively. Finally, the epoch size 

is taken as 50-400 for the models on various data runs. 

5.3.3. Results and discussions 

This section is divided into several subsections to understand the results of the custom CNN model 

(CNNBFModel). Section 5.3.3.1., the first CNNBFModel run, described the data run with the previous 

datasets from chapter four. Section 5.3.3.2., the second CNNBFModel run, described the data run with the 

Mendeley data. Section 5.3.3.3., the third CNNBFModel run, described the data run with the data 

combination of Mura, Mendeley and GRAZPEDWRI-DX and finally, section 5.3.3.4., the fourth CNNBFModel 

run, explained the data run with the augmented image. It followed the following structure to understand the 

contribution in various stages of the ML data run:  

a) motivation, b) layers and parameters, c) the run and the results, d) contribution and discussion 

5.3.3.1. First CNNBFModel run 

a. Motivation 

With the previous model, the dataset did not perform well. Therefore, the motivation of this section is to 

understand if the model improves its results with the new CNNBFModel model.  

b. Layers and parameters 

The model combines six stacks of Conv2D, MaxPooling2D, and dense layers shown in figure 81. For Conv2D, 

the filter size starts from 16 to 256 and kernel size is 3X3. With other parameters, it also has 25 dropouts on 

each layer.  

  

 

Figure 81: Layers and parameters 
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c. The run and the results 

Table 34 compares the models' image quantity, accuracy, sensitivity, and specificity. It is observed that it did 

not perform well. For this test, the dataset from the previous study is used. It contained only Mura wrist 

fractures images. On the first run, with only 70 images, it gained 54% accuracy, and in the sensitivity and 

specificity parameters, it gained 0.00% and 100 % respectively. 

 

Table 34: Performance Matrix 

Custom CNN Model 
   

Number of Images Results sensitivity specificity 

70 0.54 0% 100% 

258 0.51 0% 100% 

712 0.51 100% 0% 

7190 0.51 100% 0% 

The performance did not improve with the consequent dataset of 258, 712 and 7190 images. It is observed 

that the training accuracy and loss did not show great success. Therefore, the confusion matrices are showing 

significant differences in recognising positive and negative images, which are shown in figure 82.  

 

Training accuracy (712 data) 

 

Training loss (712 data) 

 

Confusion Matrix (712 data) 

 

Training accuracy (7190 data) 

 

Training loss (7190 data) 

 

Confusion Matrix (7190 data) 

Figure 82: Training accuracy, Training loss and confusion Matrix 
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The confusion matrices of Figure 82 and the result in Table 34 indicate that the classifier is allocating all of 

the data to one label, or the classifier does not appear to be meaningfully classifying at all. This could be due 

to the quality of the data, data labelling was not done correctly, or the model is not performing well. If this is 

a data problem, all the data from the study need to be inspected. If it is the model problem, the model needs 

to be reconstructed, and more parameter tuning is required to increase the performance. More experiments 

are included in the following section to resolve the problem. 

d. Contribution and discussion 

At the various stages of the process, hyperparameter tuning is introduced by changing Conv2D layer, 

MaxPooling2D, dense layer, BatchNormalization and dropout parameters. Still, the model did not perform 

well. It might be for two reasons:  

01) the model is complex, and the parameters are not suitable for the data used,  

02) the data used for the test is not adaptable for the model to learn and predict relevant patterns.      

5.3.3.2. Second CNNBFModel run  

a. Motivation  

In the previous study, the model did not perform well, and it is not identified if the model is not built 

successfully, or the dataset used are not appropriate for the model to learn the pattern. Therefore, the 

motivation for this section is to understand the ML model and improve the results from the previous study 

with a combination of a tuned model and new data. The Mendeley dataset is used to understand the model’s 

performance.  

b. Layers and parameters 

The model combines six stacks of Conv2D, MaxPooling2D, and dense layers shown in figure 70. For Conv2D, 

the filter size starts from 16 to 256 and kernel size is 3X3. With other parameters, it also has 25 dropouts on 

each layer. 

c. The run and the results 

Table 35 compares the models' image quantity, accuracy, sensitivity, and specificity. For this test run, the 

Mendeley dataset is used. Based on the results, it is observed that the model performed well in some cases, 

and in others, it did not. On the first run, it did not perform well. It achieved only 57% accuracy, and 100% 

and 0.00% on the sensitivity and the specificity respectively. On the contrary, it performed better than the 

next run. It achieved only 76% accuracy, and 81% and 68% on the sensitivity and the specificity respectively. 

In the next run, it performed better. It achieved 82% accuracy, and 68% and 70% on the sensitivity and the 

specificity respectively. During the two subsequent runs, the model's performance again dropped and 

improved. Hyperparameter tuning is introduced in each run to understand the model’s performance. Finally, 

in the last run, the model performed very well. It achieved 84% accuracy, and 72% and 100% on the sensitivity 

and the specificity respectively.  
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Table 35: Performance Matrix 

Custom CNN Model 
    

Number of Images Epochs Results sensitivity specificity 

193 100 0.57 100% 0% 

 
200 0.76 81% 68% 

 
200 0.82 68% 70% 

 
200 0.58 100% 0% 

 
200 0.68 90% 37% 

 
200 0.84 72% 100% 

Furthermore, it is observed that the training accuracy and loss also show mixed outputs of failure and success. 

Therefore, the confusion matrices showed significant differences in recognising positive and negative images 

as shown in figure 83. The model wrongly predicted 16 negative cases and 0 positive cases on the first run. 

On the contrary, the model wrongly predicted 0 negative cases and 6 positive cases on the last run. 

 

Training accuracy (First run) 

 

Training loss (First run) 

 

Confusion Matrix (First run) 

 

Training accuracy (Last run) 

 

Training loss (Last run) 

 

Confusion Matrix (Last run) 

Figure 83: Training accuracy, Training loss and confusion Matrix 
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d. Contribution and discussion 

Based on all these data runs, it is observed that the model behaves well in some cases. Building this model 

from scratch and running the Mendeley dataset, its behaviours changed based on the data and the number 

of epochs. Therefore, confusion from the previous section about the construction of the CNNBFModel is 

resolved. This section and the data run behaviours confirmed that the Mura data is not a good match for this 

CNN model. However, the next section outlined a brief experiment to understand the model and the data 

used.   

5.3.3.3. Third CNNBFModel run  

This section is the core part of the thesis; the model built will be validated with the new sets of data and 

hyperparameter tuning. From the previous section, it is observed that the model performed well in some 

instances. Therefore, the new dataset (WristNewData-04) is included in this section to understand the 

model’s performance. Consequently, it is divided into three subsections:  1) section one, the initial run to 

check the model’s performance based on the new data and parameters tuning; 2) section two, and 3) section 

three, carried out a few days later with a new Kernel to understand the data gap and best performance. 

5.3.3.3.1. Section One  

a. Motivation  

The motivation of this section is to understand the model's performance based on dropouts, batch sizes and 

epochs. 

b. Layers and parameters  

The model combines six stacks of Conv2D, MaxPooling2D, and dense layers as shown in figure 70. For 

Conv2D, the filter size starts from 16 to 256 and kernel size is 3X3. With other parameters, it also has 50/40 

dropouts on each layer based on the data run.  

c. The run and the results 

Table 36 compares the models' image quantity, accuracy, sensitivity, and specificity. Based on the results, it 

is observed that the model performed well in most cases. On the first run, with 10 batch sizes, 50 dropouts 

and 50 epochs, the model did not perform well. It achieved 69% accuracy, and 96% and 41% on the sensitivity 

and the specificity respectively.  

On the contrary, it performed very well in the next run with 64 batch sizes, 40 dropouts and 50 epochs. It 

achieved 97% accuracy, and 96% and 98% on the sensitivity and specificity respectively. The validation loss 

and the validation accuracy are 0.74 and 0.71 respectively. The false-positive rate is 0.01, the false-negative 

rate is 0.03, the precision is 0.97, and the f1 score is 0.97. 
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Table 36: Performance Matrix 

 
Number of Images 1188 

    

SN Dropout Batch size Epochs Results sensitivity specificity 

1 50 10 50 0.69 96% 41% 

2 40 64 50 0.97 96% 98% 

3 40 64 100 0.96 91% 100% 

4 40 64 200 0.91 91% 84% 

5 40 64 200 0.92 98% 87% 

6 40 64 50 0.95 91% 98% 

7 40 64 100 0.87 99% 74% 

8 40 64 400 0.64 99% 28% 

The model achieved 96% accuracy in the third run with 100 epochs with 64 batch size, 0.40 dropout and 50 

epochs. The validation loss and the validation accuracy are 0.47 and 0.82 respectively. The sensitivity is 0.91, 

and the specificity is 1.00. The false-positive rate is 0.00, the false-negative rate is 0.08, the precision is 1.00, 

and the f1 score is 0.95.  

In the fourth, fifth, sixth, and seventh test runs with 100, 200, 200, 50, and 100 epochs, the model performed 

very well and achieved 91%, 92%, 95%, and 87% accuracies. But with 400 epochs, the model decreased its 

performance to 64%. 

It is observed that the performances of all the data runs are more than 90% accurate. It is also reflected on 

the training, validation accuracies and the confusion matrices. On the second and third runs, training accuracy 

and the loss moderately followed each other, as seen in figure 84. However, the validation loss has some ups 

and downs. In some instances, it reached 2. The confusion matrices show significant improvement; for the 

second run, it wrongly predicted 2 negative and 4 positive cases shown in figure 84 (c). For the third run, it 

wrongly predicted 9 positive cases as shown in figure 84 (f). 

 

(a) Training accuracy (2nd run) 

 

(b) Training loss (2nd run) 

 

(c) Confusion Matrix (2nd run) 
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(d) Training accuracy (3rd run) 

 

(e) Training loss (3rd run) 

 

(f) Confusion Matrix (3rd run) 

Figure 84: Training accuracy, Training loss and confusion Matrix 

d. Contribution and discussion 

Based on the data run, the model's performances are very satisfactory. In five out of eight data runs, it 

achieved over 90%. Although the model did show some overfitting and underfitting activities, altogether, the 

performances improved. The new combination of the data and basic training are successful interventions for 

the model to train its network and achieve the highest accuracy. Therefore, this section has significance in 

contributing to the existing knowledge. The model will be further investigated in the following consecutive 

sections for validating the results and the model’s performances. 

5.3.3.3.2. Section two  

a. Motivation  

The motivation of this section is to validate the previous section's results by performing some additional 

tuning.  

b. Layers and parameters  

For this test, various layers are used to understand the model’s performances and validate the model's results 

with the previous section. The first two tests combined four stacks of Conv2D, MaxPooling2D, and dense 

layers. For Conv2D, the filter size starts from 16 to 64 and the kernel size is 3X3. With other parameters, it 

also has 50 dropouts on each layer.  

From the third to the fifth test combines five stakes of Conv2D, MaxPooling2D, and dense layers. For Conv2D, 

the filter size starts from 16-128 and the kernel size is 3X3. With other parameters, it also has 50 dropouts 

on each layer. 

c. The run and the results  

Table 37 compares the model’s image quantity, accuracy, sensitivity, and specificity. Based on the results, it 

is observed that the model did not perform well in most of the cases. On the first run, with 10 batch sizes, 50 

dropouts and 50 epochs, the model did not perform well compared to the previous section. It achieved 85% 

accuracy, and 96% and 41% on the sensitivity and the specificity respectively. The validation loss and the 
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validation accuracy achieved 0.62 and 0.87. The false-positive rate achieved 0.71, the false-negative rate 

0.00, the precision 0.58, and the f1 score 0.73. 

In contrast, it performed better in the next run with 32 batch sizes, 50 dropouts and 100 epochs. It achieved 

89% accuracy, and 97% and 80% on the sensitivity and the specificity respectively. The validation loss and 

the validation accuracy achieved 1 and 0.73 respectively. The false-positive rate achieved 0.19, the false-

negative rate 0.02, the precision 0.583, and the f1 score 0.89. 

 

 

 

 

Table 37: Performance Matrix 

 
Number of Images 1188 

    

SN Dropout Batch size Epochs Results sensitivity specificity 

1 50 10 50 0.85 96% 41% 

2 50 32 100 0.89 97% 80% 

3 50 10 50 0.6 100% 20% 

4 50 32 50 0.66 100% 32% 

5 50 32 100 0.67 100% 33% 

The model did not perform well for the subsequent three tests. In the third, fourth and fifth runs, with the 

parameters of 50 dropouts; 10, 32, and 32 batch sizes; and 50, 50 and 100 epochs as shown in table 37, it 

achieved 60%, 66% and 67% accuracies respectively. The sensitivity and specificity achieved 100% and 20%; 

100% and 32%; and 100% and 33% respectively. 

It is observed that the performances of all the data runs were not satisfactory. It is also reflected on the 

training, validation accuracy and the confusion matrix. Training accuracy and loss moderately followed each 

other on the first run. Still, the distance was much higher compared to the previous section. The confusion 

matrix showed a significant failure; for the first run, it wrongly predicted 28 negatives and 3 positive cases as 

shown in figure 85 (c). The predictions consequently got worst in the several subsequent runs. 

 
(a) Training accuracy (1st run) 

 
(b) Training loss (1st run) 

 
(c) Confusion Matrix (1st run) 
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Figure 85: Training accuracy, Training loss and confusion Matrix 

d. Contribution and discussion 

For this section, changing the model's layers and parameters had contributed to the model being less 

effective. Therefore, the performances of the previous sections validates that the original model and its 

parameters are most suitable for the model and for the data to work well. 

5.3.3.3.3. Section three 

a. Motivation  

The motivation of this section is to validate the model’s performances with additional parameter tuning.   

b. Layers and parameters  

The model combined six stacks of Conv2D, MaxPooling2D, and dense layers as shown in figure 70. For 

Conv2D, the filter size starts from 16 to 256 and the kernel size is 3X3. With other parameters, it had 40 

dropouts and an additional BatchNormalization to each layer. 

c. The run and the results  

Table 38 compares the models' image quantity, accuracy, sensitivity, and specificity. Based on the results, it 

is observed that the model performed very well with the various parameters and epochs. On the first run, 

with 64 batch sizes, 40 dropouts and 50 epochs, it achieved only 94% accuracy, and, 87% and 100% on the 

sensitivity and the specificity respectively. It performed better in the second run with 64 batch sizes, 40 

dropouts and 100 epochs. It achieved only 95% accuracy, and 87% and 100% on the sensitivity and the 

specificity respectively. Then, the performance decreased in the next run with 64 batch sizes, 40 dropouts 

and 400 epochs. It achieved only 71% accuracy, and 50% and 100% on the sensitivity and the specificity 

respecetively. Then, the model's performance again improved during the subsequent two runs. 

Table 38: Performance Matrix 

 
Number of Images 1188 

    

SN Dropout Batch size Epochs Results sensitivity specificity 

1 40 64 50 0.94 87% 100% 

2 40 64 100 0.95 94% 96% 

3 40 32 400 0.71 50% 100% 

4 40 64 400 0.9 90% 90% 

5 40 32 100 0.92 88% 96% 

It is observed that the performances of all the data runs were satisfactory. It is also reflected on the training, 

validation accuracy and the confusion matrices. Training accuracy and loss moderately followed each other 

on all the runs. The confusion matrices show significant improvements; for the first and the second runs, 

both wrongly predicted 4 negative and 6 positive cases as shown in figure 86 (c,f). 
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(a) Training accuracy (1st run) 

 
(b) Training loss (1st run) 

 
(c) Confusion Matrix (1st run) 

 

 
(d) Training accuracy (2nd run) 

 
(e) Training loss (2nd run) 

 
(f) Confusion Matrix (2nd run) 

Figure 86: Training accuracy, Training loss and confusion Matrix 

d. Contribution and discussion 

The model performed very well, and in most cases, it achieved over 90% accuracy. The BatchNormalization 

on each layer helped the model settle and train more accurately. Until the end of this section, the dataset 

and the model's parameters are validated with various combinations. Therefore, the model’s performance 

and prediction of wrist bone fracture are successful.  

5.3.4. Fourth CNNBFModel run 

a. Motivation 

 The motivation of this section is to validate the model performance with additional data runs and include 

the new augmented data set WristNewData-06. This will help finish the ML data run and conclude the entire 

chapter. 

b. Layers and parameters  

It uses the same layers from the previous section.  

c. The run and the results  

Table 39 compares the model's image quantity, accuracy, sensitivity, and specificity. Based on the results, it 

is observed that the model performed very well with the new augmented dataset. On the first run, with 32 

batch sizes, 40 dropouts and 50 epochs, it achieved 90% accuracy. The sensitivity and the specificity gained 
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99% and 80% %. It gained 0.52 and 0.92 on the validation loss and the validation accuracy, respectively. The 

false-positive rate achieved 0.19, the false-negative rate 0.00, the precision 0.83, and the f1 score 0.90. 

It performed better in the second run with 32 batch sizes, 40 dropouts and 100 epochs. It achieved 98% 

accuracy. The sensitivity and specificity gained 97%. It gained 0.37 and 0.90 on the validation loss and the 

validation accuracy, respectively. The false-positive rate achieved 0.02, the false-negative rate 0.02, the 

precision 0.97, and the f1 score 0.97. 

Table 39: Performance Matrix 

 Number of Images 1777 
    

SN Dropout Batch size Epochs Results sensitivity specificity 

1 40 32 50 0.9 99% 80% 

2 40 32 100 0.98 97% 97% 

It is observed that the performance of all the data runs is satisfactory. It also reflects on the training, 

validation accuracy and confusion matrix. Training accuracy and loss moderately followed each other on all 

the runs. The confusion matrix shows a significant improvement; for the first run, it wrongly predicted 29 

negative and 1 positive cases, as shown in figure 87 (c); for the second run, it wrongly predicted 4 negative 

and 3 positive cases, as shown in figure 87 (f). 

 

 

(a) Training accuracy (1st run) 

 

(b) Training loss (1st run) 

 

(c) Confusion Matrix (1st run) 
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(d) Training accuracy (2nd run) 

 

(e) Training loss (2nd run) 

 

(f) Confusion Matrix (2nd run) 

Figure 87: Training accuracy, Training loss and confusion Matrix 

d. Contribution and discussion 

From various sections of this experiment, it is observed that the data and the model construction significantly 

contributed to better results. In the beginning, the model did not perform well, but it improved with the 

newly added dataset and fine-tuning. Therefore, the saved model can be deployed for further intervention, 

and this section is the end of the original contribution for ML experiments. 

5.2. Chapter conclusions 

The core ideology of this chapter is to bring success and contribute to the existing knowledge. In every step, 

the ethics and originality are maintained to understand the data runs and the results. By reading this chapter, 

the researcher will understand the settings and can progress this knowledge to create something great. 

Therefore, this chapter concludes the study with success. 
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Chapter Six 

6. Knowledge engineering: An AI-enabled health advice portal  

The motivation of this section is to lay out the ANGTHAS application, its functionalities, engineering and how 

it will be used to solve everyday and critical medical problems.  

6.1. Introduction 

Clinical decision support systems (CDSS), a crucial part of the electronic health record (EHR)/personal health 

record (PHR)/electronic patient record (EPR) is a mechanism to enhance health-related decision making. The 

evolution of this system started in 1990 and is described as a 'state-of-the-art' by worldwide researchers (R. 

A. Greenes et al., 2018; Middleton et al., 2016). Healthcare information technologies (HIT) and the health 

informatics application (HIA) are playing a shared role in many aspects of healthcare services, including 

decision-making (Davis, 2016; Mahomed, 2018). 

A CDS with distinct proficiency in specialist disease and medicine is a necessity in modern healthcare settings 

(Dankers et al., 2019). Hence, the growing challenges within this sector are restructuring the related 

technology by creating turnkey solutions for capturing a series of medical 'big-data' and artificial intelligence 

(AI).  

This application's original thinking is started in 2009, and it has continuously grown over time. The actual 

work began in 2017 as an undergraduate major project, and after that, in 2019, the professional work started 

to commercialise this application. The first initial version is completed by writing this thesis, and the mobile 

application development has begun. 

This chapter is divided in five sections, where section 2 explained the research methodology; section 3 

explained the literature review; section 4 outlined the system engineering of ANGTHAS; section 5 concluded 

the paper with a chapter summary. 

6.2. Methodology and the Structure  

6.2.3. Methodology 

A pragmatic approach is used to understand the research problem of this study, which helped to recognise 

diverse concepts and clarifications and understand the research problem and quality. The methodology is 

formulated by the findings from the initial literature review and the key research question.  

6.2.4. Research question  

It has followed the original research theme and the research question in chapter two. To recap, the key 

research question is mentioned below: 

Whether online platforms can improve healthcare and the ability of Artificial Intelligence (AI) to augment 

professional medical opinion? 
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The literature search and review materials are identified based on the research question and the system is 

designed from the outcome of the literature results. Therefore, each study had a unique methodology to 

understand and answer specific needs. 

6.2.5. The Structure 

The structure of this section is divided into two sections: a) literature review b) system engineering 

 

Figure 88:  Structure of the overall research findings 

6.3. Literature review 

The detailed literature review in chapter three helped this section to understand the gaps and the related 

works. Therefore, the present publicly available information and the published literature have great 

importance in completing this section successfully. 

6.4. System engineering: ANGTHAS 

This section is the heart of the system engineering of ANGTHAS. This initiative is to commercialise the PhD 

subject to knowledge based systems (KBSs). The ANGTHAS application is constructed with years of thinking 

and software development. The following section will outline the KBSs: 

6.4.3. Introduction 

The distinct structure of the medical domain consists of hugely dynamic information. The current HIAs and 

their uses in care delivery are transforming healthcare services and decision making, where CDS has been an 

essential discussion for many decades. It provides knowledge and person-specific information to clinicians, 

healthcare worker, patients, etc. By adopting this intelligently filtered mechanism at the point of care, CDS 

enhances health care (Middleton et al., 2016).  

The data are accumulated to the HIT following a scientific and mathematical process to support care workers 

(R. A. Greenes et al., 2018). Due to its users and creators' poor usability, the present HIAs often fails to change 

behaviour as intended. Simultaneously, there are substantial challenges to reprocessing EHR data and a lack 

of common standards to combine clinical data and interpret clinical perceptions between different 

healthcare systems (Cheng et al., 2019). Therefore, researchers and developers are developing new models, 
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taxonomies and frameworks for CDSs. Regrettably, as a rule-based system, some of the initiatives failed to 

overcome the limitations (Adler-Milstein et al., 2017).     

Therefore, the proposed research and development initiatives will present the ANGTHAS prototype 

application to fulfil the demand by creating a pathway for AI KBSs. The proposed research will be presented 

through several sections and subsections, where each of them will present different aspects of the research. 

Section 6.4.4. is the rationales and scope; section 6.4.5. is the methodology; section 6.4.6. is the human-

computer interaction (HCI) framework for KBCDS; section 6.4.7. is the web and mobile app design; section 

6.4.8. is the building of the application; section 6.4.9. is the deploy machine learning models to production; 

section 6.4.10. is the outcomes; section 6.4.11. is the impact summary and finally section 6.4.12. is the 

conclusion. 

6.4.4. Rationales and scope 

The CDS system involves providers, patients, researchers and innovators. Therefore, electronic health record 

(HER) is having a substantial positive impact and it has been conducted for more than five decades to improve 

care quality and reduce cost. Organisations worldwide are pursuing new models, where the electronic system 

faces challenges to meet the growing needs (Goldberg et al., 2014; Wright, Goldberg, Hongsermeier, & 

Middleton, 2007). Therefore, this project aims to build a healthcare CDS system embedding AI and the asso-

ciated knowledge base of decision making.  

6.4.5. Methodology 

The methodology is designed to lay out the entire process of the KBS. It is very crucial to follow the specific 

methodology on the specific module and implement a better outcome. 

6.4.5.3. Requirements analysis 

All possible system requirements to be developed are captured in this phase and documented in a 

requirement specification document. It is called HCI (Human-computer interaction) framework analysis. 

Different level user types, i.e. doctors, patients, and nurses and services such as pharmacies and test centres, 

and their association to the system are mapped out. How these entities will interact with one another are 

also aligned. 

6.4.5.4. Setting project objectives  

After the initial research, some of the objectives have changed. The project explored the published literature 

on AI-enabled healthcare solutions to answer all the research questions. First, before setting the project, it 

focused on the findings of the key research literature on CDSs and KBS. Second, it identified key features and 

established the blueprint. Third, it explored the feasibility of developing the prototype application and 

created a timeline. Fourth, it hired experts and prepared all the development documentation. Fifth, the 

system will be tested, deployed and several focus groups study will be conducted and finally, the project will 

be launched nationally and globally. 



 

161 | P a g e  
 

6.4.5.5. User segmentation 

Initially, the users will be based in the UK and Bangladesh. After the initial pilot study in Bangladesh, one of 

the countries from the United Arab Emirates will be added to the list for piloting in the Middle East.  

 

Figure 89: Application user 

6.4.5.6. Identifying experts and timeline 

This project required expert people who knew how to build a versatile application. Therefore, various expert 

and mid-level software developers are hired to start the process. After reviewing the project theme, 

objectives and other requirements, they began to work on the initial documentation and timeline. 

6.4.5.7. Software development protocol 

The software development protocol is prepared and defined at the beginning of the development. It has all 

the core development activities and rules to complete the project.  

⮚ Phase one:  

In phase one of the development stage, a patient-nurse-doctor online platform is developed. The 

doctors, patients and nurses will be able to communicate in real-time with this development.   
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⮚ Phase two: 

In phase two of the development stage, a disease prediction platform is developed. The disease 

prediction platform can have reports, images or symptoms as input, and the developed prediction 

models can have biomedical parameters such as blood glucose, temperature, heart rate and o2 level. 

It can show the severity of the given parameters to understand the levels.  

⮚ Phase three: 

In phase three, all the proposed modules are integrated with the ANGTHAS system. It has an 

information repository for up-to-date medical information, calling and messaging service, real-time 

doctor-patient consultancy module, etc.  

6.4.5.8. Software testing protocol 

Software testing protocols are defined at this stage. Specific elements from the software and test cases are 

created to match the system requirements. Therefore, each test case has included the test's purpose, pre-

requisites, and acceptance criteria.  

6.4.5.9. Document management and dissemination   

The software has all the required documentation: 

1. FRD- functional requirements document  

2. BRD-business requirements document 

3. DFD-data flow diagram  

4. DDS- design document specification  

5. SRS - Software requirements specification 

6. Proposal  

7. Work order  

8. User manual  

The project followed a proposal and work order pattern on each work. After each successful test case, each 

section is marked and finalised to understand the development with the DDS.  

6.4.5.10. Project design  

Various high and low-level designs are produced to understand the project's requirements and to initiate the 

project. The following two diagrams demonstrate a high-level architecture for the system, its contributors 

and stakeholders: 
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Figure 90:  ANGTHAS system map 

 

Figure 91:  Data Flow Diagram of the System 
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6.4.5.11. Understanding and managing knowledge  

The section related to users are connected to the specific module, like triage, vital signs, prescriptions and so 

on. Therefore, it will show the user's perspective based on their category and level of permission. Saved 

knowledge will be presented to the user from the database, and the system will create new knowledge from 

user information. 

6.4.5.12. Deployment  

Each module is deployed to a live server for testing, training and data gathering. It will also help to conduct 

the focus UI, UX testing and focus group study in future. 

6.4.5.13. Focus group study and ethical approval 

A focus group study will be organised at the end of the development and after the deployment to understand 

the gaps between the proposed solutions and user satisfaction. Further changes to the software will be 

carried out based on the study's outcome. The study will be based in different geographical locations, and 

ethical clearance for conducting the survey will be gained before the study. 

6.4.5.14. Data collection and storage 

The data of this project will be gathered from a clinical settings in the UK and Bangladesh. All technical helps, 

including scanning facilities, will be provided if needed to collect the anonymous data sets for the disease 

prediction and forecast module of the project. The preliminary data sets will be age, ethnicity, vital signs, 

medical information, X-ray and ultrasonography of the participants.  

There will be two data collection pilot. The first one will be based on the software usability and effectiveness 

to the Bangladeshi community in the UK and Bangladesh. The second one will be based on healthcare 

awareness and knowledge of the registered users and patients. 

The research data will be stored as open access / publicly available to enable others to reuse it via the Wha 

(http://worldhealthaid.org/) website and linked server, except application development algorithms, critical 

engineering dataset and plans, and critical patient and private data. 

6.4.6. Human-computer interaction (HCI) framework for KBCDS 

The HCI KBCDS framework is developed to understand the system and its relation to the key stakeholders 

and technology. Therefore, a detailed understanding of each element is needed to create the knowledge 

based system (KBS). In the HCI process, all the stakeholders and the systems are modelled to understand 

users’ engagement, importance, competence, barrier and technology. It has six stages, each designed to 

address a specific process area. 

Stage one is the first stage, called the original thinking and requirements analysis. In this stage, the original 

idea is assessed, and all the aspects of the theme are discovered. The stage followed an agile and waterfall 

model to progress the works. The tasks/questions are as follows: 
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First stage  

Original thinking and requirements analysis 

1 Preliminary analysis  9 Model market and global region 

2 Who is the user/s 10 Detailed function modelling 

3 What are users using the software for? 11 Define sections of the applications 

4 What tasks are the users going to do? 12 Modelling how the users will interact with 
the systems 

5 What will be the functions of the 
applications?   

13 System design and high-level prototyping 

6 Model the application 14 Prepare business and development 
documentation 

7 Modelling users 15 System design and project proposal 

8 Modelling tasks 16 Submit for review 

Stage two is the core development. In this stage, the review of the documentation and the theme is 

commenced. After review, all the changes are updated to the document, and the next stage for 

graphics/UI/UK design began. Then it has followed the next step. It has followed an agile and waterfall model 

to progress the work. The tasks/questions are as follows: 

Second stage  

Core Development 

1 Review the documentation 6 Potential low-level screen design  

2 Change and update the documentation 7 Stakeholders’ discussions 

3 Design the application and prototyping 
(Graphic design/UI/UX)  

8 Developer testing 

4 Correct and redesign and lock  9 Deploy 

5 System building and low-level prototyping 10 Inhouse user testing 

Stage three is the third-party integration and analysing. In this stage, third-party integration occurred. It 

started with the system design and high-level prototyping, followed by the graphic design and prototyping 

(Graphic design/UI/UX). The third-party integration began at this stage to embed various systems. It followed 

the agile and waterfall model to progress the work. The tasks/questions are as follows: 

Third stage  

AI/third-party integration and analysing 

1 System design and high-level prototyping 7 Stakeholders’ discussions 

2 Design and prototyping (Graphic 
design/UI/UX)  

8 Validate and if the required redesign 

3 Third-party integration 9 Detailed function modelling 
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4 Use low-level prototyping to remodel tasks 10 Update the business and development 
documentation 

5 Test and rebuild 11 Deploy 

6 Developer testing 12 Inhouse user testing 

Stage four is the software quality assurance (SQA). In this stage, SQA for the software has commenced. 

Initially, it monitored all software engineering processes and documentation. Then the plan for quality 

assurance, quality control and quality improvement was created. The other sections began based on the 

following tasks/questions: 

Fourth stage  

Software Quality Assurance (SQA) 

1 Monitor all software engineering processes 
and documentation 

7 Integration testing 

2 Plan for quality assurance, quality control 
and quality improvement  

8 Performance testing 

3 Check the site for usability, user-centred 
design 

9 Unit testing 

4 User valuation throughout the design 10 Black box testing 

5 Methods and work products to ensure 
compliance against defined standards 

11 White box testing 

6 Manual testing 12 Disability and Web Content Accessibility 
Guidelines (WCAG) testing 

Stage five is the focus group discussion and the pilot study. In this stage, the study will be designed, and the 

sample size and the criteria will be determined. The focus group discussion (FGD) and the study participants will 

be recruited. The other sections based on the following tasks/questions will begin: 

Fifth stage  

Focus group discussion and Pilot study 

1 Design the study 7 Usability testing  

2 Sample size and selection 8 measurement instrument 

3 Determine the criteria 9 Data entry and analysis 

4 Recruiting subjects 10 Results 

5 Focus group discussion (Pre-test) 11 Update the business and development 
documentation 

6 Conduct the Pilot study 12 Evaluate the system based on the study 
outcome. 

Stage six is the launching of the application and continuous monitoring. In this stage, the site will be 

continuously monitored, and the errors will be handled by fixing bugs. It will constantly check for site-related 
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security issues, user requests, technology changes and user satisfaction. The other sections based on the 

following tasks/questions will begin: 

Sixth stage  

Launching the application and continuous monitoring 

1 Continuous Monitoring 7 Continuously observe third-party module 
update 

2 Error handling 8 Client request handling 

3 Bug fixing 9 Observe User behaviour 

4 Security check 10 Observe application overload 

5 Understand user satisfaction 11 Gap analysis 

6 Technology adaptation 12 Continuous Update 

The stages on the HCI will be rearranged or revised based on the system, development, technology and users’ 

needs.  

6.4.7. Web and mobile app design 

This is the prototype graphics/UI/UX section to understand the application. This is the second stage of the 

HCI KBCDS framework. In the following section, the design of the web and mobile application will be outlined:  

➢ Web application design: 

1. This is the top of the front page of the application: 

 
 

Figure 92: Get started and start chat 
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2. This is the service section of the front page 

 

Figure 93: Services 

 

3.  Find Dr, nurses, Triage, Hospital and Clinics 

 

Figure 94: Find Dr, nurses, Triage, Hospital and Clinics 
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4. Backend Triage section 

 

Figure 95: Backend Triage 

5. Appointment list 

 

Figure 96: Appointment list 
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6. Prescriptions 

 

Figure 97: Prescriptions 

7. Report and vital report 

 

Figure 98: Report and vital report 

There are other design parts of the applications. All of them can be accessed at the 

https://worldhealthaid.org/.  

➢ Mobile application design: 

Some of the mobile application designs are as follows: 

 

Figure 99: List of medication 

https://worldhealthaid.org/
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Figure 100: Alert 

 

Figure 101: User dashboard 

 

Figure 102: User dashboard 

 

Figure 103: Call and chats 

 

Figure 104: Settings 

 

Figure 105: Health domains 



 

172 | P a g e  
 

   

 

Figure 106: Nearest hospital 

 

Figure 107: Dr profile 

 

Figure 108: Vital Signs 

There are more of these designs for mobile application development, and all of them can be viewed at: 

figma.com/file/KrznGcsfxpfw27FsNr4GcU/Wha-Full-App?node-id=0%3A1 

6.4.8. Building the application  

The application is built in various stages. For the web technology, Php Laravel framework is used. It has 180 

individual databases, and among them, there are 30 relational databases. All the data are shared with the 

mobile application with an API. Therefore, any change at the mobile users end will be reflected live in the 

web application and vice versa. For this section, some of the flowcharts and their developments are described 

in the following section: 

Special Prescription: With this module, medical doctors can prescribe special prescriptions for any disease 

that require numeric values for prescribing the medications like insulin level, warfarin level, pain thresholds, 

blood pressure etc. The patients can decide based on the numeric value and the advice what medication or 

dose they need to take. The system will also alert them how many tablets or injections they require for a 

specific time.  
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Figure 109: Special prescriptions  

(The flowchart is taken from the original document of the ANGTHAS project) 

Triage: This module is developed to automate the triage on both medical doctors’ and patients’ end. It has 

some specifications for both to add allergy, morbidity, co-morbidity, vital signs, specific complaints, and other 

information for assessment. It will save all the information, and will alert them if the parameters of the 

disease or conditions or vital signs are not at a satisfactory level.  

 
Figure 110: Triage 

(The flowchart is taken from the original document of the ANGTHAS project) 
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Vital Signs: This module is built to store the patients' vital signs like body temperature, oxygen level, 

respiration rate and heart rate. Additionally, they can also add blood glucose, BMI if needed. This module is 

designed to keep regular track of a patient's records. Regularly maintaining this will help the user to 

understand their health conditions. It will also help the medical doctor to take medical decisions.  

 
Figure 111: Vital signs 

(The flowchart is taken from the original document of the ANGTHAS project) 

Diabetic screening module: This is a proposed module for future developments. This will help the patients 

to understand their diabetes and take medication based on the outcome of a specific time. It will also help 

to know whether the user has diabetes or not.  

 
Figure 112:  Diabetic Monitoring System Interface (DMSI) 
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This application is designed and developed to be a knowledge based CDS application. Therefore, it has many 

other modules to accommodate the universal KBCDS. All the sections and modules can be accessed at the 

main application in the front or backend.   

6.4.9. Deploying machine learning models to production 

An AI based KBCDS application can contribute more when the model is deployed on the web for general use. 

But most of the research work with ML is theoretical, and only some of the initiatives succeed in a user-

centred application (Bisong, 2019). The research carried out in the previous section with ML inspection will 

help develop the application as an automated tool for recognising diseases and their patterns. Therefore, the 

earlier studies of Covid-19, pneumonia and bone fractures have created the pathway to carry out further 

activities to progress this research.  

Deployment of the ML model is not a straightforward task that anyone can do. There is a lack of publications 

and help available for the researcher to conduct it successfully. Besides, the process of an ML module 

deployment has various limitations and is also expensive. Therefore, an application with an integrated ML 

model is not massively seen in the marketplace (Ciaburro, 2018; Tuli, Tuli, Tuli, & Gill, 2020).   

Deploying an ML application to the web and integrating it into an existing system as a production 

environment vary as it depends on the current system and its language. Therefore, it will differ based on the 

project, storage, size, user and retrieval, as well as the DevOps processes of the organisation (Bisong, 2019). 

There are four critical elements to look at when deploying a model (Ciaburro, 2018; Kumar, 2016): 

1. Developing, creating and saving a model 

2. Checking if the model is showing the best results 

3. Creating deployment pipelines in the Cloud 

4. Deploying and continuous monitoring 

6.4.10. Focus group discussion (FGD) 

A focus group discussion (FGD) study including the Bangladeshi population was conducted to understand and 

establish the concept. The aim of the was to explore the challenges in Bangladeshi (or non-white ethnic) 

communities in the adoption as users of new telemedicine products and services in the South East of England. 

The study has gathered the anonymised users’ cultural, language, and other barriers data to recommend if 

the application needs any design changes or improvements to marketing, communications, and the business 

model. 

The study was completed by collaboration with the commercial entity of the project, Time research & 

innovation (Tri), and the School of Business at the University of Portsmouth under the Business Consultancy 

(BCP) Project. Ethical approval was taken from the University to design and start the study, and it asked a 

series of questions to understand the audience. After the study, the project concluded the following results: 
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The study also recommended some critical points on suitability, feasibility, acceptability, and symptom 

diagnosis: 

 
FREE for patients as 
receiving funding from NHS 

MONTHLY SUBSCRIPTION 
PLAN (with the option of 
paying for an individual 
appointment) 

ONE OFF PAYMENTS 

Suitability • Removing cost as a 
barrier will remove 
barriers to suitability 
for all customer profiles 
targeted  

• Perfectly suitable, 
would be ideal as 
Bengali answer to 111 

• Particularly suitable for 
those who want to offset 
costs across a longer 
period 

• Pricing method must 
reflect value to patients  

• Appealing to those 
who do not use 
health services 
regularly but have an 
issue they need 
tending to urgently / 
wait time in NHS is 
too long 

Acceptability  • Highest acceptability 
will be through this 
outcome, cost was 
primary barrier to 
widespread acceptance 
of ANGTHAS 

• No particular barriers 
to acceptability 
amongst community for 
free service 

• Appealing to those with 
long term illnesses who 
would need regular 
appointments 

• Where cost is an issue 
(potentially younger male 
patient profile) this will be 
a large barrier to 
acceptance 

• Discount for longer 
subscriptions may help to 
overcome this barrier 

• This could be 
accepted for one off 
appointments- 
However it would be 
unrealistic for TRI to 
market to this 
audience heavily  

• Due to primary 
research suggesting 
that payments for 
appointments being 
a barrier, acceptance 
of this method would 
be limited 
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Feasibility  • NHS support would 
financially & 
operationally benefit 
TRI 

• This is a long term plan, 
NHS funding will not be 
immediate and so 
private healthcare is 
the immediate business 
plan 

• Users may be reluctant to 
subscribe as don’t believe 
they will use the system 
often enough to make the 
payments worth it 

• Primary research suggests 
respondents saw great 
value in this option 

• This will yield less 
customer loyalty, & 
so it would be more 
useful to TRI to target 
other methods first 

• It would be a good 
secondary income 
source for TRI, but of 
lower priority 

6.4.11. Outcomes 

This project will gather information about specific conditions, which will help clinicians understand vital 

information about patients and their genomic data. These data can be used for any other medical research. 

Furthermore, the developed framework and the system will help the doctors to tailor personalised treatment 

to improve the service quality and reduce cost and mortality rate. This project will also contribute to the UK 

and global databases. Additionally, the study resources and framework can be adopted in some parts of the 

NHS and the worldwide healthcare community. 

6.4.12. Conclusion 

Through the development of this project, the originality of thinking and contributions to developing the 

knowledge based CDS have been achieved. ANGTHAS will meet the requirements of patients and clinicians 

facing applications for the future generation. It will have continuous progress and development in its life cycle 

to update with the technology and culture. The creation of the initial version of the knowledge based CDS is 

completed successfully to store and create new knowledge with original contributions. 

6.5. Conclusions and summary of the chapter 

Geographical and socio-economic boundaries are restricting factors for maintaining the healthcare system. 

Thus, a smart way to access medical support with the help of the telemedicine system is presented. This 

project aims to build a real-time health advisory network that can let healthcare professionals to reach out 

to people with disabilities, conflict zones and areas that are victims of natural disasters. By adopting the 

outcomes of this project, an international organisation such as the United Nations, World Health 

Organisation, Commonwealth, European Union, SAARC or any other inter-governmental organisation can 

enhance its capability to reach the mass population. 

Since this project will have updated current health-related information, it can serve as a data resource for 

research, which will improve the quality of academic outcomes for medical students worldwide at the same 

standard and time. Providing a well-qualified healthcare professional in a rural area is a challenge. It is evident 

that healthcare professionals refuse to relocate to a place with a different language and lower living 

standards when they are not provided with corresponding financial compensation and security of life. There 
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is a potential gap in this sector worldwide to build a communication network between patients and health 

advisors regardless of their race, language, ability and geographical boundaries. This application will help to 

fulfil present gaps by combining all the developed systems. Therefore, creating new knowledge for the 

contribution of the PhD is successfully accomplished. 
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Chapter Seven 

7. Conclusions and future work 

7.1. Introduction 

AI driven technology and digital health care solutions can help people in many areas globally, especially 

people with disabilities and people who live in hard-to-reach areas. The safety and the quality of a healthcare 

service or product can impact the user and increase the productivity of the care worker. Additionally, it 

accelerates the healthcare services by contributing and engaging more in a short time. With digital medical 

technology and knowledge based clinical decision support (KBCDS), transferring real time public health 

information increases the capacity to track disease information and save lives. Furthermore, digitising global 

health care systems will grant equal access to everyone engaged within the community and will effectively 

remove social, physical, and financial barriers. 

The following section will conclude the study with the contributions of the research, the original impact and 

pathways to impact, limitations of the study, and finally concludes the thesis with the conclusions and the 

future work. 

7.2. Contributions of the research 

At the end of this thesis, if the core research question is asked again to understand whether the study has 

answered it to fulfil the research gaps and make significant contributions, it is evident that the investigation 

has responded to most of the gaps by contributing significantly to theory and knowledge. The following 

section will elaborately outline the contributions: 

▪ The literature review of this thesis aims to mature the readers' understanding of AI, ML, Covid-19, 

pneumonia, bone fracture and KBCDS. Many literature reviews are outlined, and extensive 

knowledge is gained from various information, data charts and flowcharts. It has also projected 

insights and comparisons on the type of models and images, accuracies, best model, number of 

global research initiatives and the proportion of the stakeholders. As a research contribution has 

many variations, the literature reviews of all the sections added knowledge to fill some gaps. 

Therefore, the reader will gain a sufficient understanding by reading the reviews. 

▪ The study has compared different models and performances to investigate DL models for Covid-19, 

pneumonia, and bone fracture. The comparison will help to identify the best workable solutions 

when handling X-ray and CT images to identify these diseases. It will also help find out the gaps and 

encourage performance improvements. Therefore, these chapters have significant contributions. 

▪ A CNN model is built from scratch and fine-tuned to increase the performance. The model and the 

parameter tuning helped it to gain 98% accuracy, which is a significant contribution. 
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▪ The HCI KBCDS framework is developed and helped launch knowledge-based application 

successfully. It also helped to understand the user, the region, the market, application 

development, testing, deployment, and monitoring procedure. Therefore, developing the 

framework and completing the KBCDS are significant contributions.   

▪ Sketching and preparing knowledge engineering theoretical concepts has a significant contribution. 

Additionally, constructing an AI KBCDS patient and clinicians facing dynamic applications from 

scratch and completing triage, vital signs, special prescription, and alert system are significant 

knowledge contributions, which will help the worldwide population and the future generation 

better understand their treatment, maintain a balanced healthy life, and prevent health struggles. 

This will create a significant contribution in the future.  

▪ From beginning to the end of the PhD research, six impactful publications are published to the 

reputed conferences and journals. These publications have individual contributions to theory and 

knowledge.  

7.3. Impact of the research 

This study will significantly impact the health informatics research for the researcher to commence new work. 

The literature review of the individual domains will help the reader to understand the context and progress 

the knowledge. Furthermore, the original contribution to the ML implementation of wrist bone fracture will 

help clinicians recognise fractures quickly. Finally, the KBCDS will help people in low and middle-income 

countries store their biomedical information in one place; this will help to prevent unexpected misery and 

save lives.  

This study observed a broader aspect of HIT, and for some of the activities, it has taken help from various 

contributors to make it successful. Therefore, it has effectively demonstrated competency to the 

stakeholders. As a result, various ML research initiatives are leading to new programmes. The 

commercialisation of ANGTHAS has opened new possibilities, and extraordinary progress is being made to 

initiate various aspects of the application. In the next couple of years, people of Bangladeshi ethnic origin will 

start benefiting from it, which will help to extend this programme globally. 

The long-term impact will be to contribute to the UK and global AI initiative, which will benefit citizens and 

care practitioners locally and internationally to detect diseases in a short time to save lives, time and money. 

The medium-term impact will be to build the UK and international healthcare community with the NHS at its 

heart. That will benefit UK citizens and patients/users of the NHS and social care, clinicians of all professions, 

the UK health industry and academia. Several recent calamities such as the wars in the Middle East and 

Ukraine, the current COVID-19 pandemic, and monkey pox justify the need for a system where people can 

get help regardless of their ethnicity, position and geographical boundaries. 
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The proposed technology and the research technique will help to establish in the technology of CDSS and 

telemedicine. The established platform can provide paid/free advice services, such as self-diagnosis 

screening through a combination of video/voice chat, multilingual instant translation services, instant voice-

command keyword symptoms search for users, real-time messaging, recording contact, and a portal with 

health-related interactive information. 

In addition, it can be adopted by an individual country to support their national health service like the NHS. 

It will help maintain quality treatment for homebound patients (disabled, elderly and mentally ill) by 

efficiently managing services without needing house calls and travel that cost both time and money. It will 

reduce the waiting times of general practice, hospital appointments and A&E queues, eliminate unimportant 

appointments in a short time, and reduce costs.  

This KBCDS is managed in the Cloud. Therefore, it has the capacity for multi-site software operations. It will 

facilitate the freedom of NHS and other national or international organisations to cut costs for connecting 

and using it across cities, regions, or countries to work together in a networked distributed fashion 

(Wongthongtham, Chang, Dillon, & Sommerville, 2009). The population and technology are changing rapidly. 

Consequently, the barriers between nations, language, medical knowledge, communication, and technology 

will change. Knowledge storage will become a powerful tool, and the contribution will be significant to 

preventing future pandemics and saving lives. 

Besides, these impacts, the PhD has also opened various other pathways to progress the work nationally and 

globally. A team of professional software developers and researchers has been trained to work on various 

projects, including the development of ANGTHAS in Bangladesh and the UK. Several academics from various 

UK universities are also engaged with these activities to progress research, including a proposal for work-

based learning for neurodiverse individuals. 

Additionally, three social science pilot studies are in progress in Bangladesh to understand the social aspects 

of the Bangladeshi community to commence future technology adaptation projects. Every six months, a team 

of technology students are trained under the research wing of the commercial organisation in Bangladesh. 

In addition, a team of Business students will start internships with the UK commercial wing to progress and 

extend the ANGTHAS platform for the UK populations. More students’ groups will start to engage in various 

projects and these will impact UK, Bangladeshi and international students to progress their research and 

development career in technology, business and social science.  

7.4. Limitations of the study 

There are various limitations to achieving some of the attributes of the thesis. Initially, the subject was a 

struggle to convey the importance of the research. Researching publicly available ML models from various 

researchers was difficult and time-consuming. The Covid-19 pandemic gave further complicacy to commence 

different activities and staying at home for such a long time was very hard to maintain a healthy mental 
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health balance. Furthermore, bone fracture X-ray data availability was a struggle initially, and the situation is 

still the same to progress this as future work. At the initial stage, understanding of digital health among 

people was inadequate, and barriers exist to progress ANGTHAS application in the UK.  

7.5. Conclusions and the future work 

This section will conclude the study and the thesis. This research has been constructed for the last five years 

and has extended its paradigm to contribute to minimising the gaps in the health care sector. When the study 

started, the subject's understanding was not extensive. Time and continuous research have broadened the 

thinking and opened various possibilities to contribute. Working with experts has matured the knowledge 

and understanding of HIT. Therefore, this study will create an immanence change and development for many 

people globally. Furthermore, the proposed prototype ANGTHAS (Wha) application will improve people's 

health and be a milestone in the telemedicine sector by creating a total healthcare solution. This study has 

also opened various possibilities to extend this research for future progress. Several initiatives are undergoing 

to start working in the future. Potential future works are listed below: 

▪ A partnership agreement with the SIGHT at the UoP is signed to carry out various research activities 

that include applying for funding to extend the ANGTHAS (Wha) application. A focus group study is 

in progress in the Southeast of England with the Bangladeshi ethnic people to understand their health 

problems. 

▪ Deploying the ML model to recognise Covid, pneumonia and wrist bone fractures. 

▪ Continuing to work further to recognise other parts of the bone fractures paradigms.  

▪ Developing an AI driven medical solution with automated disease diagnosis, explainability as a critical 

component, appropriate treatment recommendations, and wellbeing tips for people with diabetes 

and obesity. The project has already been initiated, and with the key stakeholders, an application will 

be submitted to the Innovate UK funding.  

▪ Ethical clearance from the Bangladesh medical research council (BMRC) is already attained to start 

the pilot study in Bangladesh for the ANGTHAS application. 

▪ Collaboration communication is in progress with Nuffield health and the Portsmouth University 

hospital NHS trust to start the pilot study for ANGTHAS application globally after completing the pilot 

study in Bangladesh.   
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