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1. INTRODUCTION 

Healthcare systems are complex structures designed to 

deliver medical services to individuals through the 

coordinated efforts of patients, healthcare providers, and 

intermediaries such as insurance companies and 

government agencies. Traditionally, the primary goal of 

these systems has been to ensure effective, timely, and 

affordable care. However, modern healthcare faces 

significant challenges, including rising costs, unequal 

access to services, and concerns about the quality of care, 

such as underuse, overuse, and misuse of medical 

treatments. These challenges have made it increasingly 

difficult for healthcare systems to meet the growing 

demands of populations, especially with ageing societies 

and the increasing prevalence of chronic diseases.
[1] 

 

In a typical healthcare system, patients seek medical 

attention from providers such as doctors, nurses, and 

hospitals, while intermediaries like insurance companies 

help manage financial risk through mechanisms such as 

risk pooling. The interaction among these stakeholders 

forms a dynamic and multifaceted ecosystem that 

requires efficient coordination and management with the 

rapid advancement of digital technologies, Artificial 

Intelligence (AI) has emerged as a powerful tool 

capable of transforming healthcare systems. AI refers to 

the ability of machines and computer systems to perform 

tasks that typically require human intelligence, such as 

learning, reasoning, and decision-making. In healthcare, 

AI is being used to analyse large volumes of data from 

sources such as Electronic Health Records (EHRs), 

medical imaging, and clinical reports.
[1,2] 

 

Moreover, AI plays a significant role in improving 

operational efficiency within healthcare organisations. It 

can optimise hospital workflows, reduce waiting times, 

manage resources effectively, and assist in administrative 

tasks such as scheduling and billing. In the 

pharmaceutical sector, AI is accelerating drug discovery, 

reducing the time and cost of developing new 

medications. Additionally, AI-driven tools such as 

chatbots and virtual assistants are enhancing patient 

engagement by providing health information and basic 

medical guidance.
[2] 
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Fig. 1: Patients and Providers. 

 

1. OBJECTIVES 

The specific objectives of the study are as follows: 

 To understand the basic structure of healthcare 

systems, including the roles of patients, providers, 

intermediaries, and government bodies. 

 To analyse the major challenges faced by 

healthcare systems, such as high costs, limited 

access to care, and quality issues like underuse, 

overuse, and misuse. 

 To study the concept of risk and risk pooling, 

and understand the importance of insurance and 

intermediaries in healthcare. 

 To examine different types of healthcare 

providers and levels of care, including primary, 

secondary, tertiary, and quaternary care. 

 To analyze hospital systems and various healthcare 

payment models such as fee-for-service, per diem, 

DRG, and global budgets. 

 To understand the role of Electronic Health Records 

(EHR) and other data sources in healthcare, and how 

they support AI applications. 

 To explore the pharmaceutical system, 

including drug development processes, regulatory 

frameworks, and the difference between branded and 

generic drugs. 

 To study quality measurement frameworks such as 

structure, process, and outcome, along with the steep 

model of healthcare quality. 

 To identify and analyze various applications of 

AI in healthcare, such as disease prediction, 

medical imaging, clinical decision support, and 

hospital management. 

 To examine the importance of healthcare data, 

including issues related to data privacy, security, and 

ethical considerations. 

 To explore the future scope of AI in 

healthcare, including advancements like 

personalized medicine, smart hospitals, and AI-

based diagnostics. 

 To evaluate how AI can contribute to improving 

overall healthcare efficiency, accessibility, and 

patient outcomes.
[3,4]

 

 

2. STRUCTURE OF THE HEALTHCARE 

SYSTEM 

The healthcare system is a complex and organized 

framework designed to deliver medical services to 

individuals efficiently and effectively. It consists of 

several key components that interact with each other to 

ensure the smooth functioning of healthcare delivery. 

The major elements of the healthcare system include 

patients, healthcare providers, intermediaries, and 

government or regulatory bodies. Each component plays 

a distinct role, and their coordination is essential for 

improving health outcomes.
[4,5]

 

 

2.1 Patients 

Patients are the core of the healthcare system, as all 

healthcare services are ultimately designed to meet their 

needs. Patients include individuals who are sick or 

injured, as well as those seeking preventive care, routine 

check-ups, or medical advice. They may also include 

people managing chronic conditions or those seeking 

information about maintaining a healthy lifestyle. 

 

Patients differ in terms of age, socioeconomic status, 

education level, and health conditions, which influence 

their ability to access healthcare services. Many patients 

face barriers such as high costs, lack of insurance 

coverage, geographical limitations, and limited 

awareness about available healthcare services. These 

challenges can prevent them from receiving timely and 

appropriate care.
[5,6]

 

 

Additionally, patient behaviour plays a significant role in 

healthcare utilisation. Decisions such as when to seek 

care, whether to follow medical advice, and how to 

manage health conditions can directly affect treatment 

outcomes. Therefore, a well-functioning healthcare 

system must focus on improving accessibility, 

affordability, and patient awareness to ensure better 

health outcomes.
[7]

 

 

2.2 Healthcare Providers 

Healthcare providers are responsible for delivering 

medical services to patients. This group includes a wide 

range of professionals such as physicians, nurses, 

pharmacists, therapists, and diagnostic technicians. In 

addition to individual professionals, healthcare providers 

also include organizations such as hospitals, clinics, 

diagnostic centres, and rehabilitation facilities. Providers 

perform essential functions such as diagnosing diseases, 

recommending treatments, performing medical 

procedures, and offering preventive care.
[8]

 

 

They operate at different levels of care. 

 Primary care: The first point of contact, usually 
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provided by general physicians or family doctors. 

 Secondary care: Specialized care provided by 

medical specialists after referral. 

 Tertiary care: Advanced and highly specialized 

treatment, often provided in large hospitals. 

 Quaternary care: The most complex and rare 

treatments, involving highly specialized expertise. 

 

 
Fig, 2: Level Of Care. 

 

Fig. 3: Types and Roles Of Providers. 

 

The quality of healthcare services largely depends on the 

skills, experience, and decision-making ability of 

healthcare providers.
[9] 

 

2.3 Intermediaries (Insurance Companies / Payers) 

Intermediaries, also known as payers, act as a financial 

link between patients and healthcare providers. These 

include private insurance companies and government 

healthcare programs. Their primary function is to 

manage the financial risks associated with healthcare 

expenses through a concept known as risk pooling, in 

which a large group of individuals contributes funds to 

cover the medical costs of those who require care. 

Patients typically pay a fixed amount, known as a 

premium or tax, for coverage.
[10]
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Fig. 4: Intermediaries. 

 

2.4 Government and Regulatory Bodies 

Government and regulatory bodies play a vital role in 

overseeing and managing the healthcare system. They 

are responsible for developing healthcare policies, 

regulating healthcare providers and insurance companies, 

and ensuring that quality standards are maintained. One 

of the key functions of the government is to ensure that 

healthcare services are safe, effective, and accessible to all 

sections of society. Governments may also directly 

provide healthcare services through public hospitals and 

health programs, particularly for vulnerable populations 

such as low-income groups, elderly individuals, and rural 

communities.
[11,12] 

 

Regulatory bodies ensure that healthcare professionals 

are properly licensed and qualified to practice. They also 

monitor the safety and effectiveness of drugs and 

medical devices, approve new treatments, and enforce 

ethical standards in healthcare delivery. In addition, 

governments are actively involved in public health 

initiatives such as vaccination programs, disease 

prevention campaigns, and health awareness programs. 

Through regulation and policy-making, accountability, 

and efficiency within the healthcare system, ensuring that 

both patients and providers operate within a structured 

and standardised environment.
[13,14] 

 

2.5 Data and Information Systems (EHR, Health 

Data) 

Data and information systems are a fundamental 

component of modern healthcare systems, as they enable 

the efficient collection, storage, and management of 

healthcare-related information. With the advancement of 

digital technologies, healthcare has shifted from paper-

based records to electronic systems, improving accuracy, 

accessibility, and coordination among different 

stakeholders.
[15]

 

 

One of the most important elements of healthcare data 

systems is the Electronic Health Record (EHR). EHRs 

are digital records of a patient’s medical history that are 

maintained over time by healthcare providers. They 

include information such as patient demographics, 

medical history, diagnoses, medications, laboratory 

results, imaging reports, and treatment plans. Unlike 

traditional paper records, EHRs allow healthcare 

professionals to access and update patient information in 

real time, improving communication and continuity of 

care. EHR systems also play a crucial role in supporting 

clinical decision-making. By providing comprehensive 

and up-to-date patient data, they help doctors make 

accurate diagnoses and choose appropriate treatments. 

Additionally, EHRs reduce duplication of tests, 

minimize medical errors, and improve overall healthcare 

efficiency. They also serve as a valuable source of data 

for research and Artificial Intelligence (AI) 

applications.
[16,17]

 

 

3. Fundamentals of ai and machine learning 

Artificial Intelligence (AI) and Machine Learning (ML) 

are transforming the healthcare industry by enabling 

systems to learn from data, identify patterns, and make 

intelligent decisions with minimal human intervention. 

These technologies are increasingly being used to 

improve diagnosis, treatment planning, and healthcare 

management. Understanding the fundamental concepts of 

AI and ML is essential for effectively applying them in 

healthcare systems. AI is a broad field that focuses on 

creating machines capable of performing tasks that 

typically require human intelligence, such as reasoning, 

learning, and problem-solving. Machine Learning, a 

subset of AI, specifically deals with the development of 

algorithms that allow computers to learn from data and 

improve their performance over time without being 

explicitly programmed.
[18,19]

 

 

It refers to the broader concept of machines performing 

tasks that typically require human intelligence, such as 

reasoning, problem-solving, and learning. Machine 

Learning, a subset of AI, focuses specifically on the 

development of algorithms that allow systems to learn 

from data and improve their performance over time 

without being explicitly programmed. In healthcare, 

these technologies are used to enhance diagnosis, predict 
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diseases, personalise treatments, and optimise 

operations.
[19] 

 

 

 
Fig. 5: Machine Learning And Ai. 

 

3.1 Importance of Machine Learning in Healthcare 

Machine learning plays a critical role in healthcare by 

enabling the extraction of meaningful insights from 

large volumes of structured and unstructured data. 

Healthcare data includes patient records, medical images, 

laboratory results, genomic data, and real-time data from 

wearable devices. ML algorithms can analyze these 

diverse data sources to identify patterns that may not be 

visible to human experts. According to the study material, 

AI has the potential to impact several key areas such as 

automated screening and diagnosis, adaptive clinical 

trials, operations management, precision medicine, 

global health, wearable monitoring, genomic analysis, 

and drug discovery. These applications demonstrate the 

wide scope of AI in improving both clinical outcomes 

and healthcare efficiency.
[19,20]

 

 

One of the major advantages of machine learning is its 

ability to support early disease detection and risk 

prediction. For example, ML models can analyze patient 

history and lifestyle factors to predict the likelihood of 

diseases such as diabetes or heart conditions. This 

enables preventive care and reduces the burden on 

healthcare systems. Additionally, ML improves clinical 

decision-making by providing evidence-based 

recommendations. It reduces human errors, enhances 

diagnostic accuracy, and allows healthcare providers to 

make faster and more informed decisions. This ultimately 

leads to better patient outcomes and improved quality of 

care.
[20] 

 

3.2 Types of Machine Learning 

Machine learning techniques used in healthcare can be 

broadly classified into three categories. 

 

3.2.1 Supervised Learning 

Supervised learning is the most commonly used type of 

machine learning in healthcare. In this approach, the 

model is trained using labelled data, where each input is 

associated with a known output. The goal is to learn a 

mapping function that can accurately predict outputs for 

new inputs. 

 

For example, a model can be trained using patient data 

(input) and corresponding disease diagnoses (output) to 

predict diseases in new patients. Common applications 

include disease classification, medical image analysis, 

and risk prediction.
[21] 

 

3.2.2 Unsupervised Learning 

Unsupervised learning works with unable data and aims 

to identify hidden patterns or groupings within the data. 

This type of learning is useful when labelled data is not 

available. In healthcare, unsupervised learning is 

used for tasks such as patient segmentation, 

clustering of similar diseases, and identifying unknown 

patterns in medical data. For example, it can group 

patients with similar symptoms or treatment 

responses.
[21,22]

 

 

3.2.3 Reinforcement Learning 

Reinforcement learning is based on learning through 

interaction with an environment. The system receives 

feedback in the form of rewards or penalties and adjusts 

its actions accordingly. Although still in early stages in 

healthcare, reinforcement learning has potential 

applications in areas such as treatment planning, robotic 

surgery, and adaptive therapy systems, where decisions 

are made dynamically over time.
[22]

 

 

3.3 How Machine Learning Works 

Machine learning works by learning a function that maps 

input data to output predictions. Unlike traditional 

programming, where rules are explicitly written, ML 

systems automatically learn patterns from data. 

 

The basic workflow of machine learning includes. 

 Input Data (Features): Patient data such as age, 

symptoms, lab results, or medical images 

 Model: A mathematical function that processes the 

input data 

 Output (Prediction): Results such as diagnosis, risk 
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score, or treatment recommendation 

 

The learning process involves three main datasets. 

 Training Set: Used to train the model by learning 

patterns from data 

 Validation Set: Used to evaluate and tune the model 

during training 

 Test Set: Used to assess the final performance of the 

model on unseen data 

 

The model improves its performance by minimizing the 

difference between predicted and actual outputs, a 

process known as optimization.
[22,23]

 

 

3.4 Key Concepts in Machine Learning 

Understanding the following key concepts is essential for 

applying ML in healthcare. 

 Features and Labels 

Features are input variables (e.g. blood pressure, glucose 

level), while labels are the outputs (e.g., disease 

diagnosis). 

 

 Model 

A mathematical representation that learns relationships 

between features and labels. 

 

 Parameters 

Internal values of the model that are adjusted during 

training to improve predictions. 

 

 Loss Function 

A mathematical function that measures the error between 

predicted and actual values. The goal is to minimize this 

error. 

 

 Training Process 

The process of adjusting model parameters using data to 

improve accuracy. 

 

 Prediction 

The output generated by the trained model when given 

new input data. 

These concepts form the foundation of all machine 

learning models used in it.
[23,24]

 

 

3.5 Deep Learning and Neural Networks 

Deep learning is an advanced form of machine learning 

that uses neural networks with multiple layers to model 

complex patterns in data. It is particularly effective for 

handling unstructured data such as images and text. 

Neural networks consist of interconnected layers of 

nodes (neurons), where each layer processes input data 

and passes it to the next layer. This layered structure 

allows the model to learn hierarchical and complex 

relationships.
[24] 

 

 

 

 

 

Table 1: Statistical And Mathematical Modelling Techniques.
[25]

 

Points Statistics Machine Learning 

Background Statistics and data science Computer science and engineering 

Approach Hypothesis-driven model development Creating a system that learns from data 

Goal Inferences: Relationships between variables Optimization; Prediction accuracy 

Assumptions Some knowledge about the population is usually required None 

 

3.6 Machine Learning vs Traditional Programming 

Machine learning differs fundamentally for traditional 

programming in its approach to problem-solving. 

 In traditional programming, developers define rules 

and logic explicitly. 

 In machine learning, the system learns patterns and 

rules from data automatically.
[25]

 

 

 
Fig. 6: Machine Learning Vs Traditional Programming. 
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Machine Learning (ML) and Traditional Programming 

represent two fundamentally different approaches to 

solving problems using computers. Understanding this 

distinction is essential, especially in healthcare, where 

problems are often complex and data-driven. In 

traditional programming, a developer explicitly writes a 

set of rules or instructions that the computer follows to 

process input data and produce an output. For example, 

in a healthcare system, a rule-based program can be 

written to calculate Body Mass Index (BMI) using a fixed 

formula. In this case, both the input (height and weight) 

and the output (BMI value) are known, and the 

relationship between them is predefined.
[25,26] 

 

However, many healthcare problems are too complex to 

be solved using fixed rules. For instance, diagnosing 

diseases from medical images or predicting patient 

outcomes involves analysing large amounts of data with 

hidden patterns. Writing explicit rules for such tasks is 

extremely difficult or even impossible. This is where 

machine learning becomes useful. In machine learning, 

instead of manually writing rules, the system learns the 

relationship between input and output from data. The 

model is trained using a dataset that contains examples of 

inputs and their corresponding outputs.
[26,27]

 

 

For example, in disease prediction, a machine learning 

model can be trained using patient data (such as 

symptoms, lab results, and medical history) along with 

known diagnoses. 

 

The model learns from this data and can later predict the 

disease for new patients without being explicitly 

programmed with rules. The key difference lies in how 

the function that maps input to output is created. In 

traditional programming, the function is written by 

humans, whereas in machine learning, the function is 

learned automatically from data. This makes machine 

learning more flexible and powerful for handling complex, 

real-world problems.
[27]

 

 

Another important distinction is adaptability. Traditional 

programs do not improve automatically; any change 

requires manual updates by developers. In contrast, 

machine learning models can improve over time as more 

data becomes available, making them suitable for 

dynamic environments like healthcare. Despite its 

advantages, machine learning also has limitations. In 

conclusion, while traditional programming is suitable for 

well-defined and rule-based problems, machine learning 

is more effective for complex, data-driven tasks 

commonly found in healthcare. Both approaches have 

their importance, but the growing complexity of 

healthcare systems makes machine learning an essential 

tool.
[28] 

 

Table 2: Various Key Differences. 

Aspect Traditional Programming Machine Learning 

Approach Rule-based Data-driven 

Logic Written by humans Learned from data 

Flexibility Low High 

Adaptability Manual updates required 
Improves with more 

data 

Use Case Simple problems Complex problems 

 

3.7 Why ML is Important in Healthcare 

According to your course content, many healthcare 

problems. 

 Have hidden patterns 

 Use high-dimensional data (images, text) 

 Cannot be solved with fixed rules for example. 

 Detecting cancer in X-rays 

 Predicting heart disease risk 

 Analyzing patient history.
[29]

 

 

4. Applications of AI in healthcare 

Artificial Intelligence (AI) has become a transformative 

force in the healthcare sector by enabling intelligent data 

analysis, automation, and decision-making. With the rapid 

growth of healthcare data from sources such as 

Electronic Health Records (EHR), medical imaging, 

wearable devices, and clinical reports, traditional 

methods of analysis are no longer sufficient. AI provides 

the ability to process large and complex datasets 

efficiently, uncover hidden patterns, and support 

healthcare professionals in delivering accurate and 

timely care. AI applications in healthcare are not limited 

to a single area but span across diagnosis, treatment, 

hospital management, and pharmaceutical research. 

These applications help in improving patient outcomes, 

reducing costs, minimising human errors, and enhancing 

the overall efficiency of healthcare systems. Some of the 

most important applications of AI in healthcare are 

discussed below.
[29,30] 

 

4.1 Disease Prediction 

Disease prediction is one of the most significant and 

impactful applications of AI in healthcare. It involves 

using machine learning algorithms and predictive 

analytics to identify the likelihood of diseases before 

they fully develop. AI systems analyse a wide range of 

data, including patient medical history, genetic 

information, lifestyle habits, environmental factors, and 

clinical test results. By identifying patterns and 

correlations within this data, AI models can predict the 

risk of developing diseases such as diabetes, 

cardiovascular diseases, cancer, and neurological 

disorders. For example, AI can detect early warning 

signs of heart disease by analysing patterns in blood 
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pressure, cholesterol levels, and lifestyle data.
[31]

 

 

One of the key advantages of disease prediction is early 

diagnosis and prevention. Early detection allows 

healthcare providers to intervene at an early stage, 

recommend preventive measures, and reduce the severity 

of the disease. This not only improves patient health 

outcomes but also reduces healthcare costs associated with 

advanced treatments. However, effective disease 

prediction depends heavily on the availability of high-

quality and accurate data. Issues such as incomplete data, 

data privacy concerns, and algorithm bias must be 

carefully addressed to ensure reliable predictions.
[32,33] 

 

4.2 Medical Imaging 

Medical imaging is another critical area where AI has 

shown remarkable advancements. AI techniques, 

particularly deep learning and computer vision, are used to 

analyze medical images such as X-rays, CT scans, MRI 

scans, and ultrasound images. These systems are trained 

on large datasets of labelled images to recognize patterns 

and detect abnormalities.
[33]

 

 

AI can identify diseases such as tumours, fractures, 

infections, and internal bleeding with high accuracy. In 

some cases, AI systems can match or even exceed the 

performance of human radiologists, especially in 

detecting subtle patterns that may be difficult for the 

human eye to notice. One of the major benefits of AI in 

medical imaging is improved diagnostic accuracy and 

speed. AI can process images quickly and provide results 

in a shorter time, which is crucial in emergency 

situations. It also reduces the workload of radiologists by 

automating repetitive tasks, allowing them to focus on 

more complex cases. Additionally, AI can assist in 

monitoring disease progression by comparing images 

over time. This helps doctors evaluate the effectiveness 

of treatments and make better clinical decisions. Despite 

these advantages, challenges such as data quality, 

standardization, and integration with existing systems 

need to be addressed for widespread adoption.
[34,35]

 

 

4.3 Clinical Decision Support 

Clinical Decision Support Systems (CDSS) are AI-based 

tools designed to assist healthcare professionals in 

making informed and accurate clinical decisions. These 

systems integrate patient data, medical history, 

laboratory results, and clinical guidelines to provide 

recommendations for diagnosis, treatment, and 

medication. 

 

AI-powered CDSS can analyze vast amounts of medical 

knowledge and patient-specific data to suggest the most 

appropriate course of action. For example, it can 

recommend treatment options for a specific disease, alert 

doctors about potential drug interactions, and provide 

warnings about possible complications. One of the key 

benefits of CDSS is the reduction of medical errors. By 

providing evidence-based recommendations, AI helps 

ensure that healthcare providers follow best practices and 

avoid mistakes. It also supports less experienced doctors 

by offering expert-level insights.
[36,37]

 

 

Furthermore, CDSS enhances efficiency by reducing the 

time required for decision-making and improving the 

consistency of care across different providers. However, 

it is important to ensure that these systems are used as 

support tools rather than replacements for human 

judgment. Proper training and trust in AI systems are 

essential for their effective Use.
[37]

 

 

4.4 Drug Discovery 

Drug discovery is a highly complex, time-consuming, 

and expensive process that traditionally takes several 

years and involves significant financial investment. AI 

has revolutionized this field by accelerating various stages 

of drug development and improving efficiency. AI 

algorithms can analyze large datasets of biological, 

chemical, and clinical information to identify potential 

drug targets and predict how different compounds will 

interact with the human body. This helps researchers 

identify promising drug candidates much faster than 

traditional methods.
[38] 

 

5. Clinical Study Data 

Clinical study data refers to the comprehensive 

information generated from patient care and healthcare 

systems, which is used to answer clinical research 

questions and improve the quality of healthcare delivery. 

This data is produced continuously during routine 

medical activities such as diagnosis, treatment, laboratory 

testing, imaging, and follow-up care. Unlike 

experimental data collected in controlled environments, 

clinical data is primarily observational in nature, 

meaning it reflects real-world healthcare practices and 

patient experiences. The increasing digitization of 

healthcare through Electronic Medical Records (EMR), 

wearable devices, and advanced diagnostic tools has led to 

an exponential growth in clinical data, making it a critical 

resource for modern healthcare systems. Clinical study 

data plays a fundamental role in enabling evidence-based 

medicine, where clinical decisions are made based on 

data-driven insights rather than solely on experience or 

intuition.
[39]

 It supports healthcare professionals in 

understanding disease patterns, evaluating treatment 

effectiveness, and predicting patient outcomes. 

Furthermore, clinical data serves as the foundation for 

advanced technologies such as Artificial Intelligence (AI) 

and Machine Learning (ML), which rely on large 

datasets to learn patterns and generate predictions.
[40]

 

 

5.1 Clinical Data Mining Workflow 

The process of analyzing clinical study data follows a 

structured methodology known as the clinical data 

mining workflow. This workflow ensures that data is 

systematically processed and analyzed to produce 

meaningful and reliable results. The first step in this 

workflow involves formulating a clear and relevant 

research question. This question must address a 

significant healthcare problem and should be specific 
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enough to guide the analysis. A well-defined research 

question is essential because it determines the type of 

data required and the analytical methods used.
[40]

 

 

 
Fig. 7: Evaluate And Redesign. 

 

The third step involves data extraction and 

transformation. Clinical data is often stored in multiple 

formats and may contain inconsistencies, missing values, 

and errors. Therefore, it must be cleaned and transformed 

into a structured format suitable for analysis. This 

process may include removing duplicate records, 

standardizing data formats, handling missing values, and 

selecting relevant features. This step is particularly 

important because poor data quality can lead to incorrect 

conclusions. The final step in the workflow is data 

analysis and interpretation. In this stage, statistical 

methods or machine learning algorithms are applied to 

identify patterns, relationships, and trends in the data. The 

results are then interpreted in the context of the research 

question to provide meaningful insights. It is important to 

note that clinical data analysis often requires the 

involvement of domain experts, as medical knowledge is 

necessary to interpret results accurately and avoid 

misleading conclusions.
[40,41] 

 

5.2 Types of Clinical Research Questions 

Clinical study data is used to address a wide range of 

research questions, each serving a different purpose in 

healthcare analysis. Descriptive questions focus on 

summarizing and describing the characteristics of 

patients, diseases, or treatments. For example, a 

descriptive study may aim to determine the prevalence 

of a particular disease within a population. Exploratory 

questions, on the other hand, aim to uncover hidden 

patterns or relationships within the data. These questions 

are often used in the early stages of research to generate 

hypotheses.
[41]

 

 

Inferential questions go beyond the dataset and aim to 

make generalizations about a larger population. These 

questions rely on statistical techniques to draw 

conclusions from sample data. Predictive questions use 

historical data to forecast future outcomes, such as 

predicting the likelihood of disease occurrence or patient 

readmission. Causal questions attempt to determine 

cause-and-effect relationships, such as whether a specific 

treatment leads to improved patient outcomes. Each type 

of question requires different analytical approaches and 

has different implications for clinical decision-

making.
[42] 

 

5.3 Sources of Clinical Study Data 

Clinical study data is derived from multiple sources 

within the healthcare ecosystem, each contributing unique 

and valuable information. Electronic Medical Records 

(EMR) are the primary source of clinical data, containing 

detailed information about patient demographics, 

medical history, diagnoses, medications, and treatment 

plans. Laboratory systems provide quantitative data such 

as blood test results and diagnostic reports, which are 

essential for clinical analysis. Medical imaging systems 

generate visual data in the form of X-rays, MRI scans, 

and CT scans, which are used for diagnosis and 

monitoring of diseases. Additionally, wearable devices 

and sensors have emerged as important sources of real-

time data, enabling continuous monitoring of patient 

health parameters such as heart rate, physical activity, 

and sleep patterns. The integration of these diverse data 

sources provides a comprehensive view of patient health 

and enables more accurate and holistic analysis.
[42,43]

 

 

5.4 Types of Clinical Data 

Clinical data can be broadly classified into structured and 

unstructured data based on how it is organized, stored, 

and processed within healthcare systems. Understanding 
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these types is essential because each type requires 

different methods for storage, analysis, and 

interpretation. Both forms of data play a crucial role in 

clinical research, decision-making, and AI-based 

healthcare applications.
[42]

 

 

1. Structured Clinical Data 

Structured clinical data refers to information that is 

organized in a predefined format, typically in rows and 

columns within databases. This type of data follows a 

consistent schema, making it easy to store, retrieve, and 

analyze using traditional statistical and computational 

methods. Structured data includes elements such as 

patient demographics (age, gender), laboratory test 

results, diagnosis codes (such as ICD codes), medication 

records, and vital signs. Because of its standardized 

format, structured data can be easily queried using 

database languages like SQL and is highly suitable for 

large-scale analysis. One of the major advantages of 

structured data is its simplicity and efficiency.
[43,44]

 

 

It allows healthcare professionals and researchers to 

quickly access and analyze information, making it useful 

for reporting, monitoring, and decision-making. For 

example, structured data can be used to identify the 

number of patients with a specific disease or to compare 

treatment outcomes across different groups. However, 

structured data also has limitations. It often lacks detailed 

context and may not capture the full complexity of a 

patient’s condition. For instance, while a diagnosis code 

may indicate a disease, it does not provide detailed 

information about symptoms, severity, or patient 

history.
[44] 

 

2. Unstructured Clinical Data 

Unstructured clinical data refers to information that does 

not follow a predefined format and is often more complex 

and difficult to process. This type of data includes clinical 

text, medical images, and physiological signals, each of 

which provides rich and detailed insights into patient 

health. Clinical text is one of the most important forms of 

unstructured data. It includes doctors’ notes, discharge 

summaries, and clinical reports. This text often contains 

valuable information about patient symptoms, medical 

history, and treatment decisions. However, it is typically 

written in free form, with abbreviations, incomplete 

sentences, and domain-specific terminology, making it 

challenging to analyse.
[44] 

 

Medical imaging data includes X-rays, CT scans, MRI 

scans, and ultrasound images. These images provide 

visual representations of the internal structure of the 

body and are essential for diagnosing various conditions. 

Analyzing imaging data requires advanced techniques 

such as computer vision and deep learning. Physiological 

signals refer to data collected from medical devices and 

sensors, such as electrocardiograms (ECG), 

electroencephalograms (EEG), and data from wearable 

devices. These signals are often recorded continuously 

over time and are used to monitor patient health in real 

time.
[43,44]

 

 

The main advantage of unstructured data is its richness 

and depth of information. It captures detailed and 

nuanced aspects of patient health that are not available in 

structured data. However, it is more difficult to store, 

process, and analyse, requiring advanced technologies 

such as Natural Language Processing (NLP) and 

machine learning.
[44] 

 

3. Comparison and Integration of Data Types 

Structured and unstructured data complement each other 

in healthcare systems. While structured data provides a 

clear and organised view of patient information, 

unstructured data offers detailed and contextual insights. 

For example, a diagnosis code (structured data) may 

indicate a disease, while clinical notes (unstructured 

data) provide information about symptoms and treatment 

decisions. Modern healthcare systems aim to integrate 

both types of data to create a comprehensive view of 

patient health. This integration enables more accurate 

analysis, better clinical decision-making, and improved 

patient outcomes. Advanced AI systems are increasingly 

being used to combine structured and unstructured data, 

unlocking new possibilities in healthcare analytics.
[43,44] 

 

5.5 Patient Timeline and Time-Based Data 

A fundamental concept in clinical study data is the 

patient timeline, which represents all healthcare events 

associated with a patient over time. This timeline 

includes events such as diagnosis, treatment, laboratory 

tests, and outcomes, arranged in chronological order. The 

patient timeline provides a comprehensive view of the 

patient’s healthcare journey and allows researchers to 

analyse the sequence and timing of events. Time plays a 

critical role in clinical data analysis because many 

healthcare processes are time-dependent. Diseases 

develop and progress over time, treatments are 

administered at different stages, and outcomes depend on 

the timing and order of events. For example, the 

effectiveness of a treatment may depend on how early it is 

administered, and the risk of complications may depend 

on the duration of exposure to a particular condition. By 

analysing data in a time-based manner, researchers can 

better understand disease progression, evaluate treatment 

effectiveness, and identify causal relationships.
[44,45]

 

 

5.6 Observational Nature of Clinical Data 

Most clinical study data is observational, meaning it is 

collected during routine healthcare activities rather than 

through controlled experiments. Observational data 

provides valuable insights into real-world healthcare 

practices and includes large and diverse patient 

populations. It is cost-effective and readily available, 

making it a valuable resource for clinical research. 

However, observational data also have limitations. Since 

it is not collected under controlled conditions, it may be 

incomplete, inconsistent, and subject to various biases. 

For example, patients who do not seek medical care are 

not included in the data, leading to selection bias. 
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Additionally, the quality of data may vary depending on 

how it is recorded by healthcare providers. These 

limitations must be carefully considered when analysing 

observational data to ensure accurate and reliable 

results.
[45]

 

 

5.7 Bias and Errors in Clinical Data 

Clinical study data is often affected by various types of 

bias and errors, which can impact the accuracy and 

reliability of the analysis. Patient-related bias occurs when 

certain groups of patients are underrepresented in the 

data, such as individuals who do not seek medical care. 

Provider-related bias arises when healthcare professionals 

record data inconsistently or incompletely. Coding errors 

may occur when incorrect diagnosis or procedure codes 

are assigned, leading to inaccurate data.
[45,46]

 Missing 

data is another common issue, where certain information 

is not recorded or is unavailable. These biases and errors 

can lead to incorrect conclusions if not properly 

addressed. Therefore, it is essential to apply data 

cleaning techniques, validation methods, and appropriate 

analytical approaches to minimise their impact.
[45]

 

 

5.8 Exposure and Outcome Relationship 

A key aspect of clinical study data analysis is 

understanding the relationship between exposure and 

outcome. Exposure refers to any factor that affects the 

patient, such as a disease, medication, or treatment, while 

outcome refers to the result of interest, such as recovery, 

complication, or disease progression. Analysing the 

relationship between exposure and outcome helps in 

evaluating treatment effectiveness, assessing risks, and 

making clinical decisions. The timing of exposure and 

outcome is also important, as it helps in determining 

causality and understanding the progression of diseases. 

Accurate identification and measurement of exposure 

and outcome are essential for drawing meaningful 

conclusions from clinical data.
[45,46] 

 

5.9 Importance of Clinical Study Data 

Clinical study data plays a crucial role in modern 

healthcare systems by enabling evidence-based decision-

making and improving the quality of care. It helps 

healthcare professionals make informed decisions, 

enhances diagnostic accuracy, and supports the 

development of personalised treatment plans. 

Additionally, clinical data is essential for the 

development of AI and machine learning models, which 

rely on large datasets to learn patterns and make 

predictions.
[46]

 

 

6. Evaluation of ai applications in healthcare 

Artificial Intelligence (AI) in healthcare refers to the use 

of computational systems that can perform tasks 

traditionally requiring human intelligence, such as 

diagnosis, prediction, reasoning, and decision-making. 

These systems are built using algorithms, which are 

mathematical techniques designed to solve specific 

problems, and models, which are trained representations 

of data that generate outputs from given inputs. When 

these models are rigorously tested, validated, and 

implemented in real-world settings, they are referred to 

as AI solutions. AI in healthcare encompasses a wide 

spectrum of learning techniques, including machine 

learning, representation learning, deep learning, and 

natural language processing, all of which contribute to 

analysing complex healthcare data and improving 

clinical processes. The growing integration of AI into 

healthcare is driven by its ability to process large-scale, 

heterogeneous data and extract meaningful insights that 

support better clinical decisions. AI systems are 

increasingly being used to enhance diagnosis, optimise 

treatment strategies, improve patient monitoring, and 

streamline healthcare operations. However, the 

effectiveness of these systems depends not only on their 

technical performance but also on how well they are 

evaluated and integrated into clinical practice.
[46]

 

 

6.1 Need for Evaluating AI in Healthcare 

The evaluation of AI applications in healthcare is 

essential due to the rapid expansion of AI technologies 

and their increasing role in critical decision-making 

processes. Healthcare systems generate vast amounts of 

data from diverse sources such as electronic health 

records, medical imaging, laboratory tests, and wearable 

devices. AI has the capability to synthesise this data, 

identify relevant patterns, and assist healthcare 

professionals in making informed decisions. It improves 

clinical reliability by highlighting important information 

and reducing human errors caused by fatigue, distraction, 

or cognitive overload.
[47] 

 

Despite these advantages, the development of AI models 

alone does not guarantee their usefulness in real-world 

healthcare settings. Many AI systems are designed and 

tested in controlled environments, but their performance 

may differ significantly when applied in clinical practice. 

Therefore, it is necessary to evaluate whether these 

systems are practical, reliable, and capable of improving 

patient outcomes. Evaluation ensures that AI solutions 

are not only technically accurate but also clinically 

meaningful and beneficial.
[48]

 

 

6.2 Categories of AI Applications in Healthcare 

AI applications in healthcare can be broadly classified 

into three major categories: biomedical research, 

translational research, and medical practice. Biomedical 

research focuses on scientific discovery and involves tasks 

such as automated experimentation, data collection, gene 

function annotation, and literature mining. AI plays a 

significant role in accelerating research processes and 

enabling a deeper understanding of diseases at the 

molecular level. Translational research serves as a bridge 

between scientific discoveries and clinical applications. 

In this domain, AI is used for biomarker discovery, drug-

target prioritisation, and genetic variant analysis. These 

applications help in converting research findings into 

practical medical solutions, such as new therapies and 

treatment strategies.
[47]
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Medical practice represents the direct application of AI 

in patient care. It includes tasks such as disease 

diagnosis, treatment selection, patient monitoring, and 

risk stratification. AI systems in this category assist 

healthcare providers in making accurate and timely 

decisions, improving the efficiency and quality of care. 

These three categories demonstrate the wide scope of AI 

in healthcare, ranging from basic research to real-world 

clinical implementation.
[48] 

 

6.3 Limitations of Current AI Models 

Although AI has shown significant potential in 

healthcare, many existing models suffer from important 

limitations. A major issue is the overemphasis on 

performance metrics such as accuracy, precision, and 

recall. Most research studies focus on describing the 

clinical problem, presenting the model architecture, and 

reporting these metrics, without considering whether the 

model is actually useful in a clinical setting. For 

example, numerous AI models have been developed to 

predict hospital readmission risk. While these models may 

achieve high accuracy, they often fail to provide 

actionable insights that can help healthcare providers 

prevent readmissions. This indicates that predictive 

performance alone is not sufficient to evaluate the 

effectiveness of AI systems. Another limitation is that 

many models rely on retrospective data, which may not 

reflect real-time clinical conditions. Additionally, these 

models often ignore factors such as feasibility, usability, 

and integration into existing healthcare workflows. 

These limitations highlight the need for a more 

comprehensive evaluation approach that considers not 

only the predictive ability of AI models but also their 

practical applicability and impact on delivery.
[47,48]

 

 

6.4 Patient Timeline and Longitudinal Data 

An important concept in evaluating AI applications in 

healthcare is the patient timeline, which represents the 

sequence of healthcare events over time. Clinical data is 

typically longitudinal, meaning it is collected over a 

period rather than at a single point. The patient timeline 

consists of three key components: the observation 

window, the prediction point, and the action window. The 

observation window is the period during which patient 

data is collected and aggregated. This may include data 

from hospital stays, medical tests, and patient history. 

The prediction point is the moment when the AI model 

uses this data to generate a prediction. The action window 

is the period during which the predicted outcome may 

occur and during which interventions can be made.
[48,49]

 

 

For instance, data collected during a patient’s hospital 

stay may be used to predict the risk of readmission at the 

time of discharge. The outcome, such as readmission, 

may occur days or weeks later. Understanding this 

timeline is crucial because it determines when 

predictions are made and how they can be used to take 

effective actions. It also emphasizes the importance of 

timing in healthcare, as early predictions can provide more 

opportunities for intervention and improved outcomes.
[49] 

 

Medical Literature Related Data 

 
Fig. 8: Data Show There Has Been A Drastic Increasing Trend In Medical Literature Related To “Artificial 

Intelligence”& “Healthcare”. 
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6.5 Outcome-Action Pairing (OAP) 

One of the most critical concepts in evaluating AI 

systems is Outcome-Action Pairing (OAP), which 

focuses on linking predictions to actionable steps. In this 

framework, the outcome refers to what the AI model 

predicts, such as a disease diagnosis, risk level, or future 

clinical event. The action refers to the intervention or 

decision that follows the prediction, such as initiating 

treatment, scheduling follow-up visits, or modifying care 

plans. The significance of OAP lies in the fact that AI 

systems are only valuable if their predictions lead to 

meaningful actions that improve patient care. A model 

that predicts a high risk of disease but does not suggest 

or enable appropriate interventions has limited clinical 

value. Therefore, evaluation of AI systems must consider 

how predictions are used in practice and whether they 

contribute to better healthcare outcomes.
[49] 

 

 

 
FIG. 9: OAP (Outcome-Action Pairing) PROCESS. 

 

6.6 Evaluation Criteria for AI Applications 

To ensure that AI systems are effective and useful in 

healthcare, it is necessary to evaluate them using a 

comprehensive framework that goes beyond traditional 

performance metrics. Three key criteria are used for this 

purpose: utility, feasibility, and clinical impact. Utility 

refers to the relevance and importance of the problem 

that the AI model is addressing. It considers whether the 

model provides meaningful benefits to patients and 

whether it addresses a significant healthcare need. 

Feasibility focuses on the practical aspects of 

implementing the AI solution in a healthcare setting. 

This includes factors such as data availability, system 

integration, usability, and the ability of healthcare 

professionals to adopt the technology. Clinical impact 

evaluates the overall effect of the AI system on patient 

outcomes, quality of care, and clinical workflows. It 

assesses whether the AI solution leads to measurable 

improvements in healthcare delivery. Together, these 

criteria provide a holistic approach to evaluating AI 

applications, ensuring that they are not only technically 

sound but also practical and beneficial in real-world 

settings.
[49,50]

 

 

7. AI in healthcare capstone 

The AI in Healthcare Capstone represents the final and 

most comprehensive stage of learning in the field of 

artificial intelligence applied to healthcare. It focuses on 

integrating theoretical knowledge, technical skills, and 

practical understanding to solve real-world healthcare 

problems using AI. A capstone project is designed to 

simulate real clinical and research environments where 

students or practitioners apply concepts such as machine 

learning, data analysis, and evaluation frameworks to 

develop meaningful AI solutions. In the context of 

healthcare, the capstone emphasises not only building AI 

models but also understanding their practical 

significance. It involves identifying relevant healthcare 

problems, analysing clinical data, designing predictive 

models, and evaluating their usefulness in real-world 

settings. The primary goal of the capstone is to bridge the 

gap between theoretical AI knowledge and its application 

in improving patient care and healthcare systems.
[50,51] 

 

7.1 Purpose of AI in Healthcare Capstone 

The main purpose of the AI in Healthcare Capstone is to 

develop the ability to apply AI techniques to real 

healthcare challenges. It enables learners to understand 

how AI can be used to improve diagnosis, treatment, and 

healthcare management. The capstone also focuses on 

critical thinking and problem-solving, encouraging 

individuals to analyse healthcare problems from both 

technical and clinical perspectives.
[50]

 

 

Another important purpose is to emphasise the 

importance of evaluation. As highlighted in the course 

material, many AI models fail to create real impact 

because they focus only on prediction accuracy. The 

capstone teaches how to evaluate AI systems based on 

their utility, feasibility, and clinical impact, ensuring that 

the solutions developed are not only accurate but also 

practical and beneficial in healthcare settings.
[51] 

 

7.2 Key Components of AI in Healthcare Capstone 

The AI in Healthcare Capstone consists of several 

interconnected components that guide the development 



Yadav et al.                                                                     European Journal of Pharmaceutical and Medical Research 

 

 

www.ejpmr.com        │        Vol 13, Issue 5, 2026.         │        ISO 9001:2015 Certified Journal         │ 

 

 

 

 

 
407 

of a complete AI solution. The first component is problem 

identification, where a relevant healthcare problem is 

selected. This may include disease prediction, patient 

risk stratification, medical imaging analysis, or hospital 

readmission prediction. Selecting the right problem is 

critical because it determines the usefulness and impact 

of the AI solution. The second component is data 

collection and preparation. Healthcare data may be 

obtained from sources such as electronic health records, 

medical imaging systems, or wearable devices. This data 

is often complex and requires preprocessing, cleaning, 

and transformation before it can be used for 

analysis.
[51,52]

 

 

The third component involves model development, 

where machine learning or deep learning techniques are 

used to build predictive models. These models learn 

patterns from data and generate predictions that can 

assist healthcare professionals. The fourth component is 

evaluation, which is one of the most important aspects of 

the capstone. Instead of focusing only on accuracy, the 

evaluation process considers whether the model is useful, 

feasible to implement, and capable of improving clinical 

outcomes. The final component is implementation and 

interpretation, where the results of the AI model are 

analysed and translated into actionable insights.
[51] 

 

7.3 Outcome-Action Pairing in Capstone 

A key concept emphasised in the AI in Healthcare 

Capstone is Outcome-Action Pairing (OAP). This 

concept focuses on linking the predictions made by AI 

models to actionable steps that can improve healthcare 

outcomes. The outcome refers to what the AI model 

predicts, such as disease risk or patient deterioration. The 

action refers to the decisions or interventions taken based 

on that prediction, such as modifying treatment plans, 

scheduling follow-ups, or providing preventive care. The 

effectiveness of an AI system depends on how well it 

connects predictions to actions. In capstone projects, 

students are encouraged to design AI systems that not 

only predict outcomes but also suggest meaningful 

actions. This ensures that the models have real clinical 

value and contribute to better patient care.
[52]

 

 

7.4 Evaluation Framework in Capstone 

A major focus of the capstone is the evaluation of AI 

models using a comprehensive framework. This 

framework goes beyond traditional performance metrics 

and includes three key criteria: utility, feasibility, and 

clinical impact. Utility refers to whether the AI model 

addresses an important healthcare problem and provides 

value to patients. Feasibility considers whether the model 

can be implemented in real healthcare settings, taking 

into account factors such as data availability, system 

integration, and usability. Clinical impact evaluates the 

overall effect of the model on patient outcomes, quality 

of care, and healthcare efficiency. By applying this 

evaluation framework, capstone projects ensure that AI 

solutions are not only technically accurate but also 

practical and beneficial in real-world healthcare 

environments.
[53]

 

 

8. RESULTS 

The evaluation of AI applications in healthcare requires a 

shift from focusing solely on predictive performance to 

considering real-world applicability and impact. While 

AI has the potential to revolutionize healthcare by 

improving diagnosis, treatment, and efficiency, its 

success depends on how well it is evaluated and 

integrated into clinical practice. Concepts such as patient 

timeline and outcome-action pairing highlight the 

importance of linking predictions to actionable decisions. 

By considering evaluation criteria such as utility, 

feasibility, and clinical impact, healthcare systems can 

ensure that AI solutions are meaningful, effective, and 

capable of improving patient outcomes. This approach 

will ultimately lead to the development of AI systems 

that truly enhance healthcare delivery and patient care. 

 

9. CONCLUSION 

The AI in Healthcare Capstone represents a 

comprehensive approach to applying artificial 

intelligence in real-world healthcare scenarios. It 

combines technical knowledge, clinical understanding, 

and evaluation frameworks to develop meaningful AI 

solutions. By focusing on problem identification, data 

analysis, model development, and evaluation, the 

capstone ensures that AI systems are both effective and 

practical. The inclusion of concepts such as patient 

timeline and outcome-action pairing further enhances the 

relevance of these solutions in clinical practice. 

 

In addition, the capstone emphasizes the importance of 

data quality, interoperability, and ethical considerations 

in healthcare AI. It highlights the need for robust data 

governance, privacy protection, and compliance with 

regulatory standards to ensure patient safety and trust. 

The integration of electronic health records, wearable 

device data, and real-time monitoring systems allows for 

more personalized and predictive healthcare solutions. 

 

Furthermore, the project encourages the use of advanced 

techniques such as machine learning, deep learning, and 

natural language processing to extract meaningful 

insights from complex medical data. It also focuses 

on explainability and transparency of AI models, 

ensuring that healthcare professionals can interpret and 

trust the outcomes generated by these systems. This is 

particularly important in clinical decision-making, where 

accountability and accuracy are critical. 

 

Another key aspect is interdisciplinary collaboration, 

bringing together healthcare professionals, data 

scientists, engineers, and policymakers. This 

collaborative approach ensures that AI solutions are not 

only technically sound but also clinically relevant and 

implementable in real healthcare settings. 

 

Finally, the capstone underscores the importance of 

continuous evaluation, feedback, and improvement. By 
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incorporating real-world validation, performance 

monitoring, and iterative refinement, it supports the 

development of scalable and sustainable AI-driven 

healthcare solutions that can adapt to evolving clinical 

needs and technological advancements. 
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