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Abstract 

Early identification/detection of diseases is vital for improving patient outcomes but also reduces mortality in patients. The tremendous 

growth of healthcare data in the present day combined with advancements in computational power has dramatically increased the power 

and practicality of Machine Learning (ML) for modern day medical diagnostics. The incorporation of ML in the healthcare setting is 

altering the way we identify, treat, and cure illnesses. Identifying illness at an earlier stage, such as cancer, is paramount to decrease 

deaths and initiate treatment on time. This paper examines various ML algorithms, and their use in predicting and detecting diseases such 

as cancer, diabetes, and cardiovascular diseases, and compares the effectiveness of supervised versus unsupervised models through 

reviewing and discussing current case studies, on a variety of diseases. The study examines the challenges associated with implementation 

of these models as well as ethical concerns. It is concluded that Machine Learning could improve clinical decision making substantially 

when you are very thoughtful about the design of the model in regards to precision of the information, transparency to the decision making 

process, and fairness. 

Index Terms: Clinical Decision-Making, Electronic Health Records, Machine Learning, Models, and Prediction of 

Diseases. 

 

I. INTRODUCTION 

In recent decades, evolving technology, particularly 

Artificial Intelligence (AI), has advanced rapidly across 

many industries, including the healthcare industry which 

has been most profoundly impacted.  An impactful area 

of advancement is the use of AI, particularly Machine 

Learning (ML), in the healthcare diagnostics part of 

society for the early detection and monitoring of disease.  

Timely diagnosis is a significant contributor to an 

effective healthcare system, which generally leads to 

better treatment results, a reduction of financial burden, 

and improvement of the health of the person. 

However, traditional methods of diagnosis are often 

resource-intensive, slow, and rely on subjective clinical 

judgment. Unlike traditional diagnostic processes, ML 

can provide a scalable, objective and data-driven type of 

diagnostic tool and can reveal hidden patterns and 

complex non-linear relationships in the medical datasets 

available today [1]. 

As aforementioned, machine learning (ML) is a subset of 

artificial intelligence (AI) that allows a system to learn 

from past information and subsequently make predictions 

or informed decisions without the need to be programmed 

explicitly for each task [2]. In the healthcare context, ML 

techniques can ingest large datasets or time-series data 

(e.g., Electronic Health Records (EHRs), imaging data or 

diagnoses, genomic sequences, and data streams from 

wearables/devices) to predict indicators or alerts of 

disease development. In fact, ML could identify risk 

indicators or red flags of disease even before symptoms 

surface. This ultimately paves the way for preventive 

medicine and alleviates burden on today's healthcare 

systems. Numerous ML algorithms have demonstrated 

strong performance in detecting conditions/diseases such 

as diabetes, cancer, cardiovascular disorders, Alzheimer’s 

disease, and respiratory illnesses (like Covid-19). 

Approaches like Support Vector Machines, Decision 

Trees, K-Nearest Neighbors, and Deep Learning 

architectures have achieved high predictive accuracy as 

evident from research literature. Also, the developments 

in Natural Language Processing (NLP) allow the valuable 

information in unstructured text, such as physician 

comments, pathology reports, and other reports, to be 

extracted so that diagnostic accuracy can be enhanced. 

The confluence of rising healthcare data availability, 

larger computational power, and decreasing storage and 

processing costs has enabled ML to become an invaluable 

aid to contemporary medicine/healthcare practice. 

Research worldwide, as well as regional institution 

contributions, points to its importance. For example, 

research at Sir Syed University in Karachi, Pakistan, has 

utilized neural networks and hybrid models to forecast 

cardiac risks and interpret diagnostic imaging, 

demonstrating the potential of local research in solving 

global healthcare problems [3]. 

However, implementing ML in clinical practice comes 

with some notable challenges. Concerns around—

algorithmic bias, patient confidentiality, regulatory 

environments, and explainability, need to be addressed 

with careful effort towards ensuring ethical and safe 

implementation. Work/collaboration among clinicians, 
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data scientists, and policymakers will be pivotal to 

addressing these constraints. 

Chronic diseases such as heart disease, cancer, diabetes, 

and arthritis, especially, pose critical challenges to 

healthcare systems since their diagnosis at an early stage 

usually dictates the success of the treatment and the long-

term prognosis of patients. 

As per a study by the World Health Organization (WHO), 

more than 70% of the deaths worldwide are caused by 

non-communicable diseases such as cancer and diabetes 

[4]. Early diagnosis can significantly improve survival 

rates, reduce healthcare costs, and saves time and efforts 

for all stake holders. 

This paper explores the role of ML in early disease 

detection and prediction, and presents a comparative 

analysis of popular algorithms using various healthcare 

data dimensions, and highlights current applications and 

challenges. It also underscores the importance of 

localized research efforts in adopting AI technologies for 

better public health outcomes. 

The rest of the paper is organized as; Section II provides 

an overview machine learning algorithms and their 

applications. Section III delves into the methodology. 

Section IV presents the performance comparison. Section 

V shows results and discussion. Section VI shows 

challenges and limitations. Section VII shows ethical and 

regulatory considerations. Section VIII is conclusion by 

summarizing key findings and finally Section IX 

suggesting future research directions. 

II. MACHINE LEARNING ALGORITHMS AND 

APPLICATIONS IN HEALTHCARE 

The key ML algorithms, i.e., Support Vector Machines 

(SVM), Random Forest, K-Nearest Neighbors (KNN), 

Neural Networks, and Logistic Regression, commonly 

used for early disease detection, their application areas, 

and typical diseases are represented in the Table I. 
 

Table I: Machine Learning Algorithms and Their Medical Applications 

S. 

No. 
ML Algorithm Primary Medical Applications Use Case Example 

1 Logistic Regression Risk Prediction, Binary Classification 
Predicting Heart Disease and Diabetes 

Likelihood—[5], [6]. 

2 Decision Tree Rule-Based Decision Making in Diagnostics 
Breast Cancer Diagnosis, Treatment 
Planning—[7]. 

3 Random Forest Classification Using Structured Health Data 
Predicting Hospital Readmission and Heart 

Disease—[5], [8]. 

4 Support Vector Machine (SVM) 
High-Dimensional Classification and Medical 
Imaging 

Tumor Classification, Parkinson’s Disease 
Detection—[6], and [7]. 

5 K-Nearest Neighbors (KNN) 
Patient Similarity Matching, Anomaly 

Detection 

Diabetes Prediction, Rare Disease 

Detection—[9]. 

6 Gradient Boosting (GBM) 
Complex Decision Modeling for High 
Accuracy 

Cancer Recurrence and Chronic Kidney 
Disease Prediction—[5]. 

7 Neural Networks (MLP) Pattern Recognition in Numeric Medical Data 
Breast Cancer and Diabetes Classification—

[10], and [5]. 
 

III. METHODOLOGY  

This study follows a structured pipeline approach which 

is used to compare the effectiveness of various machine 

learning (ML) algorithms for early disease detection. It 

mainly consists of: 

 

• Data Collection,  

• Preprocessing,  

• Feature Selection,  

• Model Selection and Training, and  

• Performance Evaluation. 

A. Data Collection 

We used three publicly available medical datasets from 

UCI Machine Learning Repository and Kaggle, which 

are widely accepted for benchmarking classification 

algorithms in healthcare research [6], and [8]: 

 

• Heart Disease Dataset (UCI) – 303 records 

with features like age, sex, chest pain type, and 

cholesterol. 

• Pima Indian Diabetes Dataset (Kaggle) – 768 

instances with attributes such as glucose, insulin, 

BMI, and diabetes pedigree function. 

• Breast Cancer Wisconsin Dataset (UCI) – 569 

entries with 30 numeric features computed from 

digitized images of breast masses. 

 

These datasets represent a diverse range of diagnostic 

problems for testing binary and multi-class classification 

algorithms. 

B. Data Preprocessing 

Preprocessing was applied to enhance data quality and 

improve model performance. Missing values were 

addressed using mean imputation or by removing sparse 

records. The continuous features were normalized by 

using Min-Max scaling to bring the values to [0, 1] range. 

The categorical variables such as gender or diagnosis 

labels were encoded by using one-hot encoding or label 

encoding as appropriate [7]. 

Irregularities were removed from selected data by using 

the Z-score technique, and the datasets were rebalanced 

where necessary using Category-based sampling to 

address class imbalance, which is common in medical 

data [5]. 

C. Feature Selection 

To reduce the dimensionality and eliminate irrelevant 

features from data, we applied Recursive Feature 

Elimination (RFE) and Correlation Matrix Analysis. This 
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approach helped retain only the most significant attributes 

that contributed to model accuracy while avoiding multi-

collinearity [9]. 

D. Model Selection and Training 

We implemented a broad range of ML models by using 

Python (v3.9) and libraries such as Scikit-learn, 

XGBoost, and TensorFlow [7].  

The models include: 
 

• Baseline Models: Logistic Regression, Decision 

Tree, K-Nearest Neighbors, and Naive Bayes. 

• Ensemble Methods: Random Forest, Gradient 

Boosting, AdaBoost, and XGBoost. 

• Neural Networks: A shallow Multi-Layer 

Perceptron (MLP) and a Deep Neural Network 

(DNN) with 3 hidden layers. 
 

Training was conducted using an 80/20 train-test split, 

and a 10-fold cross-validation was employed to ensure 

robustness. Hyperparameters were optimized using Grid 

Search and Randomized Search, adjusting factors such 

as learning rate, maximum tree depth, number of 

estimators, and neural activation functions [10]. 

E. Performance Evaluation 

Each model was evaluated by using standard 

classification metrics: 
 

• Accuracy: Overall proportion of correct 

predictions. 

• Precision: The proportion/amount of true 

positive predictions among all positive 

predictions. 

• Recall (Sensitivity): The proportion/amount of 

actual positive cases correctly predicted. 

• F1-Score: Harmonic mean of precision and 

recall. 

• AUC-ROC: Area under the receiver operating 

characteristic curve, useful for binary 

classification performance. 
 

These metrics are essential in medical applications where 

minimizing false negatives is often more critical than 

maximizing accuracy alone [5], and [9]. 

Below in Figure 2, ML model of SVM algorithm is 

represented which shows Heart Disease Prediction with 

the help of Receiver Operating Characteristic (ROC) 

curve, showing model performance (AUC = 0.91 for 

SVM). 

A ROC curve with an Area Under the Curve or AUC of 

0.91 for a SVM model specifies excellent performance in 

heart disease prediction. This suggests that this model 

effectively distinguishes between individuals with and 

without heart disease, with a high degree of precision. 
 

 
Figure 2: ML Model for Heart Disease Prediction (ROC curve showing 

model performance: AUC = 0.91 for SVM) 

IV. PERFORMANCE COMPARISON 

Early disease detection using machine learning requires 

rigorous comparison of models to identify those best 

suited for clinical deployment. Authors compares seven 

widely used models, i.e., Logistic Regression (LR), 

Decision Tree (DT), Random Forest (RF), Support Vector 

Machine (SVM), K-Nearest Neighbors (KNN), Gradient 

Boosting Machine (GBM), and Neural Networks (NN), 

across three key medical prediction datasets: Heart 

Disease, Diabetes, and Breast Cancer [6]. 

The Neural Networks or NN outperform all other models 

across all three datasets, achieving 92.3% accuracy on 

Heart Disease prediction, 83.5% on Diabetes, and 97.8% 

on Cancer Detection. Their superior performance largely 

stems from the capacity to model complex, nonlinear 

relationships within high-dimensional medical datasets 

[10].  

Ensemble techniques such as Gradient Boosting and 

Random Forests have also shown strong predictive 

capabilities, particularly for structured data, due to their 

robustness and ability to minimize overfitting [5]. 

Support Vector Machines (SVM) often achieve 

competitive outcomes; however, their effectiveness is 

highly dependent on the careful selection of kernels and 

tuning of parameters [7]. 
 

Table III: Accuracy Comparison of ML Models on Disease Prediction Datasets 

S. 

No. 
ML Model 

Heart Disease Accuracy  

(%) 

Diabetes Accuracy  

(%) 

Cancer Detection Accuracy  

(%) 

1 Logistic Regression 85.4 78.2 94.1 

2 Decision Tree 81.1 75.3 91.3 

3 Random Forest 89.7 80.9 96.5 

4 
Support Vector 

Machine (SVM) 
87.6 79.4 95.2 

5 
K-Nearest Neighbors 
(KNN) 

84.5 76.1 93.5 

6 Gradient Boosting 91.2 82.7 97.1 

7 Neural Network 92.3 83.5 97.8 

Note: Results averaged using 10-fold cross-validation. Neural Networks used a simple MLP with two hidden layers. 
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Although Logistic Regression is a comparatively simple 

linear model, it offers moderate predictive accuracy while 

remaining highly interpretable, making it particularly 

valuable in clinical settings where transparency is 

essential [5]. 

Decision Trees and KNN models perform relatively lower 

due to their tendency towards overfitting and sensitivity 

to noise. 

The exceptional performance of Neural Networks, 

particularly when combined with explainable AI methods, 

makes them highly suitable for deployment in clinical 

decision support systems [9]. 

V. RESULTS AND DISCUSSION 

The findings demonstrate that the selection of the 

modeling approach is dependent on purposes associated 

with data complexity and the requirements of clinical 

application. For example, neural networks perform well 

in situations where high-dimensional feature extraction is 

required [11] as in dermatological image analysis. 

Random forests are valid when the data is structured, as 

in laboratory test results or electronic health records [12].  

KNN's lower performance in studies is attributed to the 

model’s obvious dependence on irrelevant and noisy 

features [13]. KNN remains useful particularly in regard 

to clustering problems and exploratory analyses in cases 

examining varying clusters. Logistic regression models 

are interpretable compared to others and lack the same 

level of flexibility, making models with logistic 

regression applicable to examples assessing stroke and 

heart disease risk [14]. Developments in ensemble 

methods and hybrid architectures that combine different 

model types (for example CNNs and LSTMs) have 

emerged, indicating that these approaches may be useful 

potential solutions when examining multi-modal health 

data [15]. 

VI.  CHALLENGES AND LIMITATIONS 

Despite promising results, ML in healthcare faces 

significant challenges like: 

• Data Imbalance: Rare conditions often lead to 

biased models. 

• Privacy Concerns: Sensitive health data must 

be protected. 

• Interpretability: Clinicians require 

understandable decision logic. 

• Generalizability: Models trained on one dataset 

may not perform well on others. 

 

 
Figure 3: Key Barriers to ML Deployment in Clinical Settings 

VII. ETHICAL AND REGULATORY 

CONSIDERATIONS 

The following are ethical and regulatory considerations: 

 

• Bias Mitigation: Addressing racial, gender, and 

age biases in datasets. 

• Transparency: Using explainable AI (XAI) 

tools to improve clinician trust. 

• Regulation Compliance: Adhering to GDPR, 

HIPAA, and FDA guidelines. 

VIII. CONCLUSION 

There is a great opportunity for machine learning to help 

with early detection of diseases. Our comparison showed 

that both neural networks and ensemble models such as 

Random Forest, provide good accuracy in predicting 

diseases. Nonetheless, if resources are limited, more 

simple models may be easier to interpret and may be 

preferred.  

Machine learning presents a strong framework for early 

detection and prediction of diseases and represents a 

paradigm shift in prevent medicine and diagnostics. 

While these models continue to improve in their accuracy 

and efficiency, the ethical issues, data quality issues, and 

transparency issues must be solved to allow for 

widespread clinical use. 

IX. FUTURE RESEARCH DIRECTIONS 

We recommend some future research directions as 

follows: 

 

• Incorporating Real-Time Patient Data from 

Wearables (e.g., Fitbit, ECG monitors). 

• Developing Explainable AI (XAI) Tools for 

Clinical Trust [16]. 

• Exploring Federated Learning to Maintain 

Patient Privacy [17]. 
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