
© 2025 JETIR March 2025, Volume 12, Issue 3                                                                 www.jetir.org  (ISSN-2349-5162) 

 

JETIR2503910 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org j84 
 

Disease Prediction and Detection Using Machine 

Learning 
 

Pranav Gopal Dabholkar 

Computer Science And Engineering 

(AIML) 

University of Mumbai 

Maharashtra,India 

pranavdabholkar05@gmail.com 

 

Varad Sanjay Sawant 

Computer Science And Engineering 

(AIML) 

University of Mumbai 

Maharashtra,India 

svarad70@gmail.com 

Nishant Mahesh Narkar 

Computer Science And Engineering 

(AIML) 

University of Mumbai 

Maharashtra,India 

nishantnarkar143@gmail.com 

 

Prof.Prajakta Rane 

Computer Engineering 

University of Mumbai 

Maharashtra,India 

prajaktarane@gmail.com 

Shejwal Mangesh Gadekar 

Computer Science And Engineering 

(AIML) 

University of Mumbai 

Maharashtra,India 

shejwalgadekar2004@gmail.com 

 

Prof.Supriya Nalawade 

Computer Science And Engineering 

University of Mumbai 

Maharashtra,India 

supriyanalawade@gmail.com 

 

 

 

Abstract—Machine learning has motivated the prediction and 
detection of diseases, transforming the healthcare domain by 
enabling early diagnosis and treatment. This paper provides 
an overview of prevalent machine learning techniques used 
for disease detection, their accuracy measures, and practical 
implementation. We examine decision trees, support vector 
machines, deep learning networks, and other supervised and 
unsupervised learning algorithms, utilizing data from medical 
records, biosensors, and other sources. The proposed approach 
aims to enhance diagnostic accuracy in medical analysis and 
reduce human errors. 

Index Terms—Healthcare, Artificial Intelligence, Data Mining, 
Machine Learning, Disease Prediction 

 

I. INTRODUCTION 

Machine learning (ML) has significantly improved disease 

prediction and detection, leading to enhanced patient care. 

Conventional diagnostic methods heavily depend on human 

expertise, whereas ML models can analyze vast amounts of 

medical data to identify patterns and anomalies. This paper 

reviews ML-based approaches in healthcare, discussing their 

strengths and limitations. 

A. ML TECHNIQUES FOR DISEASE PREDICTION 

A. Supervised Learning Algorithms: 1.Decision Trees: 

These predict diseases based on symptoms. They are easy 

to interpret but may struggle with complex data, leading to 

overfitting. 

2. Support Vector Machines (SVM): Effective in diagnosing 

diseases such as cancer and heart conditions by finding optimal 

decision boundaries. 

3. Neural Networks: These deep-learning models recognize 

intricate medical patterns through multi-layered computations. 

B. Unsupervised Learning Algorithms 1.Clustering Tech- 

niques: Used to group similar disease patterns in patient data, 

aiding in the discovery of previously unknown diseases. 

2.Principal Component Analysis (PCA): A dimensionality 

reduction method that simplifies medical imaging data, making 

complex datasets easier to manage. 

C. Deep Learning in Medical Diagnosis 1.Convolutional Neu- 

ral Networks (CNNs): Highly effective for diagnosing diseases 

using medical images, such as detecting tumors in MRI scans 

and analyzing X-ray images. 

2. Recurrent Neural Networks (RNNs): Applied to time-series 

analysis of ECG and EEG data, assisting in real-time moni- 

toring of neurological disorders. 

3. Transfer Learning: Fine-tunes pre-trained models using med- 

ical datasets to enhance disease detection, especially when data 

is limited. 

 

B. Data Sources and Preprocessing 

Healthcare Data Used in Machine Learning Models: 

1.Electronic Health Records (EHRs): Includes patient history, 

medical test results, prescriptions, and treatment records. 

2. Medical Imaging: Data from X-rays, MRIs, and CT scans, 

used for image-based disease detection. 

3. Biosensor Data: Information from wearable devices that 

continuously monitor health metrics such as heart rate, glucose 

levels, and oxygen saturation. Data Preprocessing Techniques: 

 

C. Data Preprocessing Techniques: 

• Handling Missing Values: Imputation techniques are ap- 

plied to address gaps in datasets.. 

• Normalization and Standardization: Used for feature scal- 

ing to improve model performance.. 

• Feature Engineering: Helps identify the most relevant 

attributes for disease prediction. 
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II. LITERATURE REVIEW 

Numerous studies have explored the application of machine 

learning (ML) techniques for disease prediction and detec- 

tion, yielding promising results across various medical fields. 

This section reviews key research findings, emphasizing the 

methodologies and outcomes of previous studies. 

1. Machine Learning in Disease Prediction Patil et al. 

(2017) compared Decision Trees, Random Forest, and Support 

Vector Machines (SVM) for predicting heart disease. Their 

findings revealed that Random Forest achieved the highest 

accuracy, highlighting its effectiveness in handling complex 

medical data. Similarly, Chaurasia and Pal (2014) applied 

Na¨ıve Bayes and Decision Tree classifiers for breast cancer 

detection, concluding that Na¨ıve Bayes performed well in 

distinguishing between malignant and benign tumors. 

Another notable study by Hassan et al. (2019) developed a 

diabetes prediction model using Logistic Regression and Neu- 

ral Networks. Trained on the PIMA Indian Diabetes dataset, 

their Neural Network model achieved an impressive 85 

2. Deep Learning for Disease Detection Deep learning has 

played a significant role in medical image analysis. Esteva 

et al. (2017) demonstrated the effectiveness of Convolutional 

Neural Networks (CNNs) in diagnosing skin cancer, achieving 

accuracy comparable to that of dermatologists. Similarly, 

Lakhani and Sundaram (2017) employed deep CNNs for 

detecting tuberculosis in chest X-ray images, reporting an 

accuracy of over 90 

For cardiovascular disease detection, Rajkomar et al. (2018) 

applied deep learning to electronic health records (EHRs) to 

predict conditions such as heart failure and stroke. Their study 

underscored the potential of deep learning models in analyzing 

large-scale medical records for early disease identification. 

3. Machine Learning in COVID-19 Diagnosis During the 

COVID-19 pandemic, ML models played a crucial role in 

early detection and diagnosis. Wang et al. (2020) introduced a 

CNN-based model called COVID-Net, which analyzed chest 

X-rays and CT scans to detect COVID-19 infections with 

high accuracy. In another study, Ardakani et al. (2020) com- 

pared multiple deep learning models and found that ResNet50 

achieved the highest classification accuracy for COVID-19 

detection. 

4. Challenges in ML-Based Disease Prediction Despite 

significant advancements, several challenges remain in the 

implementation of ML in healthcare. Zhang et al. (2021) 

noted that medical datasets often suffer from imbalances and 

biases, negatively impacting model performance. Additionally, 

Tschandl et al. (2020) highlighted the need for explainable 

AI models to build trust among healthcare professionals and 

improve adoption in clinical practice. 

III. PROBLEM STATEMENT 

1. Late Diagnosis of Diseases: Many serious conditions, 

such as cancer, diabetes, and cardiovascular diseases, are often 

diagnosed at advanced stages due to a lack of early symptoms 

or delayed medical check-ups. Traditional diagnostic methods 

rely heavily on expert interpretation, which can result in late 

detection and reduced treatment effectiveness. 

2. Data Imbalance and Quality Issues: Medical datasets 

frequently contain class imbalances, missing values, and noise, 

which can lead to biased machine learning models. Poor data 

quality significantly affects the accuracy and reliability of 

disease prediction systems, limiting their effectiveness in real- 

world applications. 

3. Lack of Interpretability in Machine Learning Models: 

Most deep learning-based diagnostic models operate as ”black 

boxes,” making it difficult for healthcare professionals to 

understand and trust their predictions. The lack of transparency 

in AI-driven diagnosis can hinder the widespread adoption of 

ML models in clinical settings. 

4. Computational and Resource Limitations: Machine learn- 

ing models—especially deep learning techniques—require 

substantial computational power and large amounts of labeled 

medical data. This creates a significant barrier for deploy- 

ing ML-based disease prediction systems in resource-limited 

healthcare facilities. 

5. Privacy and Ethical Concerns: The use of patient data in 

machine learning raises ethical and privacy concerns. Ensuring 

secure data handling and compliance with healthcare regula- 

tions such as HIPAA and GDPR remains a major challenge 

for AI adoption in medical settings. 

6. Generalization Across Diverse Populations: Many ML 

models are trained on specific datasets and may not perform 

well when applied to different demographic groups. This lack 

of generalization can introduce biases in disease prediction, 

making it crucial to develop models that are fair, inclusive, 

and effective across diverse patient populations. 

IV. METHOD AND MATERIAL 

A. Data Collection Medical datasets are obtained from 

publicly available sources, including: 

1. PIMA Indian Diabetes Dataset (for diabetes prediction) 

2. UCI Heart Disease Dataset (for cardiovascular disease de- 

tection) 

3. Breast Cancer Wisconsin Dataset (for breast cancer classifi- 

cation) 

4. COVID-19 Chest X-ray Dataset (for COVID-19 detection) 

Additional data sources, such as Electronic Health Records 

(EHRs), laboratory reports, and medical imaging datasets, are 

considered when applicable. 

B. Data Preprocessing: 

1. Handling Missing Data: Missing values are imputed using 

statistical methods like mean/mode imputation or K-Nearest 

Neighbors (KNN) imputation. 

2. Feature Scaling: Standardization (Z-score normalization) and 

Min-Max scaling are applied to numerical features for consis- 

tency. 

3. Data Augmentation: Techniques such as rotation, flipping, 

and contrast adjustment enhance medical imaging datasets for 

better generalization. 

4. Class Imbalance Handling: If the dataset is imbalanced, 

the Synthetic Minority Over-sampling Technique (SMOTE) is 
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applied to balance the classes. 

C. Machine Learning Model Selection The choice of machine 

learning models depends on the type of disease being pre- 

dicted: 

1. Supervised Learning Models: Logistic Regression, 

Random Forest, Decision Trees (for tabular medical data) 

Support Vector Machines (SVM) (for structured data 

classification) 2.Deep Learning Models: Convolutional Neural 

Networks (CNN): Used for image-based disease detection 

Long Short-Term Memory (LSTM) Networks: Used for 

analyzing time-series patient data 

3.Ensemble Learning: Boosting and bagging techniques (e.g., 

AdaBoost, XGBoost) combine multiple classifiers to improve 

prediction accuracy. 

D. Model Training and Optimization 

1. Training-Testing Split: The dataset is divided into 

802.Hyperparameter Tuning: Optimization techniques 

like Grid Search and Random Search are used to fine-tune 

model parameters. 

3.Cross-Validation: K-Fold Cross-Validation (K=5 or K=10) 

is applied to prevent overfitting and enhance model reliability. 

 

E. Model Evaluation: The trained models are assessed 

using various performance metrics: 

• Accuracy: Measures the overall correctness of predic- 

tions. 

• Precision and Recall: Evaluates the ability to correctly 

classify diseases. 

• F1-Score: Provides a balanced measure of precision and 

recall. 

• AUC-ROC Curve: Assesses the model’s effectiveness in 

distinguishing between diseased and non-diseased cases. 

F. Model Deployment: 

Once validated, the trained model is deployed as a web-based 

or mobile application to enable real-time disease prediction. 

The system can integrate with EHRs and wearable health 

monitoring devices to support early disease detection. 

V. MATERIALS AND TECHNOLOGIES USED 

A. Datasets: PIMA Diabetes Dataset, UCI Heart Disease 

Dataset, Breast Cancer Wisconsin Dataset, COVID-19 X-ray 

Image Dataset 

B. Programming Languages and Libraries: Programming Lan- 

guage: Python (used for ML model development) Key Li- 

braries: Scikit-learn, TensorFlow, Keras, OpenCV, Pandas, 

NumPy, Matplotlib, Seaborn 

C. Hardware Requirements: Processor: Intel Core i5/i7 or 

AMD Ryzen 5/7 (or higher) RAM: 8GB (minimum), 16GB 

(recommended) GPU: NVIDIA GTX 1650 or higher (for deep 

learning models) Storage: SSD (minimum 256GB) for faster 

data processing 

D. Software Tools: Google Colab / Jupyter Notebook: For 

training and testing models Flask / Django: For web appli- 

cation development Firebase / SQLite: For backend database 

storage 

A. Flowchart 

 

Fig. 1. This is a sample image. 

 

 

VI. CONCLUSION 

In this research, we explored the application of machine 

learning techniques for disease prediction and detection, em- 

phasizing their potential to enhance diagnostic accuracy, speed, 

and accessibility in healthcare. We have demonstrated that 

machine learning models, particularly classification algorithms 

such as Random Forest, Support Vector Machine (SVM), and 

Neural Networks, can effectively predict and detect various 

diseases based on a wide range of health-related data. These 

models can analyze complex datasets with high precision, 

enabling early disease detection, personalized treatment plans, 

and reducing the burden on healthcare systems. 

However, it is crucial to acknowledge that the success of 

machine learning in healthcare depends on several factors, 

such as the quality and representativeness of the data, the 

choice of algorithms, and continuous model updates to adapt to 

new medical knowledge. The integration of such models into 

clinical practice requires careful validation, ethical considera- 

tions, and collaboration between healthcare professionals and 

data scientists to ensure reliability, safety, and patient trust. 

Future research should focus on improving model inter- 

pretability, addressing data privacy concerns, and expanding 

the scope of machine learning applications to cover a broader 

range of diseases. With continued advancements in technology, 

machine learning holds great promise in transforming the 

landscape of medical diagnostics and treatment, ultimately 

leading to improved patient outcomes and more efficient 

healthcare systems. 
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VII. FUTURE SCOPE 

The future of disease prediction and detection using ma- 

chine learning holds immense potential for revolutionizing 

healthcare. As we continue to refine algorithms, expand 

datasets, and explore new approaches, the following areas 

represent key directions for future research and development: 

Integration with Personalized Medicine: Machine learning 

models have the potential to provide personalized treatment 

recommendations based on an individual’s genetic makeup, 

lifestyle, and medical history. Future research could focus 

on improving the accuracy of these models to offer highly 

tailored predictions and treatment plans, optimizing healthcare 

outcomes on an individual level. 
Real-Time Monitoring and Early Detection: With the rise 

of wearable devices and IoT technologies, real-time health 

monitoring is becoming more feasible. Machine learning can 

be integrated into these devices to enable continuous health 

tracking, providing early warnings for diseases like heart 

conditions, diabetes, or even neurological disorders, allowing 

for quicker intervention and preventive measures. 

Multimodal Data Integration: Most current disease predic- 

tion models rely on structured data, such as medical records 

or diagnostic tests. Future advancements could involve in- 

corporating multimodal data, such as medical imaging, ge- 

nomics, electronic health records, and environmental factors. 

The fusion of these diverse data sources can improve predictive 

accuracy and enable a more holistic understanding of health 

conditions. 

Explainable AI and Interpretability: While machine learning 

models, particularly deep learning, have shown promising 

results, their ”black-box” nature remains a challenge in health- 

care applications. Future research should focus on developing 

more interpretable models that can provide clear explanations 

for their predictions. This would help healthcare professionals 

make better-informed decisions and increase patient trust in 

AI-based healthcare solutions. 

Addressing Data Privacy and Security: As healthcare data 

is sensitive and personal, ensuring data privacy and security 

is paramount. Future research should focus on developing 

robust encryption techniques, federated learning, and secure 

data-sharing mechanisms to allow for safe collaboration across 

institutions while respecting patient confidentiality. 

Multidisease Prediction Models: Currently, most disease de- 

tection systems are disease-specific. However, there is growing 

interest in creating models capable of detecting multiple dis- 

eases simultaneously. By leveraging large-scale datasets, future 

systems could potentially predict and differentiate between 

a wide variety of diseases, providing a more comprehensive 

diagnostic tool. 

Collaboration Between AI and Medical Professionals: In 

the future, machine learning algorithms should not be viewed 

as replacements for medical professionals, but as tools to 

augment their decision-making. Collaborative systems that 

combine the strengths of AI with human expertise can improve 

diagnostic accuracy and treatment outcomes, making health- 

care more efficient and effective. 

Global Healthcare Accessibility: Machine learning can play 

a crucial role in providing affordable and accessible healthcare, 

particularly in resource-limited settings. By automating the 

diagnostic process, it can help reduce the dependency on 

highly skilled personnel and enable remote areas to access 

high-quality healthcare services, ensuring global equity in 

healthcare delivery. 
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