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Abstract: The integration of machine learning (ML) in healthcare has opened new possibilities for improving diagnostic
accuracy and accessibility, particularly in resource-constrained environments. This study presents a robust framework for
symptom-based disease prediction using machine learning techniques, with a focus on the Random Forest Classifier (RFC) and
Multi-Layer Perceptron (MLP) models. The proposed approach highlights the importance of data preprocessing, feature
engineering, and model evaluation while addressing key challenges such as missing data, overlapping symptoms, and ethical
considerations. The system utilizes datasets sourced from Kaggle to train and validate the models. Experimental results indicate
that the Random Forest Classifier outperforms the MLP model, achieving an accuracy of 99%. In addition, an interactive web
application has been developed using Streamlit, allowing users to perform disease prediction, update datasets, and retrain models
dynamically. This solution offers a scalable and reliable tool for early disease detection, especially in underserved regions,
helping to reduce diagnostic errors and improve access to healthcare services.
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l. INTRODUCTION
Today, healthcare faces the big challenge of diagnosing diseases fast.Because the human body is complex and diseases have many
different symptoms, it is hard for doctors to find what is wrong with a patient. This is exacerbated by the large humber of patients
that require medical attention; it increased the waiting time for a doctor appointment and examination. Longer waiting will delay
appropriate treatment and impact the patient's health.This problem affects people everywhere-whether they live in cities or small
towns,or remote areas where there isn't much healthcare.
People most vulnerable, such as the elderly, children, and those with poor access to health care, bear the greatest burdens of
undiagnosed or misdiagnosed diseases. Machine learning provides a promising solution to this issue.lt produces predictive models
by using data to assist doctors in diagnosing diseases more effectively and with greater speed. These models are able to discover
trends and links within huge symptom-disease sets that could remain obscure to human beings.
This enables the prediction of the disease based on symptoms; therefore, it makes the diagnosis faster and more accurate.This
approach can be helpful in many aspects. It could facilitate timely diagnosis and treatment of patients, which may result in improved
health and potential financial savings on medical care. Machine learning tools may be instrumental for doctors, nurses, and other
healthcare professionals in making better decisions and informed medical choices.
Correspondingly, healthcare systems can also benefit from more efficient and effective diagnostic tools to reduce pressure and
improve the quality of care. The project is very important to the medical fraternity since it's about modernizing healthcare to make it
better. The development and implementation of machine learning for disease prediction will revolutionize the way diseases are
diagnosed around the world. These models are more efficient, more accurate, and more accessible. They are the foundational
building blocks for progress in personalized medicine, with treatments to be provided on an individual level as guided by
predictions from the analysis of data. Integrating these models into standard medical practice is a major step toward better health
outcomes globally.

1. RELATED WORK

The primary objective of "Disease Prediction using Machine Learning" is to demonstrate how machine learning is possible to
predict diseases by their symptoms. It discusses the significance of proper disease prediction in healthcare and addresses the
application of Naive Bayes Classifier and other algorithms such as linear regression and decision tree in diseases such as Diabetes,
Malaria, Jaundice, Dengue and Tuberculosis.

This paper discusses the use of machine learning in predicting heart disease in diabetic patients, an area that is not sufficiently
covered with data to make accurate predictions. It summarizes the data mining in health care and the way it can be used to identify
those patterns and relationships that are impossible to see in large medical data. It uses various machine learning methods such as
Naive Bayes, SVM and Decision Tree to predict disease.
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The article titled Diabetes Disease Prediction Based on Symptoms Using Machine Learning Algorithms in the annals of R.S.C.B.
addressed the topic of predicting diabetes with the help of machine learning based on the symptoms. The problem of diabetes is on
the rise, and thus early detection is a significant aspect when dealing with diabetes.

The study applied an ensemble technique, which involves using various machine learning models such as Naive Bayes Classifier,
SVM Classifier, J48 and Multilayer Perceptron to enhance the accuracy of predictions.

Diseases are classified using three machine learning algorithms that include Decision Tree, Random Forest, and LightGBM. The
performance of such algorithms can be enhanced with the help of data preprocessing techniques.

Decision Tree model applies thelD3 method of classification and LightGBM applies boosted foreststo.accelerate and increase
precision. The study will be focused on identifying the relevant risk factors, differentiating the various methods of classification, and
understanding the impact of altered risk factors in the prediction of disease using machine learning, which in this case is Naive
Bayes Classifier that makes predictions given the input symptoms. It pools both structured and unstructured data of hospitals to
enhance the analysis of different diseases.

The suggested system passes through training and testing processes to enhance the ability to predict the diseases without physical
consultation. It does also operate both kinds of data to provide a holistic approach.

Review of medical disease symptoms prediction using data mining technique" is a review article on the application of data mining
to predict severe diseases in medicine. It is concerned with the selection of the most appropriate classifiers and ensemble techniques.
It talks about several methods of improving data mining, such as fuzzy logic, feature.machine learning, optimization, and machine
learning. The proposed model will pick several clusters to operate upon as an ensemble, compute the average performance of each
classifier on the clusters and classify data using the individual classifier with the best average performance.

The article "Computer-based Disease Prediction and Medicine Recommendation using Machine Learning Approach” proposes a
tech to predict disease and recommend medicines through machine learning. It also highlights some of the difficulties of the
conventional drug discovery methods and demonstrates the way artificial intelligence and, in particular, machine learning would be
useful in accelerating the creation of medicine.

1. METHODOLOGY
A. Dataset
The data consists of symptoms of various illnesses, and each symptom is a binary characteristic. There are a total of 132 features.
The sample size of the training dataset is 4920, and the test dataset is 42 samples. ltching, joint pain and skin rash are the top three
most prevalent symptoms of the training data.
The mean frequency of various symptoms used in the training data is between the range of 0.02 and 0.16 and the standard deviation
is used to indicate the level to which a symptom occurrence can differ. The same tendency is observed in the test data. The large size
of the symptom list of diseases, which is explained by a variety of diseases, aids us in the construction of a machine learning model
that would assist us in the prediction of diseases, given a variation in symptom pattern. The many features we have implies that we
must be keen when making choices in the selection of the best features and streamlining the model so as to come up with a
successful and efficient disease prediction system.

B. EDA

AIDS, Acnes, alcoholic hepatitis, allergy, arthritis, bronchial asthma, cervical spondylosis, chickenpox, chronic cholestasis, common
cold, dengue, diabetes, dimorphic haemorrhoids, drug reaction, fungi infection, GERD, gastroenteritis, myocardial infarction,
hepatitis A,B,C,D,E, hypertension, hyperthyroidism, hypoglycaemia, hyperthyroidism, impetigo, jaund

C. Modeling

1) KNN

The project Disease Prediction By Symptoms consists of the K-Nearest Neighbors classifier having Manhattan distance and
distance-based weighting.The input data used to train the model in predicting diseases are the symptoms. Under normal
circumstances, on making a prediction, the KNN model examines the K nearest set of neighbors and forecasts the commonest one in
the group. This is indicated by very high train and test accuracy scores of 1.0, indicating that the model fits into training and test
data perfectly. This may imply that overfitting may be a problem. The accuracy and the recall are both optimal with the model being
good at getting the true positives and capturing all the positives.
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Nevertheless, such high scores should be approached with a lot of care due to the chances of overfitting. Some further checks may
be required like cross checks or other algorithms to make sure that the model is working in different cases.

2) Gaussian NB

This work predicts diseases by a Gaussian Naive Bayes classifier, which is trained with a set of symptoms.In this instance, the Naive
Bayes is used under the assumption that features become independent when the classification is available, so it is effective when the
high is great.dimensional data, such as symptoms. The model has done incredibly well with training and test data with a perfect
accuracy, precision, and recall as well as F1-score of 1.0. High scores are an indication that the model has learnt the correlations
among the symptoms and diseases. Nevertheless, the model may be strengthened and made more applicable through additional
validation using alternative datasets and other algorithms. All in all, the Gaussian Naive Bayes model has tremendous potential of
disease prediction using symptoms, indicating machine learning potential in health application.

3) SVM

The Support Vector Machine model was applied in this project to predict diseases using symptoms.SVM is a supervised learning
model that assists in identifying the optimal hyperplane to use in segregating different classes. Here, the SVM model attained
excellent results: 100 percent accuracy, precision, recall, and F1-score on the training and test data. It was an event that there were
no misclassifications in all the instances. It is revealed by the high performance that the model was able to capture and generalize
the underlying patterns in the data to the new and unknown examples. These strong results implicate that the SVM model can be
highly applicable in the prediction of diseases and enables the effective disease evaluation on the basis of the symptoms. This may
be a useful input to health decision making and patient management.

4) Decision Tree

The Decision Tree model is effective in prediction of diseases basing on symptoms. It splits the data into various segments and splits
it according to the most practical features. This will continue until all the data points are classified under a particular category. The
model achieves 100% accuracy, precision, recall and F1-score during training and testing, that is, it is neither overfitting nor
underfitting. Such great outcomes demonstrate that the model has learnt the relationships between symptoms and diseases quite
well. This renders it a reliable prediction tool of diseases. Nevertheless, in the context of implementing it in the actual healthcare
setting, we must check data biases and ensure that it is effective in other groups. Making the model more updated with additional
data will further increase its performance.

5) Random Forest

Random Forest model is superior to the others in most areas of performance.lt demonstrates ideal accuracy, precision, recall, and
F1-score on training and testing data that demonstrates it is robust and can be applicable to new data. Random Forest involves using
several decision trees and combining their result in order to arrive at a prediction. It builds trees with random data samples, and also
randomly selects features, and that is why it minimises errors with each individual tree. This renders the entire model more precise.
The model, in this case, has learnt to relate symptoms with diseases in a very effective way. These are ideal scores that imply that it
can be very reliable when distinguishing various diseases, depending on symptoms within a medical facility.

6) XG Boost

XGBoost model offers quite good results considering every measure of evaluation.Similar to the Random Forest, it has scored 100
on accuracy, precision, recall, and F1-score on both training and testing data, and it is very strong and able to use knowledge in new
data. XGBoost is a gradient boosting algorithm, which is known to be both efficient and effective where structured data is involved.
It constructs the decision trees sequentially where each tree corrects the errors of the preceding trees. XGBoost has methods of
gradient descent to minimize the errors and enhance predictions. The model in this case has acquired knowledge of the intricate
association that exists between diseases and symptoms. These ideal scores impose that the model can be trusted to differentiate
various diseases in terms of symptoms and therefore it can be confidently used in medical diagnostics. Its advantages involve
processing large and complex data and it is not overfitted easily, hence it can be highly applicable in various predictive activities,
particularly in healthcare.
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V. RESULTS AND DISCUSSION
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Evaluation Metrics for KNN

The evaluation metrics for KNN are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0
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Evaluation Metrics for GaussianNB

The evaluation metrics for GaussianNB are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0

Evaluation Metrics for SVM

The metrics used for evaluating SVM are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0

Decision Tree Evaluation Metrics

The evaluation metrics for Decision Tree are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0

Evaluation Metrics for Random Forest

The evaluation metrics for Random Forest are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0

Evaluation Metrics for XGBoost

The evaluation metrics for XGBoost are:
Accuracy: 1.0

Precision: 1.0

Recall: 1.0

Flscore: 1.0

In summary, the Symptom based Disease Prediction Projectis a good advance towards utilising machine learning in medicine. We
have demonstrated that machine learning can be used to diagnose diseases accurately based on the symptoms, with such models as
K-Nearest Neighbours, Gaussian Naive Bayes, Support Vector Machine, Decision Tree, Random Forest, and XGBoost. The
majority of these models worked very well with a score of 1.0 in all the measures, which represents that they are very effective in
identifying the underlying connections between symptoms and diseases.

Such models could be applied to an ordinary web app, which allows individuals to test their symptoms and receive health
recommendations his facilitates its awareness among people they take action at an early stage and ensure their health, which may
positively impact health and decrease the burden on healthcare systems. Nevertheless, one should not disregard certain things.
Although these models are effective on data that we had, they should be applied and tested on more various kinds of data and on the
real world scenarios so as to be certain that they are effective at all times. Moreover, the models are supposed to be maintained in
terms of the changes in healthcare and the arrival of new information.

Symptom-based disease prediction can transform the healthcare working process.

It can enable individuals to discover more rapidly and properly about their health, resulting in improved health outcomes and
improved healthcare systems. Machine learning is transforming the healthcare sector and this project demonstrates that it can create
a tangible difference in the health outcomes across the globe.
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