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Abstract - The Multiple Disease Detection Software aims to
address crucial healthcare accessibility challenges and
enhance the early diagnosis of chronic diseases that remain
leading causes of death worldwide. Overburdened healthcare
systems, population growth, and the COVID-19 pandemic have
worsened delays in diagnosis and treatment, intensifying the
need for a solution such as this innovative software. The
system utilizes Bio-Inspired Algorithms, Machine Learning
(ML), and Deep Learning (DL) to deliver accurate and
dependable predictions regarding the probability of specific
chronic illnesses, leveraging user-provided health data. The
Django framework ensures scalability and user-friendliness
while optimizing techniques to enhance precision and efficacy
positively.The program relieves the pressure from the
healthcare infrastructure by allowing self-assessment of
health by people and promotes early intervention, hence
ensuring that such basic medical care is accessible to everyone,
including those in remote areas.The ultimate goal of the
platform is to lower mortality rates, foster universal
healthcare accessibility, and contribute to better public health
outcomes.
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1. INTRODUCTION

Alzheimer's disease is a degenerative brain disorder and
theleading cause of dementia, characterized by memory loss,
cognitive decline, and behavioral changes. It progresses over
time, leading to brain cell death, with no cure currently
available. Similarly, breast cancer, originating in the glandular
tissue, can progress from localized to invasive forms, but
early diagnosis and combined treatments significantly
improve outcomes.

The Diabetes mellitus, a metabolic disorder, leads to elevated
blood glucose levels due to various factors, ranging from
chronic diseases such as type 1 and type 2 diabetes to
reversible ones such as prediabetes and gestational diabetes.
Coronary artery disease occurs due to the buildup of plaque
in the arteries, leading to reduced blood flow and potentially
resulting in heart attacks or strokes, is caused differently in
males and females and manifests differently as well. Lung
cancer, primarily associated with smoking, remains the major
cause of deaths from cancer but quitting smoking helps
reduce these risks.

Parkinson's disease affects brain function, causing tremors,
stiffness, and coordination issues, with symptoms worsening
over time. Risk factors include age and genetic
predispositions.

The Multiple Disease Detection Software enables users to
input their health data and receive predictions for chronic
diseases, addressing challenges related to healthcare
accessibility and diagnostic delays. Developed with Machine
Learning, Deep Learning, and Bio-Inspired Algorithms, it is
integrated with Django to offer an Al-driven platform for
early detection and improved healthcare outcomes. Deep
Learning is an Al subset which has been playing a very
important role in disease diagnosis by processing and
analyzing medical data to find patterns, contributing to the
advancement of medical science.

2. LITERATURE SURVEY

[1] Diagnosis of Parkinson’s Disease Using Artificial Neural
Network.Authors: Anila M and Dr. G Pradeepini, IEEE

This paper primarily focuses on analyzing voice patterns to
aid in the diagnosis of Parkinson's disease. Five machine
learning models, including as ANN, Random Forest, KNN,
SVM, and XGBoost, are compared for the selection of the best
model with the most error rate and performance metrics.
The primary limitation of the study lies in the use of an ANN
with only two hidden layers, which is appropriate for small
datasets but inadequate for handling high data complexity.
Additionally, the reliance on a single feature selection
method restricted the effectiveness of dimensionality
reduction.

[2] Machine Learning-Based Approaches for Prediction of
Alzheimer’s Disease. Author: Arvind Kumar
Tiwari,Publication: IEEE

This paper uses minimum redundancy maximum relevance
feature selection algorithms to identify key features that can
predict the onset of Alzheimer's disease. The study had
found that for 20 features selected, it obtained an accuracy of
90.3%, precision of 90.2%, Matthews correlation coefficient
of 0.73, and the ROC value obtained was 0.96, which is
significantly higher than bagging, boosting, rotation forest,
and SVM-based machine learning models.
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[3 ADeep Learning Method for Predicting the Progression of
Lung Cancer. Authors: Afzal Hussain Shahid and
Maheshwari Prasad Singh, Publication: IEEE

This research proposed a deep neural network (DNN) model
to predict lung cancer disease progression using a reduced
input feature space. PCA was integrated to enhance the DNN
model's efficiency. The model was tested on real-world
datasets from UCI, with a focus on improving performance
by incorporating additional data points.

[4] Prediction of Heart Disease Using Machine Learning
Authors: Aditi Gavhane, Gouthami Kokkula, Isha Panday,
and Prof. Kailash Devadkar. Publication: Applied Artificial
Intelligence

The authors developed a multi-layer perceptron model to
predict heart diseases using CAD technology. The system's
widespread use could increase disease awareness and
potentially reduce the heart disease mortality rate.

[5] Application of Machine Learning in Disease Prediction
Authors: Pahulpreet Singh Kohli and Shriya Arora, IEEE

Various Machine Learning Algorithms: This paper explores
multiple machine learning algorithms for disease prediction.
Logistic regression has an accuracy of 87.1% for heart
diseases, support vector machines reached to 85.71% in
diabetes prediction, and AdaBoost classifier achieved an
excellent accuracy of 98.57% in predicting breast cancer.
Hence the above algorithms come out to be effective for
health care predictive analytics.

3. EXISTING SYSTEM

The current methods used for chronic disease detection are
mostly based on the traditional medical approaches, such as
consultations, tests, and scans. While these approaches are
accurate, they are time-consuming and expensive, thereby
inaccessible in rural areas. Moreover, each of the diseases
demands different diagnostic instruments, which can be
fragmented approaches and delay in detection. Further,
over-burdened health systems especially during pandemics
worsen this situation, making many patients report late and
ending up with undesirable outcomes.

Advantages:

1. Proven Reliability: Traditional methods provide accurate
and trusted diagnostic results for individual diseases.

2.Advanced Technology: Techniques like imaging and blood
tests enable precise disease detection.

3. Specialized Expertise: Direct involvement of healthcare
professionals ensures personalized diagnosis and care.

Disadvantages:

e Time and Cost Intensive: Diagnosis processes are
lengthy and often prohibitively expensive.

e Limited Accessibility: Healthcare facilities are
challenging to access in remote or resource-limited
regions.

e Fragmented Approach: Existing methods focus on
individual diseases rather than offering multi-disease
detection.

e Delayed Diagnosis: Dependence on periodic check-ups
leads to late detection of chronic diseases.

e Strain on Healthcare Systems: High demand, especially
during pandemics, overburdens infrastructure, causing
inefficiencies.

4. PROBLEM STATEMENT

A proposal has been presented for the healthcare industry
regarding Multiple Disease Detection Software, where it
predicts six chronic diseases-Alzheimer's Dementia, Heart
Disease, Breast Cancer, Diabetes, Parkinson's Disease, and
Lung Cancer. The software relies on a couple of algorithms in
predicting these diseases, making them easier to be
compared on which is more precise and effective for the
diagnosis of multiple diseases. Users can feed in their health
data in the platform and receive predictions about risks
toward such diseases. The system is based on Machine
Learning, Deep Learning, and Bio-Inspired Algorithms to
increase the chances of better predictions and early
detection of diseases. This integrated approach not only aids
in identifying potential health risks but also attempts to find
solutions for issues such as delayed diagnosis and restricted
access to healthcare. This software gives users an
opportunity of assessing their health and prevention
measures before these diseases occur through early
detection accessible platforms.

5. PROPOSED SYSTEM

The Multiple Disease Detection Software is a health
prediction system that predicts several chronic diseases,
including Alzheimer's disease, dementia, breast cancer, heart
disease, diabetes, Parkinson's disease, and lung cancer. The
system provides an easy-to-use platform for users to input
their health data and receive predictions regarding their
likelihood of developing any of these diseases. It combines
various machine learning and deep learning algorithms to
improve prediction accuracy, ensuring dependable early
detection.
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Figure 5: Sequence Diagram

For Alzheimer’s Dementia, the system uses a 2D CNN model
to predict the severity of the condition based on MRI scans.
The system is built with an intuitive user interface that
allows users to upload 2D MRI images for analysis.

In the case of Breast Cancer prediction, the system uses
ensemble learning algorithms like RandomForest Classifier
and ExtraTreesRegressor with Genetic Algorithms and PCA
for enhancing the accuracy and performance of predictions.
It is a multi-disease prediction tool designed to aid in early
diagnosis and prevention through software.

An ensemble learning approach improved with Ant Colony
Optimization (ACO) for heart disease. It utilizes five
ensemble algorithms: Adaboost, Bagging, Random Forest,
Gradient Boosting, and Extra Trees. Additionally, ACO, an
optimization technique inspired by foraging ants, was
applied to optimize each classifier for optimal prediction
accuracy. The Ant Colony Optimization assigns pheromone
values to the routes that ants travel, thus directing the
search toward better solutions through many iterations. At
prediction of heart disease using a dataset, along with a
highly accurate and optimized model.

The system for predicting Parkinson's Disease and Lung
Cancer employs advanced machine learning algorithms to
predict the conditions with good accuracy based on distinct
data inputs. In the case of Parkinson's Disease prediction, the
system is based on voice analysis, a common method used in
detecting speech disorders, which affect about 90% of
patients with Parkinson's. Features are extracted from voice
recordings including pitch, jitter, shimmer, and Mel-
frequency cepstral coefficients (MFCCs). The optimization of
these features is done using the ACO technique, which will
identify the most pertinent features in classification. Using
the optimized feature set, Support Vector Machine will
classify the subjects as either healthy or affected by
Parkinson's Disease. The SVM algorithm works by
maximizing the margin of separation between two
classifications of the data points along the best-suited
hyperplane.

The system predicts lung cancer based on various medical
data, including the age of the patient, gender, smoking
history, and results from a CT scan. Data preprocessing is
applied to handle missing values and scale features to
prepare the data for training the model. Classification is done
using the XGBoost algorithm, taking the benefits of gradient
boosting to boost the accuracy of predictions. XGBoost builds
a series of decision trees, where each new tree is designed to
correct the errors of the previous one. Key hyperparameters,
including the learning rate (eta), tree depth (max_depth),
and sample proportions (subsample and colsample_bytree),
are fine-tuned to improve overall performance. Upon
completion of the training process, the XGBoost model
estimates the probability of lung cancer occurring, based on
the data provided by the patient.

5.1 Alzheimer’s Disease Prediction

For Alzheimer's Disease prediction, data cleaning involves
imputing missing cognitive test scores and genetic data,
while outliers in MRI data are handled using IQR. Feature
selection is done through correlation analysis and mutual
information to retain relevant features. Feature encoding
applies label encoding for binary categories and one-hot
encoding for other categorical data. Feature scaling
standardizes continuous features like cognitive scores and
age. To address imbalanced data, techniques like SMOTE are
used. Finally, dimensionality reduction with PCA or t-SNE
helps reduce feature size while retaining key information.
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Figure 5.1: Alzheimer’s Disease Prediction
5.2 Breast Cancer Prediction

Ensemble Learning algorithms that were initially applied
include ExtraTreesRegressor and RandomForestClassifier,
followed by hyperparameter tuning that has applied
GridSearchCV. Further tuning of the model has been done on
Sequential Model from Keras TensorFlow along with PCA for
reducing the dimensionality. Eventually, the accuracy has
been obtained to be 96.5% using MLPClassifier along with a
GA for 50 generations. The GA is the optimization technique
inspired by principles in Genetics and Natural Selection. A
population of candidate solutions undergoes recombination
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and mutation over generations. Each candidate is assigned a
fitness value, so fitter solutions are favored in reproduction,
mirroring Darwin's "Survival of the Fittest" theory. This
generates an iterative approach to ensure that the
generation..
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Figure 5.2:Breast Cancer Prediction
5.3 Diabetes Prediction

For diabetes prediction, data cleaning involves imputing
missing values for glucose and insulin using mean/median
or KNN, and detecting and handling outliers. Feature
selection is performed using a correlation matrix and Chi-
square test. Feature encoding includes label encoding for
binary categories and one-hot encoding for multi-class
categories. Feature scaling standardizes or normalizes
continuous features like glucose and BMI. To address
imbalanced data, techniques like SMOTE or random under
sampling are used. Dimensionality reduction is applied with
PCA if needed to reduce feature size.
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Figure 5.3:Diabetes prediction

5.4 Heart Disease Prediction

Missing values are handled in data cleaning for heart disease
prediction through mean/median imputation or KNN.
Outliers are detected through IQR or Z-score. Features are
selected with a correlation matrix and Chi-square test.
Encoding is used for features through label encoding if the
feature is binary and one-hot encoding for categorical
variables. Feature scaling standardizes or normalizes
continuous features like age and cholesterol. Techniques like
oversampling and undersampling, including SMOTE, will be
employed to address imbalanced data. PCA is applied finally
to reduce features.
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Figure 5.4: Heart disease prediction
5.5 Parkinson's Disease Prediction

For the prediction of Parkinson's Disease, voice data cleaning
includes noise reduction by spectral subtraction or Wiener
filtering and silence removal by energy-based thresholding.
Feature extraction is done using Mel-frequency Cepstral
Coefficients (MFCCs), jitter, shimmer, and Harmonics-to-
Noise Ratio (HNR). Normalization is done with Min-Max
scaling or Z-score standardization to standardize features.
PCA-based dimensionality reduction helps minimize the
feature space. and prevent overfitting. Missing values were
imputed using either the mean or KNN method. imputation
and label encoding of targets with a healthy label of 0 and PD
as
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Figure 5.5: Parkinson's Disease Prediction
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5.6 Lung Cancer Prediction

Data preprocessing includes handling missing values by
mean/median imputation or KNN and outlier detection by Z-
score or IQR. Feature selection is done by using correlation
matrices and Chi-square tests to select important features.
Feature encoding uses one-hot or label encoding for
categorical variables. Feature scaling uses Min-Max scaling
or standardization. In case of imbalanced data, SMOTE or
undersampling is used. Lastly, PCA or LDA reduces
irrelevant features by dimensionality reduction.
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Figure 5.6: Lung Cancer Prediction
5.7 Feature Extraction

Key features of multiple diseases are extracted and
optimized to enhance prediction accuracy . Alzheimer's uses
metrics like hippocampal volume, Breast Cancer relies on
mean radius, Heart Disease focuses on cholesterol and blood
pressure, all refined with ACO. Features of Diabetes are
glucose and BMI, Parkinson's uses acoustic features like
MFCCs, and Lung Cancer uses imaging metrics combined
with clinical data, using PCA and Gradient Boosting for
efficient classification.

5.8 Classification Techniques

Classification methods adopted for the Multiple Disease
Detection Software use the software utilizes machine
learning, deep learning, and bio-inspired algorithms.. The
selected techniques vary as per disease types. For example,
Alzheimer uses 2D CNN for classifying images; Breast Cancer
follows ensemble methods Random Forest and Extra Trees.
Heart Diseases predictions rely upon optimized ensemble
technique, namely, Gradient Boosting and Adaboost
improved through ACO. For Parkinson's, SVM classifies the
patients with the help of acoustic features. In Lung Cancer
prediction, the high accuracy value is obtained with XGBoost.
Diabetes is detected with the traditional classifiers: Logistic
Regression and Gradient Boosting.

6. ALGORITHMS

1. 2D Convolutional Neural Network (CNN): Used
for Alzheimer’s Dementia prediction by analyzing
MRI scans to classify the severity of the condition.

2. ACO, combined with Ensemble Methods like
Adaboost, Bagging, Random Forest, Gradient
Boosting, and Extra Trees, is applied to Heart

Disease Prediction to optimize classifier
performance using behavior-inspired search
techniques.

3. Logistic Regression and Decision Tree

Classifiers: Used for Diabetes prediction to classify
risk levels based on patient data.

4. Support Vector Machine (SVM) optimized with
Ant Colony Optimization (ACO): Used for
Parkinson’s Disease prediction by analyzing voice
features and selecting the most relevant ones.

5. XGBoost (Extreme Gradient Boosting): Used for
Lung Cancer prediction to improve classification
accuracy through iterative tree-based learning.

Data Augmentation Techniques

Data augmentation techniques improve performance by
enriching the variability of the data and, in turn, help with
overfitting on class-imbalance. For instance, Alzheimer's
Dementia MRI images are rotated, flipped, and zoomed.
Dataset balancing is applied to conditions such as Diabetes
and Heart Disease through SMOTE. Noise injection makes
Parkinson's Disease prediction robust as they simulate the
actual voice collected in the real world, Geometric
transformations, such as cropping and scaling, are used to
enhance histopathological images for improved Breast
Cancer detection.
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7. RESULTS
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Figure 7.1 Result on desktop application

Multi-Disease Prediction System has a user-friendly
interface, which is divided into two major sections: Data
Input & Prediction and Result Display. In the Data Input &
Prediction section, patients can upload or input their medical
records or imaging files. The system then preprocesses the
data, extracts relevant features, and applies machine
learning models to evaluate the risk of Alzheimer's, heart
disease, and cancer. This section contains the predictions
and their corresponding confidence scores. There are charts
or medical images in addition to these. Results can be
downloaded for further analysis or reporting.

8. CONCLUSION

“Respiratory Sound Classification Using Machine Learning”
demonstrates the power of machine learning algorithms,
particularly Convolutional Neural Networks (CNNs), in
classifying respiratory sounds such as wheezes, crackles, and
normal sounds. The system leverages advanced feature
extraction techniques, including Mel Frequency Cepstral
Coefficients (MFCCs), to transform raw audio data into
usable features for classification. By utilizing a CNN model,
the project successfully classifies audio files into respective
categories with high accuracy, providing a reliable tool for
the early detection of respiratory conditions.

These techniques hold significant potential in the medical
field, particularly for the remote monitoring of patients with
chronic respiratory diseases, such as asthma and COPD.
Automatic classification capabilities allow for a much shorter
diagnosis time, thus providing the medical team with more
timely responses to critical cases. It also supplies a non-
invasive and cost-effective method for assessing respiratory
health. The modularity of the project facilitates easy
adaptation to diverse healthcare environments, thereby
rendering it both scalable and flexible for future applications.

Overall, the project not only contributes to the healthcare
sector by improving diagnostic efficiency but also serves as a
foundation for further exploration in the domain of medical
sound classification using machine learning.

9. FUTURE ENHANCEMENT

Future enhancements for the Multiple Disease Detection
Software could include integrating advanced deep learning
models like 3D CNNs and Transformers for better medical
image analysis. Combining multi-modal data, such as genetic
and lifestyle information, would improve prediction
accuracy. Expanding the system to real-time, cloud-based
platforms would enable faster, scalable predictions.
Incorporating explainable Al (XAI) would enhance model
transparency, fostering trust among clinicians and patients.
Additionally, expanding datasets to include diverse
populations and rare diseases, along with continuous
learning capabilities, would keep the system up-to-date.
Lastly, improving user interfaces and telemedicine
integration could enhance accessibility and adoption in
clinical settings.
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