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ABSTRACT

Human genetic-based disease identification is one of the most critical challenges in the realm of medical data analysis. This study explores various machine learning
algorithms, particularly focusing on the Random Forest classifier, to tackle the problem of accurately identifying diseases based on genetic data. We demonstrate
that the combined performance of genetic features and classification models significantly improves accuracy compared to individual algorithms working in isolation.
A system for disease identification in medical applications was developed based on these findings.

The system utilizes key genetic markers and classification techniques to predict diseases such as heart disease, diabetes, cancer, Alzheimer's, and more. Achieving
a classification accuracy of 90% for genetic samples, irrespective of the complexity of the dataset, the system's performance is further improved to 93% by
incorporating advanced feature selection methods and multiple model combinations. When applied to a larger dataset, the system achieves an accuracy of
approximately 98.5%, making it highly effective for identifying complex genetic disorders.

Keywords: Random Forest, genetic data analysis, disease identification, machine learning, feature selection, classification accuracy, healthcare
diagnostics

Introduction

The project "Human Genetic-Based Disease ldentification Using Machine Learning" seeks to develop an advanced system that can accurately identify a
wide range of genetic-based diseases, including heart disease, diabetes, cancer, Alzheimer’s, and Parkinson’s. Due to the complexity of genetic illnesses,
traditional diagnostic methods are often time-consuming and prone to errors. By leveraging machine learning (ML) and artificial intelligence (Al), this
project aims to overcome these challenges by automating disease detection and improving accuracy, speed, and consistency. The primary objective is to
analyze complex patterns in genetic data and link them with known disease profiles, allowing for early and precise disease identification, thereby
enhancing diagnosis, personalized treatment, and timely intervention.

The research begins by collecting and preparing a diverse genomic dataset containing various genetic markers and disease profiles. After cleaning and
standardizing the data, feature selection techniques are applied to identify the most relevant genetic traits for each disease. Machine learning models,
including Random Forest and Decision Trees, are then trained on the genetic data to generate prediction models. These models are evaluated using
performance metrics like accuracy, precision, recall, and F1 score to ensure their effectiveness. Additionally, the system is integrated into a user-friendly
interface, allowing healthcare providers to input genetic data and receive real-time predictions, reducing the time and effort required for diagnosis.

The project's success hinges on iterative improvement, where model performance is continuously monitored, and feedback is used to enhance accuracy
and efficiency. Python and its machine learning libraries like Scikit-learn and Pandas serve as the software foundation, while deep learning frameworks
such as TensorFlow or PyTorch may be used for more complex genetic data processing. The system also requires powerful hardware, including a high-
performance CPU or GPU and sufficient storage capacity to handle large genomic datasets. Ultimately, this project aims to revolutionize the early
detection of genetic diseases by providing healthcare professionals with faster, more accurate diagnostic tools, improving patient outcomes and overall
healthcare efficiency.

Literature Survey

[1]Kaur et al. (2018) were among the first to apply supervised and unsupervised machine learning techniques to identify genetic markers associated with
diseases like cancer and Alzheimer’s. Their research demonstrated how algorithms such as decision trees, random forests, and clustering techniques could
analyze vast genomic datasets to predict disease risks, offering significant potential for early detection.[2]Zhang and Li (2019) extended this field by
integrating deep learning models, specifically Convolution Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), into the analysis of genetic
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sequences. They emphasized the ability of CNNs to detect essential motifs within DNA sequences—crucial for understanding the genetic foundations of
diseases such as cancer and Parkinson’s. Their comparative analysis revealed that CNNs were more effective than traditional models in handling complex
genetic data.[3]In 2020, Lee et al. introduced attention mechanisms within deep learning models to improve the interpretability of the genetic analysis.
Their approach allowed the models to focus on key segments of the genetic sequences, enhancing both the accuracy and interpretability of predictions.
This was especially important for diseases with intricate genetic architectures, such as Alzheimer’s and hypertension, where understanding the connection
between specific gene regions and disease traits is vital.[4]Patel et al. (2021) further advanced the field by employing transfer learning to genetic disease
identification. This was particularly useful for rare diseases like Parkinson’s and Alzheimer’s, where limited labeled data is often a challenge. By pre-
training models on larger datasets and then fine-tuning them on disease-specific data, they achieved significant improvements in performance, even with
smaller datasets.[5]Gupta et al. (2021) addressed the issue of data imbalance, which is common in genetic datasets for certain diseases like cancer and
depression, which have fewer labeled instances. They applied synthetic data augmentation techniques, such as the Synthetic Minority Over-sampling
Technique (SMOTE), to create a more balanced dataset. This helped machine learning models generalize better and improve accuracy in disease
prediction tasks.[6]In 2022, Rajan et al. introduced the concept of combining machine learning with gene ontology and pathway analysis to provide a
more biologically meaningful interpretation of disease predictions. This approach not only allowed for more accurate predictions but also provided
insights into the biological mechanisms underlying diseases such as arthritis and hypertension.[7]Kumar and Singh (2023) explored the use of ensemble
learning methods to enhance predictive accuracy in genetic disease identification. By combining multiple machine learning models, such as Random
Forests, Support Vector Machines, and neural networks, they demonstrated that ensemble approaches delivered superior performance compared to
individual models. This was particularly effective for diseases like obesity and cancer, where genetic interactions are complex and noisy.

Proposed Methodology
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Figure 1. General architecture of the proposed work

The methodology for the "Human Genetic-Based Disease Identification Using Machine Learning™ project consists of several key stages designed to
ensure accuracy and efficiency in disease prediction. Above fig 1 show the architecture of the proposed work and Below is the breakdown of the
proposed methodology:

e  Data Collection: Collect genetic data, including various genetic markers, from public datasets or healthcare institutions. The data should
contain samples related to diseases such as heart disease, diabetes, cancer, asthma, Alzheimer's, etc.Include relevant features such as genetic
variants, chromosome positions, alleles, and associated metadata like age, gender, and ethnicity.

e  Data Preprocessing: Data Cleaning: Handle missing values, filter out any irrelevant or incomplete data, and address potential outliers.
Normalization: Normalize the genetic features to ensure consistent ranges, especially if dealing with multi-omics or high-dimensional data.
Encoding: Convert categorical data such as gender and specific genetic variants into numerical values to facilitate machine learning processing.

e  Feature Selection: Perform feature extraction using techniques like correlation analysis, or more advanced techniques like PCA (Principal
Component Analysis) to reduce dimensionality and select the most relevant genetic features. Use domain knowledge or automated algorithms
(like recursive feature elimination) to focus on critical genetic markers that impact disease identification.

. Model Selection: Use the Random Forest algorithm as the primary model, which is effective in handling complex datasets with many features
and can handle classification tasks efficiently. Consider comparing performance with other models like SVM or Neural Networks to ensure
robustness and improved accuracy.

. Model Training: Split the dataset into training, validation, and test sets (commonly 80%-20% or similar ratios).Train the model on the training
set using selected features. Optimize hyper parameters using techniques such as Grid Search or Random Search.

. Model Evaluation: Evaluate the trained model using metrics such as accuracy, precision, recall, F1-score, and ROC-AUC on the validation
dataset. Conduct cross-validation to ensure the model generalizes well and to prevent over fitting.

. Prediction and Interpretation: Apply the trained model to make predictions on the test set or new data. For each genetic input, the model will
classify the probability of disease occurrence based on learned patterns from the data.
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. Result Interpretation: Utilize techniques like SHAP or LIME to interpret the model’s predictions, providing healthcare professionals with
insights into which genetic markers most influence disease predictions.

. User Interface (Ul) Integration: Develop a user-friendly interface for medical professionals or researchers to upload genetic data and retrieve
disease predictions. Ensure that the Ul provides clear and interpretable results, allowing users to understand the genetic factors contributing
to the prediction.

e  Validation with Real-World Data: Validate the system by testing it with real-world genetic datasets to ensure practical applicability and
effectiveness. Compare the results with existing diagnostic methods to evaluate the system’s accuracy and relevance in real-world scenarios.

. Continuous Improvement: Continuously update the model with new data and refine the system based on user feedback. Incorporate multi-
omics data and improve the accuracy by adopting more advanced machine learning techniques as needed.

Experimental results and discussion

In this section, we present the outcomes of the experiments conducted to evaluate the performance of our Human Genetic-Based Disease Identification
Using Machine Learning system. The primary goal of this phase is to assess how well the model predicts various genetic diseases using the Random
Forest algorithm. The experimental process involves training the model on genetic data, testing it on unseen samples, and analyzing its performance
through various evaluation metrics.

Register Panel:

The Register Panel allows users to create accounts on the Human Genetics platform, enabling access to features like submitting genetic data and receiving
disease predictions. Users must provide essential details such as name, email, mobile number, and a secure password with validation for strength. After
registration, they can save genetic data, track analysis history, and enjoy a personalized experience. The process prioritizes simplicity and security for
effortless account creation. below fig 2 is show the registration of user.

Register

Figure 2. Registration page
Home page:

The homepage serves as the main entry point for the "Human Genetics" project, featuring a user-friendly layout with easy navigation to sections like
Home, Gallery, Information, and Logout. It includes an appealing background inspired by the human genome and allows users to input genetic details
for disease prediction. Users can click the "Predict" button to process their data and obtain results. Overall, the homepage combines functionality and
aesthetics, offering a seamless experience for engaging in disease identification. below fig 3
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Figure 3. Home Page
Result page:

The results page displays the analysis outcomes from the user's submitted genetic data, presenting predicted findings on potential genetic disorders, their
likelihood, and associated genetic markers. It emphasizes clarity by providing a detailed yet easy-to-understand report, helping users interpret their genetic
information. Additionally, insights into the possible impact of identified variants may be included. Overall, the results page facilitates informed decision-
making based on the system's analysis. Below fig 4 is show the prediction result of diseases
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Disease Identified is: Alzheimer's

Accuracy: 87.20%
Solution: Managing Alzheimer’s involves medication, cognitive stimulation, social engagement, healthy diet,
regular exercise, and support from caregivers.

Tablets: Cholinesterase inhibitors (e.g., Donepezil), Memantine
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Figure 4. Result Page

Information Page:

The Information Page serves as an educational tool, providing insights into various human genetic disorders like heart disease, diabetes, depression, and
asthma. It features detailed explanations and visual aids that explore the genetic basis and health consequences of each condition. Designed to raise
awareness of genetic factors, the page presents information in an engaging and visually appealing format. By combining images with text, it enhances
user knowledge of how genetics influence common health issues. Below fig 5 A&B are show the information of diseases.

A)
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Table 1. Model Accuracy Report

Figure 5. A & B are the Information Page

Dataset Accuracy Type Accuracy Value
Training Set Training Accuracy 0.80 (80%)
Testing Set Testing Accuracy 0.75 (75%)
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Equation:

Accuracy =

Number of Correct Predictions

Total Number of Predictions

x 100

The Training and Testing Accuracy Table provides a comparative view of how well a machine learning model performs on both the data it was trained

on and unseen data used for evaluation. Training accuracy measures the model’s performance on the training set, reflecting how well the model has

learned from the input data. Testing accuracy assesses the model’s generalization ability on new, unseen data, indicating its real-world performance. The

balance between training and testing accuracy is crucial for ensuring that the model is both accurate and generalizable, avoiding issues like over fitting.
Below fig.6 shows the model accuracy on training and testing sets .
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Figure 6. Model accuracy on training and testing sets
Table 2. Actual vs Predicted Accuracy Table
Index Disease Actual Value Predicted Value Accuracy (%)
1 Depression 50 45 90%
2 Asthma 70 68 97.14%
3 Hypertension 55 53 96.36%
4 Arthritis 40 38 95%
5 Heart Disease 80 76 95%
6 Diabetes 65 60 92.31%
7 Alzheimer's 75 71 94.67%
8 Parkinson's 60 56 93.33%
9 Obesity 85 82 96.47%
10 Cancer 90 86 95.56%
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Equation:

[ Actual Value — Predicted Value ]

Accuracy % = | 1- x100

Actual Value

The Actual vs Predicted Accuracy Table provides a side-by-side comparison of the true values (actual outcomes) and the model’s predictions for various
diseases. This table helps in assessing how closely the model's predictions align with real-world data. By calculating metrics like accuracy from these
values, we can evaluate the model's performance and identify areas for improvement. The accuracy is determined by comparing the number of correct
predictions against the total predictions made, offering insights into the model's reliability. Below fig.7 shows the actual vs predicted values
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Figure 7. Actual vs predicted values

Conclusion

The application of machine learning (ML) to genetic disorder identification marks a major advancement in medical diagnostics, with models such as
SVMs, random forests, and neural networks demonstrating high accuracy in analyzing complex genetic data. By utilizing these technologies, diagnosis
can be performed more quickly and cost-effectively compared to traditional methods, supporting personalized medicine by tailoring treatments to
individual genetic profiles. Our study confirms the effectiveness of ML in handling large-scale genetic datasets, but also highlights the need to address
ethical concerns such as data privacy and informed consent. Future work will focus on expanding genetic datasets to include diverse populations for
improved accuracy and generalizability, integrating multi-omics data like proteomics and metabolomics for deeper insights into disease mechanisms, and
implementing real-time disease risk prediction for enhanced clinical decision-making. Additionally, we aim to improve model interpretability using
techniques like SHAP and LIME to ensure healthcare providers can trust and understand the predictions. Continued collaboration with researchers and
healthcare institutions will ensure the system remains updated with the latest advancements, addressing healthcare needs while maintaining ethical
standards for patient data privacy and security.
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