© 2024 IJNRD | Volume 9, Issue 12 December 2024 | ISSN: 2456-4184 | IJNRD.ORG

IJNRD.ORG ISSN : 2456-4184

. INTERNATIONAL JOURNAL OF NOVEL RESEARCH
' o o AND DEVELOPMENT (IJNRD) | IUNRD.ORG
NRD An International Open Access, Peer-reviewed, Refereed Journal

A STUDY OF GIVEN LIFE : DISEASE PREDICTION

Abhisek Shah!, Manash Kumar Singh?, Jitendra Kumar?, Dipak Kumar Sharma*, Nesar Ehtesham Akhtar®

Assistant Professor, Durgapur Institute of Advanced Technology & Management, Durgapur, West Bengal, India
2Student, Durgapur Institute of Advanced Technology & Management, Durgapur, West Bengal, India
3 Student, Durgapur Institute of Advanced Technology & Management, Durgapur, West Bengal, India
4 Student, Durgapur Institute of Advanced Technology & Management, Durgapur, West Bengal, India
5 Student, Durgapur Institute of Advanced Technology & Management, Durgapur, West Bengal, India

Abstract : The increasing prevalence of chronic diseases has triggered the demand for timely and reliable prediction models. The present
study aims to invent and build an Al-based disease prediction system that relies on machine learning and deep learning algorithms to identify
risk factors in medical records and patient’s indicating symptoms. The proposed model uses Logistic Regression, Decision Trees and Neural
Networks algorithms which are trained with large medical datasets. Feature selection, data preprocessing transformation and hyperparameter
tuning further improved system predictions. The results show considerable accuracy when predicting disease-related events that would be
useful in early evaluation and intervention medicine practice. The paper then moves on to discuss the wider context in which Al technologies
will be operating in the future, including what this means for the primary care industry and the possible impact on precision medicine and the
strain on health systems.
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1. INTRODUCTION
1. Background

Artificial Intelligence and Machine Learning have arguably transformed numerous fields in the recent past including the medical
industry. One of the most exciting opportunities for the application of Al in health care is the ability to predict diseases. This involves
using multitude of health records to estimate the risk of developing certain conditions including diabetes, heart disease, and cancer.
Effective prediction of diseases will aid to earlier diagnosis, targeted therapies, improved health as well as decreasing the pressure on
health care institutions.

2. Problem Description

Societal growth has led to an increase in the prevalence of chronic diseases such as diabetes, heart disease and cancer, which do not
only pose a significant threat to the population but more importantly, put a huge strain on the global healthcare system. The
conventional wisdom holds that the sooner a disease is detected the better the chances of a successful intervention. Thankfully, this
is an important area which our project especially looks at the machine learning (ML) techniques for Early Diagnosis to do so, however,
the analysis of the common recognition patterns of ML algorithms makes it possible to identify certain indicators which may signal a
risk of deterioration in a patient’s health. Another issue that is being addressed in this study is the construction of predictive models
which improve the accuracy of disease detection, which entails making progress towards the clinical decision-making quality and
tailoring treatment to individual patients.

3. Project Objective

* Create a model to identify diseases with the aid of Al that makes use of machine learning and deep learning methods.

* Help increase illness diagnosis at an early stage by looking into a person’s medical history and characteristics especially in
diabetes, heart attack or cancer.

» Adopt predictive models based on previous medical history which are accurate in making predictions.
* Use effective Artificial Intelligence tools such as Python frameworks(TensorFlow/Porch) to make or classify diseases.

* Help health care workers to make the right choice or decision based on their intelligent computation of data.
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* Research concerning the use of Al in the medical sector through assessing the model’s accuracy, test repetition, and applicability
on patients.

* Assist individualized therapies through the utilization of Al, in assessing the likelihood of a specific disease occurring in each
person based on the individual’s medication.

2. BACKGROUND THEORY

Hyperspectral imaging (HSI) is an advanced technology widely used in agriculture for monitoring plant health and environmental conditions.
Unlike traditional imaging methods, which capture data from a few broad spectral bands, HSI collects information across hundreds of narrow,
contiguous spectral bands, ranging from the visible to the infrared regions. This extensive range of data allows for a more precise analysis of
the physical and biochemical properties of crops, which are often invisible to the human eye. By capturing detailed spectral signatures of
plant leaves, stems, and soil, hyperspectral sensors can detect subtle variations that indicate changes in crop health. These variations are
crucial for identifying stress factors such as nutrient deficiencies, disease outbreaks, water scarcity, and pest infestations. Hyperspectral
imaging can provide early-stage detection of crop conditions, allowing farmers to take timely actions to mitigate potential issues.

A key advantage of hyperspectral imaging is its ability to analyze the color and texture of crops, which play a significant role in assessing
plant health. Different crops exhibit distinct color signatures across various growth stages, which can be captured in the spectral data. For
example, a healthy paddy crop often appears golden at its peak, while other crops like maize maintain varying shades of green depending on
their health. These color variations are essential in determining the plant’s physiological state. Hyperspectral sensors can detect changes in
the reflectance in specific spectral bands, particularly the visible and near-infrared (NIR) regions, to monitor crop vigor. In addition to color,
texture analysis is crucial for understanding the crop's surface features, which are indicative of its internal health. Techniques like the Gray-
Level Co-occurrence Matrix (GLCM) help assess textural patterns, revealing information about stress and disease.

In addition to GLCM, Gabor Filter techniques are increasingly being used in hyperspectral image processing for texture and feature extraction.
Gabor filters are used to analyze spatial frequency components and can detect patterns such as edges, texture variations, and fine-scale features
in the crops' surface. When applied to hyperspectral images, Gabor filters provide a robust tool for identifying fine details in crop textures,
such as changes in leaf surface, which are indicative of plant stress or diseases like fungal infections. These filters work by applying a
sinusoidal wave to different regions of the image, capturing both the orientation and frequency of textures. This technique is highly effective
in distinguishing subtle changes in the surface morphology of plants, enhancing the sensitivity of the hyperspectral imaging system to early
signs of crop stress that may not be apparent in color-based analysis alone.

Apart from color and texture, hyperspectral imaging is effective in assessing soil properties, which are fundamental to crop growth. Soil
health directly influences crop yield, and hyperspectral sensors can measure various soil characteristics such as moisture content, organic
matter, and nutrient levels. For instance, plants experiencing water stress tend to show reduced reflectance in specific wavelengths, which
can be detected using hyperspectral imaging. Monitoring soil moisture is essential for predicting irrigation needs and managing water
resources more efficiently. Furthermore, hyperspectral data can reveal variations in soil organic matter and nutrient content, both of which
affect crop productivity. The combination of spectral data from both crops and soil provides a comprehensive view of the agricultural
environment, making it a powerful tool for precision farming.

The integration of machine learning algorithms with hyperspectral data enhances the ability to analyze and interpret complex spectral
information. These algorithms, such as random forests, support vector machines, and deep learning models, are employed to classify crops
based on their spectral signatures and identify patterns in their health. Machine learning techniques allow for the automatic extraction of
meaningful insights from large volumes of hyperspectral data, reducing the need for manual analysis. By classifying crops according to their
health status, farmers can make data-driven decisions that improve crop management and optimize resource usage. However, challenges like
the high cost of hyperspectral sensors and the complexity of data processing remain obstacles to widespread adoption. Despite these
challenges, advancements in sensor technology and computational tools continue to make hyperspectral imaging more accessible, paving the
way for more efficient and sustainable agricultural practices.

3. LITERATURE REVIEW

The field of disease prediction has significantly evolved in recent years due to advancements in artificial intelligence, particularly machine
learning and deep learning. Al-based predictive models have gained popularity in healthcare, offering potential solutions for diseases like
cancer, diabetes, and cardiovascular diseases. This literature review explores the foundational and recent studies on Al-based disease
prediction.

i. Disease prediction models use historical medical data, lifestyle factors, and symptoms to identify individuals at risk of developing
certain diseases. They can use various clinical data, including medical records, patient demographics, laboratory test results, and
symptoms, to detect patterns that humans may miss. The success of these models depends on the quality and quantity of data used
for training.

ii. Machine learning algorithms have been extensively studied for disease prediction, enabling the identification of complex patterns
from large datasets, particularly useful in medical fields where traditional methods are insufficient.

iii. Logistic regression (LR) is a widely used technique in medical prediction models, particularly for binary classification tasks like
predicting the likelihood of a disease like diabetes. Research by Sundararajan et al. (2007) demonstrated that LR can accurately
predict the onset of diabetes when applied to medical datasets with features like glucose levels, age, and BMI.

iv. Decision Trees (DT) are a widely used technique for disease prediction, offering simplicity and interpretability. They help identify
crucial features in diseases like cancer and heart disease by splitting data into subsets based on specific features, providing clear
decision paths.
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V. Deep Neural Networks (DNNs) have gained attention for their ability to model complex, non-linear relationships. Kassiani et al.
(2021) developed a model using DNNSs for predicting cardiovascular diseases, demonstrating how deep learning can achieve high
accuracy by learning intricate patterns in medical data.
Vi. Random Forests (RF) is an ensemble learning method that combines multiple decision trees for improved accuracy. Research by Liaw
& Wiener (2002) showed RF can predict diseases like breast cancer, heart disease, and diabetes with high accuracy, and is known for
its robustness and overfitting reduction.

Vii. Alharbi et al. (2020) utilized machine learning algorithms to predict diabetes risk based on age, blood pressure, and BMI, finding that
Random Forests and Support Vector Machines outperformed other algorithms in accuracy.
viii. Cardiovascular diseases (CVDs) are a major global mortality cause. Studies like Chaurasia & Pal (2018) suggest that predicting CVD

risk using decision trees and logistic regression, combined with real-time data like ECG readings, can improve accuracy.

iX. Machine learning has significantly advanced cancer prediction, with studies by Khan et al. (2021) using decision trees and neural
networks to classify cancerous tumours in mammograms. Convolutional neural networks (CNNs) are widely used for image-based
cancer detection.

Al disease prediction uses machine learning and deep learning techniques to analyze medical data to predict the likelihood of diseases like
diabetes, heart disease, or cancer. Data is preprocessed, features extracted, and trained using algorithms like decision trees, neural networks,
or support vector machines. The model then predicts the disease based on new input data, improving over time through retraining with new
data. This system continues to improve accuracy over time.

4. RESEARCH METHODOLOGY

The research methodology for Al disease prediction involves several steps, including data collection, preprocessing, feature selection and
extraction, model development, testing and validation, and refinement. Data collection involves gathering relevant medical data from sources
like hospitals, clinics, or public health records, including patient demographics, medical history, symptoms, test results, and lifestyle factors.
Data preprocessing removes duplicates, handles missing values, and eliminates irrelevant information. Feature selection and extraction
identify key factors contributing to disease prediction, which are then used to train the Al model. The model development phase involves
selecting appropriate machine learning or deep learning algorithms, training the model on the dataset to recognize patterns and make
predictions. Finally, the model undergoes testing and validation to assess its accuracy and reliability, ensuring its effectiveness in real-world
applications.

The methodology adopted for this research combines both qualitative and quantitative approaches. A mixed-method approach was employed,
where life diseases were collected from remote sensing platforms, and the data were then processed using various image processing and
machine learning techniques to extract meaningful insights about human health.

Data Collection

Pre-processing

|

Feature Extraction

Classification and Analysis

Validation and Reporting

Figure 1: Flow diagram of the methodology

l. Data Collection

Al disease prediction relies on data collection, which involves gathering diverse medical data from various sources like hospitals, clinics,
medical records, wearables, and public health databases. The data includes patient demographics, lab test results, symptoms, genetic
information, imaging data, and lifestyle factors. The goal is to collect a broad range of data points that represent the complexities of human
health. For Al models to be effective, the data must be comprehensive, representative, and of high quality, covering various disease outcomes
and diverse patient groups. Data privacy and security are crucial, and patient consent and adherence to regulations like HIPAA are essential.
The collected data forms the basis for training machine learning algorithms for disease prediction.
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I1. Data Processing

Data processing for Al-based disease prediction involves several key steps to ensure that the data is clean, relevant, and ready for training
machine learning models. Here are the main steps:

1. Data Cleaning: This is the first step where the raw data is examined for errors such as missing values, duplicates, or inconsistencies.
Missing data can be handled through techniques like imputation (filling in missing values with statistical methods) or deletion of rows with
missing values.

2. Data Transformation: Raw data often needs to be transformed into a format suitable for Al models. This could involve:
- Normalization/Standardization: Scaling data features to a common range (e.g., 0 to 1 or standard deviation) to improve model performance.

- Encoding Categorical Data: Converting categorical variables (e.g., gender, disease type) into numerical format using techniques like one-
hot encoding or label encoding.

3. Feature Engineering: Identifying and selecting the most relevant features (variables) from the dataset that contribute to disease prediction.
This may involve combining existing features or creating new ones based on domain knowledge.

4. Data Splitting: Dividing the data into training, validation, and test sets. Typically, the training set is used to train the model, the validation
set is used for tuning the model, and the test set is used to evaluate its performance.

IV. Analytical Techniques Or Flowchart

Al-based disease prediction involves various analytical techniques to identify patterns and make predictions. Supervised Learning uses
labeled data, such as logistic regression, decision trees, and Support Vector Machines (SVM), to predict disease outcomes. Unsupervised
Learning uses data without labeled outcomes, such as K-means Clustering, Principal Component Analysis (PCA), and deep learning models
like neural networks, to discover hidden patterns or group similar patients. Deep Learning is used for complex data like medical images or
continuous health data, identifying intricate patterns that may not be obvious to humans. Ensemble Methods combine multiple models, such
as Random Forest or Gradient Boosting, to improve prediction accuracy and reduce errors. These methods enable Al to accurately predict
diseases by analyzing vast amounts of medical data.
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V. Validation

Al-based disease prediction validation involves evaluating the model's accuracy, reliability, and generalizability. Cross-validation is a
common method, involving data split into multiple subsets for robust performance. Confusion matrices evaluate the model's ability to predict
positive and negative cases. Other metrics include accuracy, precision, recall, and F1 score. External validation using new data helps
determine the model's generalizability to real-world scenarios. Regular updates and recalibration ensure the model remains accurate and
reliable over time.

5. CONCLUSION

Al-based disease prediction has the potential to significantly improve healthcare by offering accurate and efficient diagnoses. By using large
datasets from medical records, imaging, wearable devices, and genetic data, Al models can identify patterns and predict diseases early.
Techniques like supervised learning, unsupervised learning, deep learning, and ensemble methods allow Al systems to process complex
medical information. However, challenges such as data quality, privacy issues, and transparency need to be addressed. Validating Al models
through rigorous testing and continuous updates is crucial for accuracy. Combining Al predictions with healthcare professionals' expertise
can lead to better decision-making and patient care. Therefore, ongoing research, validation, and collaboration between Al experts and
healthcare providers are essential for ensuring the safety and effectiveness of Al-based disease prediction
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