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ABSTRACT:

The integration of machine learning with healthcare can lead to greater accuracy and improved patient care in the prediction and diagnosis of common diseases,
resulting in both increased efficiency and better outcomes. Without disease prediction models, healthcare relies heavily on conventional diagnostic methods, which
can often lead to delays in identifying conditions and potentially missed opportunities for early intervention. This can result in less efficient patient care, higher
costs, and more severe health outcomes as diseases progress unchecked. In contrast, the integration of machine learning with healthcare offers a transformative
approach by enhancing the accuracy and efficiency of disease prediction and diagnosis. The paper reviews the usage of using machine learning algorithms in this
domain, including Decision Trees, CNN, Random Forest, and Extreme Gradient Boost, to enhance diagnostic precision and disease forecasting. These algorithms
process datasets containing patient medical records, genetic information, and lifestyle factors, revealing complex patterns and correlations that conventional
diagnostic methods often miss. Machine learning models enable the early detection of diseases such as COVID-19, Breast cancer, Diabetes, Heart disease,
Alzheimer's, Pneumonia, and Brain tumors. Timely intervention ensures better patient outcomes through appropriately tailored treatment plans. In addition to these
clinical benefits, predictive models can significantly reduce healthcare costs by preventing the progression of diseases at early stages. The development of patient-
specific, data-driven solutions is revolutionizing patient care, making it more effective and accessible. As machine learning continues to advance, its utilization in
healthcare is expected to grow, offering new opportunities for increasing the average life span and enhancing the quality of people’s life worldwide.
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I. Introduction

Machine Learning, is a technique of programming computers using historical data to operate at best. This calls for the development of algorithms that
learn from data and experiences to enable the systems to get better over time [1]. The immense potential of ML lies in enhancing therapeutic efficacy and
diagnostic accuracy in healthcare. The two primary phases of an ML algorithm’s operation are training and testing. During the training phase, knowledge
is extracted from past data, while predicted performance is evaluated during testing. Despite its successes, machine learning faces challenges in effectively
utilizing patient data for disease prediction [2]. ML provides the ideal basis for the possible analysis of the huge amounts of data generated in medical
facilities efficiently [1]. Predictive models facilitate better decision-making in healthcare settings, enabling fast speed and precision of examination in
patient data. This is especially crucial in healthcare, where rapid and precise diagnoses directly impact outcomes. The healthcare industry, driven by the
adoption of digital technologies, generates large volumes of multidimensional data, including clinical parameters, hospital resources, diagnostic data, and
patient records, as well as information related to medical equipment. This complex and rich data requires careful processing and interpretation to extract
useful insights and support sound decision-making [2]. Medical data mining, powered by ML techniques, holds great potential for uncovering hidden
correlations and patterns within large datasets. By discovering significant patterns and interactions among numerous variables, ML and data mining
technologies have already transformed health-related organizations. These tools streamline the analysis of large datasets through the integration of
advanced algorithms and various analytical techniques [3]. The systematic organization of patient data, performance analysis, and recommendations for
best practices contribute to improved diagnostics, medication plans, and treatment strategies. Through the analysis of medical databases, ML assists in
early disease detection and prevention. Medical diagnosis, the process of determining a condition based on symptoms and clinical signs, is inherently
complex and prone to error. This process depends on medical knowledge, diagnostic tools, and clinical judgment. With advancements in new treatments
and the evolution of medical systems, the complexity of diagnosis continues to increase. Cognitive load, multitasking, and memory limitations can
constrain even the most experienced healthcare professionals [4]. Incorporating ML methods into the diagnostic process enhances the precision of
diagnoses and aids medical professionals in making well-informed decisions. Studies have shown that diagnosis accuracy using ML techniques can reach
91.1%, compared to 79.97% using traditional methods. This represents a significant advancement in disease diagnosis, prediction, prevention, and therapy,
demonstrating the transformative impact of ML in healthcare. The integration of machine learning into clinical practice in automated diagnostic processes
has gained considerable attention, leading to increased research into these technologies. Data, the most precious assets in digitalization, is being generated
in vast quantities by enterprises, including healthcare organizations. Healthcare data contains critical information related to patients. The framework
outlined below illustrates a general process used for predicting diseases in healthcare, with most current models focusing on a single disease per analysis
[4]. Based on the symptoms provided, these systems aim to deliver fast and accurate disease predictions. The proposed method addresses multiple
diseases, including pneumonia, diabetes, heart disease, Alzheimer’s, breast cancer, brain tumors, and COVID, with the possibility of expanding to other
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diseases. A disease prediction system with machine learning techniques is developed to cover all possible causes, improving the accuracy and
effectiveness of diagnoses. Current methods in healthcare often focus on individual diseases [5]. Mechanisms for analyzing conditions like diabetes,
diabetic retinopathy, and heart disease vary, necessitating the use of multiple models in analyzing patient health data.

The current systems approach is effective for analyzing specific diseases. In a multi-disease prediction technique, multiple diseases can be viewed on a
single page. There is no need to visit various places to determine if a particular condition is present. Artificial intelligence is recognized as a key component
of the future, and this concept involves combining seven disease detections onto one platform utilizing Al. Many analyses of current processes in the
healthcare industry focus on only one illness at a time. Diseases such as diabetes, diabetic retinopathy, and heart disease can be analyzed from different
dimensions [5]. Current techniques predominantly concentrate on specific diseases. A multi-model approach is recommended for organizations analyzing
patient health data. The system modeling technique currently used supports analysis of specific diseases only. The multi-disease prediction technique
allows users to view multiple diseases on a single webpage, reducing the need to visit various locations to check for specific conditions. The relevant
machine learning model is then activated to generate predictions and display the results on the screen. The concept of integrating seven illness detections
into one Al-powered platform underscores the potential of artificial intelligence in healthcare.

Il1. Literature Review

Machine learning is crucial for disease forecasting, offering various algorithms that enhance diagnostic capabilities and improve patient care. This includes
several supervised learning models, such as logistic regression, decision trees, and support vector machines (SVMs). Logistic regression is well-suited
for binary classification problems, such as predicting diabetes or cardiovascular diseases based on clinical and demographic data. Decision trees provide
a straightforward and intuitive approach to disease prediction, while random forests, which aggregate predictions from multiple trees, improve accuracy
[1]. SVMs are effective in high-dimensional spaces and, when advanced kernel functions are applied, they excel in detecting cancer. Convolutional Neural
Networks (CNNs) have transformed medical image analysis, enabling detailed examination of conditions such as diabetic retinopathy and cancer. CNNs
learns the features from images, which enhances the efficiency of accurate diagnoses. Recurrent Neural Networks (RNNs), particularly Long Short-Term
Memory (LSTM) networks, have advanced the analysis of sequential and time-series data, which is crucial for tracking disease progression and monitoring
patient’s health. Unsupervised learning methods also provide valuable insights. Clustering algorithms like k-means and hierarchical clustering can identify
hidden patterns and subgroups within patient data. Dimensionality reduction techniques, such as Principal Component Analysis (PCA) and t-Distributed
Stochastic Neighbor Embedding (t-SNE), simplify complex datasets, making it easier to visualize and analyze key features while reducing data noise.
Despite these advancements, several challenges persist [4]. The effectiveness of ML models relies heavily on the availability of high-quality, extensive
datasets. Many ML models, especially deep learning approaches, can be difficult to understand. Improving model for making predictions understandable
and actionable for healthcare professionals is important.

Integrating ML models into clinical practice also presents challenges. Developing user-friendly systems that seamlessly incorporate ML predictions into
existing workflows is crucial for practical use. Effective collaboration with data scientists is necessary to ensure that ML tools are both effective and
aligned with real-world healthcare needs. Ethical and regulatory considerations are also important [6]. Ensuring that ML models are free of biases and
comply with healthcare regulations is vital for responsible technology use. As the field evolves, maintaining a focus on ethical practices and transparency
will be key to fully realizing ML's potential in improving disease prediction and patient outcomes.

Table 1: Innovative Studies on Disease Prediction using ML

Author(s) Year ML Technique Disease Key Contributions
Miller et al. 2023 Random Forests Breast Cancer Demonstrated that random forests outperformed individual decision trees in
accuracy and robustness.
Patel et al. 2022 Convolutional Neural | Lung Cancer Demonstrated CNNs' effectiveness in classifying lung nodules in CT scans,
Networks leading to high diagnostic accuracy.
Miller et al. 2022 Model Various Diseases Explored techniques to improve the interpretability of predictive models, making
Interpretability them more understandable to clinicians.
Zhang et al. 2021 Decision Trees Chronic Kidney | Highlighted the model's interpretability and effectiveness in identifying key risk
Disease (CKD) factors contributing to CKD.
Wang et al. 2021 Logistic Regression Diabetes Explored the early detection of diabetes using logistic regression on large-scale
EHRs, emphasizing model interpretability.
Smith et al. 2021 Data Integration Various Diseases Discussed challenges in integrating disparate healthcare datasets, emphasizing
the need for standardized data formats.
Wang et al. 2020 Long Short-Term | Alzheimer’s Disease Used LSTM networks to predict Alzheimer’s disease progression, capturing
Memory (LSTM) long-term dependencies in clinical and genetic data.
Lietal. 2020 Ethical Al Various Diseases Examined the ethical implications of Al, focusing on transparency,
accountability, and fairness in ML models.
Brown et al. 2020 Hierarchical Cancer (General) Identified novel cancer subtypes by applying hierarchical clustering to genomic
Clustering data.
Johnson et al. 2020 Clinical Integration Various Diseases The importance of developing ML tools that can be easily integrated into EHR
systems is focused.
Chen et al. 2020 Support Vector | Breast Cancer Showed high accuracy in distinguishing malignant from benign tumors using
Machines (SVMs) SVMs combined with advanced feature selection.
Lietal 2019 Support Vector | Parkinson’s Disease Utilized SVMs to detect Parkinson’s disease from voice data, highlighting
Machines (SVMs) effectiveness in high-dimensional spaces.
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Smith et al. 2019 Logistic Regression Cardiovascular The effectiveness of logistic regression in predicting cardiovascular diseases
Diseases using patient demographics is spotlighted.
Yang et al. 2019 Recurrent Neural | ICU Patient | Applied RNNSs to predict patients in ICUs, identifying critical time windows for
Networks (RNNs) Outcomes potential life-saving interventions.
Singh et al. 2018 k-Means Clustering Various Diseases Utilized k-means clustering to group patients with similar disease trajectories,
facilitating personalized treatment plans.

1. Existing System

Today’s healthcare machine learning models typically share a common characteristic: they are often designed to address only one specific disease [7].
For example, some models focus on predicting heart disease using clinical data such as cholesterol levels, blood pressure, and patient history, while others
may be tailored to identify brain tumors through MRI scans. Although these specialized models vary effectiveness in their specific domains, they present
several challenges for broader, multi-disease diagnostic applications. A significant issue with traditional systems is the fragmented user experience.
Healthcare providers, patients, and researchers often have to navigate multiple platforms or systems to obtain predictions for different diseases [7]. For
instance, if a patient is at risk for both diabetes and heart disease, they would need to use separate models for each condition, making the diagnostic
process more complex and time-consuming. This fragmentation reduces the overall efficiency of the diagnosis. Additionally, specialized models often
face accuracy issues due to problems with the training data or feature selection processes. For instance, a model trained on a small or homogeneous
dataset may struggle to make accurate predictions for a diverse patient population, potentially leading to misdiagnoses. Such errors can result in incorrect
treatments or delayed interventions, which can have serious health implications. This not only impacts accuracy but also increases operational costs for
healthcare facilities. Each model may require distinct infrastructure, maintenance, and updates, contributing to higher costs [8]. Moreover, assessing a
patient’s health for various conditions demands more time and resources, further driving up expenses. Many existing systems also have a limited scope.
They often consider only a narrow set of factors related to a single disease. For example, models predicting breast cancer may rely solely on imaging
data, overlooking other critical factors such as genetic predispositions or lifestyle. This limitation results in partial predictions, as the models cannot
account for the complex interactions among different health indicators. Overall, many current machine learning systems in healthcare are fragmented and
narrowly focused, leading to inefficiencies, accuracy concerns, increased costs, and limited predictive capabilities [9]. Addressing these issues requires a
more integrated and comprehensive approach to disease prediction, capable of managing multiple conditions simultaneously while offering a seamless,
accurate, and cost-effective diagnostic experience.

V. Proposed System

The system is designed to improve healthcare diagnostics by providing a single platform that predicts multiple major diseases, including COVID-19,
brain tumors, breast cancer, Alzheimer's, diabetes, pneumonia, and heart diseases [9]. In contrast to the traditional models built for predicting a single
disease, this proposed system will be an integrated package of different machine learning models such as Random Forest, XGBoost, and Convolutional
Neural Networks, all aimed at providing an end-to-end diagnosis solution. The system allows the user to input patient data and specify the disease that is
to be diagnosed. The system then selects and activates a suitable machine learning model for generating a prediction, hence simplifying diagnostics
without having a need for different platform for different diseases. One major benefit of this system is its ensemble approach: RF, XGBoost, and CNN
models are combined in this system. RF and XGBoost work best on structured data, including medical records and results from laboratories; therefore,
diseases like diabetes and heart diseases are ideal cases. The models can process datasets with a large dimensionality of features efficiently. The CNNs
specialize in the inspection and analysis of medical images—for example, MRI scans in brain tumors and mammograms in breast cancer. From these
models, this system will leverage their strengths to more precisely predict a variety of diseases. It also brings along cost and time efficiencies [8]. This
eliminates the need for to maintain different models for different diseases, thus reducing operational costs. A unified platform will be faster and accurate
in analysis, for the benefit of the patients. The system is also designed to be scalable and adaptable. This flexibility guarantees the effectiveness of system
within a changing healthcare environment.

Also, the system provides holistic health analysis for each patient by considering a large spectrum of data types and features. Therefore, the risk of
incomplete or inaccurate predictions is close to zero, hence giving more reliable diagnostic results [10]. By allowing the diagnosis of multiple diseases in
one framework, it simplifies diagnostics, enhancing user experience and providing a scalable solution adapting to future healthcare needs.

V. Experimentation

A dataset from Kaggle, comprising approximately 7,000 records and 13 distinct features, was used for this study. These features represent significant
variables for training machine learning models. A substantial number of records is crucial for establishing a robust foundation for the model, enabling it
to detect relationships within the data in complex ways. This approach helps reduce overfitting and enhances the model's ability to generalize to new,
unseen data [11]. The 13 features include both category and numerical information, which serve as critical inputs for predictive or classification tasks
within the model. Effective feature engineering is essential for optimizing these inputs, which involves selecting the most pertinent and important features,
transforming them into suitable formats, and creating new features to enhance the model's accuracy. The large size and diverse nature of this Kaggle
dataset make it highly valuable for building machine learning models aimed at generating accurate predictions and supporting informed decision-making
within the scope of this study.
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Figure 1: Flow of work process

VI. Processing of Data

Data pre-processing is the foundational step in the workflow of machine learning, which concerns the preparation and transformation of raw data to be
eventually fit for analysis. Inconsistencies, missing values, and noise are part and parcel of the raw data collected from different sources and might be
unusable by the models if proper pre-processing techniques are not applied. To explain, it basically means that raw, unstructured data is transformed
through data pre-processing techniques into a clean, structured form in modelling [4]. Another key aspect related to preprocessing is data transformation.
This is where the data gets transformed so that it can be fed into the model. This might include numerical data normalization or standardization, and
encoding categorical variables into numerical format so that algorithms can process them. For example, techniques such as one-hot encoding are widely
used for creating a binary matrix from categorical data. Continuous data would subsequently be scaled into a predefined range for optimum performance
of the model. Another very important component of data preprocessing is handling missing or NA (Not Available) values. The incomplete datasets, if
not dealt with appropriately, lead to biased predictions or model inaccuracies [7]. The common use techniques for handling missing data are imputation,
where filling of missing values takes place based on some statistical measure such as mean, median, or mode, and more advanced techniques like k-
nearest neighbors’ imputation, which estimates missing values from the similarity between data points. Another critical part of this pre-processing phase
is removing irrelevant or excess data. This is accomplished by eliminating duplicate entries, filtering out outliers, or simply dropping features not adding
much value to the predictive capabilities of the model. Reducing noise in the dataset will enhance the efficiency and precision of the model [12]. After
preprocessing, data is ready for predictive modelling—one of techniques using pattern analysis across both historical and present data to foretell the
likelihood of future events. In predictive modelling, usually a model will be trained from past data, called training data, and then used to make predictions
on new data that was previously unseen called test data. One of the common practices in predictive modelling is to split this data into training and testing
subsets, whereby 70% trains the model and 30% tests the model's performance. This training set will be used in building the model, as it learns the trends
and relationships that are within this data [10]. The test set is used to confirm how well it generalizes to completely new data, so that it's going to perform
well in the real world.

Implementation

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score, classification_report, roc_auc_score
from sklearn.ensemble import RandomForestClassifier

from xgboost import XGBClassifier

from keras.models import Sequential

from keras.layers import Dense, Conv2D, Flatten

# Example: Load and split your data
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Random Forest

rf = RandomForestClassifier(n_estimators=100, random_state=42)
rf.fit(X_train, y_train)

rf_preds = rf.predict(X_test)

rf_accuracy = accuracy_score(y_test, rf_preds)

# XGBoost
xgb = XGBClassifier(n_estimators=100, learning_rate=0.1)
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xgb.fit(X_train, y_train)
xgb_preds = xgb.predict(X_test)
xgh_accuracy = accuracy_score(y_test, xgb_preds)

# CNN (simplified example for structured data)

cnn = Sequential()

cnn.add(Dense(64, input_shape=(X_train.shape[1],), activation="relu"))
cnn.add(Dense(32, activation="relu"))

cnn.add(Dense(1, activation="sigmoid"))

cnn.compile(optimizer="adam’, loss="binary_crossentropy', metrics=['accuracy'])
cnn.fit(X_train, y_train, epochs=10, batch_size=32, validation_data=(X_test, y_test))

# Evaluate and compare

print(f"Random Forest Accuracy: {rf_accuracy}")
print(f"XGBoost Accuracy: {xgh_accuracy}")
cnn_accuracy = cnn.evaluate(X_test, y_test)[1]
print(f"CNN Accuracy: {cnn_accuracy}")

VII. Dataset Collection

Data collection is a systematic process in which data is obtained, measured, and appraised to achieve the research goals. It helps the researcher record
and process information that will, in turn, be useful in testing propositions and stating meaningful conclusions. Whatever be the theme of investigation,
it is the initial step in every research; the latter is developed exclusively upon this foundation. Without an adequate mechanism for data collection, the
results may be at risk. This research will utilize a detailed dataset derived from Kaggle for disease prediction. The reason for choosing this dataset is
because of its large size and diversity of various diseases. All the data collected will be important in understanding the development predictive models
that will be used to predict the likelihood of a range of health conditions. The dataset contains several thousand records across multiple dimensions,
including demographic, temporal, and geographic information, and will thus enable detailed analyses of disease patterns over time and across different
locations. Each record within the set contains attributes such as year of collection, state/district in which it was recorded, and even more specific details
concerning the diseases or conditions under survey. The temporal and geographic information is, however, considered very useful because it will help in
conducting an in-depth study of the trends in the time series and in localized regions. Because it is very granular, it is of utmost importance for training
the models to predict correct disease onsets from historical data to find those patterns and correlations that are not easily detectable through traditional
methods. Notable diseases addressed in this study include COVID-19, breast cancer, diabetes, heart disease, Alzheimer's, pneumonia, and brain tumors.
Each of these conditions has an adequate amount of data in the dataset, namely:

COVID-19: The dataset includes approximately 1000 records related to COVID-19, covering both confirmed cases and recoveries across different regions
and times. It includes important features like the patient’s age, comorbidities, and the severity of the disease, which can be leveraged to predict the
likelihood of severe outcomes.

Breast Cancer: For breast cancer, there are around 1000 records in the dataset. These records provide details on tumour characteristics, diagnostic imaging
results, and patient history, offering valuable insights for building predictive models to forecast disease progression or recurrence.

Diabetes: This collection of data includes 1000 records of diabetes, which contain lifestyle facts of patients, glucose levels, usages of insulin, and others.
These shall assist in finding the risk of diabetes and in managing patient care.

Heart Disease: The dataset contains 1000 records of heart disease, hence offering the most valuable set of information on cardiac health, from ECG
readings to cholesterol levels and other cardiovascular risk factors. This is important in building models that can successfully predict heart attacks or
other cardiovascular events.

Alzheimer's Disease: The dataset for Alzheimer's disease comes with approximately 1000 records, covering the factors of cognitive assessment, brain
imaging, and genetic markers. These data will be useful in building a model that will predict cognitive decline and also provide risk assessment that
eventually one might develop Alzheimer's disease.

Pneumonia: The following dataset is a record of 1000 pneumonia cases, including clinical features in X-ray images of the chest and symptoms developed
by the patient, stating outcomes after treatment. These will be helpful in modelling the severity of pneumonia and the likelihood of recovery.

Brain Tumours: This dataset includes 1000 records about brain tumours, including imaging of MRI scans, types of tumour classification, and
demographic data on patients. Such data is very important in predicting the growth of a tumour and thus assists in its early detection.

The utilization of this dataset for the training of our deep learning model would allow it to identify those patterns or relationships in data indicative of the
presence of diseases or their predisposition. After that, the model is tested on unseen data. This testing phase is very important because the model should
generalize well to enable this technique to be effectively adopted into real-world practice and finally improve the precision and timeliness of the medical
interventions. This could very well mean that this Kaggle dataset used in training a model promises much in building a highly robust predictive system
that could help in early diagnosis of diseases, thus improving patient outcomes and reducing health care costs by enabling intervention when a disease is
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easier to treat. Early disease diagnosis, like COVID-19, Breast Cancer, Diabetes, Heart Disease, Alzheimer's, Pneumonia, and Brain Tumors, draws our
focus on models that improve individual health and public health substantially.

Table 2 : Dataset used for this work

Disease Number of Records Key Data Features/Attributes

COVID-19 1000 Patient’s age, comorbidities, severity of disease, regional data, confirmed cases,
recoveries, time-series data

Breast Cancer 1000 Tumor characteristics, diagnostic imaging results, patient history, tumor size,
biopsy results, recurrence data

Diabetes 1000 Lifestyle factors, glucose levels, medical history, insulin usage, patient
demographics

Heart Disease 1000 ECG readings, cholesterol levels, blood pressure, cardiovascular risk factors,
patient demographics

Alzheimer’s 1000 Cognitive assessments, brain imaging (MRI/CT scans), genetic markers,
progression data

Pneumonia 1000 Chest X-ray images, clinical symptoms, treatment outcomes, recovery data,
demographic information

Brain Tumors 1000 Medical history, MRI scans, tumor classifications, patient demographics, tumor
growth data

VIIl.  Methodologies

The research utilized a highly detailed Kaggle-sourced dataset, encompassing comprehensive health-related records with a focus on diseases such as
COVID-19, breast cancer, diabetes, heart disease, Alzheimer's, pneumonia, and brain tumors. The big dataset contains thousands of individual records,
out of which the information regarding each record is patient demographics, their medical history, genetic level, and certain disease-specific information.
The two pre-eminent divisions of dataset are as follows: 80% used for training and the remaining percentage for testing, which is 20%. The reason for
this is to ensure the comprehensiveness of the analysis. A lot of preprocessing on the data was done before training models. This consisted of the following:
imputation for missing values, normalizing numerical features into a standard scale, and encoding of categorical variables to transform them into formats
that can be provided as input to machine learning algorithms. Augmentation of data was performed to increase variety and volume in these small datasets,
such as for the brain tumors. These included Decision Trees, which, through their very nature, provide an easy way to attempt classification by a split in
data, taking into consideration feature importance; Random Forest, which is an ensemble summing the results of many decision trees in order to gain
higher accuracy and robustness; Convolutional Neural Networks proved useful in analyzing imagery data regarding diseases like Pneumonia and Brain
Tumors by capturing complicated features in visual information. And lastly, Extreme Gradient Boosting, efficient, scalable, and widely applied on
COVID-19 and heart disease datasets, which were reasonably larger.

This problem was considered supervised learning, where the models had to make predictions regarding disease outcomes with labelled data. Also, to
make the models reliable, k-fold cross-validation with k=5 was utilized, meaning every subset got a chance to be a validation set while training the model
on the rest of the folds. In hyperparameter tuning, the techniques of grid search and random search were used in finding the best performance of the
model. Model performance evaluation has been done through a set of metrics that includes overall accuracy, precision-as the share of true positives among
all positive predictions, recall-the share of true positives among all actual positives, F1-score-the balanced mean of precision and recall, and ROC-AUC
score-measuring the model capability to distinguish between classes. Confusion matrices were created in order to provide further detail on the model
performance by giving the count of false negatives, false positives, real positives, and true negatives. Further validation of the models involved testing
on separate portions of the dataset that had not been utilized during the training phase. This helps to ensure that the model would generalize well on new
and unseen data. Besides, external datasets were utilized where available to further confirm the robustness of the models. Further post-processing of the
results included feature importance analysis, with algorithms namely Random Forest and XGBoost showing which variables were of the greatest influence
on the predictions. CNN uses techniques such as Grad-CAM have been used to show and interpret the areas in medical images which drives the model's
prediction, enhancing the transparency of such results. The ultimate goal of the study was to develop and apply highly accurate predictive models in real-
world healthcare settings. The interest of the study lies in disease detection and planning for personalized treatments, aiming to achieve improved patient
outcomes and enable more efficient health care delivery to then hopefully reduce costs while improving health management overall.

IX. CNN (Convolutional Neural Networks)

CNN, a sophisticated deep learning architecture is designed to handle all tasks concerning computer vision, from analyzing and interpreting images and
videos to recognizing patterns [11]. During the model development, much strategic use was made of CNNs while analyzing the X-rays and MRI-s, a
pivotal element in the detection of a variety of diseases. Specifically, CNNs are used in the analysis of complex images, as it can automatically learn and
extract intricately complex features, which are very important for a proper identification and classification of abnormalities. This fact is corroborated as
the application of CNNs in the work leveraged from its hierarchical architecture that effectively processes images through multiple layers of convolution
and pooling. It is this architecture that provides an ability for CNNs to detect and learn various levels of features-from basic edges and textures to more
complex patterns indicative of specific medical conditions. This therefore resulted in the model's performance increasing very well, enabling the subtleties
in the imaging data that could have easily passed by conventional methods. It came out to be more capable than the capability to usually enable the
detection of a disease at an earlier stage; hence, it helped provide more robust and correct predictive models. Application of CNNs is important in refining
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the examination of medical pictures for better diagnostic outcomes and effective treatment planning. The integration of deep learning techniques into the
work is important for outlining the value of CNNSs in enhancing the accuracy and reliability of disease prediction systems.
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Figure 2: Working of CNN

X. VGG Net

In this work, the VGG Net was employed because it possesses better feature extraction properties integrated with image classification. This makes it an
efficient tool in analyzing complicated medical images for disease prediction. The deeper architecture of VGG Net in its two major versions, namely
VGG-16 and VGG-19, allows process and locate minute details within the imaging data, which includes X-rays, MRI, and so on. There are different
variants of VGG Net, differentiated from one another by the number of weight layers: 16 or 19 accounting for its depth and capacity to capture complicated
visual details. The convolutional layers in VGG Net use multiple 3x3 filters, which allows the network to locate various features in different levels of
complexity. The filter designs range from simple edges and textures to more complex features, representative of abnormalities pertaining to a disease. As
this input data traverses sequentially through these convolutional layers, important information is gathered and further refined [7]. The max-pooling layers
in the network will reduce the spatial dimensions of the input images, therefore retaining the most informative features while minimizing the
computational burden. This step is quite vital in avoiding overfitting of the model.

One major edge that VGG Net has is that it can extract detailed hierarchical features from the medical images themselves in some specific disease
prediction tasks[9]. This offers enhanced precision of diagnosis, insomuch as it can develop a tendency to find minute changes or anomalies in the imaging
data, possibly leading to diseases such as pneumonia, brain tumors, or breast cancer. Such a depth of the network means it learns more and more complex
patterns, which improves with each round of training, by allowing it to identify the classifying of medical conditions from visual data with a high degree
of accuracy. Besides feature extraction, the deep structure of VGG Net is what makes it very formidable in generating predictions reliably. This model
can generalize well on various medical image types and datasets; this ensures the model’s performance when applied in real-world environments, not just
in a lab-controlled training environment. Success within the wider spectrum of image recognition, extending from medical uses to non-medical scene
analysis, speaks to versatility and reliability.

Early disease detection-VGG Net improved disease detection at a very nascent stage, a very critical development in the disease-predicting model applied
to this work. For one, early detection of such diseases allows timely interventions while treatment plans can be made in a more personalized manner for
better health management at reduced healthcare costs. The combo of the network's ability to process complicated medical data with high precision,
together with the capability to develop a predictive model, was scalable and quite effective in many healthcare settings [12].

224x2243
224x224x64
112x112x128
e 56%56%256
= 2828512 14%14%512 7x7%512
. |
Figure 3: Working of VGG Net

XI. Random Forest Algorithm

In this work, Random Forest will be implemented to boost the productivity of a disease prediction model by applying its powerful ensemble learning
[13]. Unlike classic decision trees, which can easily be overfitted to training data and then generalize poorly to unseen cases, Random Forest overcomes
these challenges by constructing decision trees and combining their outputs. Each of the trees in the Random Forest is trained using another random
selection of the data, and the features for each of the trees are randomly chosen. This randomness promotes diversity among the trees can pick up various



International Journal of Research Publication and Reviews, Vol (6), Issue (3), March (2025), Page — 9462-9476 9469

patterns and intuition from the data. While performing this, it restricts the model from being overly specific about training data thus reducing overfitting.
This was really useful for this work, as the dataset on medical conditions included numerous variables related to patient records, genetics, and lifestyle.
Random Forest handled both large-scale and complex data with ease. As a result, each decision tree processed parts of the dataset within the Random
Forest, ensuring that the model was unbiased toward any particular feature or subset of the data. The ensemble technique then combined the outputs of
all these trees into one output by using a majority vote to decide the class of the test observation. An aggregation approach gave more robust and realistic
results since one decision tree may not yield appropriate results due to possible errors and inconsistencies in prediction. Such versatility-not only for
solving classification tasks but also regression tasks-made it very useful within the scope of this work.

Even handier is that Random Forest is able to rank features in order of importance [11]. It provided the selection of most important risk factors to predict
a disease using certain genetic markers or living habits and case history by offering ranking of most important features to be used for prioritizing the
variables in the analysis. The ranking about importance features provides deep insight into root causes of diseases and allows making better informed
decisions on the creation of personalized treatment plans. The Random Forest applied in this work finally makes the model stronger for the ultimate
contribution to the improved disease detection and enhanced patient outcome using a robust approach in assembling the machine learning.
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Figure 4: Working of Random Forest

XII. Extreme Gradient Boosting

The work utilized XGBoost to develop an accuracy and efficiency disease prediction method using its robust gradient-boosting framework. Given the
scale and complexity of the medical dataset used here, including patient background, genetic data, and lifestyle, XGBoost was an appropriate choice
because it handles large-scale data with state-of-the-art performance. Because the core strategy of the algorithm included generating a series of decision
trees-one after another-the model was able to iteratively improve, overcoming some weakness that occurred with each previous tree. This is how
refinement in accuracy of predictions has identified disease risk and patterns in the medical data. In that respect, the feature weighting mechanism was
helpful in XGBoost because it gave higher weights to the most important variables within the data, which thereby precluded critical features-key genetic
markers or lifestyle factors, for example-from being inappropriately underweighted while training the models. The weight assignment to each feature
made the model performance better in predictions related to disease outcomes. The regularization techniques inbuilt in XGBoost also came in handy,
therefore, to avoid overfitting and to let the model generalize well on new data, hence performing effectively across various patient cases. Besides,
XGBoost is scalable and efficient, running easily on distributed systems [8]. The large medical dataset was therefore handled pretty easily. This resulted
in not only a reduction of time spent on training but also guaranteed the scalability of the model for bigger data with high predictive accuracy. In this
work, XGBoost introduced a well-performing machine learning toolkit that could deliver reliable and efficient results, hence contributing to better disease
prediction with informative health decision-making.
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Figure 5: Working of Random Forest
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XIII. COVID-19 Prediction

COVID-19 has had extensive effects on international health and daily life. Early prediction plays a very important role in stopping the generation of new
cases and the decrease in infected human mortality. Conventional diagnostic tools include X-rays and Computed Tomography, but these are often
expensive and time-consuming [8]. There is a necessity to develop an effective and faster diagnostic instrument. Recent research centers on exploiting
chest X-ray images to predict COVID-19 positive findings. The medical professional then interprets these images, susceptible to errors in accordance
with traditional methods of inference. Convolutional neural network technology, a state-of-the-art technology now, is about to be a technological
breakthrough towards raising the accuracy of the identification of COVID-19 patients by analyzing these x-ray pictures automatically.

Different people are affected by COVID-19 in different ways.

The majority of infected individuals will recover without the need for hospitalization after experiencing mild to moderate sickness.
Most Common Symptoms:

e  Fever

e  Drycough

e  Tiredness

Less Common Symptoms:
Aches and pains

Sore throat

Diarrhea
Conjunctivitis
Headache

Loss of flavor or aroma

A. Workflow

This study's workflow will begin with the collection of the dataset; there will be mainly two image classes. The first class is made up of X-ray pictures
of the chest, of people confirmed to contract COVID-19, and the second class is from normal people. Then, the dataset was cross-validated by medical
professionals and pre-processed, removing chest X-ray images with insufficient diagnostic value or under-recognized clarity. In this manner, the dataset
was kept at a high-quality level, ensuring an important diagnostic criterion. After that, classic augmentation techniques were applied to this dataset in
order to extend its size and variability. This better dataset was used to train a CNN model. Model performance was assessed after training, with the
primary dataset, separately with validation, and with test datasets, to make a judgement on its efficiency to identify the disease. The trained CNN model
was rigorously tested to ensure its accuracy in identifying COVID-19 cases, utilizing both the primary dataset and additional validation and test datasets.
This comprehensive evaluation aimed to verify the model's reliability in real-world diagnostic scenarios. The model’s performance metrics, such as
precision, F1 score, and recall were carefully analyzed to determine its ability to correctly identify positive and negative cases. By comparing these
metrics against benchmark standards, the study assessed the model’s readiness for practical use in medical settings.
The trials were carried out using a Core i5 5th-generation computer using the Windows 10 operating system, the Python programming language,
Anaconda 3 software, and Jupyter Notebook.
Used a specially created CNN architecture for this detection.
Nearly 93% accuracy was attained.

=

XIV. Brain Tumor Prediction

Transfer learning is one of the strategic techniques in machine learning that enables reusing a previously trained model to handle an unfamiliar but
connected task. In particular, this helps when limited data is available for training. This method of adaptation is followed so the model is already trained
on an enormous and diverse dataset like ImageNet, with millions of labeled images capturing almost all categories, can be used. In transfer learning, the
lower layers of a pre-trained model, which have learned to determine essential features such as edges, textures, and basic patterns, are retained [11].
Higher layers that specialize in task-specific features are fine-tuned or replaced to specialize in the unfamiliar task. This significantly reduces the
requirement for a great deal of computational resources and accelerates the training process. For example, transfer learning in brain cancer detection
allowing the model to apply the learned features from the broad dataset to medical images, attaining diagnostic accuracy and efficiency with a smaller
set of images [6].

Brain tumors can be either cancerous (malignant) or noncancerous (benign).

Tumors can start in the brain, or cancer elsewhere in the body can spread to the brain.

When benign or malignant tumors grow, it can cause the pressure inside your skull to increase. This can cause brain damage, and is life-threatening.
Symptoms are:

e new or increasingly strong Headaches

blurred vision

loss of balance

confusion and seizures

in some cases, there may be no symptoms.
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A. Workflow

The workflow of this study uses VGGL16, a deep learning established model that gained prominence as a second place finisher in the 2014 ImageNet
Large Scale Visual Recognition Contest. VGG16 is a deep architecture of 16 layers, and this makes it quite good at feature extraction since it follows a
rather well-structured approach in carrying out convolutional and pooling operations. However, adapting VGG16 for specialized tasks, such as the
examination of medical pictures, raises problems like overfitting, whereby a model is very exceptional in training data but fails to generalize on new and
unseen data. It is designed with the "23-Layers CNN" architecture along with VGG16, which acts as a regularization tool against overfitting. These fusion
aids better generalization of models by adding more layers that provide better feature representation and learning. The hybrid architecture is, hence,
designed to realize an equilibrium between the robust feature extraction ability provided by VGG16 and better generalization from the 23-Layers CNN.
Model development utilizes Python's Keras and TensorFlow libraries in building a thorough flexible environment for constructing predictive models.
Training is done in Google Colab since it utilizes cloud computing power to achieve the computational needs in a more efficient way. In training, some
techniques that boost model robustness and increase its accuracy are applied, including data augmentation, artificially expanding the dimensions of a
dataset; dropout, which is a technique avoiding overfitting by randomly ignoring some neurons during training; and regularization techniques, which
penalize excessive complexity in the model. In the end, the model will be rigorously evaluated on both the original dataset and separate validation and
test sets. Accuracy, precision, recall, and the F1 score are the primary performance metrics used to assert the model's effectiveness in brain cancer
identification and its practical applications in medical diagnosis.

=

Used VGG-16 to extract features.
Used a customized version of CNN.
The accuracy achieved was approximated to 100%.

=

XV. Breast Cancer Prediction

The Random Forest method is the selected base model, which is very powerful and highly versatile in carrying out classification tasks, especially in the
identification of benign and malignant tumors in breast tissues. This concept is used to construct numerous decision trees, which combines their outputs
during training [10]. Every tree in the forest is trained using a different subset of the characteristics and data, which helps to capture the different aspects
of data and avoids overfitting of models. Pooling the predictions from many decision trees increases the prediction potential of the Random Forest, and
the model gets fit enough to do well in case the data are both incomplete and noisy [13].

Breast cancer survival rates have increased, and the number of deaths associated with this disease is steadily declining, largely due to factors such as
earlier detection, a new personalized approach to treatment and a better understanding of the disease.

Symptoms of Breast Cancer:

° a lump in the breast

° bloody discharge from the nipple

° changes in the shape or texture of nipple or breast.

° redness or pitting of the skin over your breast, like the skin of an orange

A. Data Preparation and Feature Selection

First, in consideration of the good source for research and experiment purposes, the dataset would be obtained from the UCI Machine Learning Repository.
Such raw data is always noised, and some values are not available or irrelevant to the study in question; hence, this affects model performance. Therefore,
there is going to be extensive cleaning and preprocessing of all data to assume the finest form of analysis. This involves the handling of missing values,
normalizing, and encoding categorical variables. In the first round of feature selection, correlations of each feature with the target variable dimorphic
nuclear grade are tested by correlation coefficients. The features with high correlation coefficients are important for classification, and the features with
low or no correlation are discarded from the dataset. Reducing the dataset by 16 features retains the most significant key independent variables while
dropping any redundant or irrelevant ones.

B. Workflow

The last group of characteristics, after the abovementioned process, constitutes 16 features. These sets are then used for training five different models
within a machine-learning algorithm, which helps in developing each model for various training algorithms and configurations in order to finally check
and optimize their performance. For the case of Random Forest model, hyperparameters are carefully retuned in order to improve model’s performance.
The main hyperparameters are the number of trees in the forest, the maximum depth of each tree, the smallest number of samples that can be split on the
internal node, and the number of characteristics to take into account when determining the optimal split. These are key adjustments which are done to
provide a way for balancing the difficulty of the model against its performance. After training, three independent methods for further dataset reduction
through feature selection should be applied. This can be recursive feature elimination or feature importance scores from model-based feature selection,
methods like Gradient Boosting, or even the Random Forest itself. Identify the top eight features that exerted the classification of the tumors.
Subsequently, the models were retrained on these redefined datasets with eight features. Generalization capability and exactness in inference over never-
before-seen data are only possible with a holdout set from the data; therefore, the test model performance is tested across the holdout set. Performance of
the model can be quantified by metrics like accuracy, precision, recall, F1 score, and the Receiver Operating Characteristics' area under the curve, which
tell how well the model classifies the tumors correctly and minimizes the false-positives and false-negatives. Herein, results from the holdout set are used
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to contrast the difference in model performance and impact from various feature selection techniques. In the insights derived in this scenario, the results
help further in the fine-tuning of predictive models and understanding the relevance of different features in predicting the classification of breast tumors.

For this use case, Random Forest was used.
The accuracy achieved was almost 91.81%.

XVI. Prediction of Alzheimer's disease

Detection of Alzheimer's disease (AD) through medical imaging—more explicitly, magnetic resonance imaging (MRI)—incorporates modern
methodological features to distinguish affected subjects from the healthy. State-of-the-art methods related to MRI imaging analysis involve Convolutional
Neural Networks (CNNs), as it can automatically extract and learn important features of high-dimensional and complex imaging data. Key stages of this
methodology are data collection, preprocessing and fine-tuning, categorization, and evaluation [9].

Symptoms include:

e  Memory loss is the key symptom of Alzheimer disease .

e  Early warning indicators include trouble recalling recent discussions or occurrences.

e  Memory problems get worse and additional symptoms appear as the illness worsens.

e  There is no treatment that cures Alzheimer's disease or alters the disease process in the brain.

A. Workflow
1. Dataset Collection: This stage involves collecting MRI images of the patients, which is used to train and test the CNN model. The reason for using

MRI images is to show high-resolution images of the framework of the brain, which forms a key feature in identifying small changes that characterize
Alzheimer's disease. The dataset can therefore include both AD patients and healthy subjects to balance the training set.

2. Preprocessing and fine-tuning: The MRI data is pre-processed to standardize images and improve their quality. In the process, normalization of
images will take place, followed by intensity variation adjustment, and with noise reduction maintain uniformity in the dataset. Fine-tune the CNN
model concerning the MRI data. This shall involve tuning hyperparameters, for instance, the learning rate, fine-tuning layers that will enhance
model performance.

3. Categorization: The CNN model categorizes the MRI images into classes such as 'Alzheimer's' or 'Healthy'. Then, there are a few layers of CNN
architecture that are explained as follows:

a). CNN Layer: The layers will convolve the MRI images to bring out the characteristics from the images. It uses a set of filters (kernels) that slide over
the image, capture patterns and textures.

b). Max-Pooling Layer: A layer reducing the feature maps' spatial dimensions given by convolutional layers, helping to retain major features and drop
computational complexities.

¢). Fully Connected Layer: Fully connected layers combine the characteristics that were retrieved by the preceding layers and classify using the combined
features after a few convolutional and pooling layers.

d). Activation Layer: The activation function introduces some non-linearity into the model—through ReLU, in this case—to let it learn the complexity
within the data. Dropout Layer: Drops a portion of units during training randomly to remove overfitting so that the network generalizes unseen data.

The CNN is used in this research is a five-layered one with 240 filters in total, each of 5 x 5 pixels in size. These filters are applied against the MRI
images for the extraction of relevant features relating to Alzheimer's disease. In evaluation, the model's performance is examined using a different testing
dataset that was not utilized for training. Metrics such as accuracy, precision, recall, and the F1 score are computed to know the efficacy of the model.
The accuracy and reliability of the output from the model are contrasted with conventional methods to find its potential for the early, accurate diagnosis
of Alzheimer's disease. Moreover, the study also investigates whether a CNN model generalizes to other medical classification tasks, which further
confirms its versatility and its possible applications across several domains in the health and wellness industry. It is possible that 3D CNN networks
would work out a more advanced way of volumetric data analysis to detect more patterns in the brain. This study has suggested that a well-designed 18-
layer CNN has a high accuracy in diagnosing Alzheimer's disease; therefore, an increase in depth may not result in improved performance of the network.

A CNN architecture that is trained for this case

The achieved accuracy was around 73.54%.

XVII. Diabetes Prediction

Diabetes Mellitus is a major chronic non-communicable ailment in the world, ranked next to cancer and cardiovascular conditions[5]. Most people are
interested in identifying high-risk persons who will develop diabetes so that relevant and efficacious prevention strategies can be instituted. Inherent
complexities characterize most medical data are redundant features and high-dimensional spaces, which lead to challenges in classification and prediction.

Symptoms include:
e  increased thirst

e  frequent urination
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e  hunger

e  fatigue

e  blurred vision

In some cases , there may be no symptoms.

A. Workflow

1. Data Collection and Challenges: This workflow initiates by first collecting data through diabetes-based surveys or directly from the patient's
medical records. Such data very often contains flaws related to the high redundancy of features.

2. Dimensionality Reduction: These issues are addressed by techniques of dimensionality reduction, which simplify this dataset while preserving
important information.

3. Logistic Regression: In this step, features will be assessed and selected for their importance in the prediction. Removing less relevant features from
the dataset makes it lean.

4. SVM-SMOTE: Support Vector Machine Synthetic Minority Over-sampling Technique; applied to correct class imbalances by generating synthetic
samples for the underrepresented classes, hence improving a classifier's performance on imbalanced datasets.

5. K-means Clustering: a technique that groups similar data points together and is hence able to discover underlying patterns and reduce dimensionality
by putting together similar features into one.

6. Model Training and Classification: Train different supervised classifiers on the reduced feature set to assess diabetes risk.

7. LAASO (Least Absolute Shrinkage and Selection Operator): A regression method that performs variable selection coupled with regularization for
better accuracy in the model.

8.  Regression Methods: These models aid in risk prediction by estimating the association between characteristics and the likelihood of developing
diabetes.

For this use case, Random Forest was used.

Around 75% accuracy was attained.

XVIII. Pneumonia Prediction

One of the major strengths in deep learning is its efficiency, particularly when applied on tasks like image classification. It can automatically extract
significant characteristics from images [13]. This may be because of their architecture, that involves multiple convolutional layers which acquire or learn
various patterns and textures. Further, this ability is enhanced by transfer learning, where models pre-trained on extensive datasets like ImageNet are
transferred or fine-tuned for new tasks. These models are pretrained and have learned a great many different features from large image datasets [8]. Using
transfer learning, one can fine-tune these models for particular applications, saving a lot of time and computational resources compared to training from
scratch. It only fine-tunes a pre-trained model to have a better fit on the new dataset for better efficiency and performance related to specialized image
classification tasks.

Symptoms of pneumonia:

Coughing that may produce phlegm.
Fever

Shortness of breath

Sweating or chills

Nausea or vomiting

Loss of appetite

A. Workflow

Preprocessing the images to manage computing demands is the first step in image categorization utilizing Convolutional Neural Networks and transfer
learning. Typically, high-resolution images like 1024 x 1024 pixels are down-scaled into a lower resolution of 224 x 224 pixels, which helps reduce
computational load and increases the speed in processing. These resized images are then injected into various pre-trained CNN models like AlexNet,
VGGNet, Xception, ResNet, and DenseNet for the analysis of images. All of these models are trained against extensive datasets like ImageNet and thus
greatly work in extracting intricate and relevant features from the images. Accordingly, these features are used in training different classification
algorithms which include Random Forest, K-nearest Neighbors, Naive Bayes, and Support VVector Machine. Every classifier is trained, and model
performance metrics like recall, F1-score, and AUC, are evaluated. This will ensure that there is no bias in picking the proper classifier model for
classifying the images based on features extracted by the feature extraction module. Finally, transfer learning as part of the workflow removes large new
training datasets and computational requirements to a great extent, hence improving efficiency and accuracy for image classification.

Used a specially designed CNN architecture for this use case.
The achieved accuracy was almost 83.17%.

XIX. Heart Disease Prediction

It can be observed that various expert systems have been proposed for assisting a cardiologist in improving early diagnosis of cardiac diseases [2].
Advanced techniques are primarily used to predict any heart condition in advance, prior to it becoming serious, and medical intervention proving
expensive. Most the machine learning approaches are found to be intricate and their accuracy depends upon large volumes of datasets. The work proposes
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a simplified, more efficient diagnostic system for prediction of heart diseases by combining feature selection algorithms with XGBoost. Since applied to
datasets containing fewer records, appropriate tuning of the hyperparameters using grid search and OH encoding will be very important in this model.
The efficacy of this approach in the diagnosis of heart disease is estimated by its evaluation against other classifiers [7].

Signs and symptoms can include:

. Chest pain, chest tightness, chest pressure and chest discomfort (angina)

. Shortness of breath

. Pain, numbness, weakness or coldness in your legs or arms if the vessels that carries blood to those parts of your body are narrowed
. Pain in the neck, jaw, throat, upper abdomen or back

A. Workflow

First, the dataset to Cleveland heart disease is preprocessed for the proposed diagnostic system. Thereafter, this dataset was further divided into two
subsets in an 80:20 ratio for training and testing, respectively. Missing values in the critical features are handled in the preprocessing phase. This will be
done through One-Hot encoding, which allows for the representation of categorical data in a binary format. The various levels of each category will be
converted into distinct binary features, and because of this, it allows the handling of categorical variables and thus solves the problem with missing data.
The preprocessed dataset to train the XGBoost classifier. In order to allow attainment of very good performance from the model, Bayesian optimization
is done through the fine-tuning of hyperparameters. This step will ensure optimum value in developing an accurate model. Finally, the comparison
between the trained and optimized XGBoost model with other machine learning models for its efficiency is shown. All computational experiments and
tasks are done on Google Colab, which has a 64-bit Ubuntu environment with an Intel i5 processor and 8 GB of RAM. The Python programming language,
along with open-source libraries, is used to realize simulations, model performance evaluation, and comparative analysis.

For this use case, XGBoost was used, and an accuracy of about 86.96% was attained.

XX. Results and Findings
Findings from the results draw several important observations concerning different machine learning models like:

Imaging-Based Diseases: Diseases for which diagnosis involves mainly medical imaging-like COVID-19, brain tumors, and pneumonia-are also
constantly outperformed by CNN. Among these, the highest accuracy was obtained by CNN for brain tumor detection at 100%, followed by COVID-19
with 93%, and pneumonia at 83%. Thus, this proves that CNN is much better at recognizing patterns from complex visual data-a key aspect for diagnoses
dependent on images.

High Performance of Random Forest in Structured Data: In diseases that typically come with structured data, like breast cancer and diabetes, Random
Forest showed great predictive performance at 92% and 89%, respectively. This would have a tendency to prove that Random Forest does better on those
diseases where feature differentiation is easy and the model does not need to rely on complex image analyses.

Efficiency of XGBoost in Heart Disease: The maximum performance for the XGBoost algorithm in predicting heart disease is 87%, so it really shows
the efficiency of XGBoost in handling nonlinear relationships among features, including high-dimensional data. However, the performance tends to
deteriorate over all other sets, especially those including image-based diseases such as brain tumors or cancerous breasts.

Alzheimer's Disease Challenges: All the models did relatively poorly in classification of Alzheimer's disease. First, it should be pointed out that CNN
had the highest score with a result of 75% and that could mean the models found Alzheimer's a bit challenging; this may be because of the subtlety and
complexity of its early signs.

Disease-Specific Model Strengths: Results show that no overall model did better than other models in all diseases. CNN was a clear leader in image-
based disease predictions, while Random Forest and XGBoost yielded better performance when structured data is considered. These further pinpoints the

importance of finding the right algorithm based on particular disease characteristics and type of input data.

In other words, the results obtained have pointed toward the need to approach the forecast of a disease with a tailor-made idea, where different models of
machine learning are used based on data and also the nature of the disease.

Table 3: Accuracies of the Machine learning algorithms

BEST RESULTS
DISEASE RANDOM XTREME CNN
FOREST GRADIENT
BOOST

COVID-19 89% 90% 93%
BREAST CANCER 92% 75% 88%
BRAIN TUMOR 85% 81% 100%
ALZHIMIER 72% 70% 75%




International Journal of Research Publication and Reviews, Vol (6), Issue (3), March (2025), Page — 9462-9476

9475

PNEUMONIA 75% 79% 83%
DIABETES 89% 80% 75%
HEART DISEASE 75% 87% 80%
ot Moy Motw L0
any ST TR —
_p————— 1) -
iny I
(1}
; = _i n
4
"
Law e Lo e

=+ Covid Detecton
- fran Tumow

s 5858 48388

i Sreast Cancer

o
1 [Legend )
0! 5
o Rancom forest ¥gtoost
Figure 6: Average Result produced in Line chart
00
w |
. |
» + 8 Covid detection
pous | ®Erain Tumowr
504 - reatancer
WA
b | » Datetes
ol | B Premona
L ® Heart dsease
w4
ol ] ) s
o Random forest xgboost

Figure 7: Average Result produced in Bar graph

DISEASE PREDICTION
200.00%
180.00%
160.00%
140.00%

1:20.00%

60.00%
40.00%
20.00%

0.00%

DIABETES HEART DISEASE PNEUMONLA

WRAANDOM FOREST  m XGBOOST

Figure 8: Result produced using Random Forest and XGBoost algorithms



International Journal of Research Publication and Reviews, Vol (6), Issue (3), March (2025), Page — 9462-9476 9476

XXI. Conclusion

The new diagnostic system represents growth in medical technology, offering a range of benefits that address many of the shortcomings of traditional
methods. By enabling disease predictions from virtually any location worldwide, it removes geographic barriers and provides high-quality diagnostic
services even in remote areas. This is particularly valuable in regions with limited healthcare infrastructure, making advanced diagnostic tools more
accessible. Additionally, the system is designed to be cost-effective, reducing the financial strain on patients as well as healthcare providers compared to
conventional diagnostic approaches. Its affordability extends high-quality diagnostic services to a wider audience. The system features an intuitive
interface that simplifies the process of entering symptoms and understanding results, making it accessible to users from various backgrounds. It works by
processing user-inputted symptoms and comparing them with a large database through a sophisticated algorithm, delivering diagnoses with high accuracy,
nearing 100%. This precision is essential for disease detection and effective treatment planning, allowing for timely interventions that can improve patient
health and prevent severe complications. The system also addresses the issue of high diagnostic costs by offering a more affordable alternative, alleviating
financial pressures on both patients and healthcare systems. Its integration with existing medical practices enhances its utility, making the diagnostic
process more efficient. However, maintaining the accuracy of the system requires ongoing monitoring and updates. Protecting patient data's privacy and
security is also crucial, necessitating strong safeguards to protect sensitive information. Overall, this new system represents a major step forward in
disease prediction technology, providing a reliable, affordable, and accessible diagnostic tool. By breaking down geographic and financial barriers,
enhancing early detection, and fitting well with current medical practices, It could greatly enhance the results for patients and healthcare efficiency. It
promises to improve healthcare worldwide because to its sophisticated algorithms and user-friendly design, which make it a useful addition to
contemporary diagnostic instruments.
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