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Abstract - In this research, we develop a machine
learning-based framework to predict patient-specific
disease outcomes using a multifactorial healthcare dataset.
The dataset encompasses a wide array of variables,
including demographic details (such as age and sex), clinical
indicators (general health condition, medical checkup
frequency, physical activity), behavioral aspects (smoking
history), and records of chronic illnesses like cardiovascular
disease, skin cancer, diabetes, arthritis, and other cancers.
Our exploratory data analysis revealed notable patterns in
disease occurrence, highlighting how various health and
lifestyle  factors  influence  disease  susceptibility.
Furthermore, the dataset presented challenges in the form
of incomplete data, underscoring the necessity for effective
handling of missing values to ensure model robustness. The
predictive models developed in this study offer valuable
insights for identifying high-risk individuals and facilitating
early interventions. The findings underline the potential of
machine learning methodologies in enhancing clinical
decision-making and advancing personalized healthcare.
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1. INTRODUCTION

The growing burden of cardiovascular and other chronic
diseases represents a significant challenge for modern
healthcare systems. These conditions are influenced by a
complex combination of demographic, behavioral, and
clinical factors, necessitating accurate and early risk
prediction to improve patient outcomes and reduce
healthcare costs. Conventional risk scoring systems often
fail to capture the intricate relationships embedded within
large-scale patient data, creating a demand for more
advanced and flexible predictive tools. In this context,
machine learning (ML) has emerged as a transformative
approach in healthcare analytics, enabling the discovery of
hidden patterns that traditional statistical models may
overlook. This study focuses on leveraging ML, particularly
gradient boosting algorithms such as XGBoost, to forecast

disease prognosis using a multifaceted healthcare dataset
that includes patient demographics, health behaviors, and
clinical history.

The proposed model is developed and validated using a
train-test split strategy to ensure robust and generalizable
performance. A variety of evaluation metrics—including
the confusion matrix, ROC curve, and Precision-Recall
curve—are employed to provide a holistic assessment of
the model’s effectiveness, particularly in managing class
imbalance common in healthcare data. By integrating
these methods, the study demonstrates the capacity of ML
to significantly enhance disease risk assessment and
inform clinical decision-making processes. The findings
underscore the potential of predictive modeling to support
healthcare professionals in identifying high-risk patients
and tailoring early intervention strategies. Additionally,
this research paves the way for future improvements
through advanced data balancing techniques and the
inclusion of supplementary clinical features, ultimately
contributing to the broader adoption of data-driven,
personalized healthcare solutions.

1.1 BACKGROUND

Machine learning, particularly ensemble methods like
gradient boosting, has proven to be highly effective in
tackling these challenges. Algorithms such as XGBoost
offer enhanced performance by iteratively reducing errors
and handling imbalanced datasets commonly found in
medical records. By integrating diverse patient-level
data—ranging from demographic information to lifestyle
factors—ML models can provide more precise and
individualized risk assessments. This paradigm shift
toward data-driven healthcare underscores the growing
relevance of predictive analytics in clinical practice.

1.2 TOOLS & TECHNOLOGIES

This study primarily leverages Python, a versatile and
widely adopted programming language in the field of data
science and machine learning, due to its extensive libraries
and ease of integration in healthcare analytics workflows.
The core machine learning framework utilized in this
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project is Scikit-learn (Sklearn), which offers a
comprehensive suite of tools for data preprocessing,
model training, hyperparameter tuning, and evaluation.
Sklearn’s modular and efficient implementation of
algorithms such as gradient boosting, specifically XGBoost,
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3. ALGORITHMS/TECHNIQUES
3.1. LOGISTIC REGRESSION

A logistic model (or logit model) is a statistical model that
models the log-odds of an event as a linear combination of
one or more independent variables. In regression analysis,
logistic regression (or logit regression) estimates the
parameters of a logistic model (the coefficients in the
linear or non linear combinations). The parameters of a
logistic regression are most commonly estimated by
maximum-likelihood estimation (MLE).[1]

Owing to its simplicity and interpretability, Logistic
Regression is used to establish a linear decision boundary
between healthy and at-risk patients. Despite its linear
nature, it is highly effective when applied to healthcare
datasets with well-separated classes and assists in
providing an initial risk stratification of patients.

1

1+ e—(BotBizi+Bazat+Bnan)

P(Y=1|X)=

Figure 3.1: Logistic Regression
Where:

e P(Y=1]X) = Probability of positive class given
feature vector X

e (30 = Intercept term (bias)

e [31,82,..,Bn = Coefficients for each feature

e x1,x2,..xn = Input features (e.g., age, sex, smoking
history, etc.)

e e =Euler’s number (approx. 2.718)

3.2. RANDOM FOREST CLASSIFIER

Random forests or random decision forests is an ensemble
learning method for classification, regression and other
tasks that works by creating a multitude of decision trees
during training. For classification tasks, the output of the
random forest is the class selected by most trees. For

regression tasks, the output is the average of the
predictions of the trees.|[2]

In the context of cardiovascular disease prediction,
Random Forest is particularly useful for handling high-
dimensional feature spaces and extracting critical health
and lifestyle factors that contribute significantly to disease
risk

Y = majority vote(j1, Y2, . - -, Unr)

Figure 3.2: Random Forest Classifier

Where:

e Y =Final prediction of the Random Forest

e Y;=Prediction of the ith decision tree
e M = Total number of decision trees in the forest

3.3. ADABOOST CLASSIFIER

AdaBoost (short for Adaptive Boosting) is a statistical
classification meta-algorithm. It can be used in conjunction
with many types of learning algorithms to improve
performance. The output of multiple weak learners is
combined into a weighted sum that represents the final
output of the boosted classifier. Usually, AdaBoost is
presented for binary classification, although it can be
generalized to multiple classes or bounded intervals of
real values.[3]

Within our framework, AdaBoost complements other
models by increasing the sensitivity to minority or
borderline disease cases, making it highly valuable in
medical risk assessment tasks where false negatives could
have serious clinical consequences.

H(z) = sign (Z (ktht(T))

t=1
Figure 3.3(A): AdaBoost Classifier
Where:

e H(x) = Final strong classifier

e ht(x) = Weak classifier (e.g., a decision stump) at
iteration t

e oy = Weight assigned to ht(x) based on its
accuracy

e T = Total number of weak classifiers

The weights (at) are calculated as:

1 1—61
let:§hl -
t
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Figure 3.3(B): AdaBoost Classifier
Where:

e ¢;=Error rate of ht(x)

3.4. HARD VOTING CLASSIFIER

A Voting Classifier is an ensemble learning technique that
aggregates the predictions of multiple base models (e.g.,
Logistic Regression, Random Forest, Support Vector
Machines) to make a final prediction. The core idea is that
a group of diverse models will collectively perform better
than any single model alone. The Voting Classifier is
especially useful when the base models capture different
perspectives or patterns in the data, making the final
ensemble more robust.[4]

The final predictive model is an ensemble Voting Classifier
employing a hard voting mechanism, which synthesizes
the outputs of Logistic Regression, Random Forest, and
AdaBoost classifiers. This ensemble model adopts a
majority-vote strategy, where each individual model
contributes a single vote towards the final class prediction
for each patient.

Y = arg max

Iy, =c
c€{0,1} (Gm = ©)

m=1

Figure 3.4: Hard Voting Classifier

Where:
e Y =Final ensemble prediction (class label)
e ¢ =Classlabel (0 for no disease, 1 for disease)
e M = Number of base models (in this case, 3)
e I(-) = Indicator function returns 1 if yhat m = ¢

else 0
e Um = Prediction from the mth base classifier

4. DESIGN AND METHODOLOGY

The architecture of this project is built upon a
straightforward yet effective machine learning pipeline,
aimed at predicting the presence or absence of heart
disease based on patient-level health data.

Prepared Data

l

I ™

‘ Hard Voting Classifier ‘

l

Prediction

h

Fig -4.1: High Level Flow of the Overall System

The process begins with data preparation, where the
healthcare dataset, comprising various health and lifestyle
indicators such as age, gender, general health status,
smoking habits, exercise frequency, and other disease
histories, is cleaned and preprocessed. Missing values are
handled using imputation techniques to ensure data

completeness. Additionally, categorical features are
encoded, and numerical features are normalized where
necessary to enhance model interpretability and

performance.

Following data preparation, the refined dataset is fed into
a Hard Voting Classifier. This ensemble model integrates
the predictive capabilities of three distinct machine
learning algorithms: Logistic Regression, Random Forest,
and AdaBoost Classifier. Each of these base learners
captures different patterns and relationships within the
data, contributing to a more robust decision-making
process. Logistic Regression models the linear relationship
between input features and disease occurrence, while
Random Forest captures non-linear patterns through
multiple decision trees. AdaBoost focuses on reducing bias
and variance by iteratively improving weak learners.

Once trained, each base model independently makes a
prediction on whether a patient has heart disease. The
Hard Voting mechanism then aggregates these predictions
through a majority voting rule, where the class (presence
or absence of heart disease) with the highest number of
votes from the base models is selected as the final output.

5. RESULTS

The performance evaluation on the heart disease dataset
revealed that the Hard Voting Classifier achieved the best
generalization performance, securing the highest test
accuracy of 73.16%. This demonstrates the effectiveness
of aggregating Logistic Regression, Random Forest, and
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AdaBoost
predictions.

models to deliver stable and reliable

Interestingly, while individual classifiers like Decision
Tree Classifier and Random Forest reported extremely
high training accuracies of 99.98%, their test accuracies
dropped to 64.00% and 71.56%, respectively, indicating
overfitting. On the other hand, the Soft Voting Classifier
recorded a training accuracy of 83.19%, but it still failed to
outperform the Hard Voting model on unseen data.

Additionally, ensemble models such as XGBoost and
LGBMClassifier performed competitively with test
accuracies of 73.09% and 73.00%, yet the Hard Voting
Classifier retained the edge by providing a better balance
between training and testing performance.

Fig -5.1: Results

Sr. | Algorithm Training | Test
No Accuracy | Accuracy
1. Voting Classifier - Hard 77.62% 73.16%
2. XGBClassifier 80.32% 73.09%
3. LGBMClassifier 72.71% 73.00%
4. VotingClassifier - Soft 83.19% 72.87%
5. Random Forest 99.98% 71.56%
6. AdaBoostClassifier 71.28% 71.53%
7. GradientBoostingClassifier 97.52% 71.34%
8. BaggingClassifier 98.02% 69.11%
9. Decision Tree Classifier 99.98% 64.00%

6. CONCLUSIONS

In this study, the Hard Voting Classifier emerged as the
most effective approach for predicting the presence of
heart disease. This result underscores the power of model
diversity in ensemble learning, where the collective
decision-making process helps reduce bias and variance,
leading to better generalization on unseen data. Unlike

models prone to overfitting, such as the Decision Tree and
Random Forest, the Hard Voting approach maintained a
healthy balance between training and test accuracies,
making it a reliable solution for healthcare prediction
tasks. The success of this ensemble strategy highlights its
potential for practical implementation in clinical decision
support systems, where robust and consistent
performance is crucial for patient risk assessment and
early diagnosis.
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