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Scalable and Robust Cloud-Based System for Heart
Disease Prediction Using Ensemble Learning

Manisha Prasad
x21231222

Abstract

The proposed paper presents a comprehensive study outlining the methodology
and implementation of a highly scalable and reliable system for predicting heart dis-
ease. The research leverages cutting-edge technologies, including cloud computing
and machine learning, to develop a robust solution which means that it is designed
to be strong and resilient, able to handle various scenarios and provide accurate
predictions. The study employs popular ensemble learning techniques, training
AdaBoost, Decision Tree, Random Forest, and Stacking Classifier models using
Python’s scikit-learn module. The system’s user interface is developed using Flask
for web application development, allowing users to input patient data and obtain
disease predictions seamlessly. The deployment is carried out on the AWS Cloud in-
frastructure, utilizing services such as AWS SageMaker, EC2 instances, and Elastic
Beanstalk for rapid and scalable deployment. CodeDeploy integration facilitates
smooth deployment pipelines, ensuring easy application changes and maintenance.
To ensure the accuracy, precision, and dependability of the generated models, rig-
orous testing and validation methods are carried out. Overall, this research con-
tributes to the field of illness prediction by combining advanced technology with
ensemble learning approaches and cloud capablity, offering a powerful and scalable
solution for accurate assessment.

1 Introduction

The convergence of cloud computing and machine learning has brought in a new age
for healthcare systems, dramatically increasing their efficiency. This paper examine the
use of ML and cloud computing to foster a more effective healthcare environment. The
combination of cloud computing and ML shows promise in simplifying numerous aspects
of the present healthcare scene, such as illness prediction, work offloading, and using
AWS Code pipelines with Python (Flask). Cloud computing has also received a lot of
interest in healthcare system applications in recent years because of its ability to provide
numerous medical services on the Internet. Cloud computing enables the delivery of
infrastructure services to a wide number of stakeholders with different and constantly
changing needs Abdelaziz et al| (2018) .

1.1 Background

The combination of ML and cloud has significantly improved the productivity of disease
prediction systems in healthcare. Using the capabilities of these technologies, more ef-
fective methods of patient treatment are being created, while the costs associated with



disease prediction are being reduced. This research digs into how ML as well as cloud
computing may be used to create an efficient illness prediction system. It specifically
investigates how these technologies might improve the precision and speed of illness pre-
diction while also increasing overall efficiency. Cloud computing and machine learning
are two formidable and emerging technologies set to change the healthcare sector. Cloud
computing makes storage of data and communication more efficient, while ML enables
analysis of prediction and automated decision-making. Their confluence has the poten-
tial to produce an efficient healthcare ecosystem capable of providing improved illness
detection and treatment, improving patient outcomes, and lowering costs. Chronic heart
disease is a major global health problem, accounting for a significant number of diseases
globally and demonstrating a high death rate, particularly in cardiovascular conditions.
The major reason is frequent constriction of the arteries that provide blood to the heart
and other essential organs. According to studies, heart disease is one of the most common
disorders in the United States, appearing as a variety of symptoms such as shortness of
breath, hypertension, obesity, edoema, acid reflux, and strokes.

1.2 Aim of the study

The purpose of this research is to analysis into and illustrate the potential impact and ef-
ficacy of incorporating cloud computing and machine learning technologies into healthcare
systems. This study aims to demonstrate how such integration may significantly improve
illness prediction accuracy, optimise healthcare application delivery, and eventually con-
tribute to the establishment of a more efficient and refined healthcare infrastructure. The
fundamental goal of this research is to evaluate how the incorporation of cloud computing
improves the performance of various machine learning models for sickness prediction in
the healthcare industry.

1.3 Research Questions

How does the integration of machine learning models with cloud computing enhance
the accuracy of disease prediction compared to traditional methods, and what is the
comparative performance evaluation of Adaboost, Decision Tree, Random Forest, and
Stacking Classifier within a cloud-based healthcare dataset for predicting cardiac diseases
through a web application?”

2 Related Work

2.1 Machine Learning for Disease Prediction

Machine Learning (ML) has transformed disease prediction in healthcare by harness-
ing massive datasets to improve diagnosis accuracy, prognosis, and therapy options. In
this arena, ML algorithms evaluate complicated medical data, finding patterns and re-
lationships that help in the early detection of illnesses, anticipating future hazards, and
customising treatment approaches. ML techniques such as supervised learning (such as
Support Vector Machines, Random Forests, and Neural Networks), unsupervised learn-
ing, and ensemble methods are applied to diverse medical datasets to develop predictive
models for diseases such as cancer, cardiovascular issues, diabetes, and infectious dis-
eases. Both |Mohan et al.| (2019) and |Jain and Singh| (2018))emphasise the importance of



feature selection in improving the accuracy of illness prediction models, underlining its
critical role in healthcare informatics. The relevance of precise classification systems in
diagnosing and forecasting illnesses such as breast cancer and other cancer subtypes is
echoed by |Laghmati et al| (2023). Laghmati et al. (2023) investigate ensemble models
and their usefulness in increasing classification accuracy, whereas emphasise the varied
uses of ML approaches in predicting cancer development, including ANN, BN, SVM, and
DT. Uddin et al.| (2019) explore the landscape of supervised ML algorithms, stressing the
comparative performance of algorithms such as SVM and Random Forest, highlighting
the significance of selecting proper algorithms for illness prediction investigations. As a
result, these reviews emphasise the critical role of feature selection, classification accur-
acy, as well as the diverse application of supervised ML algorithms in improving medical
diagnostics and disease prediction, all while aligning with the shared goal of improving
clinical decision- making and patient outcomes in healthcare.

Study Focus Area Key Methods/Techniques Reported Results
Mohan et al., 2019 D'seaseaﬁ;ﬂfm: and ML Feature selection, ML algorithms Achieved accuracy level of 88.7% for heart disease prediction
Jainetal, 201 Healthcare informatics, chronic Feature selection, classification Achieved accuracy level of 53%
disease prediction
Laghmatl et al., Breast cancer cl_assmcatlon, ML Ensemble models, feature selection XGboost achieved over 96% recall for the Mammographic Mass dataset
2023 techniques
Kourou et al., 2015 Cancer prog;:ﬁf‘:;?or::delllng, ML ANN, BN, SVM, DT Detailed the application of various ML methods, no specific accuracy reported
Uddin et al., 2019 Supervised ML algorithms, disease SVM, Random Forest, algorithm Random Forest outperformed in 53% of studies, achieving the highest accuracy in
” prediction comparison some cases
Al etal, (2020) Heart Disease Prediction Ensemble Deep Learning Achieved 98.5% accuracy in heangl::sai;igredlctlon, outperforming traditional
Lalmuanawma et Covid-19 Management AlML in forecasting, contact tracing,  Demonstrated AIIML's role in Covid-19 management, emphasizing forecasting and
al. (2020) g drug dev. drug development.
Motwani et al. Cardiovascular Imaging (5-year ~ Machine Learning (Boosted Ensemble ML showed higher predictive accuracy for 5-year all-cause mortality compared to
(2017) ACM prediction) Algorithms) traditional metrics.
Senders etal. Neurosurgical Outcome Prediction Machine Learnlng (I\_IIL) for outcome  ML's superior performance over conventional methods in predicting neurosurgical
(2018) prediction outcomes.
Alaa et al. (2019) Cardiovascular Disease Risk Automated ML framework AutoPrognosis significantly improved CVD risk prediction compared to traditional
: Prediction (AutoPrognosis) approaches.

Figure 1: Comparison Table of Machine Learning for Disease Prediction

Ali et al.| (2020), Lalmuanawma et al. (2020), and [Motwani et al.| (2016)underscore
ML’s potential in enhancing predictive models, showcasing its superiority over conven-
tional methods. Specifically, Ali et al.| (2020) emphasize the use of ensemble deep learning
for heart disease prediction, akin to [Motwani et al. (2016) approach in predicting all-
cause mortality using boosted ensemble algorithms. Both studies employ ML to surpass
existing clinical risk scores, revealing the efficacy of incorporating ML in cardiovascu-
lar risk assessment. |Lalmuanawma et al.| (2020) similarly advocates for ML and Al
technologies in combating the Covid-19 pandemic, emphasizing their role in forecast-
ing, contact tracing, and drug development—a parallel toAlaa et al. (2019) use of ML
in predicting outcomes based on extensive parameters from coronary computed tomo-
graphic angiography (CCTA). Furthermore, (Senders et al., 2018) highlight ML prowess
in neurosurgical outcome prediction, mirroring Motwani et al.’s demonstration of ML’s
superiority over conventional metrics in predicting all-cause mortality, indicating ML’s
applicability across medical domains for outcome prediction and prognosis assessment.



2.2 Hybrid Approach for Disease Prediction

To improve illness prediction accuracy, Kavitha et al.| (2021]) and offer hybrid techniques
that combine diverse machine learning algorithms such as Random Forest and Decision
Trees, and Support Vector Machines with Bootstrap bagging, respectively. For enhanced
illness prediction models, advocate for unique hybrid models that integrate diverse meth-
ods like as Random Forest with Multivariate Adaptive Regression Splines (MARS) and
C4.5 with PRISM learners, respectively. Both Sarkar and Sana| (2019) and emphasise the
necessity of generic models in illness prediction to overcome the constraints of disease-
specific systems. For forecasting skin illnesses and heart diseases, Verma et al. (2020))
advocate the use of hybrid methods that include different feature selection techniques and
varied machine learning algorithms. Similarly,Abdeldjouad et al. (2020) and Haq et al.
(2018)) investigate the effectiveness of several machine learning algorithms in predicting
cardiovascular disorders, with an emphasis on comparing classifier performance and refin-
ing prediction models. (Chen et al.| (2017))distinguish itself by using a hybrid graph- based
recommendation system for miRNA-disease association prediction. The common thread
in these studies is the use of various algorithms, feature selection methods, and cross-
validation techniques to improve prediction accuracy and efficiency for various diseases,
addressing the limitations of traditional diagnostic methods by embracing computational
approaches for improved disease prediction and understanding.

2.3 Cloud Computing in Heart Disease

Advances in healthcare technology have transformed patient care in recent years, notably
in the detection and management of cardiac disorders. The insidious nature of cardiac
diseases, which are frequently undiagnosed without advanced technologies, has prompted
novel techniques that combine machine learning and cloud computingVenkatesan et al.
(2018)) described HealthCloud, a system that integrates machine learning and cloud com-
puting to monitor the health of cardiac patients. |Desai et al| (2022) created a system
called HealthCloud that focuses on predicting heart disease by assessing several machine
learning algorithms using Quality of Service criteria. |Gupta et al. (2017) investigated the
use of ensemble models to forecast cardiac illnesses using machine learning and cloud com-
puting, reaching impressive accuracy rates.Meanwhile, Muhammad Adnan Khan! (2020)
suggested a cloud-based approach for heart disease prediction that used Support Vector
Machine (SVM) algorithms and achieved a stunning 93.33 percent accuracy.

3 Methodology

3.1 Overview of Proposed Methodology

The primary goal of this research is to automate heart disease diagnosis by creating a web
application interface capable of forecasting the possibility of heart disease based on several
contributory variables. After that, the web application is safely deployed to the cloud.
The implementation of this report is divided into four key phases: first, a traditional
method for data collection and pre-processing is used; second, Amazon SageMaker is
used to train the system model; third, the system model is rigorously tested using four
distinct machine learning-based algorithms; and finally, the web application is deployed
on the cloud using Flask. Notably, Flask acts as the interface, providing safe patient



data storage within the cloud environment. The proposed research’s architectural flow
is visually depicted in Figure 2, illustrating the sequential progression of these crucial

phases.
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Figure 2: Research Architectural Flow

3.2 AWS Sage Maker

Sage Maker on Fig [3] AWS SageMaker is a machine learning service based on Amazon
that builds and deploys algorithms based on the basis of a proposed system. It is util-
ised in the training phase before being moved to a virtual machine where the data is
stored and immediately deployed to the cloud. SageMaker integration is largely accom-
plished through the use of a Jupyter notebook, in which data sources are accessible,

heartdiseasecode stop || opensupyter || open supytertan

Notebook instance settings

Figure 3: AWS Sage Maker



investigated, and analysed. In addition to this, it includes a number of machine learning-
based algorithms that can function efficiently in the cloud’s distributed environment. A
SageMaker-based framework aids in the customization of algorithms based on the needs
of the system model, hence adjusting the workflow.

3.3 List of Models
Several List of Models given below in Fig[4]:

-
Data Cleaning }————» DataP.
Processing

1AM EDA

« Elastic BeanStalk
« EC2 Instance
.

Auto-Scalling
Code Deploy
\_/p’\ Data Split
Train(90%)
Test(10%)
Model Construction
and Prediction
T + Adaboost Classifier
+ Decision Tree
Classifier
CUCD Pipeline + Random Forest
Classifier
: + Stacking Classifier
‘ e £ Fit the best model Evaluation And
Lo using Flask Result

Figure 4: Research Architectural Flow with ML Models

1. AdaBoost Classifier: AdaBoost is a form of ensemble learning that combines
numerous weak learners to build a strong classifier. It may efficiently use weak predictive
variables in illness prediction to improve overall prediction accuracy. Because of its
capacity to adapt and improve prediction based on earlier misclassifications, it is useful
in illness prediction models, assisting in the correct detection of patterns associated with
various health issues.

2. Decision Tree Classifier: Decision trees divide data into hierarchical structures and
make judgments based on the values of characteristics. They are intuitive and convey
the significance of features. They are beneficial in healthcare because they give inter-
pretable principles for illness prediction. They provide information on crucial elements
that influence illness incidence or development.



3. Random Forest Classifier: A Random Forest is an ensemble of decision trees that
leverages multiple trees for predictions, reducing overfitting and enhancing accuracy. Its
ability to handle high- dimensional data and feature importance evaluation is crucial in
disease prediction, enabling the identification of relevant features for accurate predictions.

4. Stacking Classifier (Best Model): Stacking Classifier combines many classifiers to
generate a meta- classifier that improves prediction accuracy. Combining Random Forest
and AdaBoost as foundation models, then employing a Decision Tree as a meta-classifier,
aids in harnessing the strengths of varied models for more robust illness prediction in
healthcare.

4 Design Specification

The design specification describes the project’s architecture and tools, with an emphasis
on Python and AWS services such as Amazon Sagemaker, scikit-learn, Elastic Beanstalk,
EC2 instances, Code Pipeline, and Code Deploy. The system design includes Python-
based machine learning techniques integrated into the Amazon Sagemaker environment,
with model construction and training handled by scikit- learn. AWS technologies such as
Elastic Beanstalk make application deployment and scaling easier, while EC2 instances
offer the computing capacity required for processing. Continuous integration and deploy-
ment are made easier using Code Pipeline and Code Deploy. The design specification
specifies how these tools will be integrated to construct a robust and scalable system cap-
able of deploying machine learning models, controlling processes, and assuring optimal
performance within the AWS environment.

The fundamental elements and technological foundations of the proposed solution,
combining sophisticated methodologies, architectures, and frameworks for robust imple-
mentation. It identifies and articulates the requirements that drive the solution’s design
holistically. For scalable and efficient model training and deployment, an emphasis is
made on exploiting cutting-edge technology, such as cloud computing infrastructure, such
as AWS SageMaker. The disease prediction system is built on an array of machine learning
models, most notably the AdaBoost Classifier, Decision Tree Classifier, Random Forest
(Classifier, and Stacking Classifier. This research recommends that healthcare systems
deploy a cloud and edge computing architecture.

AWS and CI/CD is used in the setup using Git, Flask for web application develop-
ment, and ML techniques for disease prediction. The implementation incorporates Flask
for web application development, allowing for an easy-to-use user interface for obtain-
ing illness prediction capabilities. The use of technologies such as AWS services (for
example, AWS SageMaker, Elastic Beanstalk, Cloud9 and EC2 instances) and Python-
based libraries (for example, scikit-learn) provides smooth development, model training,
and deployment procedures. Design specification of the proposed research work also
includes terraform that work as Infrastructure-as-Code (IaC) for creating the web applic-
ation hosting environment for hosting the web application. In this proposed work, Elastic
Beanstalk service offered by the Amazon Web Services is provisioned for hosting the web
application. Additionally, it includes GitHub repository that act as source control mech-
anism for flask based web-application. Another AWS service incorporates in the design
specification of the proposed work is AWS code pipeline. AWS code pipeline plays a vital
role in the process of deployment of the web application. It helps to provide connectivity
between source control repository that is GitHub with AWS elastic Beanstalk environ-
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Figure 5: Flow Diagram

ment. Furthermore, a full description of the built solution’s final step is provided, which
includes the chosen ensemble models, their integration inside the Flask-based web ap-
plication, and their deployment on the AWS Cloud infrastructure. This complete design
specification integrates cutting-edge technology with sophisticated ensemble learning ap-
proaches, resulting in a robust and scalable system suited to successfully solve the illness
prediction .

5 Implementation

It starts with a brief overview of the datasets which have been obtained from Kaggle ht-
tps:/ /archive.ics.uci.edu/dataset /45 /heart+disease Janosi and Detrano| (1988). The next
part describes the method of data splitting in the ratio of 90 to 10, followed by a complete
explanation of cloud-based system deployment and then all four models. The Implement-
ation chapter delves into the practical implementation of the suggested solution, covering
the numerous processes from model development to deployment. To guarantee interoper-
ability with machine learning models, the procedure begins with data preparation, which
includes resolving missing values, encoding categorical categories, and scaling numerical
data. The utilisation of technology such as cloud computing and machine learning may
enable the healthcare business to create a highly scalable and dependable solution. The
implementation incorporates Flask for web application development, allowing for an easy-
to-use user interface for obtaining illness prediction capabilities. The use of technologies
such as AWS services (for example, AWS SageMaker and EC2 instances) and Python-
based libraries (for example, scikit-learn) provides smooth development, model training,
and deployment procedures. Furthermore, a full description of the built solution’s final
step is provided, which includes the chosen ensemble models, their integration inside the
Flask-based web application, and their deployment on the AWS Cloud infrastructure.




This complete design specification integrates cutting-edge technology with sophisticated
ensemble learning approaches, resulting in a robust and scalable system suited to suc-
cessfully solve the illness prediction research topic.

The AdaBoost, Decision Tree, Random Forest, and Stacking Classifier ensemble mod-
els are rigorously trained using Python’s scikit-learn module. To improve model perform-
ance and ensure accurate illness prediction, hyperparameter adjustment is undertaken.
Flask integration enables the creation of an intuitive web application by offering an ac-
cessible interface for users to input patient data and generate disease predictions based
on learned models. Deployment occurs on AWS Cloud infrastructure, taking advantage
of services such as AWS SageMaker, EC2 instances, and Elastic Beanstalk for rapid and
scalable deployment. CodeDeploy integration simplifies deployment pipelines, allowing
smooth application changes and maintenance. Before implementation, rigorous testing
and validation methods ensure the model’s accuracy, precision, and dependability, assur-
ing its usefulness in real-world healthcare settings.

5.1 Dataset Description

The dataset consists of 76 attributes capturing various patient-related factors focused
on heart disease assessment, though experiments generally concentrate on a subset of 14
attributes. The dataset primarily leverages the Cleveland database, extensively used in
machine learning research. The ”goal” attribute signifies the presence of heart disease,
ranging from 0 (absence) to 4. ML experiments often focus on distinguishing presence
(values 1, 2, 3, 4) as a single value 1 and absence (value 0). The columns include
patient 1D, age, study origin, gender, chest pain type (with subcategories like typical
angina, atypical angina, etc.), resting blood pressure, serum cholesterol levels, fasting
blood sugar status, resting electrocardiographic results (with categories like normal, ST-T
abnormality, etc.), maximum heart rate achieved, exercise-induced angina, ST depression
induced by exercise relative to rest, the slope of peak exercise ST segment, number
of major vessels coloured by fluoroscopy, thalassemia indicators (normal, fixed defect,
reversible defect), and the predicted attribute (0 or 1 denoting presence or absence of
heart disease). This dataset, with a focus on heart disease assessment, provides a rich set
of attributes for predictive modelling and analysis within the context of cardiac health
assessment.

5.2 Data Split

The collected dataset is separated into 90 and 10 for training and testing purposes,
respectively, for the sake of implementation. However, it is vital to highlight that the
dataset is trained using Amazon SageMaker, and the dataset is tested using the ML
algorithms that were chosen. Four machine learning algorithms are employed. In the last
stage, after dataset testing, the web app designed to identify disease of heart which is
deployed on the cloud with the use of AWS Flask.

5.3 Data Visualization

Figure 6 presents an age distribution output screen with ages ranging from 30 to 70,
suggesting that there is a specific visual representation, maybe a histogram, bar chart,
or any other graphical representation labelled as Figure 6 in the project or analysis
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Figure 6: Age Distribution of Individuals (Ages 30-70)

documentation. This graph depicts the distribution of ages within a dataset or setting,
with an emphasis on persons aged 30 to 70 years.

the predicted attribute

Figure 7: Pie chart- Distribution of Predicted Attributes Denoting presence or absence
of heart disease

Figure 7 shows a pie chart displaying the distribution of expected features or classes
(in terms of index 0 and 1) within a dataset. The pie chart is broken into pieces that
indicate two groups or classes: "red (index=1)" and ”blue (index=0)" The "red” category
comprises roughly 46.5 per cent i.e absence of heart disease of the pie chart in this
representation, while the ”blue”; category occupies the remaining 53.5 per cent i.e patient
suffering form the heart disease.

Figure 8 depicts a graphical depiction of the association between the several forms
of chest pain(asymptomatic, atypical angina, non-anginal, and typical angina) shown on
the x-axis and the maximal heart rate reached (thalch) displayed on the y-axis. This
depiction most likely uses a scatter plot or a similar graphical method to show how the
various forms of chest discomfort connect to the highest heart rate obtained by individuals
within the defined range.

Figure 9 depicts a pie chart that depicts the average resting blood pressure for various
categories of resting electrocardiographic results:”normal,” shown in red and accounting
for approximately 33 per cent of the chart; "LV hypertrophy”; shown in blue and ac-
counting for approximately 33.3 per cent; and ”ST-T abnormality” shown in green and
accounting for approximately 34.8 per cent of the chart. A pie chart is used in this
visualisation to show the distribution of average resting blood pressure across different
electrocardiographic results. The percentage value of each segment represents the relative
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Figure 8: Relationship Between Chest Pain Types and Maximum Heart Rate

contribution of each electrocardiographic category to the total average resting blood pres-
sure. The purpose of this graph is to show the link between resting electrocardiographic
findings and their related average resting blood pressure values, as well as to provide an
overview of blood pressure averages across different electrocardiographic categories.

resting electrocardiographic wise average resting blood pressure

W st-t abnormality
W v hypertrophy
W normal

Figure 9: Pie chart- Average Resting Blood Pressure across Resting Electrocardiographic
Categories

gender wise average cholesterol
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Figure 10: Graphical Representation of the average cholesterol levels by gender.

Figure 10 depicts a graphical representation of the average cholesterol levels by gender.
The figure’s x-axis displays genders, namely "male” and ”"female” which are visually
separated by colours, most likely "red” for men and ”blue” for females. The y-axis, on
the other hand, goes from 0 to 200 and indicates the cholesterol levels in this dataset. To
compare the average cholesterol levels of boys and females, this visualisation might use
a bar chart, a grouped bar chart, or a similar approach.

Figure 11 depicts a histogram of age distributions classified by the presence or absence
of heart disease. Ages ranging from 20 to 90 years are indicated along the x-axis. The

11
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Figure 11: Histogram- Age Distribution by Heart Disease Status

colours used in the image distinguish the groups: ”blue” symbolises people who do not
have heart disease, while "sand colour” depicts those who do, while ”skin colour” also
depict the person who have a heart disease.

5.4 Adaboost Classifier Model

Due of the different sizes and distributions across the characteristics in this project, the
dataset underwent a critical preprocessing phase prior to applying the machine learning
models. To remedy this, the 'StandardScaler’ function from the Python package ’scikit-
learn’ was used. This function standardises the data by removing the mean and scaling to
unit variance, resulting in a mean of 0 and a standard deviation of 1. This normalisation
technique was critical to bring all features to a comparable size and avoid characterist-
ics with greater ranges from dominating model training. Following data normalisation,
the AdaBoost Classifier model was used to predict illness. AdaBoost is an ensemble
learning strategy that creates a strong learner from a group of weak learners. It works
iteratively, concentrating on examples that were incorrectly identified in prior rounds to
increase overall accuracy. The "AdaBoostClassifier’ class from ’sklearn.ensemble’ module
in Python’s scikit-learn library aided in the use of AdaBoost in this implementation. By
default, the "AdaBoostClassifier’ incorporates decision trees as weak learners, but it may
also support alternative base estimators. AdaBoost adds greater weights to misclassi-
fied cases over time, allowing succeeding models to focus on successfully predicting such
occurrences. This iterative procedure is repeated until the stated number of boosting
iterations is attained or there is no further increase in prediction accuracy.

12



5.5 Decision Tree Classifier Model

The Decision Tree Classifier, a fundamental machine learning algorithm, is employed in
this project for disease prediction owing to its interpretability and effectiveness in hand-
ling non-linear relationships within data. This model functions by recursively splitting
the dataset based on attribute values to produce a tree-like structure, as implemented by
the 'DecisionTreeClassifier’ class from the ’sklearn.tree’ module in Python’s scikit-learn
library. At each node, the algorithm chooses the most discriminative characteristic to
split the data, utilising metrics such as Gini impurity or information gain to optimise
homogeneity among the resultant subsets. This sequential splitting process is repeated,
resulting in a tree with leaf nodes representing the final predictions. Because of the
model’s simplicity, decision rules may be easily interpreted, offering insights into feature
significance and linkages, which is critical in healthcare contexts for identifying variables
impacting illness incidence.

5.6 Random Forest Classifier Model

This model functions by recursively splitting the dataset based on attribute values to
produce a tree-like structure, as implemented by the "DecisionTreeClassifier’ class from
the ’sklearn.tree’ module in Python scikit-learn library. At each node, the algorithm
chooses the most discriminative characteristic to split the data, utilising metrics such as
Gini impurity or information gain to optimise homogeneity among the resultant subsets.
This sequential splitting process is repeated, resulting in a tree with leaf nodes represent-
ing the final predictions. Because of the model’s simplicity, decision rules may be easily
interpreted, offering insights into feature significance and linkages, which is critical in
healthcare contexts for identifying variables impacting illness incidence.

5.7 Stacking Classifier Model

The Stacking Classifier was chosen as the major model in this project’s illness prediction
framework and the best model because to its combination of varied models for improved
predictive accuracy. Using a Decision Tree as the meta-classifier, this ensemble model in-
tegrates the predictions of many base classifiers, especially Random Forest and AdaBoost
in this implementation. The individual predictions of the base classifiers are contributed,
and the meta-classifier combines these outputs to construct a final prediction, using the
collective expertise of multiple models for more robust and accurate illness prediction.
The Stacking Classifier uses the benefits of each base model inside its framework, com-
pensating for their unique limitations and developing a more complete and accurate
prediction model.

5.8 Deployment on Cloud

Deployment occurs on AWS Cloud infrastructure Fig [12], taking advantage of services
such as AWS SageMaker, EC2 instances, and Elastic Beanstalk for rapid and scalable de-
ployment. CodeDeploy integration simplifies deployment pipelines, allowing smooth ap-
plication changes and maintenance. The provision of AWS infrastructure such as Elastic
Beanstalk Fig[13] is achieved with the help of terraform and AWS cloud9. Cloud9 is a
cloud based Integrated Development Environment (IDE) offered by the AWS. Whereas,

13
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terraform also known as Infrastructure-as-Code (IaC) is a scripting tool used to auto-
mate the cloud-based resource provisioning process. AWS Elastic Beanstalk environment
provisioned with the collaboration of AWS cloud9 and terraform is used as a hosting en-
vironment for flask-based web application. Furthermore,the GitHub repository included
in the proposed work implementation act as a source control management. This reposit-
ory contains source code of the flask-based web application.Implementation also includes
AWS code pipeline that works with GitHub in order to deploy the web application in the
AWS Elastic Beanstalk environment. AWS code pipeline is a deployment service offered
by the AWS to automate the deployment process. GitHub repository used in the imple-
mentation is configured with a webhook which automatically trigger the CI/CD pipeline
created in the AWS code pipeline whenever new commit is occurred in the repository.
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Figure 13: AWS ElastickBeanstalk

6 Evaluation
Upon successful deployment and implementation, the evaluation of the Adaboost Classi-

fier, Decision Tree Classifier, Random Forest Classifier, and Stacking Classifier models en-
compasses a comprehensive suite of evaluation metrics to ensure robust assessment. The
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evaluation matrices applied include Accuracy Score, offering an overall measure of cor-
rect predictions across all classes; Classification Report, providing insights into precision,
recall, and Fl-score for individual classes, enabling a detailed understanding of model
performance per class; Specificity, representing the models ability to correctly identify
true negatives among all negatives; and Sensitivity, depicting the models proficiency in
correctly identifying true positives among all actual positives. These matrices offer a
multifaceted view of each models predictive performance, addressing different aspects of
accuracy, precision, and sensitivity across diverse classes within the disease prediction
context.

6.1 FEvaluation Matrix for Adaboost Classifier Model

The Accuracy Score for the Adaboost Classifier Model, quantified at approximately
0.8333 or 83.33% , represents Fig [14] the proportion of correctly predicted instances
among the total instances evaluated. This accuracy score indicates that the model ac-
curately predicted the presence or absence of the disease in roughly 83.33% of the cases
within the dataset.

Table 1: Class-wise Sensitivity and Specificity Evaluation

Class Sensitivity Specificity
0 0.857143 0.812500
1 0.812500 0.857143

Confusion matrix
Predicted label

al label

Actu

|
0 1

Figure 14: Confusion Matrix for Adaboost Model

6.2 Evaluation Matrix for Decision Tree Classifier Model

An Accuracy Score of 0.8333 (or 83.33%) for the Decision Tree Classifier Model indicates
that roughly 83.33% of the instances were correctly predicted by the model. This score
reflects the proportion of accurately predicted instances, showcasing Fig [15]the model’s
overall performance in classifying both positive and negative cases within the dataset.
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Table 2: Class-wise Sensitivity and Specificity Evaluation

Class Sensitivity Specificity
0 0.642857 1.000000
1 1.000000 0.642857

Confusion matrix
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Predicted label e
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- 4
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0 1

Figure 15: Confusion Matrix for Decision Tree Model

Actual label

6.3 Evaluation Matrix for Random Forest Classifier Model

An Accuracy Score of 0.8333 (or 83.33%) for the Random Forest Classifier Model denotes
that approximately 83.33% of the instances were correctly classified by the model. This
metric illustrates fig [16] the overall correctness of the model’s predictions across the
dataset. However, while accuracy provides an essential measure of overall performance,
it might not encapsulate the model’s behaviour comprehensively, especially in scenarios
with imbalanced classes or nuanced classification tasks.

Confusion matrix
Predicted label

Actual label

1

Figure 16: Confusion Matrix for Random Forest Model

6.4 Evaluation Matrix for Stacking Classifier Model

An Accuracy Score of 0.9 (or 90%) for the Stacking Classifier Model signifies that ap-
proximately 90% of the instances were correctly predicted by the model. This Fig [17]
metric reflects the model’s overall correctness in classifying instances across the dataset.
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Figure 17: Confusion Matrix for Stacking Model

A higher accuracy score suggests a stronger performance in predicting both positive and
negative cases within the dataset.

Table 3: Class-wise Sensitivity and Specificity Evaluation

Class Sensitivity Specificity
0 0.785714 1.000000
1 1.000000 0.785714

Table 4: Comparison of Machine Learning Model Accuracy Scores

Model Accuracy Score
Adaboost Classifier 0.8333
Decision Tree Classifier 0.8333
Random Forest Classifier 0.8333
Stacking Classifier 0.9

7 Conclusion and Future Work

The study’s conclusion emphasises the critical importance of machine learning models
in disease prediction in healthcare settings. The Stacking Classifier as shown in Table
[4] performed the best, with better accuracy in anticipating illness presence or absence.
The importance of accurate predictions in healthcare decision-making is highlighted in
this paper, with an emphasis on the possible integration of these models into clinical
procedures to improve diagnostic and treatment planning. The findings support the ef-
fectiveness of ensemble learning approaches, especially in dealing with the intricacies of
healthcare information. This research investigates the use of cloud computing in health-
care systems, especially the use of AWS and ML algorithms for disease prediction. The
best-performing model in this study was the Stacking Classifier, which combined Random
Forest and AdaBoost with a Decision Tree as a meta-classifier. Its ensemble technique
displays resilience and efficacy in illness prediction, with a much better accuracy score
when compared to other models, indicating intriguing prospects for real-world healthcare
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applications. Despite the optimistic results, the study has inherent limitations. The size,
breadth, and possible biases of the dataset may have an influence on model applicabil-
ity to varied patient groups. Furthermore, the uneven distribution of classes within the
dataset may have an impact on model performance, prompting additional investigation
and possibly augmentation via improved sampling techniques or more extended data-
gathering activities. Furthermore, the model’s; practical deployment in dynamic clinical
situations is limited by their dependence on retrospective data and the lack of real-time
validation.

7.1 Future Works

Future research efforts will seek to address noted shortcomings and improve model ap-
plicability. This involves increasing dataset variety, correcting for class imbalances, and
incorporating real-time data inputs for model validation and modification. Exploration of
more advanced ensemble approaches, incorporation of domain-specific characteristics, and
application of interpretability techniques to explicate model decision- making processes
are options for improving prediction accuracy and promoting trust in model outputs in
healthcare contexts. Continuous validation and engagement with medical specialists pave
the path for machine learning models to be seamlessly integrated into clinical processes,
eventually promoting better informed and accurate healthcare choices.
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